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Abstract

Background

Early-stage oral squamous cell carcinoma (OSCC) patients have a one-in-four risk of
regional metastasis (LN+), which is also the most significant prognostic factor for survival.
As there are no validated biomarkers for predicting LN+ in early-stage OSCC, elective neck
dissection often leads to over-treatment and under-treatment. We present a machine-learn-
ing-based model using the quantitative nuclear phenotype of cancer cells from the primary
tumor to predict the risk of nodal disease.

Methods and findings

Tumor specimens were obtained from 35 patients diagnosed with primary OSCC and
received surgery with curative intent. Of the 35 patients, 29 had well (G1) or moderately
(G2) differentiated tumors, and six had poorly differentiated tumors. From each, two conse-
cutive sections were stained for hematoxylin & eosin and Feulgen-thionin staining. The
slides were scanned, and images were processed to curate nuclear morphometric features
for each nucleus, measuring nuclear morphology, DNA amount, and chromatin texture/
organization. The nuclei (n = 384,041) from 15 G1 and 14 G2 tumors were randomly split
into 80% training and 20% test set to build the predictive model by using Random Forest
(RF) analysis which give each tumor cell a score, NRS. The area under ROC curve (AUC)
was 99.6% and 90.7% for the training and test sets, respectively. At the cutoff score of 0.5
as the median NRS of each region of interest (n = 481), the AUC was 95.1%. We then devel-
oped a patient-level model based on the percentage of cells with an NRS > 0.5. The predic-
tion performance showed AUC of 97.7% among the 80% (n = 23 patient) training set and
with the cutoff of 61% positive cells achieved 100% sensitivity and 91.7% specificity. When
applying the 61% cutoff to the 20% test set patients, the model achieved 100% accuracy.
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Conclusions

Our findings may have a clinical impact with an easy, accurate, and objective biomarker
from routine pathology tissue, providing an unprecedented opportunity to improve neck
management decisions in early-stage OSCC patients.

Introduction

Worldwide, oral squamous cell carcinoma (OSCC) accounts for 274,000 new cases and
145,000 cancer-related deaths each year [1, 2]. Despite advances in treatment, the improve-
ment of five-year survival rates (30-60%) remains diminutive, mainly due to the proclivity of
cancer cells to spread through the lymphatics system to neck lymph nodes, which reduces sur-
vival by half [3, 4]. Therefore, neck management has been part of the treatment planning, espe-
cially for clinically node-negative necks (LN0O). A commonly practiced preventative strategy is
elective neck dissection (END) to remove the nodes when no clinical evidence of nodal disease
is present. However, the decision of END remains subjective. Tumor depth of invasion (DOI)
and differentiation are markers often used as a guide for subsequent radical neck dissection or
adjuvant radiotherapy [5]. For example, DOI > to 5mm has been upgraded to T2 in the recent
edition of the Cancer Staging Manual of the American Joint Committee of Cancer [6]; how-
ever, DOI has been found to have limited sensitivity and specificity [7-9]. From our popula-
tion-based retrospective study [10] and a pan-Canadian randomized surgical trial [11], one-
in-four of the LNO patients developed nodal disease either at the time of surgery or during
post-surgery clinical follow-up. Among those who did not receive END, 25% developed nodal
disease less than 12 months of surgery, and half of them deceased within less than 12 months
after nodal metastasis. This infers that, if identified early, high risk clinically node negative
patients may benefit from END with improved survival while others, who will not develop
LN+, would avoid unnecessary neck dissection, expensive healthcare costs, prolonged hospital
stays, morbidities, and adverse impact [12, 13]. Considering the significant clinical impacts, an
improved objective prognostic biomarker for predicting the risk of the nodal disease is needed
and can potentially guide the neck management, and consequently, reach a better survival
outcome.

Quantitative pathology (QP) is a computational image analytical approach that can be
used as a means to obtain objective and quantitative information concerning the diagnosis
and prognosis of cancers [14]. Phenotype differences in nuclear morphology, chromatin tex-
ture, and distribution the of underlying mechanisms occurring at the genomic, transcrip-
tomic, and epigenomic levels [15]. Our group and others have shown that differences in
these phenotypes have been associated with pathologic diagnosis and progression risk across
cancer types, including OSCC [16-19], prognosis [20, 21], and metastasis [22-25]. With the
aid of computer and imaging technologies, QP acts as an adjunct technology that enhances
the reliability, reproducibility, and capability to describe pathological changes. There is a
wealth of cancer research dedicated to applying image analysis techniques to quantify micro-
scopic features to understand the cancer pathology, diagnosis, and differential characteristics
in ‘at-risk’ pre-malignant cells undergoing carcinogenic transformation. Therefore, it is con-
ceivable that QP may also serve as a powerful tool for predicting the outcome of nodal
disease.
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Fig 1. Study scheme. In Step 1, two consecutive 4-um tissue sections stained with hematoxylin-eosin (HE) and
Feulgen-thionin (FT), respectively, are scanned and reviewed by an experienced pathologist to define the region of
interests (ROIs) with ~3 x 3 mm?. In Step 2, the images of defined ROISs are segmented to classify objects into cell
groups of which features are extracted to describe nuclear morphology, photometric, and chromatin organization and
texture in Step 3. In Step 4, the features are used to build a patient classification model and compared with clinical-
pathological data.

https://doi.org/10.1371/journal.pone.0259529.g001

Objective and hypothesis

The study objective is to use a supervised machine learning method to quantify features of epi-
thelial cancer cells that predict the risk of nodal disease. The hypothesis is that measurable
nuclear morphological features of cancer cells are different between LNO and LN+ tumors.

Materials and methods

The study retrospectively includes surgically resected primary tumor samples from a cohort of
patients enrolled in a pan-Canadian surgical trial (NCT01039298) [11]. These patients received
intent-to-cure surgery and were followed-up post-surgery for at least five years. The utilization
of patient data and FFPE samples was conducted under the approval of the BC Cancer / The
University of British Columbia Research Ethics Board (REB# H09-03090 and H17-02031). All
patients gave written informed consent. Fig 1 illustrates the study scheme.

Study cohort

Patients were diagnosed with OSCC from oral anatomical sites, including C02.0 to C6.0 of the
ICD-10 (International Statistical Classification of Disease and Related Health Problems); clini-
cal node-negative at the time of initial diagnosis (cLNO); enrolled in the surgical trial and
received intent-to-cure surgery as the primary treatment with or without END. As a pilot
study, we identified 35 primary tumors that have previously analyzed and reported [26, 27]
and with enough tumor tissue for additional sections.

Outcome data included the binary status of LN+ (nodal disease confirmed by pathology) or
LNO (at the last clinical visit); time to regional recurrence (RR), which was measured from date
of surgery to date of the diagnosis of nodal disease by pathology; and disease-specific survival
(DSS), which was measured from the date of surgery to the date of death from OSCC. Patients
who were last known to be alive and nodal-disease-free were censored at the date of the last
contact.

Sample processing and image data collection and definition of region of
interests

For each of the 35 tumors, the medial tissue blocks encompassing the largest dimension of the
tumor were retrieved, followed by serial sectioning into two consecutive 4-um-thick sections
(S1 Fig). One slide was stained for hematoxylin and eosin (HE) staining, and the other was
stained with Feulgen-thionin (FT) staining as described in the previous studies [28, 29].
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The stained slides were imaged at 20x magnification on Pannoramic MIDI and reviewed
on Pannoramic Viewer (3DHISTECH Ltd., Budapest, Hungary). On the HE image, the tumor
areas were annotated into ~3 x 3 mm?* region of interests (ROIs) based on its location relative
to the surface, from the surface to deep, including invasion front as the deepest 10% of total
SCC layers. Given the computational limit, some ROIs were further divided into sub-areas (S1
Fig). The outlined ROIs were then extrapolated onto the corresponding FT images followed by
exporting as tag image file format (TIFF) files with 1024x1024 tile size.

Image segmentation and object classification

Each of the TIFF file was read into Histologyll, an in-house built program for segmentation
and calculation of 93 quantitative nuclear phenotypes (QNP), which are derived from the opti-
cal density of pixels of the segmented objects [30]. The QNP describes 1) nuclear morphology,
2) photometric, and 3) chromatin organization and texture [14, 18]. The full list of QNP is
described in S1 Table. After segmentation, all objects were classified into 1) good epithelial
squamous, 2) good non-squamous, and 3) rejects / junk objects. S2 Fig illustrates the simplified
object classification algorithm, which is a decision tree with a mixture of binary splits and Ran-
dom Forests models with the input of the QNP features [31]. Once the objects are classified
and cleaned, the features were normalized by the optical density of the epithelial squamous
population and exported for analysis.

Statistical analysis

Patient, tumor characteristics, and QNP features were described as either continuous or cate-
gorical variables. Comparisons between subgroups were performed by Chi-square tests for the
proportion of categorical and nonparametric Wilcox rank-sum test for means of continuous
variables. Given that nodal status is not a time-fixed variable, and the time of developing nodal
disease during follow-up varies among the LN+ patients, the comparison of DSS between the
nodal status subgroups was analyzed by using Kaplan-Meier (KM) analysis and log-rank test
with a landmark time of 2-year after surgery [32]. Based on our population-based study, the
majority of nodal disease events (80%) developed within two years after surgery [10]; thus, a
2-year landmark time was chosen to avoid the potential bias of neglecting patients who might
have died before developing nodal disease within the 2 year. With the landmark method,
patients who were alive and continued to be follow-up at 2-year were included in the KM anal-
ysis. To compare RR rates between the model predicted LN risk group, which is a time-fixed
variable defined at surgery, with no deaths among the predicted negative group within 2 years,
we performed by Kaplan-Meier analysis and log-rank test without the landmark method. All
statistical comparisons with a P < 0.05 were considered significant. All analyses were per-
formed using the software R (v.3.4.4) packages [33].

Nodal risk model development. The nodal risk score, NRS, was developed by using the
Random Forests (RF) classification modeling with the input of the QNP and binary outcomes
of LN+ and LNO. The RF was implemented in R using the Random Forest package [34]. To
build a model to predict the nodal disease, we randomly split the cancer cells from well-differ-
entiated (G1) and moderately differentiated (G2) tumors into 80% training and 20% test sets.
The RF model was optimized for the number of trees grown from a bootstrapped sample and
the number of predictors randomly tested at each node [35]. The number of trees and number
of features for each node was tuned using 5-fold cross-validation, and the sample sizes were set
to be equal to the smallest class to address the class imbalance issue [36]. Once the number
(based on out-of-bag error rate and accuracy) of correctly classified objects are acceptable, the
models were tested on the remaining 20% test set cells.
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Predictive performance of nodal risk score. The predictive performance of NRS on LN
status was assessed by using the receiver operating characteristic (ROC) curve analysis [37],
and the area under the ROC curve (AUC) was used as the measure for accuracy. Based on the
NRS of the training cells, a two-group cutoff value was determined to classify a cell into the LN
status group, with those scored higher than the cutoff classified as ‘positive’ cells. This cutoff
was then used to calculate the percentage of positive cells for each patient. To build the
patient-level model, the G1/G2 patients were randomly split into 80% training and 20% test
sets. ROC analysis was performed on the training patient set to determine an optimal cutoff
for the percentage of positive cells that classifies a patient into risk groups, with high-risk
group being patients with a percentage of positive cells greater than the cutoff. The perfor-
mance of the cutoffs was then evaluated on the test patient set.

Results

As a pilot study, a total of 35 patients, 16 LNO and 19 LN+, were included in this study, and
this includes 561 SCC ROIS with more than 468,000 cells. Table 1 summarizes the demo-
graphic and clinicopathological variables. There was no difference in age, sex, smoking history,
primary tumor anatomical site, or clinical T-stage between the LN groups. As expected, poorly
differentiated (G3) tumors (5 out of 6) account for most LN+ tumors. Although the depth of
invasion (DOI) was significantly higher in LN+ group (9.8+£6.9mm vs. 4.9+2.8mm; P = 0.01),
there was no difference in terms of the DOI cutoff for END suggested by the 8" edition
(<5mm vs. >5mm: 4 vs. 15, P = 0.28). The median time to RR was 2.0 years among the 35
patients, with 6 had positive nodes at the time of surgery and 13 developed LN+ within 1.2+1.6
years after surgery. Of the 35 patients, all disease-specific deaths were experienced by LN+
patients; however, given the small sample size, the DSS rates were not statistically significant
from KM analysis with a 2-year landmark time (log-rank test, P = 0.15; S3 Fig).

Building nodal risk score (NRS)

As aforementioned, Grade 3 (poorly differentiated) tumors are often associated with LN+, and
as also observed in our dataset (5 of 6 Grade 3 were LN+), we excluded them from building the
prediction model. The prediction model was built from 384,041 cells of 29 Grade 1 (well-dif-
ferentiated, N = 36,156) and Grade 2 (moderately differentiated, N = 337,127) tumors. These
were randomly split all cells into 80% training (N = 307,232: LNO, n = 93,687; LN+, n =
213,545) and 20% test (N = 76,809: LNO, n = 23,370; LN+, n = 53,439) sets. Two subsample
sizes of the training set were set to be a similar number to avoid potential selection bias. The
model, which gives each cell a score ranging from 0 to 1, was subsequently tested on the test
set. Fig 2A shows the ROC curve of our model with AUC of 99.6% with an NRS of 0.5, giving
us the sensitivity of 92.6% and specificity 100% (Fig 2A) for the training accuracy of 90.7%
with a score of 0.5 gave us 86.7% sensitivity and 77.7% specificity for the test set (Fig 2B). Next,
we assessed whether intratumor heterogeneity, the variation of the ROIs within a tumor, will
impact the performance of 0.5 NRS by applying 0.5 as the cutoff across the median NRS of
each ROI (n = 481: LNO, n = 161; LN+, n = 320) among the 29 G1 and G2 tumors. The AUC
was 95.1, and at 0.5, the sensitivity was 86.3%, and specificity was 94.4% (Fig 2C). Examples of
NRS distributions of cells are respectively shown in Fig 3A and 3B for LNO and LN+.

Determining optimal NRS cutoff and its predictive performance

For NRS to be applicable for clinical use, we needed to build models at the patient (i.e., tumor)
level. We first performed ROC analysis on each patient’s median NRS, which had AUC of
98.6% with a sensitivity 100% of and specificity of 80% at the cutoff of 0.5. We next sought to
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Table 1. Patient and clinical-pathological characteristics.

N (%) Total (N = 35) LNO (n=16) LN+ (n=19) P value

Age, yrs 0.74
Mean (SD) 60.3 (16.1) 61.4 (18.2) 59.5 (14.5)
Median (Q1, Q3) 60.2 (51.6, 71.5) 62.6 (51.3,75.8) 58.9 (53.6, 70.0)

Age group 0.25
<50 8(22.9) 4(25.0) 4(21.1)
50-72 18 (51.4) 6(37.5) 12 (63.2)
>72 9(25.7) 6(37.5) 3(15.8)

Sex 0.37
Male 19 (54.3) 10 (62.5) 9 (47.4)
Female 16 (45.7) 6(37.5) 10 (52.6)

Lesion Site Risk 0.12
RIR2 6(17.1) 1(6.2) 5(26.3)
R3 29 (82.9) 15 (93.8) 14 (73.7)

Race 0.78
Non-White 8(22.9) 4(25.0) 4(21.1)
White 27 (77.1) 12 (75.0) 15 (78.9)

Smoking 0.83
Never 16 (45.7) 7 (43.8) 9(47.4)
Ever 19 (54.3) 9 (56.2) 10 (52.6)

T 0.17
T1 22 (62.9) 12 (75.0) 10 (52.6)
T2 13 (37.1) 4 (25.0) 9(47.4)

Grade 0.12
G1/G2 29 (82.9) 15 (93.8) 14 (73.7)
G3 6(17.1) 1(6.2) 5(26.3)

DOI (mm) 0.01
Mean (SD) 7.5 (5.9) 4.9 (2.8) 9.8 (6.9)
Median (Q1, Q3) 6.0 (3.8,9.5) 5.2(1.9,6.2) 7.0 (5.0, 14.5)

DOI (5mm) 0.28
<5 10 (28.6) 6(37.5) 4(21.1)
>5 25(71.4) 10 (62.5) 15 (78.9)

Abbreviations: Lesion anatomical site risk (R): R1, buccal mucosa and gingiva; R2, soft palate complex; R3, tongue and floor of mouth. Clinical tumor size (cT), T1 (0-2

cm) and T1 (2-4 cm); Grade, G1, well differentiated, G2, moderately differentiated, and G3, poorly differentiated; Tumor depth of invasion (DOI), in mm, is grouped

into 5mm based on the AJCC [38]; LNO, lymph node negative; LN+, lymph node positive.

https://doi.org/10.1371/journal.pone.0259529.t001

build a better model by considering the percentage of cells with >0.5 NRS, denoted as “positive

cells”. The 29 patients were randomized into 80% training (n = 23; LNO, n = 12 and LN+,

n =11) and 20% test (n = 6; LNO, n = 3 and LN+, n = 3). There was no difference in tumor
characteristics between the training and test sets (S2 Table). From the training set, the percent-
age of positive cells had AUC of 97.7%; and 61% was the best two-group cutoff with 100% sen-
sitivity, 91.7% specificity, 91.7% PPV, and 100% NPV (Fig 4A) for the training set and 100%
accuracy for the test set. Prediction based on the 61% outperforms other arbitrary cutoffs as
summarized in S3 Table. Although the sample size was small, the predicted high-risk group
showed inferior RR-free rates in both the training and the test set (log-rank test, P < 0.0001

and P = 0.06, respectively; Fig 4B).
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https://doi.org/10.1371/journal.pone.0259529.9004
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This is comparable with tumor differentiation alone (5 of 6, 83%) when addressing Grade 3
tumors’ risk.

Discussion

Quantitative pathology (QP) measuring nuclear phenotypic characteristics has emerged as one
of the significant biomarkers informing diagnosis, treatment, and management guidance. The
advantage of QP is its ability to inform nonapparent phenotypes that are consequences of
underlying genetic and epigenetic alterations. Traditional pathology, such as tumor grade or
DOYJ, is subjective and limited in the accuracy of predicting nodal disease, especially for early-
stage OSCC [5, 39]. Advances in imaging analysis enable the high-throughput extraction of
nuclear features to profile and assess these tumors.

The grade of differentiation is a routinely assessed phenotype based on the degree of kerati-
nization, nuclear polymorphism, and mitosis. Poorly differentiated, Grade 3, OSCC is well rec-
ognized to be biologically more aggressive and tends to metastasize to regional lymph nodes
early in the course of the disease [40]. In this study, we developed a new biomarker, the NRS,
to predict nodal disease for well and moderately differentiated tumors. The rationale for such
split is that Grade 3 was disproportionately higher in LN+ and Grade 1 and 2 were the majority
of the cases; thus, we investigated whether a model can accurately predict Grade 1/2 tumors
and whether an optimized cutoff can be applied to Grade 3 tumors with similar performance.
The reported NRS model can predict nodal disease with high accuracy and can potentially
serve as an adjunctive tool for clinicians’ decisions in neck management of early-stage oral
cancer. When retrospectively examining our published data [10], which had 114 G3 tumors
out of the 821 cases, we observed that tumor grade for the nodal disease had 73.9% accuracy
and 86.0% specificity. This suggests that stratifying patients based on whether the tumor is
poorly differentiated can aid in the decision of END.

The NRS provides 100% accuracy for the nodal prediction of test set of well and moderately
differentiated tumors. We also observed that the model performs with similar accuracy com-
pared to the pathology of poorly differentiation. From our previous published data [26], we
found that among the 569 cases with DOI information, cutoff at 3mm, 4mm, and 5mm pro-
vide 41.9%, 46.1%, and 48.7% accuracy in predicting the nodal disease, which potentially
results in overtreatment for patients with no risk of nodal disease and undertreatment for
those later showing nodal disease [10]. For well and moderately differentiated tumors, the
accuracy of our data is much higher than the current approach using tumor DOL.

The other innovation is the assessment of multiple ROIs within the tumor to assess the
tumor heterogeneity using QNP (5S4 Fig). For instance, we observed multiple modalities in the
distributions of NRS among the sub-regions of some tumors. Intratumor heterogeneity repre-
sents clonal evolution and a crucial aspect in understanding the underlying evolving biology
and its possible clinical implications [41, 42]. This diversity within the tumors has been an
important challenge in personalized therapy as identified molecular-expression does not
always represent the entire population of tumor cells [43]. As of current, there has not been in-
depth research in the tumor heterogeneity of OSCC as it requires profiling of tumor at single-
cell level [44-46]. Intratumoral heterogeneity is an important biology feature and can poten-
tially impact drug therapy’s effectiveness; however, this is beyond the scope and objective of
the study. Also, we did not observe its impact on the nodal risk prediction in our cases as one
can see using 0.5 NRS as cutoff of the median of each ROIs, we acquire accuracy of 95.1% in
predicting nodal disease.

Our group has been investigating the prognostic value of QNP in various types of cancer;
however, the efforts have focused on the progression from precancer or local recurrence
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[18, 47]. This is the first study to use tumor-wide phenotype of OSCC and to address regional
nodal metastasis, a clinically critical problem. Our results have demonstrated the superior pre-
dictive performance of the NRS. The study has a few limitations. First, quantifying nuclear fea-
tures requires segmenting nuclei into complete single objects that are non-overlapping, non-
touching, in-focus, and resemble the cell of interest. Based on the tumor growth patterns and
behaviors, most tumors show a high proliferative index. This limits the number of well seg-
mented objects for analysis, especially for high density areas and heavily inflamed tumors.
Improved segmentation methods continue to be developed through deep-learning algorithms
that could eventually bring us to maximize the number of informative objects. Second, a small
sample size of tumors can be a concern; however, we have analyzed enormous data points,
including >468,000 nuclei/objects and 561 ROIs. The NRS is developed via analysis of QNP of
all nuclei identified. The application would be even more clinically useful when applied on
small biopsy samples. To further validate the usage of 0.5 NRS, we have been prospectively col-
lecting new independent cases for further validation.

Our study’s most important message is that prognostic and biological information enclosed
in tissue can be easily acquired from a routine pathology specimen. Our data support the use
of NRS as an accessible, accurate, and objective test for the decision of G1 and G2 tumors for
the need of END, and poorly differentiated tumors have a high risk of nodal disease. Further
validation of observed predictive performance is underway.

Supporting information

S1 Fig. Definition of region of interest.
(DOCX)

S2 Fig. Object segmentation and classification. All the regions of interest (ROIs) segmented
into objects (i.e. nuclei) (A) which went through successive splits based on a mixture of binary
or random forest algorithms (B) into populations of objects with 93 quantitative nuclear phe-

notypes (QNP) for analysis.

(DOCX)

S3 Fig. Kaplan-Meier (KM) curve for disease-specific survival of nodal disease in with a
2-year landmark time. The curves describe 1) the survival rate of patients who either devel-
oped LN+ (red dashed curve) or LNO (black solid curve) and were alive / followed-up by the
2-year mark (black vertical line), and 2) the survival rate of patients who continued to be fol-
lowed-up pass the 2-year mark. None of the LNO experienced death from OSCC. Abbreviation:
LNO, lymph node negative; LN+, lymph node positive.

(DOCX)

S4 Fig. Examples of NRS distribution among defined region of interests.
(DOCX)

S1 Table. Quantitative tissue phenotypes.
(DOCX)

$2 Table. Tumor characteristics of Grade 1/2 training and test sets.
(DOCX)

S3 Table. Diagnostic performance of percentage of positive cells.
(DOCX)

S$4 Table. Nodal risk score dataset.
(DOCX)

PLOS ONE | https://doi.org/10.1371/journal.pone.0259529 November 4, 2021 9/12


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0259529.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0259529.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0259529.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0259529.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0259529.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0259529.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0259529.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0259529.s008
https://doi.org/10.1371/journal.pone.0259529

PLOS ONE

Quantitative pathology for OSCC nodal disease

Acknowledgments

The authors would like to thank Dr. Calum MacAulay for developing quantitative features and
image processing programs.

Author Contributions

Conceptualization: Catherine F. Poh.

Data curation: Kelly Yi Ping Liu.

Formal analysis: Kelly Yi Ping Liu, Martial Guillaud, Catherine F. Poh.
Funding acquisition: Catherine F. Poh.

Investigation: Kelly Yi Ping Liu, Sarah Yuqi Zhu.

Methodology: Kelly Yi Ping Liu, Sarah Yugqi Zhu, Martial Guillaud, Catherine F. Poh.
Project administration: Kelly Yi Ping Liu.

Resources: Catherine F. Poh.

Software: Alan Harrison, Zhao Yang Chen, Martial Guillaud.
Supervision: Martial Guillaud, Catherine F. Poh.

Visualization: Kelly Yi Ping Liu.

Writing - original draft: Kelly Yi Ping Liu, Catherine F. Poh.

Writing - review & editing: Kelly Yi Ping Liu, Sarah Yuqi Zhu, Alan Harrison, Zhao Yang
Chen, Martial Guillaud, Catherine F. Poh.

References

1. Ferlay J, Soerjomataram I, Dikshit R, Eser S, Mathers C, Rebelo M, et al. Cancer incidence and mortal-
ity worldwide: sources, methods and major patterns in GLOBOCAN 2012. Int J Cancer. 2015; 136(5):
E359-86. Epub 2014/09/16. https://doi.org/10.1002/ijc.29210 PMID: 25220842.

2. Funk GF, Karnell LH, Robinson RA, Zhen WK, Trask DK, Hoffman HT. Presentation, treatment, and
outcome of oral cavity cancer: a National Cancer Data Base report. Head Neck. 2002; 24(2):165-80.
Epub 2002/03/14. https://doi.org/10.1002/hed.10004 PMID: 11891947.

3. Noguti J, De Moura CF, De Jesus GP, Da Silva VH, Hossaka TA, Oshima CT, et al. Metastasis from
oral cancer: an overview. Cancer Genomics Proteomics. 2012; 9(5):329-35. Epub 2012/09/20. PMID:
22990112.

4. Patel RS, Dirven R, Clark JR, Swinson BD, Gao K, O’'Brien CJ. The prognostic impact of extent of bone
invasion and extent of bone resection in oral carcinoma. Laryngoscope. 2008; 118(5):780-5. Epub
2008/02/28. https://doi.org/10.1097/MLG.0b013e31816422bb PMID: 18300706.

5. Huang SH, Hwang D, Lockwood G, Goldstein DP, O’Sullivan B. Predictive value of tumor thickness for
cervical lymph-node involvement in squamous cell carcinoma of the oral cavity: a meta-analysis of
reported studies. Cancer. 2009; 115(7):1489-97. Epub 2009/02/07. https://doi.org/10.1002/cncr.24161
PMID: 19197973.

6. Lydiatt WM, Patel SG, O’Sullivan B, Brandwein MS, Ridge JA, Migliacci JC, et al. Head and Neck can-
cers-major changes in the American Joint Committee on cancer eighth edition cancer staging manual.
CA Cancer J Clin. 2017; 67(2):122-37. Epub 2017/01/28. https://doi.org/10.3322/caac.21389 PMID:
28128848.

7. Goerkem M, Braun J, Stoeckli SJ. Evaluation of Clinical and Histomorphological Parameters as Poten-
tial Predictors of Occult Metastases in Sentinel Lymph Nodes of Early Squamous Cell Carcinoma of the
Oral Cavity. Ann Surg Oncol. 2010; 17(2):527-35. https://doi.org/10.1245/510434-009-0755-3 PMID:
19834764

8. Almangush A, Bello 10, Keski-Santti H, Makinen LK, Kauppila JH, Pukkila M, et al. Depth of invasion,
tumor budding, and worst pattern of invasion: Prognostic indicators in early-stage oral tongue cancer.
Head Neck-J Sci Spec. 2014; 36(6):811-8. https://doi.org/10.1002/hed.23380 PMID: 23696499

PLOS ONE | https://doi.org/10.1371/journal.pone.0259529 November 4, 2021 10/12


https://doi.org/10.1002/ijc.29210
http://www.ncbi.nlm.nih.gov/pubmed/25220842
https://doi.org/10.1002/hed.10004
http://www.ncbi.nlm.nih.gov/pubmed/11891947
http://www.ncbi.nlm.nih.gov/pubmed/22990112
https://doi.org/10.1097/MLG.0b013e31816422bb
http://www.ncbi.nlm.nih.gov/pubmed/18300706
https://doi.org/10.1002/cncr.24161
http://www.ncbi.nlm.nih.gov/pubmed/19197973
https://doi.org/10.3322/caac.21389
http://www.ncbi.nlm.nih.gov/pubmed/28128848
https://doi.org/10.1245/s10434-009-0755-3
http://www.ncbi.nlm.nih.gov/pubmed/19834764
https://doi.org/10.1002/hed.23380
http://www.ncbi.nlm.nih.gov/pubmed/23696499
https://doi.org/10.1371/journal.pone.0259529

PLOS ONE

Quantitative pathology for OSCC nodal disease

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

Jung J, Cho NH, Kim J, Choi EC, Lee SY, Byeon HK, et al. Significant invasion depth of early oral ton-
gue cancer originated from the lateral border to predict regional metastases and prognosis. Int J Oral
Max Surg. 2009; 38(6):653—60. https://doi.org/10.1016/}.ijom.2009.01.004 PMID: 19231137

Liu KY, Durham JS, Wu J, Anderson DW, Prisman E, Poh CF. Nodal Disease Burden for Early-Stage
Oral Cancer. JAMA Otolaryngol Head Neck Surg. 2016; 142(11):1111-9. Epub 2016/08/26. https://doi.
org/10.1001/jamaoto.2016.2241 PMID: 27560665.

Poh CF, Durham JS, Brasher PM, Anderson DW, Berean KW, MacAulay CE, et al. Canadian Optically-
guided approach for Oral Lesions Surgical (COOLS) trial: study protocol for a randomized controlled
trial. BMC cancer. 2011; 11:462. https://doi.org/10.1186/1471-2407-11-462 PMID: 22026481.

Spalthoff S, Zimmerer R, Jehn P, Gellrich NC, Handschel J, Kruskemper G. Neck Dissection’s Burden
on the Patient: Functional and Psychosocial Aspects in 1,652 Patients With Oral Squamous Cell Carci-
nomas. J Oral Maxillofac Surg. 2017; 75(4):839-49. Epub 2016/10/25. https://doi.org/10.1016/j.joms.
2016.09.037 PMID: 27776222.

McDonald C, Lowe D, Bekiroglu F, Schache A, Shaw R, Rogers SN. Health-related quality of life in
patients with T1NO oral squamous cell carcinoma: selective neck dissection compared with wait and
watch surveillance. Br J Oral Maxillofac Surg. 2019; 57(7):649-54. Epub 2019/06/25. https://doi.org/10.
1016/j.bjoms.2019.05.021 PMID: 31230853.

Doudkine A, Macaulay C, Poulin N, Palcic B. Nuclear texture measurements in image cytometry. Patho-
logica. 1995; 87(3):286—99. Epub 1995/06/01. PMID: 8570289.

Leonhardt H, Cardoso MC. DNA methylation, nuclear structure, gene expression and cancer. J Cell Bio-
chem Suppl. 2000; Suppl 35:78-83. Epub 2001/06/05. PMID: 11389535.

Li G, Reinberg D. Chromatin higher-order structures and gene regulation. Curr Opin Genet Dev. 2011;
21(2):175-86. Epub 2011/02/24. https://doi.org/10.1016/j.gde.2011.01.022 PMID: 21342762,

Guillaud M, Buys TP, Carraro A, Korbelik J, Follen M, Scheurer M, et al. Evaluation of HPV infection
and smoking status impacts on cell proliferation in epithelial layers of cervical neoplasia. Plos One.
2014; 9(9):e107088. Epub 2014/09/12. https://doi.org/10.1371/journal.pone.0107088 PMID:
25210770.

Guillaud M, Zhang L, Poh C, Rosin MP, MacAulay C. Potential use of quantitative tissue phenotype to
predict malignant risk for oral premalignant lesions. Cancer Res. 2008; 68(9):3099-107. Epub 2008/05/
03. https://doi.org/10.1158/0008-5472.CAN-07-2113 PMID: 18451134.

Guillaud M, le Riche JC, Dawe C, Korbelik J, Coldman A, Wistuba I, et al. Nuclear morphometry as a
biomarker for bronchial intraepithelial neoplasia: correlation with genetic damage and cancer develop-
ment. Cytometry A. 2005; 63(1):34—40. Epub 2004/12/23. https://doi.org/10.1002/cyto.a.20101 PMID:
15614828.

Beck AH, Sangoi AR, Leung S, Marinelli RJ, Nielsen TO, van de Vijver MJ, et al. Systematic analysis of
breast cancer morphology uncovers stromal features associated with survival. Sci Transl Med. 2011;
3(108):108ra13. Epub 2011/11/11. https://doi.org/10.1126/scitranslmed.3002564 PMID: 22072638.

van Velthoven R, Petein M, Oosterlinck WJ, Roels H, Pasteels JL, Schulman C, et al. The use of digital
image analysis of chromatin texture in Feulgen-stained nuclei to predict recurrence of low grade superfi-
cial transitional cell carcinoma of the bladder. Cancer. 1995; 75(2):560-8. Epub 1995/01/15. PMID:
7529131.

Zarella MD, Breen DE, Reza A, Milutinovic A, Garcia FU. Lymph Node Metastasis Status in Breast Car-
cinoma Can Be Predicted via Image Analysis of Tumor Histology. Anal Quant Cytopathol Histpathol.
2015; 37(5):273-85. Epub 2016/02/10. PMID: 26856112.

Veltri RW, Khan MA, Miller MC, Epstein JI, Mangold LA, Walsh PC, et al. Ability to predict metastasis
based on pathology findings and alterations in nuclear structure of normal-appearing and cancer periph-
eral zone epithelium in the prostate. Clin Cancer Res. 2004; 10(10):3465—-73. Epub 2004/05/27. https://
doi.org/10.1158/1078-0432.CCR-03-0635 PMID: 15161703.

Natarajan S, Mahajan S, Boaz K, George T. Prediction of lymph node metastases by preoperative
nuclear morphometry in oral squamous cell carcinoma: a comparative image analysis study. Indian J
Cancer. 2010; 47(4):406—11. Epub 2010/12/07. https://doi.org/10.4103/0019-509X.73580 PMID:
21131754.

Karino M, Nakatani E, Hideshima K, Nariai Y, Tsunematsu K, Ohira K, et al. Applicability of preoperative
nuclear morphometry to evaluating risk for cervical lymph node metastasis in oral squamous cell carci-
noma. Plos One. 2014; 9(12):e116452. Epub 2014/12/31. https://doi.org/10.1371/journal.pone.
0116452 PMID: 25549090.

LiuKYP, Lu XJD, Zhu Y, Yip S, Poh CF. Altered Immune-Related Gene Expressions Indicate Oral Can-
cer Nodal Disease. J Dent Res. 2018; 97(6):709—16. Epub 2018/03/01. https://doi.org/10.1177/
0022034518758045 PMID: 29489424,

PLOS ONE | https://doi.org/10.1371/journal.pone.0259529 November 4, 2021 11/12


https://doi.org/10.1016/j.ijom.2009.01.004
http://www.ncbi.nlm.nih.gov/pubmed/19231137
https://doi.org/10.1001/jamaoto.2016.2241
https://doi.org/10.1001/jamaoto.2016.2241
http://www.ncbi.nlm.nih.gov/pubmed/27560665
https://doi.org/10.1186/1471-2407-11-462
http://www.ncbi.nlm.nih.gov/pubmed/22026481
https://doi.org/10.1016/j.joms.2016.09.037
https://doi.org/10.1016/j.joms.2016.09.037
http://www.ncbi.nlm.nih.gov/pubmed/27776222
https://doi.org/10.1016/j.bjoms.2019.05.021
https://doi.org/10.1016/j.bjoms.2019.05.021
http://www.ncbi.nlm.nih.gov/pubmed/31230853
http://www.ncbi.nlm.nih.gov/pubmed/8570289
http://www.ncbi.nlm.nih.gov/pubmed/11389535
https://doi.org/10.1016/j.gde.2011.01.022
http://www.ncbi.nlm.nih.gov/pubmed/21342762
https://doi.org/10.1371/journal.pone.0107088
http://www.ncbi.nlm.nih.gov/pubmed/25210770
https://doi.org/10.1158/0008-5472.CAN-07-2113
http://www.ncbi.nlm.nih.gov/pubmed/18451134
https://doi.org/10.1002/cyto.a.20101
http://www.ncbi.nlm.nih.gov/pubmed/15614828
https://doi.org/10.1126/scitranslmed.3002564
http://www.ncbi.nlm.nih.gov/pubmed/22072638
http://www.ncbi.nlm.nih.gov/pubmed/7529131
http://www.ncbi.nlm.nih.gov/pubmed/26856112
https://doi.org/10.1158/1078-0432.CCR-03-0635
https://doi.org/10.1158/1078-0432.CCR-03-0635
http://www.ncbi.nlm.nih.gov/pubmed/15161703
https://doi.org/10.4103/0019-509X.73580
http://www.ncbi.nlm.nih.gov/pubmed/21131754
https://doi.org/10.1371/journal.pone.0116452
https://doi.org/10.1371/journal.pone.0116452
http://www.ncbi.nlm.nih.gov/pubmed/25549090
https://doi.org/10.1177/0022034518758045
https://doi.org/10.1177/0022034518758045
http://www.ncbi.nlm.nih.gov/pubmed/29489424
https://doi.org/10.1371/journal.pone.0259529

PLOS ONE

Quantitative pathology for OSCC nodal disease

27.

28.
29.

30.

31.

32.

33.

34.
35.

36.

37.

38.

39.

40.

M,

42,

43.

44,

45.

46.

47.

Liu KYP, Zhu SY, Brooks D, Bowlby R, Durham JS, Ma Y, et al. Tumor microRNA profile and prognos-
tic value for lymph node metastasis in oral squamous cell carcinoma patients. Oncotarget. 2020;
11(23):2204—15. Epub 2020/06/25. https://doi.org/10.18632/oncotarget.27616 PMID: 32577165.

FOX WA, inventorCytological Staining Compositions and Uses Thereof. US2014 4 February 2014.

G D, F G, P B. The Cyto-Savant system in automated cervical screening. In: G HK, H OAN, editors.
Hong-Kong: Igaku-Shoin Medical Publishers Inc.; 1994. p. 305-17.

Baik J, Ye Q, Zhang L, Poh C, Rosin M, MacAulay C, et al. Automated classification of oral premalig-
nant lesions using image cytometry and Random Forests-based algorithms. Cell Oncol (Dordr). 2014;
37(3):193—202. Epub 2014/05/13. https://doi.org/10.1007/s13402-014-0172-x PMID: 24817187.

Breiman L. Random Forests. Machine Learning. 2001; 45(1):5-32. https://doi.org/10.1023/
A:1010933404324

Dafni U. Landmark analysis at the 25-year landmark point. Circ Cardiovasc Qual Outcomes. 2011;
4(3):363-71. Epub 2011/05/19. https://doi.org/10.1161/CIRCOUTCOMES.110.957951 PMID:
21586725.

R Development Core Team. R: A language and environment for statistical computing. Vienna, Austria:
R Foundation for Statistical Computing; 2010.

L A, W M. Classification and Regression by randomForest. R News. 2002; 2(3):5.

BB,LM,KL,SJ,RJ, SE, etal. mir: Machine Learning in R. Journal of Machine Learning Research.
2016; 17(170):5.

BB,RJ,BJ,HD, TJ,LM.On Class Imablance Correction for Classification Algorithms in Credit Scor-
ing. Operations Research Proceedings 2014. 2016:7.

MC S. plotROC: A Tool for Plotting ROC Curves. Journal of Statistical Software, Code Snippets. 2017;
79(2):19.

Lydiatt W, O’Sullivan B, Patel S. Major Changes in Head and Neck Staging for 2018. Am Soc Clin
Oncol Educ Book. 2018; 38:505—-14. Epub 2018/09/21. https://doi.org/10.1200/EDBK_199697 PMID:
30231400.

Brockhoff HC 2nd, Kim RY, Braun TM, Skouteris C, Helman JI, Ward BB. Correlating the depth of inva-
sion at specific anatomic locations with the risk for regional metastatic disease to lymph nodes in the
neck for oral squamous cell carcinoma. Head Neck. 2017; 39(5):974-9. Epub 2017/02/27. https://doi.
org/10.1002/hed.24724 PMID: 28236366.

Fortin A, Couture C, Doucet R, Albert M, Allard J, Tetu B. Does histologic grade have a role in the man-
agement of head and neck cancers? J Clin Oncol. 2001; 19(21):4107—16. Epub 2001/11/02. https://doi.
0rg/10.1200/JC0.2001.19.21.4107 PMID: 11689578.

Slaughter DP, Southwick HW, Smejkal W. Field cancerization in oral stratified squamous epithelium;
clinical implications of multicentric origin. Cancer. 1953; 6(5):963—-8. Epub 1953/09/01. PMID:
13094644.

Lawrence MS, Stojanov P, Mermel CH, Robinson JT, Garraway LA, Golub TR, et al. Discovery and sat-
uration analysis of cancer genes across 21 tumour types. Nature. 2014; 505(7484):495-501. Epub
2014/01/07. https://doi.org/10.1038/nature 12912 PMID: 24390350.

Gerlinger M, Rowan AJ, Horswell S, Math M, Larkin J, Endesfelder D, et al. Intratumor heterogeneity
and branched evolution revealed by multiregion sequencing. N Engl J Med. 2012; 366(10):883-92.
Epub 2012/03/09. https://doi.org/10.1056/NEJMoa1113205 PMID: 22397650.

Poh CF, Zhang L, Anderson DW, Durham JS, Williams PM, Priddy RW, et al. Fluorescence visualiza-
tion detection of field alterations in tumor margins of oral cancer patients. Clin Cancer Res. 2006; 12
(22):6716—22. Epub 2006/11/24. https://doi.org/10.1158/1078-0432.CCR-06-1317 PMID: 17121891.

Tsui IF, Garnis C, Poh CF. A dynamic oral cancer field: unraveling the underlying biology and its clinical
implication. Am J Surg Pathol. 2009; 33(11):1732—8. Epub 2009/10/28. https://doi.org/10.1097/PAS.
0b013e3181b669c2 PMID: 19858864.

Ledgerwood LG, Kumar D, Eterovic AK, Wick J, Chen K, Zhao H, et al. The degree of intratumor muta-
tional heterogeneity varies by primary tumor sub-site. Oncotarget. 2016; 7(19):27185-98. Epub 2016/
04/02. https://doi.org/10.18632/oncotarget.8448 PMID: 27034009.

Guillaud M, MacAulay CE, Berean KW, Bullock M, Guggisberg K, Klieb H, et al. Using quantitative tis-
sue phenotype to assess the margins of surgical samples from a pan-Canadian surgery study. Head
Neck. 2018; 40(6):1263-70. Epub 2018/02/17. https://doi.org/10.1002/hed.25106 PMID: 29451953.

PLOS ONE | https://doi.org/10.1371/journal.pone.0259529 November 4, 2021 12/12


https://doi.org/10.18632/oncotarget.27616
http://www.ncbi.nlm.nih.gov/pubmed/32577165
https://doi.org/10.1007/s13402-014-0172-x
http://www.ncbi.nlm.nih.gov/pubmed/24817187
https://doi.org/10.1023/A%3A1010933404324
https://doi.org/10.1023/A%3A1010933404324
https://doi.org/10.1161/CIRCOUTCOMES.110.957951
http://www.ncbi.nlm.nih.gov/pubmed/21586725
https://doi.org/10.1200/EDBK%5F199697
http://www.ncbi.nlm.nih.gov/pubmed/30231400
https://doi.org/10.1002/hed.24724
https://doi.org/10.1002/hed.24724
http://www.ncbi.nlm.nih.gov/pubmed/28236366
https://doi.org/10.1200/JCO.2001.19.21.4107
https://doi.org/10.1200/JCO.2001.19.21.4107
http://www.ncbi.nlm.nih.gov/pubmed/11689578
http://www.ncbi.nlm.nih.gov/pubmed/13094644
https://doi.org/10.1038/nature12912
http://www.ncbi.nlm.nih.gov/pubmed/24390350
https://doi.org/10.1056/NEJMoa1113205
http://www.ncbi.nlm.nih.gov/pubmed/22397650
https://doi.org/10.1158/1078-0432.CCR-06-1317
http://www.ncbi.nlm.nih.gov/pubmed/17121891
https://doi.org/10.1097/PAS.0b013e3181b669c2
https://doi.org/10.1097/PAS.0b013e3181b669c2
http://www.ncbi.nlm.nih.gov/pubmed/19858864
https://doi.org/10.18632/oncotarget.8448
http://www.ncbi.nlm.nih.gov/pubmed/27034009
https://doi.org/10.1002/hed.25106
http://www.ncbi.nlm.nih.gov/pubmed/29451953
https://doi.org/10.1371/journal.pone.0259529

