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ABSTRACT

Exfoliative cytology has been widely used for early diagnosis of oral squamous
cell carcinoma. We have developed an oral cancer risk index using DNA index value
to quantitatively assess cancer risk in patients with oral leukoplakia, but with limited
success. In order to improve the performance of the risk index, we collected exfoliative
cytology, histopathology, and clinical follow-up data from two independent cohorts of
normal, leukoplakia and cancer subjects (training set and validation set). Peaks were
defined on the basis of first derivatives with positives, and modern machine learning
techniques were utilized to build statistical prediction models on the reconstructed
data. Random forest was found to be the best model with high sensitivity (100%)
and specificity (99.2%). Using the Peaks-Random Forest model, we constructed an
index (OCRI2) as a quantitative measurement of cancer risk. Among 11 leukoplakia
patients with an OCRI2 over 0.5, 4 (36.4%) developed cancer during follow-up (23 +
20 months), whereas 3 (5.3%) of 57 leukoplakia patients with an OCRI2 less than 0.5
developed cancer (32 £ 31 months). OCRI2 is better than other methods in predicting
oral squamous cell carcinoma during follow-up. In conclusion, we have developed
an exfoliative cytology-based method for quantitative prediction of cancer risk in
patients with oral leukoplakia.

INTRODUCTION In contrast to a 5-year survival rate of ~20% for advanced
OSCC, the 5-year survival rate was up to 80% for OSCC
Oral squamous cell carcinoma (OSCC) is the most diagnosed in the early stage [7]. Thus it is important to
common histological type of oral cancer [1]. OSCC assess and follow up OLK lesions in order to diagnose
always develops from precancerous lesions such as oral OSCC early.
leukoplakia (OLK) and erythroplakia [2]. OLK is defined Several measures are available for assessment of oral
as “a white plaque of questionable risk having excluded cancer risk in OLK lesions. It is known that OLK lesions
other known diseases or disorders that carry no increased with ulceration or certain topography are more likely to
risk for cancer” [3]. The overall chance of malignant undergo malignant transformation [8]. However, visual
transformation of OLK varies from 3.6% to 12.9% [4-6]. inspection is not reliable due to variations of physicians’
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clinical experience. Histopathology (i.e., dysplasia) remains
the golden standard for reporting cancer risk of OLK [9].
Unfortunately, this invasive approach depends on incisional
biopsy and cannot be repeated during follow-up due to poor
patient acceptance. Several other tools are also used to assess
OLK lesions [10]: visual assessment of the physicochemical
properties (e.g., toluidine blue staining, fluorescence
spectroscopy) which is easy to use but less specific [11-13];
laboratory assessment of cellular markers (e.g., exfoliative
cytology, micronucleus analysis) with higher sensitivity
and specificity [14—17]; laboratory assessment of molecular
markers (i.e., immunohistochemistry, gene microarray)
which requires high-quality biopsy samples and are often
quite expensive [18].

Exfoliative cytology is a non-invasive, easy, fast
and low-cost examination for initial screening and early
diagnosis of OSCC, with high sensitivity and specificity
[19]. However, exfoliative cytology currently only provides
qualitative assessment, instead of quantitative assessment,
of cancer risk in OLK patients. In our previous study, we
developed a statistical model and oral cancer risk index
(OCRI) for quantitative risk of stratification of OLK
patients [10]. At the time of sampling, we expected OCRI
may inform us of OSCC which may be further validated by
histopathology of incisional biopsy. OCRI is also expected
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to separate low-risk OLK from high-risk OLK, which may
be followed up more frequently and in a more invasive
manner, including treatment with chemopreventive agents,
than low-risk OLK. Unfortunately, in our previous study on
OCRLI, false negative cases (i.e., 2 cases of OSCC with low
OCRI values) seriously questioned the usefulness of OCRI.

In this study, by revising the method of data
transformation and our preexisting statistical model, we
improved the performance of risk index and eliminated
false negatives. Using cytology data and clinical follow-
up data of two cohorts (training set and validation set), we
demonstrated that the new risk index, OCRI2, predicted
OSCC much better than OCRI and the traditional method.

RESULTS

Peaks-Random Forest (RF) model is better than
the other statistical models in differentiating
normal from OSCC

After the data is transformed through peak
identification, five statistical models were tested using
the data of training set and validation set. As shown
in Figure 1, all five models predicted the 18 normal
samples correctly in the training set. Only the peaks-RF
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Figure 1: Oral cancer risk index 2 (OCRI2) of normal subjects, OLK and OSCC patients in the training and validation
sets using five statistical models (SVM, SVMfull, KNN, CF and RF). Y-axis represents the value of OCRI2. Each boxplot

showed the median and 25%-75% of values.
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model predicted all 41 cases of OSCC correctly. For the
validation set, the peaks-RF model correctly predicted
101/102 normal and all OSCC, similar to the peaks-closed
forest (CF) model. The other four models had many false
positives and false negatives. Since a small number of
false positives can be tolerated for a cancer risk prediction
model, the peaks-RF model was chosen as the statistical
model for calculation of OCRI2.

Cross-examination using the training set and the
validation set confirmed the Peaks-RF model as
a good prediction model of normal and OSCC

To test the validity of the peaks-RF model, we first
used the training set to train our model and then tested
the validation set. The peaks-RF model was able to
successfully identify all 93 OSCC cases as OSCC, while
only missed 1 out of 102 normal cases (sensitivity=100%,
specificity=99.02% and AUC (area under the curve)=1.00).
The testing process was repeated in reverse order with the
validation set used for model training and the training set
for prediction. The sensitivity and specificity were both
100%, while the AUC was 1.00 (Supplementary Table 1).

Quantitative risk stratification of OLK patients
and comparison of three methods

We then focused on quantitative risk stratification
of OLK patients. In the training set, all 28 OLK cases
were identified by the peaks-RF model as “low-risk
(OCRI2<0.5)”. In the validation set, the peaks-RF model
identified 64 OLKs as “low-risk (OCRI2<0.5)” and
18 OLKs as “high-risk (OCRI2>0.5)" (Supplementary
Table 2).

We followed OLK patients in both the training
set and the validation set. Among 68 cases of OLK
(Supplementary Table 2), seven cases were found to
undergo malignant transformation. With 0.5 as an arbitrary
cut-off value for high or low risk, 36.4% (4/11) of high-
risk OLK patients developed OSCC during follow-up
(23+£20 months), whereas 5.3% (3/57) of low-risk OLK
patients developed OSCC (32+31 months) (p=0.01)
(Figure 2).

We then compared the performance of OCRI2
in predicting OSCC with that of the traditional method
and OCRI. Using 0.5 as an arbitrary cut-off value, OCRI
failed to detect a significant difference in cancer incidence
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Figure 2: Prediction of OSCC in OLK patients during the follow-up period using three methods. Seven patients developed
OSCC during follow-up. With 0.5 as an arbitrary cut-off, OCRI2 predicted OSCC better than OCRI and traditional method.
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Table 1: General characteristics of subjects of the training set and the validation set

General Training set Validation set
characteristics
Normal OLK OSCC Normal OLK OSCC
Age (y)
Mean+SD  39.67+ 1548 57.68+13.51 64.68+11.71 44.00+16.00 58.16+ 11.48 61.70 £ 11.11
Range 20— 68 26-77 32-88 22-80 25-85 21-83
Sex
Male, n (%) 5(27.8) 19 (67.9) 20 (48.8) 46 (45.1) 37 (45.1) 45 (48.4)
((;;emale’ n 13 (72.2) 9(32.1) 21 (51.2) 56 (54.9) 45 (54.9) 48 (51.6)
0
Site
((yzong“e’ n 4(22.2) 6(21.4) 16 (39.0) 28 (27.5) 22 (26.8) 41 (44.1)
0
((y()}mgwal’ n 4(22.2) 11 (39.3) 7(17.1) 15 (14.7) 33 (40.2) 27 (29.0)
0
Other,n (%) 10 (55.6) 11 (39.3) 18 (43.9) 59 (57,8) 27 (32.9) 25 (26.9)
Smoking
Yes, n (%) 1(5.6) 16 (57.1) 10 (24.4) 32 (31.4) 29 (35.4) 31(33.3)
No, n (%) 17 (94.4) 12 (42.9) 31 (75.6) 70 (68.6) 53 (64.6) 62 (66.7)
Drinking
Yes, n (%) 1(5.6) 9 (32.1) 9 (22.0) 29 (28.4) 19 (23.2) 29 (31.2)
No, n (%) 17 (94.4) 19 (67.9) 32 (78.0) 73 (71.6) 63 (76.8) 64 (68.8)
Total, n (%) 18 (100.0) 28 (100.0) 41(100.0)  102(100.0) 82 (100.0) 93 (100.0)

between the high-risk OLK and the low-risk OLK
(p=0.69). The traditional method categorizes OLK into
negative, atypical and positive groups, whose cancer risk
did not significantly differ among these groups (p=0.29)
(Figure 2). These data indicated that OCRI2 can predict
the occurrence of OSCC in the future better than the
traditional method and OCRI.

DISCUSSION

In this study, we developed OCRI2 for assessment
of cancer risk in OLK patients and had its predictive
performance validated in new patients. Using two cohorts
with clinical follow-up data, we demonstrated that OCRI2
can differentiate between low-risk and high-risk OLK, and
may improve the cost-effectiveness during clinical follow-
up of OLK patients.

Visual examination by clinicians with the aid of tools
tends to have a high rate of false positivity. As a minimally
invasive and inexpensive method, exfoliative cytology has
long been used for qualitative detection of cervical cancer
and oral cancer [20]. This approach has advantages over

other methods mainly because cellular morphology tends
to be relatively stable compared to molecular markers
[10]. It has been well established that DNA aneuploidy
could predict malignancy prior to histopathology [21, 22].
A quantitative parameter for risk stratification of OLK
is desirable for two reasons: (1) Dynamic change of a
quantitative parameter during clinical follow-up may add
additional value towards prediction. This has been proven
to be true in the case of prostate-specific antigen kinetics
or velocity for prostate cancer prediction [23, 24]. (2) A
quantitative parameter may improve the cost-effectiveness
of clinical follow-up by paying more attention to high-risk
OLK and less to low-risk OLK.

Several approaches have been used for quantitative
stratification of cancer risk. Cancer risk index based on
clinical risk factors using nomogram has been developed
for several cancers, including head and neck squamous
cell carcinoma [25], gastric cancer [26], and breast cancer
[27]. In head and neck cancer, nomograms predicting
five- and eight-year overall survival and cancer-specific
survival were quite accurate [25]. Recently there has
been tremendous enthusiasm in using molecular markers
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for cancer risk stratification. However, the performance
of molecular markers is not much better than established
clinical risk factors [28-30]. In one oral cancer
study [31], a gene predictive model showed marked
improvements in terms of prediction accuracy over the
models using clinicopathological risk factors. Although
this approach is promising, the high expense and need
for special analytical expertise are obvious hurdles that
must be overcome before it can be clinically useful. It
is also challenging to develop a consensus gene list,
according to the distinct gene lists generated by multiple
studies [32].

Our study has two major limitations: (1) Three
cases of OLK with OCRI2<0.5 developed OSCC. Large
or multiple OLK lesions, inadequate or inappropriate
sampling of exfoliative cells, mishandling of the staining

and imaging procedure may all contribute to false
negative prediction. Longitudinal tests of exfoliative
cytology during follow-up may capture such high-risk
cases, and kinetics data may have additional value
in predicting cancer. Moreover, our risk index may
be further improved by including multiple cytology
parameters, such as nuclear perimeter, area, diameter,
minimum and maximum Feret, which had been shown
to be statistically different between aneuploidy and
diploid samples [33]. NextGen sequencing data may
also be incorporated to improve the performance of the
quantitative prediction model [34, 35]. (2) Forty-two
OLK patients (38%, 42/110) were lost during follow-up,
among which 3 presumably were of high-risk and 39 of
low-risk. This may impact the difference of true cancer
risks between these two groups.
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Figure 3: Peaks method of data transformation. Peaks method was developed from first derivatives with positives defined as peaks.
Ten intervals were based on ploidy value from 0.5 to 10.5, with 0.5 to 1.5 as the first interval, 1.5 to 2.5 as the second, and so on. All data of
the training set (87 cases) were pooled together to show the distribution of the data (A). Normal subjects (18 cases) showed two peaks in the
first and second intervals (B). OSCC subjects (41 cases) had high variance and their data were spread out through most of the intervals (C).
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MATERIALS AND METHODS

Clinical information and follow-up

We recruited and followed two cohorts, the training
set and the validation set, from March 2008 to July
2016. This study was approved by the ethical committee
of Beijing Stomatological Hospital, Capital Medical
University, and all patients signed the informed consent
form before the study. Clinical data, exfoliative cytology,
histopathology, and follow-up data were collected (Table
1 and Supplementary Table 2). Both exfoliative cells and
incisional biopsy were collected from the site of lesion
(OLK or OSCC); exfoliative cells were randomly collected
from the mucosa of normal subjects. The training set was
made up of 18 normal, 28 OLK and 41 OSCC subjects,
and the validation set was made up of 102 normal, 82
OLK and 93 OSCC subjects (Table 1). During the follow-
up, clinical symptoms of all subjects were documented
through clinical examination and phones calls. Malignant
transformation was confirmed by histopathology.

Exfoliative cytology and histopathology

The exfoliative cytology and histopathology were
conducted in the same way as in our previous study [10]. In
brief, exfoliative cells were collected by using Cervibrush
(Motic, China) and stored in a fixative (Motic, China).
Cells were smeared onto a dry glass slide and treated
with the Feulgen solution according to the manufacturer’s
instruction. DNA-image cytometry and CLASSIFY
software (Motic, China) were used for obtained the DNA
index (DI). According to the diagnostic criteria by the
British Columbia Cancer Agency, an aneuploid cell was
defined as DI>2.3 [36]. A case was defined as “positive”
if there were more than 5 aneuploid cells, “Atypical” if
the number of aneuploid cells was between 1 and 5, or
“negative” if there was no aneuploid cell. This method
was defined here as the “traditional method”.

For OLK and OSCC, an incisional biopsy was taken
from the same area under local anesthesia after brush
biopsy. Tissues were fixed with buffered formalin and the
sections were diagnosed by our pathologist according to
the standard criteria of the WHO Classification System of
Head and Neck Tumors [36]. Mild, moderate, or severe
dysplasia of OLK is defined if the general architectural
disturbance is limited to the lower third of the epithelium,
extending into the middle third of the epithelium, or
greater than two-thirds of epithelium, respectively [37].

Peak determination, interval creation, and data
reconstruction

Using the DI values from the sample, we first
acquired the density of the data set. By taking the lagged
differences of the density and observing the signs of

differences, the first derivative of the DI values was
mimicked. The points at which the density plot stopped
rising and started falling were the positive values of the
first derivative, which were then designated as peaks.
These points had their x-values recorded and were
compiled into a vector.

After these points were recorded, the data was
reconstructed. Ten intervals were used to store the points,
using a tally system that counted the number of points in
each interval and returned an integer vector of 10 units
long, consisting of the counts of points per interval. The
intervals were created depending on the biology of cell
ploidy. The intervals were divided by 10, from [0.5,
1.5],[L.5, 2.5], ... to [9.5, 10.5], with any values smaller
than 0.5 being included in the 1% interval and any values
greater than 10.5 being included in the last interval.
These intervals were uniform around the natural counting
numbers, 1, 2 to 10. Haploids, diploids, tetraploids and
aneuploids would be easily identified with this method.

After the intervals were created and the points were
tallied, we had an integer vector of 10 units long, with each
unit representing the number of peaks in each respective
interval (Figure 3). This procedure was repeated through
all the cases. Each group of data was now an X by 10 data
frame, with X being the number of samples in each group.
Then, 2 more columns were added, the 11" of which was
either a “c”, “k”, or “n” factor, representing OSCC, OLK
and normal, respectively, and the 12" of which was all of
the case numbers of the respective samples. Thus, nX12
data frames for the training set and validation set were
generated.

Statistical models and cross examination

Statistical modeling and performance evaluation
were done with R [10] and the caret package (http://
caret.r-forge.r-project.org/). For the training set testing,
the validation set (Normal and OSCC) were used to train
the model. Firstly, the two data frames of validation set
(Normal and OSCC) were combined, and then 70% of it
was randomly selected for model optimization, with the
remaining 30% left for testing and evaluation (with the one
difference being support vector machine-full (SVMfull),
which used 100% of the data). The models selected were
support vector machine (SVM), SVMfull, k-nearest
neighbors (KNN), CF, and RF. Along with the default
parameters of the models, 10-fold cross validation was used
within each pass, and the process was repeated 5 times. The
same seed was also set for each random number generation,
ensuring replicable results. The sensitivity and specificity
of the predictions were the bases for determining which of
the models was the strongest, and this was displayed in the
confusion matrix. For the calculations of model adequacy,
positive predictive value, negative predictive value and area
under the curve were also calculated. PPV was defined as
the number of cases detected as cancer that were actually
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cancer is divided by the total number of cases detected as
cancer. For NPV, the number of cases detected as normal
that were actually normal is divided by the total number of
cases detected as normal. These values were found through
the confusion matrix command in R. In calculating AUC,
the ROCR package in R was used. Since the testing data is
already ordered by factor level, the OCRIs were extracted
and relabeled with their original classification. Then, the
performance function was used to calculate AUC, which is
between 0 and 1.

Next, the process was done in reverse. The training
set (Normal and OSCC) was used to train the model, and
the model was used to test the validation set (Normal and
OSCC). All previous methods were implemented.

OCRI2 calculation

OCRI2 is the probability of OSCC for an unknown
sample. The range of OCRI2 ran from 0 to 1, with 0
indicating zero risk of OSCC and 1 indicating a 100%
chance of OSCC. We set 0.5 as an arbitrary cut-off value
to separate high-risk and low-risk cases for the sake
of comparison. Two-sided Chi-square test with Yates
correction was used for statistical comparison between
high-risk OLK and low-risk OLK, and among “negative”,
“atypical” and “positive” OLK, in Figure 2.

ACKNOWLEDGMENTS

We thank Dr. Fengguang Wang for technical support
with histology.

CONFLICTS OF INTEREST

The authors have no conflicts of interest to declare.

GRANT SUPPORT

The work was supported by Beijing Municipal
Administration of Hospitals Key Medical Project
(ZYLX201407), Nonprofit Industry Research Specific
Fund of National Health and Family Planning Commission
of China (201502018) and a grant from National Natural
Science Foundation of China (81372897).

REFERENCE

1. Marur S, Forastiere AA. Head and neck squamous cell
carcinoma: update on epidemiology, diagnosis, and
treatment. Mayo Clin Proc. 2016; 91:386-396.

2. Silverman S Jr. Demographics and occurrence of oral
and pharyngeal cancers. The outcomes, the trends, the
challenge. J Am Dent Assoc. 2001; 132 Suppl:7S-118S.

3. Brouns ER, Baart JA, Bloemena E, Karagozoglu H, van
der Waal 1. The relevance of uniform reporting in oral

10.

11.

12.

13.

14.

15.

16.

leukoplakia: definition, certainty factor and staging based
on experience with 275 patients. Med Oral Patol Oral Cir
Bucal. 2013; 18:e19-26.

van der Waal 1. Oral potentially malignant disorders: is
malignant transformation predictable and preventable? Med
Oral Patol Oral Cir Bucal. 2014; 19:¢386-390.

Cervigne NK, Machado J, Goswami RS, Sadikovic B,
Bradley G, Perez-Ordonez B, Galloni NN, Gilbert R,
Gullane P, Irish JC, Jurisica I, Reis PP, Kamel-Reid S.
Recurrent genomic alterations in sequential progressive
leukoplakia and oral cancer: drivers of oral tumorigenesis?
Hum Mol Genet. 2014; 23:2618-2628.

Lee JJ, Hung HC, Cheng SJ, Chen YJ, Chiang CP, Liu
BY, Jeng JH, Chang HH, Kuo YS, Lan WH, Kok SH.
Carcinoma and dysplasia in oral leukoplakias in Taiwan:
prevalence and risk factors. Oral Surg Oral Med Oral Pathol
Oral Radiol Endod. 2006; 101:472-480.

Maraki D, Becker J, Boecking A. Cytologic and DNA-
cytometric very early diagnosis of oral cancer. J Oral Pathol
Med. 2004; 33:398-404.

Rhodus NL, Kerr AR, Patel K. Oral cancer: leukoplakia,
premalignancy, and squamous cell carcinoma. Dent Clin
North Am. 2014; 58:315-340.

Liu W, Shi LJ, Wu L, Feng JQ, Yang X, Li J, Zhou ZT,
Zhang CP. Oral cancer development in patients with
leukoplakia--clinicopathological factors affecting outcome.
PLoS One. 2012; 7:€34773.

LiuY, LiJ, Liu X, Khawar W, Zhang X, Wang F, Chen X,
Sun Z. Quantitative risk stratification of oral leukoplakia
with exfoliative cytology. PLoS One. 2015; 10:e0126760.

Messadi DV. Diagnostic aids for detection of oral
precancerous conditions. Int J Oral Sci. 2013; 5:59-65.
Chaturvedi P, Majumder SK, Krishna H, Muttagi S,
Gupta PK. Fluorescence spectroscopy for noninvasive
early diagnosis of oral mucosal malignant and potentially
malignant lesions. J Cancer Res Ther. 2010; 6:497-502.

Awan KH, Morgan PR, Warnakulasuriya S. Evaluation of
an autofluorescence based imaging system (VELscope) in
the detection of oral potentially malignant disorders and
benign keratoses. Oral Oncol. 2011; 47:274-277.

Pentenero M, Giaretti W, Navone R, Demurtas A, Rostan
1, Bertolusso G, Broccoletti R, Arduino PG, Malacarne
D, Gandolfo S. DNA aneuploidy and dysplasia in oral
potentially malignant disorders: association with cigarette
smoking and site. Oral Oncol. 2009; 45:887-890.

Jadhav K, Gupta N, Ahmed MB. Micronuclei: an essential
biomarker in oral exfoliated cells for grading of oral
squamous cell carcinoma. J Cytol. 2011; 28:7-12.

Ma JM, Zhou TJ, Wang R, Shan J, Wu YN, Song XL, Gu
N, Fan Y. Brush biopsy with DNA-image cytometry: a
useful and noninvasive method for monitoring malignant
transformation of potentially malignant oral disorders. Eur
Arch Otorhinolaryngol. 2014; 271:3291-3295.

www.impactjournals.com/oncotarget

46063

Oncotarget



17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Kammerer PW, Koch FP, Santoro M, Babaryka G, Biesterfeld
S, Brieger J, Kunkel M. Prospective, blinded comparison of
cytology and DNA-image cytometry of brush biopsies for early
detection of oral malignancy. Oral Oncol. 2013; 49:420-426.
Ahmed SM, Mubeen, Jigna VR. Molecular biology: an
early detector of oral cancers. Ann Diagn Pathol. 2009;
13:140-145.

Hashemipour MA, Aghababaie M, Mirshekari TR, Asadi-
Shekaari M, Tahmasbi-Arashlow M, Tahmasbi-Arashlow F
and Gandjalikhan Nassab SA. Exfoliative cytology of oral
mucosa among smokers, opium addicts and non-smokers: a
cytomorphometric study. Arch Iran Med. 2013; 16:725-730.
Scheifele C, Schmidt-Westhausen AM, Dietrich T, Reichart
PA. The sensitivity and specificity of the OralCDx technique:
evaluation of 103 cases. Oral Oncol. 2004; 40:824-828.

Remmerbach TW, Weidenbach H, Hemprich A, Bocking A.
Earliest detection of oral cancer using non-invasive brush
biopsy including DNA-image-cytometry: report on four
cases. Anal Cell Pathol. 2003; 25:159-166.

Maraki D, Hengge UR, Becker J, Boecking A. Very
early cytological and DNA-cytometric diagnosis of in
situ carcinoma in an immunosuppressed liver transplant
recipient. J Oral Pathol Med. 2006; 35:58-60.

Iremashvili V, Kava BR, Manoharan M, Parekh DJ, Punnen
S. Is it time to revisit the role of prostate-specific antigen
kinetics in active surveillance for prostate cancer? Urology.
2016; 95:139-144.

Orsted DD, Bojesen SE, Kamstrup PR, Nordestgaard BG.
Long-term prostate-specific antigen velocity in improved
classification of prostate cancer risk and mortality. Eur Urol.
2013; 64:384-393.

JuJ, Wang J, Ma C, Li Y, Zhao Z, Gao T, Ni Q, Sun M.
Nomograms predicting long-term overall survival and
cancer-specific survival in head and neck squamous cell
carcinoma patients. Oncotarget. 2016; 7:51059-51068. doi:
10.18632/oncotarget. 10595

Liu J, Geng Q, Liu Z, Chen S, Guo J, Kong P, Chen Y,
Li W, Zhou Z, Sun X, Zhan Y, Xu D. Development and
external validation of a prognostic nomogram for gastric
cancer using the national cancer registry. Oncotarget. 2016;
7:35853-35864. doi: 10.18632/oncotarget.8221.

Wen J, Ye F, He X, Li S, Huang X, Xiao X, Xie X.
Development and validation of a prognostic nomogram
based on the log odds of positive lymph nodes (LODDS)
for breast cancer. Oncotarget. 2016; 7:21046-21053. doi:
10.18632/oncotarget.8091.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Di Narzo AF, Tejpar S, Rossi S, Yan P, Popovici V, Wirapati
P, Budinska E, Xie T, Estrella H, Pavlicek A, Mao M,
Martin E, Scott W, et al. Test of four colon cancer risk-
scores in formalin fixed paraffin embedded microarray
gene expression data. J Natl Cancer Inst. 2014; 106. doi:
10.1093/jnci/dju247.

Ramshankar V, Soundara VT, Shyamsundar V, Ramani P,
Krishnamurthy A. Risk stratification of early stage oral tongue
cancers based on HPV status and pl6 immunoexpression.
Asian Pac J Cancer Prev. 2014; 15:8351-8359.

Arpino G, Generali D, Sapino A, Del Mastro L, Frassoldati
A, de Laurentis M, Paolo P, Mustacchi G, Cazzaniga M,
De Placido S, Conte P, Cappelletti M, Zanoni V, et al. Gene
expression profiling in breast cancer: a clinical perspective.
Breast. 2013; 22:109-120.

Saintigny P, Zhang L, Fan YH, El-Naggar AK,
Papadimitrakopoulou VA, Feng L, Lee JJ, Kim ES, Ki
Hong W, Mao L. Gene expression profiling predicts the
development of oral cancer. Cancer Prev Res (Phila). 2011;
4:218-229.

Lohavanichbutr P, Houck J, Doody DR, Wang P, Mendez
E, Futran N, Upton MP, Holsinger FC, Schwartz SM, Chen
C. Gene expression in uninvolved oral mucosa of OSCC
patients facilitates identification of markers predictive of
OSCC outcomes. PLoS One. 2012; 7:¢46575.

Pektas ZO, Keskin A, Gunhan O, Karslioglu Y. Evaluation of
nuclear morphometry and DNA ploidy status for detection of
malignant and premalignant oral lesions: quantitative cytologic
assessment and review of methods for cytomorphometric
measurements. J Oral Maxillofac Surg. 2006; 64:628-635.

Mutational landscape of gingivo-buccal oral squamous
cell carcinoma reveals new recurrently-mutated genes and
molecular subgroups. Nat Commun. 2013; 4:2873.

Pickering CR, Zhang J, Neskey DM, Zhao M, Jasser SA,
Wang J, Ward A, Tsai CJ, Ortega Alves MV, Zhou JH,
Drummond J, El-Naggar AK, Gibbs R, et al. Squamous
cell carcinoma of the oral tongue in young non-smokers
is genomically similar to tumors in older smokers. Clin
Cancer Res. 2014; 20:3842-3848.

Maraki D, Yalcinkaya S, Pomjanski N, Megahed M,
Boecking A, Becker J. Cytologic and DNA-cytometric
examination of oral lesions in lichen planus. J Oral Pathol
Med. 2006; 35:227-232.

Barnes L, Eveson JW, Reichart P, Sidransky D. (2005).
Pathology and Genetics of Head and Neck Tumours.
(Oxford: Oxford University Press).

www.impactjournals.com/oncotarget

46064

Oncotarget



