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Abstract: Survival for patients with newly diagnosed cervical cancer has not significantly improved over the past
several decades. We sought to identify a clinically relevant set of prognostic genes for squamous cell carcinoma of
the cervix (SCCC), the most common cervical cancer subtype. Using RNA-sequencing data and survival data from
203 patients in The Cancer Genome Atlas (TCGA), we conducted a series of analyses using different decile cutoffs
for gene expression to identify genes that could indicate large and consistent survival differences across different
decile cutoffs of gene expression. Those analyses identified 42 high-risk genes. A patient’s survivability could be
estimated by simply counting the number of high-risk genes with extremely high expression (above the 90™ percen-
tile) or estimating a transcriptomic risk score (TRS) using a machine learning algorithm with 9 of the 42 genes. On
multivariate analysis, the significant predictors of mortality included high TRS (HR = 44.8), stage IV (HR = 28.1),
intermediate TRS (HR = 4.75), and positive lymph node status (HR = 2.92). Approximately 18% of earlier-stage
patients were identified as a poor-prognosis subgroup with high TRS. In patients with SCCC, transcriptomic risk ap-
pears to better predict survival than clinical prognostic factors, including stage.

Keywords: Cervical cancer, squamous cell carcinoma, gene expression, RNA, TCGA, transcriptomic risk, prognostic
biomarker

Introduction

Worldwide, cervical cancer is the most com-
mon and deadliest gynecologic malignancy,
accounting for an estimated 570,000 new
cases and 311,000 deaths each year [1]. De-
spite efforts in screening and human papillo-
mavirus (HPV) vaccine adoption, cervical can-
cer remains a persistent health challenge for
women in the United States, with 13,170 new
cases and 4,250 deaths estimated for 2019
[2]. Survival for women with cervical cancer
has not significantly improved since the mid-
1970s, in contrast to the majority of other
common cancers in the United States [3].
While early-stage cervical cancer can be suc-
cessfully treated, with 5-year overall survival
(0S) rates as high as 97%, metastatic cervical

cancer is virtually incurable, with 5-year OS
rates below 10% [4]. For patients with recurrent
cervical cancer, their prognosis remains poor.
The mortality risk for metastatic or recurrent
cervical cancer is high, with median OS remain-
ing limited to less than 1.5 years, even with the
3.5 month gain in median OS shown in GOG
240 by adding bevacizumab to first-line system-
ic platinum-based combination chemotherapy
[5, 6]. Therefore, new approaches are needed
to better identify and treat patients with cervi-
cal cancer at high risk of recurrence and death.

A major focus in improving systemic treatment
of cervical cancer involves developing a better
understanding of the genomic, transcriptomic,
and proteomic underpinnings and heterogene-
ity of the disease. The central tenet in the path-
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ogenesis of cervical cancer is the involvement
of HPV, which can be found in up to 99.7% of
cervical cancers [7]. Despite the near-universal
contribution of HPV to cervical carcinogenesis,
there is wide variance in the risk of cancer
associated with the different types of carcino-
genic HPV, as well as the association of types
of carcinogenic HPV with the different histolog-
ic subtypes (squamous cell carcinoma and ade-
nocarcinoma) of cervical cancer [8].

To further advance the molecular understand-
ing of cervical cancer, The Cancer Genome
Atlas (TCGA) project recently published their
analysis of 228 primary cervical cancers [9].
While the results from that study noted a
number of novel molecular features, the inte-
grated clustering, which identified 3 main sub-
groups (keratin-low squamous, keratin-high
squamous, adenocarcinoma), was not based
on patient outcomes such as survival. A pro-
teomic grouping was associated with differenc-
es in survival, but that grouping was (a) not pri-
marily based on patient outcomes and (b) used
as a small component of the integrative cluster-
ing that resulted in the featured novel sub-
groups (of note, the prognostic value of the pro-
teomic grouping was recently validated by a
separate group and dataset [10]). Further, no
data was reported by TCGA to show that differ-
ences in the main novel cervical cancer sub-
groups were associated with differences in
clinically relevant outcomes. Several other
studies have investigated the genomic contri-
butions to differences in clinical outcomes in
cervical cancer, but outcomes were typically
not a starting point in those studies, and their
sample sizes were much smaller than TCGA
[11-14]. Other groups have evaluated the
potential of micro-RNA signatures for use as
prognostic biomarkers, but results have been
mixed and the most promising of those signa-
tures did not validate [15-17]. Further, it is
unclear whether the findings in above studies
were confounded by fundamental differences
between the 2 major histologic subtypes of cer-
vical cancer (squamous cell vs. adenocarcino-
ma), which arise from separate sites of the cer-
vix and have different molecular profiles [14].

The objective of this study was to conduct
an outcome-based transcriptomic analysis of
squamous cell carcinoma of the cervix (SCCC),
the most common histologic subtype of cervi-

1535

cal cancer, using TCGA cervical SCC dataset.
Our goal was to identify sets of genes that can
identify subgroups with large and clinically
meaningful survival differences.

Materials and methods

TCGA cervical squamous cell carcinoma (SCC)
dataset

The RNAseq data (llluminaHiSeq: log2-normal-
ized_count+1) for SCCC from TCGA was down-
loaded from UCSC Xena [18]. The details regar-
ding the clinical characteristics of this data-
set are available in a recent publication from
TCGA [9]. We used TCGA dataset for this stu-
dy because it has the largest number of pati-
ents and the highest quality gene expression
data of any publicly available dataset of pati-
ents with cervical cancer. Given the inherent
molecular differences between the 2 histologic
subtypes of cervical cancer, we chose to focus
this analysis on SCC. Our rationale was that
SCC is the most common cervical cancer sub-
type and there were far more patient-derived
samples for SCC than for adenocarcinoma in
TCGA cervical cancer dataset. RNA-seq data
for a total of 20,530 genes was available for
each patient sample analyzed in this study.
Samples were included in this study if they
were SCCC and had both RNAseq and OS data
available. Accordingly, samples were excluded
from the study if they (a) did not contain SCC,
(b) contained SCC but were mixed with another
histologic subtype (e.g., a mixed SCC and ade-
nocarcinoma tumor), (c) did not contain RNA-
seq data, or (d) did not contain OS data.

A total of 203 patients with SCCC met inclus-
ion criteria for this analysis. Median age of the
sampled population was 47 years. Median fol-
low-up was 27.3 months. Stage distribution
was as follows: | (102; 50.2%), Il (50; 24.6%), llI
(32; 15.8%), IV (14; 6.9%), unknown (5; 2.5%).
As of last follow-up, 143 (70.4%) of patients
were alive, and 60 (29.6%) had died.

Statistical analyses

All statistical analyses were performed using
the R language and environment for statistical
computing (R version 3.2.2; R Foundation for
Statistical Computing; www.r-project.org). We
used Cox proportional hazards models to eva-
luate the impact of gene expression levels on
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overall survival. Overall survival data (diagnosis
to date of death) were downloaded from TCGA
patient phenotype files. Patients who were
alive were censored at the date of last follow-up
visit. Kaplan-Meier survival analysis and log-
rank test were used to compare differences in
overall survival between groups classified us-
ing different cut-offs of expression level.

Identification of survival-associated genes

We initially examined survival differences asso-
ciated with each gene using 10 different cut-
offs corresponding to each decile. For example
for the 90% cutoff, the top 10% of patients with
the highest expression levels for a given gene
were assigned to a “high expression” group and
the bottom 90% of patients are assigned to a
“low expression” group and the two groups of
patients were analyzed using a univariate Cox
regression analysis. Similarly, the top 80% of
patients with the highest expression could also
be compared to the remaining 20% of patients.
For individual genes, the difference in survival
for above and below the cut-off was assessed
using hazard ratio (HR) and log-rank test, with a
significance level of P < 0.01. This process was
repeated for each gene and at each cutoff.

We employed a 2-step selection procedure to
identify genes with large survival differences
that may be generalizable to other datasets.
First, we identified genes with large survival dif-
ferences at every decile cutoff. In the second
step, we eliminated genes that were not con-
sistently associated with survival at other cut-
offs. This procedure allowed identification of
genes that had large survival differences and
could consistently predict survival at different
cutoffs.

To accomplish these goals, survival analysis
was systematically conducted for every gene
and at every decile cutoff. Examination of the
results suggested that larger survival differen-
ces were usually observed at the 90% and 10%
cutoffs, although survival differences were also
seen at the middle cutoffs for many genes. We
therefore focused our subsequent attention on
genes identified using the 90" and 10" percen-
tile cutoffs. At the 90" percentile cutoff, the
10% of patients with the highest gene expres-
sion levels for each gene were compared to the
bottom 90% of the patients with lower expres-
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sion. At the 10" percentile cutoff, for each
gene, the 90% of patients with higher expres-
sion levels were compared to the 10% of
patients with the lowest expression levels.

Building the SCCC gene signature and TRS
stratifier

The individual genes with high survival differ-
ences were used to construct a survival predic-
tion model using a machine learning method.
The least absolute shrinkage selection opera-
tor (LASSO) algorithm was used to select and fit
the regression coefficients for each gene in a
penalized Cox proportional hazard model [19,
20]. This process allowed us to select a subset
of the genes, with weighted expression values,
to use in calculating a survival risk score for
each patient. The risk scores were then used to
stratify all patients into 3 transcriptomic risk
score (TRS) groups. The stratification was opti-
mized using the log-rank test. For the univari-
ate analysis, major clinical characteristics with
prognostic relevance were fitted to a Cox re-
gression model after removal of patients with
unknown clinical information. All clinical vari-
ables that were significant on univariate analy-
sis (stage and lymph node status) were com-
bined with TRS for the multivariate Cox model.
Although LASSO is capable of selecting genes,
it is not possible to apply LASSO to the entire
genomic dataset with over 20,000 genes and
come up with the best model. Therefore, our
approach of pre-selecting genes using unigene
survival analyses and then fitting a LASSO
model represents a practical and efficient way
of developing multivariate models.

Results

Identification of genes associated with poor
survival

Using selection criteria of HR > 3.5 and p-val-
ues < 0.01, 41 genes had good survival predic-
tion potential as shown by the Kaplan-Meier
survival curves for representative genes (Fig-
ure 1). The HR for these 41 selected genes
ranged from 3.5 to 5.2, while the p-values were
all less than 10 except for 1 gene which had a
value of 1.6x10%, suggesting highly significant
associations between extremely high expres-
sion of the 41 genes and poor survival of SCCC
patients.

Am J Cancer Res 2020;10(5):1534-1547
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Figure 1. Representative Kaplan-Meier survival curves (6 shown) for the top 41 high-risk genes for which patients
above the 90" percentile (or in the top 10%) for expression level had a HR > 3.5 for death and p-value of < 0.01.

X-axis: time (years); Y-axis: survival probability.

When the 41 genes were assessed for survival
prediction at every decile cutoff for patients
with high vs. low expression, the choice of the
90" percentile as the cutoff point was con-
firmed. As shown by the Kaplan-Meier survival
curves in Figure 2A, the survival prognosis
worsened with increasing expression levels,
with the best survival usually seen at the first
decile and worst survival seen at the tenth
decile. These observations provided further
confidence that the 41 genes selected using
the 90" percentile cutoff may be excellent
survival prediction genes.

There were some notable findings from exam-
ining, for each patient, the number of the 41
high-risk genes for which they were above the
90" percentile cutoff for expression level. In-
terestingly, some patients had many of the
high-risk genes above the cutoff, while some
patients had no high-risk genes above the cut-
off (Figure 3A). The patients who died mostly
had large numbers of high-risk genes, while
patients who survived in the follow-up period
had lower numbers of genes above the cutoff.
Further, none of the patients with zero high-
risk genes above cutoff had died (Figure 3A).
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Survival was then compared between 3 groups
of patients, with 0-1 gene (group 1), 2-4 genes
(group 2) and > 5 genes (group 3) above the
90" percentile cutoff, respectively (Figure 3B).
As expected, group 3 has the worst survival
(HR = 17.2, median survival = 1.7 years) and
group 2 has intermediate survival (HR = 3.5,
median survival = 7.9 years) compared to gro-
up 1 as reference (median survival not yet
reached). These data suggest that the survival
outcome is in part determined by the load of
high-risk gene expression in a patient with
SCCC.

The functions of 41 high-risk genes were
evaluated by pathway analysis supplemented
by manual curation. Fifteen of the 41 genes
(ANGPTL4, FNDC3A, GALNT2, GALNT3, GLG1,
KBTBD6, LAMC1, LIF, MMS19, MTDH, NRPZ1,
PFKP, PLOD1, QSOX1, ZNF281) are implica-
ted in metastasis, migration and/or invasion
[21-40]; 11 genes (ANGPTL4, APCDD1L, COPA,
FNDC3A, GALNT3, KBTBD®6, LIF, MTDH, NRPZ1,
PLAGL1, RPS6KA?2) in cell proliferation [22, 25,
27, 32, 34, 35, 41-45]; 4 genes (CD46, CD59,
KBTBD2, NRP1) in immune suppression [46-
50]; and 3 genes (GRB10, NRP1, PEAR1) in

Am J Cancer Res 2020;10(5):1534-1547
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Figure 2. A. Representative survival curves (6 shown) across different expression-level deciles for the 41 high-risk genes. For each gene, patients were divided into
deciles based on expression level. Patients in the middle deciles were grouped together as they showed similar survival. X-axis: time (years); Y-axis: survival prob-

ability. G1 = first decile, G2 = second decile, G3-5 = 3"9-5" decile groups combined. G6-8 = 6"-8" deciles combined. G9 = 9™ decile, G10 = 10" decile. B. Survival
curves for patients based on decile level of expression for SDF4.
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Figure 3. Additive model for transcriptomic risk. A. Heatmap showing, for each patient, the number the 41 high-risk/high-expression genes for which they were in the
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angiogenesis [43, 51, 52]. The functions of the
genes are consistent with their association with
poor survival as observed in this study.

Similar analyses were carried out using the
10" percentile cutoff for each gene. There we-
re 319 genes with HR > 3.5 and P < 0.05. Of
those 319 genes, 9 appeared to be very inter-
esting in that they were associated with very
large HR values because no patient with ex-
pression below the 10" percentile was dead.
Lowering the cutoff to the 8™ percentile iden-
tified 25 additional genes with similar pattern.
To further assess the potential utility of these
34 genes, of which 2 were also identified by
the 90" percentile, we examined the survival
in each of the 10 deciles. The survival differ-
ences were not consistent across different
decile cutoffs for all genes, except for SDF4.
Similar to the patterns observed for the 41
genes identified from the 90" percentile cut-
off, survival worsened as SDF4 expression le-
vel increased (Figure 2B). SDF4 encodes a cal-
cium-binding protein and is mutated in pros-
tate cancer and overexpressed in pancreatic
cancer [53, 54]. For these reasons, of the low-
percentile cutoff genes, only SDF4 was of in-
terest to further pursue.

Transcriptomic risk score (TRS) using machine
learning

Using the 41 genes identified through the 90
percentile analysis plus SDF4, a LASSO algo-
rithm was used to identify the gene signature
optimized for predicting survival prognosis am-
ong those 42 genes. The best model uses 9
genes (TMED4, EGLN1, PLOD1, PEAR1, DKF-
ZP4341187, TM2D1, SLN, CD46, and SDF4),
of which 8 are from the 90™ percentile and 1
(SDF4) is from the 8™ percentile. These 9 ge-
nes can be used to calculate a transcriptomic
risk score (TRS) for mortality. When the TRS
was applied to TCGA SCCC patient population,
patients were stratified into 3 TRS groups (Fig-
ure 4A): low (n = 41), intermediate (n = 121),
and high (n = 41). In the follow-up period, pa-
tients who died included 2 (4.9%) in the low-
risk TRS group, 26 (21.5%) in the intermedi-
ate-risk TRS group, and 32 (78.0%) in the high-
risk TRS group.

Univariate and multivariate analyses with TRS
and clinical parameters

Clinical characteristics of the TRS groups iden-
tified within TCGA SCCC population can be fou-
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nd in Table 1. Across the TRS groups, median
age was similar, the most patients were stage |,
the majority of patients with known lymph node
status had negative lymph nodes, and grades
2-3 were similarly represented. Median overall
survival was 1.56 years for the high-risk TRS
group, 8.48 years for the intermediate-risk TRS
group, and not yet reached for the low-risk TRS
group.

Stage-by-stage distribution of the TRS groups
can also be found in Table 1. Two observations
from this part of the analysis are worth high-
lighting. First, approximately 18% (17.6% for
stage | and 18.0% for stage ll) of earlier-stage
patients were a poor-survival subgroup with
high TRS. Second, 21.9% of stage Ill patients
had low TRS, belonging to the good-survival
TRS group.

Univariate analysis of major clinical variables
for SCCC found that stage and lymph node
status were each significantly associated with
survival, but grade was not (Figure 4C and
Table 2). Stage IV patients had very poor sur-
vival, while survival was not significantly differ-
ent between stage |, Il and Il patients. On uni-
variate analysis, the high-risk TRS group was
43.7 times more likely to die compared to the
low-risk TRS group (HR = 43.7, P < 0.001). The
intermediate-risk TRS group had a HR of 4.94
compared to the low risk group (P = 0.03).

Given that stage was the most significant cli-
nical factor associated with survival and the
high TRS and stage IV survival curves appear-
ed similar, survival analysis was further carri-
ed out on stage I-lll patients stratified by TRS
(Figure 4B). The TRS-stratified survival pattern
for stage I-lll patients was almost identical to
that observed with stage IV patients, confirm-
ing that TRS-based survival differences were
not confounded by stage. In addition, multivari-
ate analysis using TRS as the dependent vari-
able and clinical variables that were significant
on univariate analysis as co-variables revealed
high TRS as the most important survival predic-
tor (HR 44.8; 95% Cl, 8.62 to 233; P < 0.001).
The next most important survival predictor was
stage IV (HR 28.1; 95% Cl, 3.73 to 212; P <
0.001), followed by intermediate TRS (HR 4.75;
95% Cl, 1.07 to 21.1; P = 0.04), and positive
lymph node status (HR 2.92; 95% CI, 1.32 to
6.44; P =0.008).

Am J Cancer Res 2020;10(5):1534-1547
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Discussion

This study identified 42 genes that individ-
ually predict SCCC patient survival. The majori-
ty of identified genes have been associated
with key cancer hallmarks such as cellular pro-
liferation, migration/invasion, and/or metasta-
sis. The survival prognosis appears to be influ-
enced not only by the expression level of each
high-risk gene but also the number of the genes
with the highest expression levels. Survival
gradually worsened as expression level of the
42 genes increased. Poorest survival was
observed in patients with highest expression
for 5 or more genes; best survival was observed
in patients with 0-1 genes with highest expres-
sion. These results suggest that the risk for
dying of SCCC is determined by the patient’s
transcriptomic risk burden.

1542

Machine learning identified a 9-gene signature
that appears sufficiently accurate to predict
survival. A transcriptomic risk score for mortal-
ity can be computed with the 9 genes utilized to
stratify patients into low, intermediate, and
high TRS groups. Based on our analyses of
TCGA SCCC patient population, while stage IV
was a very good predictor for poor survival, TRS
was not entirely confounded by stage or any
other clinical variables. Indeed, multivariate
analyses using TRS and the prognostically sig-
nificant clinical parameters for SCCC demon-
strated that TRS was by far a better survival
predictor than stage. And even in a patient
population that did not have a significant sur-
vival difference among stages I-lll, TRS could
identify patients at high, intermediate, and low
risk of mortality.

Am J Cancer Res 2020;10(5):1534-1547
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Table 1. Clinical characteristics of patients in the low,
intermediate, and high transcriptomic risk groups

our study’s finding that TRS appears to
outperform stage and lymph node status

Transcriptomic risk group

as a prognostic variable, it warrants fur-

ther investigation as a biomarker for SCCC.
Such would be especially important to a

Characteristic Low Intermediate High
(n=41) (n=121) (n=41)

Age at diagnosis, years

Median 47 45 48

Range 28-80 21-79 20-79
Stage, n (%)

I 26 (25.5) 58(56.9) 18(17.6)

Il 6(12.0) 35(70.0) 9 (18.0)

I 7 (21.9) 17 (53.1) 8 (25.0)

v 0 (0) 8 (57.1) 6 (42.9)

Unknown 2 (40.0) 3(60.0) 0 (0)
LN status, n (%)

Negative 18 (23.4) 47 (61.0) 12(15.6)

Positive 12 (29.3) 24 (58.5) 5(12.2)

Unknown 11(12.9) 50(58.8) 24(28.2)
0S, years

Median NYR 8.48 1.56
Grade, n (%)

1 4 (40.0) 5 (50.0) 1(10.0)

2 22(229) 56(58.3) 18(18.8)

3 13(17.1) 48(63.2) 15(19.7)

4 0 (0) 1 (100) 0 (0)

Unknown 2 (10.0) 11 (55.0) 7 (35.0)

poor-prognosis subgroup of earlier-stage
SCCC patients with high TRS, who might
be under-treated relative to their progno-
sis based on clinical factors alone.

Another important observation was that
21.9% of stage 1l SCCC had low TRS asso-
ciated with good survival, which would
suggest that a subset of stage Ill SCCC
patients may have an overestimation of
mortality risk with clinical factors alone.
Further investigation in more patients
would be needed to confirm the presence
and degree of prognosis-modifying impact
of low TRS in patients with stage Ill SCCC.
However, the finding of 2 within-stage TRS
subgroups prognostically different than
expected based on stage alone strongly
suggests that TRS is not completely con-
founded by stage.

This work also provides a novel perspec-
tive on gene expression in SCCC with

NYR, not yet reached.

In current clinical practice, there is no prognos-
tic biomarker for cervical cancer. Factors that
inform adjuvant treatment for early cervical
cancer include: a risk stratification based on
stromal invasion, lymphovascular space inva-
sion, and tumor diameter [55] (intermediate-
risk disease: give pelvic radiotherapy); criteria
for high-risk of recurrence and death (positive
margins, positive lymph nodes, parametrial in-
volvement) that merit chemoradiation [56]. For
locally advanced cervical cancer, chemoradia-
tion is standard of care; the benefit of addi-
tional chemotherapy given after chemoradia-
tion is currently under investigation (NCTO141-
4608). Stage and lymph node status can influ-
ence treatment planning for cervical cancer,
but those factors may miss some patients at
high risk for mortality.

Data from this study raises the concern that
early stage may underestimate mortality in
some patients, as approximately 18% of stage |
and Il patients in the studied TCGA SCCC popu-
lation were high TRS and poor survivors. Given
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respect to survival. Our approach is quite

different from prior studies in several

respects: clinical outcomes were not a
starting point in those studies, sample sizes
were much smaller than TCGA, analysis was
limited to specific gene types (e.g., micro-
RNAs), and/or the inclusion of both ma-
jor histologic subtypes may have confounded
the genomic analyses [9, 11-17]. In contrast,
our study leveraged the relatively high number
of SCCC patients with both gene expression
and survival data and avoided the pitfalls of
grouping multiple histologic subtypes into a
single -omic analysis. Further, we conducted an
analysis through the lens of clinical relevance
(i.e., who survived and who died?). While our
finding of a transcriptomic risk gene signature
for SCCC has not yet been validated with a sep-
arate data set, a strength of this study is its
focus on genes showing large and consistent
survival differences at multiple cutoffs. Such
genes are more likely to be validated in other
datasets and be clinically relevant.

In conclusion, this study identified 42 genes
highly associated with survival in SCCC. Among
TCGA SCCC patients analyzed, survival prog-
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Table 2. Hazard ratios for TRS and major clinical factors

Univariate analysis

Multivariate analysis

Characteristic
HR 95% Cl P HR 95% CI P
Transcriptomic risk
Low Ref Ref Ref Ref Ref Ref
Intermediate 4.94 1.16t0 21.1 0.03 4.75 1.07t0 21.1 0.04
High 43.7 10.2 to 186 <0.001 44.8 8.62t0 233 <0.001
Stage
| Ref Ref Ref Ref Ref Ref
Il 0.66 0.28t0 1.52 0.33 0.36 0.0841 to 1.56 0.17
1 1.23 0.58t0 2.63 0.59 0.42 0.0547 to 3.27 0.41
v 6.22 2.89t0 13.4 <0.001 28.1 3.73t0 212 0.001
Grade
1 Ref Ref Ref
2 1.06 0.25 to 4.47 0.94 Not included
3 1.01 0.23t04.34 0.99
Lymph Node Status
Negative Ref Ref Ref Ref Ref Ref
Positive 2.16 1.03to 4.55 0.043 2.92 1.32t0 6.44 0.008

nosis worsened with (a) increasing expression
level for each individual high-risk gene or (b) a
greater number of those genes with high ex-
pression level in a patient’s tumor. These find-
ings suggest the importance of the transcrip-
tomic risk load on survival. Furthermore, a pa-
tient’s survivability can be estimated by simply
counting the number of genes with extremely
high expression or with a machine learning-
based 9-gene signature. Both methods appear
to have better prognostic ability than any re-
ported prognostic marker for SCCC, including
stage and lymph node status. Although the
clinical application of these discoveries will
require validation in other datasets, our study
provides a roadmap towards a clinically mean-
ingful prognostic biomarker for SCCC.
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