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A B S T R A C T

Introduction: The current availability of genomic information represents an opportunity to develop new stra-
tegies for early detection of cancer. New molecular tests for endometrial cancer may improve performance and
failure rates of histological aspirate-based diagnosis, and provide promising perspectives for a potential
screening scenario. However, the selection of relevant biomarkers to develop efficient strategies can be a
challenge.
Materials and methods: We developed an algorithm to identify the largest number of patients with endometrial
cancer using the minimum number of somatic mutations based on The Cancer Genome Atlas (TCGA) dataset.
Results: The algorithm provided the number of subjects with mutations (sensitivity) for a given number of
biomarkers included in the signature. For instance, by evaluating the 50 most representative point mutations, up
to 81.9% of endometrial cancers can be identified in the TCGA dataset. At gene level, a 92.9% sensitivity can be
obtained by interrogating five genes.
Discussion: We developed a computational method to aid in the selection of relevant genomic biomarkers in
endometrial cancer that can be adapted to other cancer types or diseases.

1. Introduction

The rapid advances in medical sciences, including genomics and
bioinformatics, promises a new era of biomedical research and preci-
sion medicine [1,2]. The term “precision public health” has consequently

been coined to describe disease prevention by applying novel technol-
ogies and developing targeted personalized public health programs.
New genomic and epigenomic-based diagnostics have shown the ca-
pacity for early detection of gynecologic cancers in minimally invasive
sampling methods [3,4]. However, novel approaches that improve
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patient outcomes are generally associated with increased costs, com-
plicating its applicability at the general population level in cost-effec-
tive programs. Targeted sequencing allows the interrogation of a large
number of genetic variants but it has a relatively high cost [5]. An early
detection technology focusing on few selected variants could poten-
tially be more efficient, although the selection of relevant biomarkers is
a challenge. We developed an algorithm to identify the minimum
number of genetic variants that capturing the largest number of en-
dometrial cancer patients to support the development of new potential
preventive strategies.

2. Methods

We adapted a greedy algorithm that provided the number of sub-
jects with mutations (sensitivity) for a given number of variants in-
cluded in the signature. The algorithm was implemented and executed
over the complete set of somatic mutations included at The Cancer
Genome Atlas (TCGA) for endometrial cancer (TCGA-UCEC) [6]. Type I
cancers (endometrioid histology) are the most common group, while
type II tumours (non-endometrioid) represent 10–15% of endometrial
cancers. In the present analysis, we included genomic data from 548
endometrial cancer cases, including 411 endometrioid, 115 serous and
22 mixed histology tumors.

2.1. Definition of the initial set of somatic mutations included in the pipeline

The somatic mutation data of all endometrial cancers at the TCGA
(version DR-7) identified with any of the variant callers (MuSE,
MuTect2, SomaticSniper or VarScan2) were downloaded from Genomic
Data Commons data portal. Starting from a pool of 545,989 non silent
mutations (missense, nonsense, insertions and deletions), 63,472, cor-
responding to 501 genes, were removed using Kohane et al. [7] criteria
to exclude those not related to cancer development. After exclusions,
481,930 mutations in 18,403 genes from 530 different samples with
identified mutations were included in the second step. The set of mu-
tations per patient was validated against the summary of mutations
detected in the corresponding TCGA OncoGrid for endometrial cancer,
which is a publicly available graph at the TCGA website that sum-
marizes the mutational landscape for most frequently mutated genes
per disease.

2.2. Iterative execution of this greedy algorithm

The algorithm was run at the point mutation level and at gene level
following these steps. Considering a set of S samples, the most frequent
p mutation is chosen in each iteration –if more than one mutation is
detected one of them is chosen randomly–. The set of samples harboring
this mutation is designated as s, and the corresponding percentage of
samples harboring the mutation is the score for the p mutation. Then, a
new S’ subset is considered by removing the s samples previously de-
tected. In a new iteration this same algorithm is applied to this new S’
subset, and a new score is computed, which reflects the total number of
samples that are identified by adding that new p mutation to the panel.
This iterative algorithm is executed until all samples are detected (see
Fig. 1A). The percentage of identified samples is also described by
histologic subtype (endometrioid, serous and mixed). To improve the
internal validity of the signature, we applied bootstrapping techniques:
400 iterations were performed on randomized subsets of 40 samples.
Each iteration generated a partial signature in which each mutation (p)
has a score.

2.3. Consolidation of candidate signature

This last step of the algorithm consists of consolidating the partial
signatures and eliminating those mutations that have shown poor re-
sults considering the averages of detections in the different iterations of

the bootstrap. For this, a new score of all mutations is generated based
on the average of the scores of the partial signatures. Given that the
algorithm selects the more frequent mutations and the bootstrapping
further eliminates those mutations that are not observed consistently
across the different variant callers, the algorithm ultimately selects
those mutations with higher variant allele fractions. Copies of the code
of the algorithm are available upon request from the corresponding
authors.

3. Results

The algorithm provided the sensitivity in this particular dataset
(percentage of patients with mutations) given a specified number of
variants included in a signature. Signatures at point mutation level and
gene level, overall and by endometrial cancer subtype, are summarized
in Table 1. While a signature of 5 point mutations only identified 35.4%
of all endometrial cancers in the TCGA dataset, up to 81.9% could be
identified with a signature of 50 point mutations, including 84.4%
endometrioid cancers, 75.7% serous carcinomas, and 68.2% of mixed
histology. Sensitivity data with larger signatures are available at Sup-
plemental Table 1.

At the gene level, 57.3% of endometrial cancers carried a mutation
in exonic regions of the tumor suppressor PTEN (signature A). As ex-
pected, PTEN identified most of the endometrioid endometrial cancers
(72.3%), while by adding TP53 (signature B) most of non-endometrioid
cancers were identified (77.3% serous and 86.1% mixed). Signature E
included 5 genes (PTEN, TP53, PIK3CA, ARID1A and CTNNB1), and
identified 92.9% of the endometrial cancers in the dataset. Trends in
sensitivity by increasing the number of mutations are shown in Fig. 1B
(signatures at point mutations level) and Fig. 1C (at gene level). Simi-
larly, trends in sensitivity stratified by endometrial cancer subtype, and
corresponding oncogrids summarizing frequencies of each mutation can
be found in Supplemental Fig. 1.

4. Discussion

We adapted a computational algorithm to define the minimum
possible number of somatic genetic variants that allow identifying the
largest number of endometrial cancer patients. In particular, we used an
algorithm that provides the estimated sensitivity at a given number of
somatic mutations, selecting those that are able to detect the highest
number of endometrial cancer cases based on the TCGA dataset. In the
present study, by evaluating the top 50 most representative point mu-
tations, up to 81.9% sensitivity can be achieved, while 92.9% sensi-
tivity could be obtained by interrogating the exonic regions of five
genes. The landscape of mutations observed in the signatures of the
present study was consistent with that observed in the published lit-
erature using the TCGA [6] and other genomic datasets [8–11]. In brief,
PTEN mutations are common in endometrioid adenocarcinomas and
loss of PTEN expression is suggested to be one of the earliest events in
endometrial carcinogenesis [6]. Mutations in PIK3CA and KRAS are
also frequent in endometrioid cancers, while mutations in TP53 are
usually present in non-endometrioid subtypes [6,12].

Some recent studies have shown feasibility in discriminating be-
tween endometrial cancer and benign conditions in Pap brush samples
and other minimally invasive sampling methods using genomics [3,13]
and epigenomics [4,14–17]. These molecular tests may help refining
current diagnostic algorithms among women with postmenopausal
bleeding by improving performance and failure rate of aspirate-based
diagnosis. Importantly, they are better tolerated by women and there-
fore could be more appropriate in screening settings among asympto-
matic populations. Given their high underlying risk, women with Lynch
syndrome or obese women would probably benefit the most from new
screening approaches. Unfortunately, the costs of these technologies are
a shortcoming. Cost-effectiveness analyses can help evaluating the best
preventive approaches and implementing different screening and early
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detection strategies. We adapted the algorithm in order to evaluate
whether assessing few selected mutations could still result in an ade-
quate diagnostic performance, and therefore to support the develop-
ment of new potential technologies for endometrial cancer prevention.
Ideally, targeting less than ten variants could result in a relatively cheap
early detection technology. However, our results indicate that a max-
imum sensitivity of 51% would be obtained by interrogating this re-
duced number of point mutations. This sensitivity is insufficient in an
early detection cancer setting, especially considering that these bio-
markers are expected to be in lower concentrations in the minimally
invasive sampling methods that could be used in preventive strategies
[5]. Targeting 50 point mutations substantially increased the estimated
sensitivity, although at an expected higher cost and possibly requiring a
technology able to sequence larger DNA regions, similarly to targeted
exome sequencing, or with a high multiplexing capacity.

Similar approaches have been used to select cancer biomarkers
driving breast cancer heterogeneity [18], or to analyze microarray
datasets with information on transcriptome [19,20], among others. We
did not provide a formal statistics to evaluate the threshold in which
sensitivity significantly stops increasing with incrementing number of
mutations, since our aim was to describe the expected sensitivity at
different sets of mutations. The maximum number of mutations to be

tested will actually be defined by the cost and capacity of the resultant
technology. Given that this is an in silico approach based on data from
tumour samples, the selection of somatic variants could be further re-
fined considering the biological pathways of the disease and using data
from the evaluation of the biospecimen of interest. Given that en-
dometrial hyperplasias are recognized precursors of endometrial
cancer, applying the algorithm using a series of these cases will be also
relevant. Importantly, the TCGA dataset may not be representative of
all endometrial cases, although sequencing data from consecutive cases
is not available for replication of the signatures. For comparison at the
gene level, McConechy et al observed that 90.1% of 393 endometrial
cancer cases showed somatic mutations in nine genes (ARID1A, PTEN,
PIK3CA, KRAS, CTNNB1, PPP2R1A, BRAF, TP53, and PPP2R5C), which
is slightly lower to our results [11]. In summary, we provide a simple
method to select a reduced number of somatic genetic variants from a
large genomic dataset that can be used in other cancer types or sce-
narios. This may be of help assisting researchers selecting specific
variants for further study or to develop novel technologies in perso-
nalized early detection strategies.

Fig. 1. Bioinformatics approach for signature generation. (A) Activity diagram of the greedy algorithm used for mining the TCGA dataset and generation of the
signature. (B) Sensitivity as new mutations (point mutations) are incorporated by the algorithm. (C) Sensitivity as new mutations (full genes) are incorporated by the
algorithm.

Table 1
Minimum set of somatic mutations to identify endometrial cancer in the TCGA dataset.

Minimum set of mutations (signatures) Genes involved (gene symbol) Sensitivity

Overall Endometrioid histology Serous histology Mixed histology

Point mutations
Signature 1= 5 point mutations KRAS,PTEN,PIK3CA,PPP2R1A 35.4% 39.4% 23.5% 22.7%
Signature 2= 10 point mutations Signature 1 + RPL22,SETD1B,CTNNB1,RNF43 51.1% 59.1% 24.3% 40.9%
Signature 3= 15 point mutations Signature 2 + JAK1,FGFR2,BCOR 58.6% 67.9% 27.8% 45.5%
Signature 4= 20 point mutations Signature 3 + TP53,DOCK3 64.1% 71.5% 40.0% 50.0%
Signature 5= 25 point mutations Signature 4 + SPOP,ARID1A,POLE 69.0% 74.7% 52.2% 50.0%
Signature 6= 30 point mutations Signature 5 + FBXW7,SOX17 73.4% 77.4% 61.7% 59.1%
Signature 7= 35 point mutations Same genes than Signature 6 77.7% 80.3% 70.4% 68.2%
Signature 8= 40 point mutations Signature 7 + ACVR2A,KCNG4 79.4% 81.8% 73.0% 68.2%
Signature 9= 45 point mutations Signature 8 + CTCF,ZBTB20 80.5% 82.7% 74.8% 68.2%
Signature 10= 50 point mutations Signature 9 + CHD4,SOS1, SMAD7 81.9% 84.4% 75.7% 68.2%
Genes
Signature A=1 mutated gene PTEN 57.3% 72.3% 40.9% 7.0%
Signature B=2 mutated genes Signature A + TP53 81.6% 80.5% 77.3% 86.1%
Signature C= 3 mutated genes Signature B + PIK3CA 88.9% 88.6% 90.9% 89.6%
Signature D=4 mutated genes Signature C + ARID1A 92.2% 92.9% 90.9% 89.6%
Signature E= 5 mutated genes Signature D + CTNNB1 92.9% 93.9% 90.9% 89.6%

For simplicity, signatures are shown in incremental groups of five point mutations. We arbitrarily show signatures up to fifty point mutations and five genes (trends in
sensitivity by increasing number of mutations can be observed in Fig. 1). Different point mutations in the same gene can occur across signatures, although genes are
only represented once (for instance, mutations in PTEN are found in signature 1, but also in signature 4).
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