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ABSTRACT

BACKGROUND: Endometrioid endometrial carcinoma (EEC) is the most common subtype of
endometrial cancer. Routine clinical parameters such as tumor stage and grade provide
important prognostic information for EEC patients, but combining these clinical variables with
tumor biomarkers such as epigenomic alterations may significantly improve patient risk
stratification for cancer recurrence. Accurately predicting the prognosis of EEC patients is
important to help guide clinical decision-making for post-operative disease management

strategies.

METHODS: Publically-available molecular and clinical data from The Cancer Genome Atlas (TCGA)
were used. The data set included primary tumor samples from 312 surgically-treated EEC
patients. Data on tumor DNA methylation levels (B-value; range: 0 — 1) at 22,443 CpG sites across
the epigenome were analyzed. Based on tumor stage and grade, patients were classified as low-
risk (stage | and grade 1; n = 50) or high-risk EEC (stage IV or grade 3; n = 162); and all other
patients were in the intermediate-risk group (n = 100). Different (un)-supervised statistical
techniques were used to identify methylation phenotypes, study differential DNA methylation at

single CpGs, and generate a prognostic methylation signature.

RESULTS: Unsupervised clustering identified four distinct methylation phenotypes including a
subset of tumors associated with lower methylation levels (23 percent of tumors), which was
enriched for high-risk tumors (P-value < 0.0001). In total, 1,503 CpG sites were differentially
methylated between high and low-risk EEC (FDR g-value < 0.01 and mean methylation B-value
difference > 0.05), including 15 top-ranked CpG sites with a mean methylation difference
between subgroups of at least 0.2. These top-ranked CpGs were in different genes: ARSE, FCRL3,
HIST1H2BB, HIST1H3C, HLA-DOB, ITGB7, KRTAP11-1, REG3A, RNASE3, SLC25A35, TMED6, and
TMEM101. Using LASSO feature selection, a 56-CpG methylation signature of high versus low-
risk EEC was generated (mean five-fold cross-validation misclassification error rate = 0.114). In
the subset of intermediate-risk patients, this signature classified patients who developed

recurrence (n = 11) versus those who remained recurrence-free (n = 84; AUC=0.85, 95% Cl: 0.71,



0.99). Further, combining the signature with routine clinical parameters for predicting EEC
recurrence significantly improved the classification performance compared to the clinical model
only (AUC = 0.88 vs. 0.70; likelihood-ratio test, P-value = 0.0001). In the intermediate-risk group,
higher levels of the signature correlated with increased expression of genes in known pathways
of cell proliferation (E2F targets, G2M checkpoint, MYC targets). Finally, in a second smaller
validation set from TCGA (n = 99), the signature classified high versus low-risk EEC
(misclassification error rate = 0.159), and recurrent (n = 4) versus non-recurrent disease (n = 76;

AUC = 0.80; 95% Cl: 0.62, 0.97).

CONCLUSION: Using data on tumor stage and grade, EEC patients were classified into low,
intermediate, and high-risk groups for having a poor prognosis. A tumor DNA methylation
signature for distinguishing high from low-risk EEC was generated. This study showed that, in the
subset of intermediate-risk patients, the signature predicted the risk of cancer recurrence. The

methylation signature, therefore, has potential as a prognostic classifier for these patients.



INTRODUCTION

Endometrial cancer is a tumor originating in the endometrium, the inner membrane of the uterus
[1]. It is the most common gynecological tumor in developed countries, with an estimated 61,380
new cases and 10,920 deaths in the United States in 2017 [2]. The most common subtype of
endometrial cancer is endometrioid endometrial cancer (EEC), which accounts for about 80

percent of all cases [1].

EEC tumors are classified based on tumor stage (1, II, lll, IV) and grade (1, 2, 3) [1, 3]. Tumor stage
provides information on the extent of the tumor. While stage | tumors are confined to the uterus,
stage IV tumors have grown outside the uterus (e.g., bladder) or metastasized to distant sites in
the body (e.g., lungs) [4]. Most EEC patients are diagnosed with localized tumors (stage I/11), and
the standard treatment for these patients is surgery (hysterectomy) [1]. Information on tumor
grade is obtained by histological examination by a pathologist. Grade 1 EEC cells are well-
differentiated and are most similar to normal endometrial cells. At the other end of the extreme

are grade 3 tumors, which are poorly differentiated and, therefore, aggressive.

Tumor stage and grade are important prognostic variables. However, these clinical parameters
do not accurately classify all individual patients [5]. For example, EEC tumors that have the same
stage and grade may behave very differently and have a different prognosis. Accurately
predicting the prognosis of individual patients is important to help guide clinical decision making,
and identify the best post-operative disease management strategy (e.g., adjuvant radiation,

chemotherapy, no additional therapy) [1, 6].

Tumor biomarkers hold potential to improve EEC patient risk stratification [5]. Tumor biomarkers
include transcriptomic changes, protein expression, genomic mutations, and epigenomic
alterations. Prognostic tumor biomarkers are expected to be particularly important for EEC
patients with intermediate stage/grade tumors (e.g., stage 1/2 and grade 2) as the prognosis of

these patients often is unclear [5, 7].



DNA methylation is the most widely studied epigenomic mechanism [8, 9]. DNA methylation
involves the addition of a methyl-group to a CG dinucleotide or CpG site. DNA methylation is
related to gene transcription, as it is one mechanism to control gene expression levels. For
example, higher methylation levels in a gene promoter region can suppress transcription of that

gene. In cancer, including EEC, DNA methylation changes are widespread [10].

Aims and outline of the thesis

In this thesis project, publically-available clinical and molecular data from The Cancer Genome
Atlas (TCGA) were used [3]. The main aim of the project was to build a tumor methylation
signature for predicting EEC prognosis; specifically, for patients who have intermediate

stage/grade tumors.

The outline of the thesis was as follows. First, EEC patients were classified into risk categories on
the basis of tumor stage and grade. Low-risk EEC was defined as stage | and grade 1. High-risk
disease was defined as stage IV or grade 3. All other patients were in the intermediate-risk
category. Second, epigenome-wide DNA methylation profiles were compared between high and
low-risk EEC, and a DNA methylation signature of high versus low-risk EEC was generated. Third,
the methylation signature was applied in the remaining intermediate-risk patients, and used to
further risk stratify these patients. Further, the DNA methylation data were also integrated with
whole-genome gene expression data of the same patients’ tumors to perform a gene set analysis

and study correlations between CpG methylation and gene expression levels.



METHODS

Data set

The study included data from endometrioid endometrial carcinoma (EEC) patients included in
The Cancer Genome Atlas (TCGA-UCEC). As described previously, TCGA primary tumor specimens
were collected from newly diagnosed EEC patients who received surgical resection, and had no
prior treatment for their disease [3]. All primary tumor samples were from surgical specimens
and no biopsy specimens were used. Samples were restricted to those that contained at least

60% tumor nuclei by pathological review.

TCGA clinical and molecular (i.e., DNA methylation and gene expression) data were downloaded
from the UCSC Xena browser (http://xena.ucsc.edu/). In total, the data set included 411 EEC
patients who had a tumor sample for molecular profiling and information on pathological stage
and grade. The molecular data used in this thesis project were already pre-processed and
normalized. Therefore, the data also did not contain methylation or gene expression markers for

which the variance across samples was equal to zero.

Tumor DNA methylation

In TCGA, two different assays were used for epigenome-wide DNA methylation profiling, i.e., the
Methylation27K (No. patients = 99) and Methylation450K assay (No. patients = 312). There were
22,443 CpG sites that had methylation levels measured on both assays, and which were therefore
used in the present study. This ‘natural split’ in the data was used to define a discovery and
validation set. The largest of the two data sets (n = 312) was used as the main discovery set. The

smaller set (n = 99) was used for validation.

DNA methylation levels are represented as B-values, which range from 0 (completely
unmethylated) to 1 (completely methylated). Note that although a single CpG is either
methylated or not (0 or 1), a tissue sample always contains a mixture of cells [11]. This may

include tumor, normal (e.g., epithelial, stromal), and infiltrating immune cells. A B-value



therefore always has a value between 0 and 1, which represents the proportion of methylated

CpGs in the sample.

Tumor gene expression

The study also used tumor gene expression data from TCGA (exon expression RNAseq —
[lluminaGA). Gene expression data were available for 20,359 genes. Of the 312 patients in the
discovery set who had tumor DNA methylation data, 208 patients also had tumor gene
expression data. The expression levels are represented as reads per kilobase of exon model per

million mapped reads.

Defining risk groups

Based on (AJCC) tumor stage (I, Il, Ill, V) and (FIGO) grade (1, 2, 3), the EEC patients were classified
into low, intermediate, and high-risk groups for having adverse cancer outcomes (e.g.,
recurrence/relapse or cancer death). The definition of high-risk disease was pathological stage IV
or grade 3. The definition of low-risk EEC was pathological stage | and grade 1. All other patients

were classified as having an intermediate-risk for having a poor prognosis.

Unsupervised hierarchical clustering

Using a Euclidean distance matrix of the DNA methylation data (dist in R), unsupervised
hierarchical clustering of the samples was performed (hclust in R). The 5% most variable CpG sites
were used as input for this analysis (i.e., the markers with the largest standard deviation [SD]; n
=1,122). Ward's minimum variance method was used for clustering, which aims to minimize the

total within-cluster variance.

A dendrogram of the clustering results was generated, and methylation clusters were defined by
cutting the dendrogram at a specific height. The optimal value for the height of the dendrogram
was obtained by visual inspection. The methylation data were then visualized using a heatmap

(pheatmap in R).
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Identifying differentially methylated CpG sites in high versus low-risk EEC

Linear models were used to test for differential DNA methylation at single CpG sites in high
compared to low-risk EEC (/imma in R/Bioconductor) [12]. The limma procedure uses an empirical
Bayes method to moderate the standard errors of the estimated log-fold changes. This has the
effect of borrowing information from the full the set of markers to help with inference about
each individual marker. All 22,443 CpG sites were used as input for the analysis, and filtering was
not performed [13]. The false discovery rate (FDR) procedure was used to adjust for multiple
testing, and FDR g-values were computed [14]. Genomic annotation data (e.g., gene name,
chromosome, location in gene, epigenomic location) for all CpG sites were downloaded from:
https://support.illumina.com/array/array_kits/infinium_humanmethylation450_beadchip_kit/d

ownloads.html.
Generating a methylation signature of high versus low-risk EEC

A DNA methylation signature of high versus low-risk EEC was generated using feature selection
and regularization with LASSO (least absolute shrinkage and selection operator) regression
(glimnetin R) [15]. The 30% most variable CpG sites were used as input for the analysis (n = 6,384).
A logistic LASSO regression procedure was utilized where high (coded as 1) versus low-risk EEC

(coded as 0) was the response variable. LASSO logistic regression is implemented by minimizing

14
L+AZ|ﬁj|.
=1

Here, L is the negative log likelihood from logistic regression, A = 0 is a tuning parameter to be
determined separately, p represents the CpG markers, and f3; is the model coefficient for thejth
CpG marker. The second term in the formula, called a shrinkage penalty (#,), has the effect of
shrinking some model coefficients to be exactly zero. As such, the procedure produces a model
based on a subset of the CpG markers (with non-zero coefficients) for distinguishing high from

low-risk EEC.

11



Five-fold cross-validation (CV) was used to identify the optimal value for the tuning parameter
(log A) for classification and feature selection (grid search using default glmnet settings).
Specifically, the value for log A that corresponded with the lowest five-fold CV misclassification
error rate was chosen. The misclassification error rate was calculated as follows: the predicted
probabilities were categorized using 0.5 as a cut-point; where a value larger than 0.5 represents
predicted high-risk EEC, and a value lower than 0.5 represents predicted low-risk EEC. The
misclassification (error) rate is the sum of all false positive and false negative findings divided by

the total number of samples.

This process was repeated 500 times, each time using a different CV split, which resulted in 500
DNA methylation models. The average CV misclassification error rate was calculated. Average
LASSO coefficients of the CpG markers across all 500 repetitions were calculated. The CpG
markers that had a model coefficient different from zero in at least half of the 500 repetitions
were included in the final methylation signature. The methylation signature was then calculated
as follows: for each patient, the methylation level of each selected CpG was multiplied by its

corresponding LASSO coefficient; and the sum of these products was computed.

In an additional analysis, gene expression levels (20,359 genes) of the same patients’ tumors
were used. Correlations between methylation levels of the CpGs included in the signature and
gene expression levels of the same genes the signature CpGs map to were investigated. FDR g-

values were calculated.

Applying the methylation signature in intermediate-risk patients

Using the intermediate-risk patients, which were not used to generate the methylation signature,
associations between the signature and tumor stage and grade were evaluated. Boxplots of the

methylation signature in subgroups based on stage and grade were generated.

Predicting cancer recurrence

Associations between the signature and cancer recurrence were studied. For this, a receiver

operating characteristic (ROC) analysis was performed (pROC and ROCR in R). A 95% confidence

12



interval (Cl) for the area under the curve (AUC) was computed using 2,000 stratified bootstrap
replicates. The performance of the signature was compared to that of a clinical model based on
tumor stage and grade. Likelihood-ratio (LR) tests were used to compare the clinical model versus

a model based on the clinical variables and the methylation signature combined (/mtest in R).

Gene set analysis

A gene set analysis was performed to identify sets of genes that are significantly up- or
downregulated with higher levels of the methylation signature [16]. For this analysis, gene
expression levels (20,359 genes) of the same patients’ tumors were used. The camera method
was used, which is implemented as part of limma in R/Bioconductor. First, gene expression levels
of all individual genes were modelled in relation to the methylation signature. Second, these
analytical results were compared to the predefined HALLMARK gene sets (n = 50) [17], to
determine whether specific sets of genes (e.g., genes involved in DNA repair) are more up- or
down-regulated with higher levels of the methylation signature. Barcodeplots were generated

for the top-enriched pathways, and FDR g-values were computed.

Independent validation of the methylation signature

The validation set was used to further evaluate the signature. First, boxplots of the signature by
risk category (low, intermediate, high) were generated. Second, using the subset of high and low-
risk EEC patients, a logistic regression model was fit of the signature as a predictor in relation to
high-risk EEC (coded as 1; low-risk EEC was coded as 0). The predicted probabilities were
categorized using 0.5 as a cut-point; where a value larger than 0.5 represents predicted high-risk
EEC, and a value lower than 0.5 represents predicted low-risk EEC. Using these predicted classes,
a confusion matrix was generated and the misclassification error rate was computed as described

previously.

After that, the signature was studied in relation to cancer recurrence. For this, an ROC analysis

was performed.
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RESULTS

Patient characteristics

Baseline characteristics

The discovery data set included 50 low-risk (stage | and grade 1) and 162 high-risk patients (stage
IV or grade 3). There were 100 intermediate-risk patients. Note that the large number of high-
risk tumors is the result of oversampling more advanced and aggressive tumors in TCGA [3]. Table
1 shows selected baseline characteristics of the study participants by risk group. The mean age
of the 312 EEC patients was 62.7 years (SD = 11.7), and this was not substantially different for

patients in the low, intermediate, and high-risk category (ANOVA, P-value = 0.4).

Follow-up information on cancer recurrence

The median follow-up time for disease recurrence was 2.0 years (interquartile range [IQR]: 1.2,
3.8). The number of patients who experienced disease recurrence in the low, intermediate, and

high-risk group was 3, 11, and 30, respectively (Table 1).

Hierarchical clustering identified four methylation phenotypes

Figure 1A shows a dendrogram of hierarchical clustering of the tumor samples based on
epigenome-scale DNA methylation data. Four distinct clusters or methylation phenotypes were
identified: C1 (n = 87), C2 (n = 53), C3 (n = 100), and C4 (n = 72). Figure 1B shows a heatmap of
the methylation levels with the samples grouped by methylation cluster. Average methylation
levels were significantly different between the methylation clusters (ANOVA, P-value < 0.0001):
C1 =0.39, C2 = 0.53, C3 = 0.50, C4 = 0.35. Age was not associated with methylation cluster
(ANOVA, P-value = 0.08). Figure 1C shows the proportion of samples by risk category in each
methylation cluster. Cluster 4 included the highest proportion of high-risk tumors and lowest

proportion of low-risk tumors (chi-square test, P-value < 0.0001).
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A large number of CpG sites were differentially methylated in high versus low-risk EEC

For the following analysis, the intermediate-risk patients were excluded. Differentially
methylated CpG sites were identified by comparing high (n = 162) versus low-risk tumors (n = 50).
In total, 1,503 CpGs were differentially methylated between the groups (FDR g-value < 0.01 and
mean methylation B-value difference > 0.05; Figure 2A). Of these, 15 CpGs had a mean

methylation difference of at least 0.2 (Table 2).

The majority of the significant CpGs (n = 1,503) had a higher mean methylation level in high-risk
tumors (67%). Compared to the non-significant CpGs, the significant CpGs were enriched in Open
Sea regions, and were less commonly found in CpG Island regions (Figure 2B; chi-square test, P-

value < 0.0001).

A 56-CpG methylation signature of high versus low-risk EEC

Using a repeated LASSO procedure (No. repetitions = 500), a DNA methylation signature of high
versus low-risk EEC was generated (Figure 3A). The average five-fold CV misclassification error
rate from repeated LASSO logistic regression was 0.114 (median = 0.113; IQR: 0.104, 0.123;
Figure 3B). The final methylation signature included 56 CpG markers (Figure 3C-D). Three of the
CpG markers were also in the list of 15 top-ranked differentially methylated CpG sites (Table 2):
ITGB7 cg08374799, ARSE cg11964613, and HISTIH3C cg25438963. Figure 3E shows a heatmap of
the methylation levels of the CpGs in the signature. Methylation signature levels were then
calculated as described in the Methods and using the LASSO coefficients in Table 3. Figure 3F

shows that average levels of the methylation signature increase with each higher risk group.

Applying the methylation signature in the remaining intermediate-risk patients

The methylation signature was then applied in patients with intermediate-risk tumors (n = 100).
In this subset of patients, higher signature levels were associated with higher grade (G2 vs. G1; t-
test, P-value = 0.02; Figure 4B), but not stage (ANOVA, P-value = 0.89; Figure 4A). The majority

of patients in the intermediate-risk group had stage | and grade 2 tumors (n = 64; Figure 4C).
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The methylation signature predicted cancer recurrence

Mean signature levels where higher in patients who experienced recurrence (n = 11) compared
to those who had no evidence of recurrence (n = 84; Figure 4D). The signature revealed an AUC
for recurrence of 0.85 (95% Cl: 0.71, 0.99; Figure 4E). The clinical model based on tumor stage
and grade had an AUC of 0.70, and adding the signature to this model significantly improved the

model fit (LR test, P-value = 0.0001), which corresponded with a 18% improvement in the AUC.

The signature was then applied in patients with stage | and grade 2 tumors (n = 64). Importantly,
in this subset of patients who have the same grade and stage, the classification performance of
the signature for cancer recurrence (No. events = 7) remained statistically significant (AUC = 0.82;

95% Cl: 0.60, 1.00; Figure 4F).

Higher levels of the methylation signature were associated with increased cell proliferation

Whole-genome gene expression data (20,359 genes) of the same patients’ tumors were used to
perform a gene set analysis of the methylation signature. Figure 4G-1 show barcodeplots for the
top 3 enriched HALLMARK gene sets (total No. gene sets = 50), which are cell proliferation gene
sets [17]. As such, higher signature levels correlate with higher expression of genes involved in
cell proliferation. The top 10 HALLMARK gene sets are shown in Table 4. Further, a different
pathway analysis tool, iPathwayGuide, was used, which confirmed that higher signature levels

are associated with increased DNA replication and cell cycle progression.

Methylation levels of about half of the signature CpGs were associated with gene expression

levels

Gene expression data of the same patients’ tumors were then used to study correlations between
methylation levels of the 56 CpGs included in the signature and expression levels of the genes
these CpGs map to. The 56 CpGs map to 59 genes (thus, some CpG are located in more than one
gene). 26 of the CpGs/genes had a significant correlation (FDR g-value < 0.05; Table 5). Twenty-

four of these 26 correlations were inverse.
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The methylation signature predicted high-risk EEC and cancer recurrence in an independent

data set

The signature was then applied in an additional EEC cohort from TCGA (No. patients = 99; Table
6). Average signature levels increased with each higher risk category (ANOVA, P-value < 0.0001;
Figure 5A). The signature distinguished high from low-risk EEC with a misclassification error rate

of 0.159 (Figure 5B). Four low-risk tumors and six high-risk tumors were misclassified.

There were only four patients who experienced disease recurrence in this data set (median
follow-up time = 4.9 years; IQR: 2.4, 6.3). Despite the small number of events, the signature
statistically significantly classified the patients who experienced recurrence versus those who
remained recurrence-free during follow-up (AUC = 0.80; 95% Cl: 0.62, 0.97; Figure 5C-D). Because
of the small number of recurrence events, further testing of the signature in combination with

clinical prognostic parameters was not performed.

18



DISCUSSION

Cancer patients with intermediate clinical-pathological features, in particular tumor stage and
grade, typically have an unclear prognosis [18-20]. Finding biomarkers to better risk stratify
these patients is therefore important. A few previous studies have generated prognostic
biomarkers specifically for intermediate-risk cancer patients, including patients with thyroid

cancer, leukemia, and breast cancer [21-23].

In this thesis project, information on tumor stage and grade were used to classify EEC patients
into low, intermediate, and high-risk groups. The study demonstrated, for the first time, that a
DNA methylation signature of high versus low-risk EEC can be used as a prognostic classifier in

the remaining intermediate-risk patients.

The DNA methylation signature, which was developed using supervised learning with the LASSO
method, included CpGs in different genes that are involved in various biological processes such
as signaling, transcription regulation, DNA repair, immunity, and developmental processes. Some
of the CpGs are in known cancer-related genes (e.g., CDX2, RAD54, VAV1 [24-26]). Further, a few
of the signature CpGs are in genes involved in cell proliferation (e.g., BUB3, CETN1 [27, 28]).
Increased cell proliferation is a key driver of tumor growth and progression [29]. The study also
showed that in the intermediate-risk patients, higher levels of the signature correlated with
higher expression of cell proliferation genes (E2F targets, G2M checkpoint, and MYX targets [17]).
Therefore, the signature included CpGs in major cellular pathways and captures important

biological variation associated with cell cycle proliferation and, therefore, tumor progression.

In addition to supervised learning, the present study also applied unsupervised statistical
clustering, and, as such, identified four tumor clusters or phenotypes in the overall data set.
Although these methylation phenotypes were statistically significantly associated with EEC risk
category, this clustering did not accurately distinguish high from low-risk tumors, and it is
therefore not a strong independent prognostic classifier. This is not surprising as unsupervised
techniques are not typically used to generate predictive signatures for clinical decision making

[30].
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Strengths and limitations

An important strength of the project is the large overall number of EEC patients, and the
availability of a validation set to independently test the classification performance of the
methylation signature generated in the discovery data set. Further, TCGA includes multiple omics
data types from the same tumors. In this project, tumor DNA methylation data were integrated
with tumor RNAseq data to obtain further biological insights into the role of the methylation

signature in EEC progression.

A limitation of the study is the short follow-up for cancer recurrence. It is therefore not unlikely
that some of the patients who were classified as recurrence-free, actually experienced
recurrence after the end of follow-up; suggesting endpoint misclassification. Note, however, that
this did not influence the methylation signature, because the definitions of high (stage IV or grade
3) and low-risk EEC (stage | and grade 1) were based on tumor stage and grade only. In addition
to the short follow-up, the TCGA cohort has a retrospective design, and prospective cohorts are

preferred for prognostic biomarker evaluation.

Future research

The present study applied the LASSO method to generate a methylation signature, and did not
consider other supervised statistical learning procedures (e.g., random forests [31]), which will
generate different signatures from the methylation data with a potentially different classification
performance. Further studies are needed to determine if these alternative methods produce a
methylation signature with an even better classification performance than the LASSO-based

methylation signature in the present rapport.

Because of the short follow-up time in TCGA, it is important to further examine the association
of the methylation signature with recurrence in additional independent patient cohorts with
long-term and complete follow-up on cancer recurrence (at least 5 years). Further, the ultimate
goal of any biomarker is to classify patients into distinct risk categories. In this study, the

signature was used as a continuous parameter to predict recurrence. Further research on the
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prognostic signature should therefore also include finding the best cut-point for classification;
i.e., the cut-point that provides the highest biomarker sensitivity and specificity (e.g., Youden

Index [32]).

General conclusion

The tumor methylation signature has potential as a prognostic biomarker for EEC patients with
intermediate stage/grade tumors, which represent a large subset of all patients. Accurately
predicting the prognosis of EEC patients is important to help guide clinical decision making and

identify the best post-operative disease management strategy for each patient.
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ABBREVIATIONS

AUC, area under the curve

Cl, confidence interval

CV, cross-validation

EEC, endometrioid endometrial cancer

FDR, false discovery rate

FIGO, International Federation of Gynaecology and Obstetrics

IQR, interquartile range

LASSO, least absolute shrinkage and selection operator

LR, likelihood-ratio

ROC, receiver operating characteristic

SD, standard deviation

TCGA, The Cancer Genome Atlas

TSS, transcription start site

TSS1500, the region from 200 to 1,500 nucleotides upstream of the TSS
TSS200, the region from 200 nucleotides upstream to the TSS itself
UCEC, uterine corpus endometrial carcinoma

UCSC, University of California, Santa Cruz
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TABLES

Table 1

Selected baseline characteristics of study participants (n = 312) by risk category

Low-risk (stage | and grade 1) Intermediate-risk® High-risk (stage IV or grade 3)

n=50 n =100 n =162

Mean age, years (SD) 62.64 (11.40) 61.53 (11.00) 63.43 (12.19)
Stage | tumors 50 64 101
Stage Il tumors 12 17
Stage Il tumors 24 33
Stage IV tumors 11
Grade 1 tumors 50 12
Grade 2 tumors 88 1
Grade 3 tumors 161
Recurrence events’

No 46 84 111

Yes 3 11 30

Missing 1 5 21

® This included all patients not in the low or high-risk group.
® Median follow-up time for recurrence was 2.0 years (IQR: 1.2, 3.8). Note that data on cancer recurrence was not
used to define risk groups.
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Table 2

Fifteen top-ranked differentially methylated CpG sites in high versus low-risk EEC with a
methylation B-value difference of at least 20 percent®

Location Epigenomic
CpGID Chr. Gene in gene location FDR g-value
cg08374799 12 ITGB7 TSS200 Open Sea 1.03E-07
cgl1964613 X ARSE 5'UTR;1stExon Open Sea 1.03E-07
cg07911673 17 SLC25A35 1stExon N_Shore 2.60E-07
cgl2259256 17 TMEM101 TSS200 Island 8.97E-07
cgl6148454 16 TMED6 1stExon Open Sea 1.69E-06
cg07014174 21 KRTAP11-1° 1stExon Open Sea 1.59E-05
cg24240626 REG3A® 5'UTR;1stExon Open Sea 1.78E-05
€g22376897 X ARSE 5'UTR Open Sea 3.13E-05
cgl8368125 16 TMED6 TSS200 Open Sea 4.35E-05
cg07525077 14 RNASE3" Body Open Sea 6.56E-05
cg04576021 6 HLA-DOB Body Open Sea 8.42E-05
€g25259754 1 FCRL3" Body Open Sea 1.15E-04
€g25438963 6 HIST1IH3C 1stExon Island 1.99E-04
cg07636178 6 HIST1IH3C TSS200 N_Shore 2.52E-04
€g21250296 6 HIST1H2BB;HISTIH3C TSS1500 Island 4.24E-04

® Table is sorted by FDR g-value.
® These four CpGs had a lower mean methylation level in high compared to low-risk tumors (i.e., hypomethylation).
All other CpGs had a higher mean methylation level in high compared to low-risk tumors (i.e., hypermethylation).

28



Table 3

Fifty-six CpG sites included in the methylation signature of high-risk EEC®

Location Epigenomic Mean3 Meanf  LASSO
CpGID Chr. Gene in gene location low-risk high-risk coefficient
cg02055963 13 CDX2 TSS1500 Island 0.16 0.32 3.31
cg26581729 9 NPDC1 Body Island 0.31 0.51 2.86
cg27270684 7 FKBPIL TSS200;TSS1500;Body Open Sea 0.23 0.38 2.60
cg06415153 12 PITPNM2 5'UTR Open Sea 0.39 0.52 2.35
cg08374799 12 ITGB7 TSS200 Open Sea 0.16 0.37 1.48
cgl4244577 16 DDX19B TSS200 Open Sea 0.29 0.39 1.41
€g26323655 RAD54B Body Open Sea 0.72 0.81 1.24
cgl1964613 X ARSE 5'UTR;1stExon Open Sea 0.36 0.60 0.76
cg08090640 17 IFI35 Body Open Sea 0.21 0.40 0.73
cg26571739 19 VAV1 TSS200 Open Sea 0.14 0.23 0.71
cg00930194 5 PROP1 TSS1500 Open Sea 0.56 0.66 0.64
cgl1981631 11 ABCC8 Body Island 0.08 0.13 0.57
cg25021247 3 AMT;NICN1 TSS200;3'UTR Open Sea 0.55 0.71 0.54
cgl14597908 20 GNASAS;GNAS Body;1stExon;5'UTR N_Shore 0.43 0.50 0.47
cglel75725 12 HNF1A 1stExon Island 0.48 0.66 0.42
cg02620769 12 CCDC65 1stExon;5'UTR Open Sea 0.12 0.23 0.40
cg07251857 15 ALPK3 1stExon Island 0.67 0.75 0.32
cg05155595 2 ANXA4 5'UTR Open Sea 0.47 0.64 0.28
cgl3878010 3 ADCY5 1stExon Island 0.18 0.31 0.28
cgl5572745 14 NRXN3 5'UTR Open Sea 0.31 0.35 0.27
cg24471894 9 KIAA0020 5'UTR Open Sea 0.19 0.37 0.27
cg15021292 5 PIK3R1 TSS1500 Open Sea 0.67 0.74 0.27
cg25438963 6 HIST1IH3C 1stExon Island 0.27 0.52 0.26
cgl6516400 1 FAM89A TSS1500 S_Shore 0.25 0.40 0.25
cgl3323752 12 SLC2A14 TSS200 Island 0.29 0.34 0.19
cg21870884 1 GPR25 1stExon Island 0.18 0.28 0.14
cg19246110 19 ZNF671 1stExon;5'UTR Island 0.12 0.28 0.13
cg23152772 9 FIBCD1 Body Island 0.34 0.44 0.11
cg20483374 11 CIQTNF5;MFRP  5'UTR;3'UTR Island 0.18 0.36 0.10
cgl11319389 20 TOX2 TSS200;Body Island 0.30 0.44 0.07
cg20770175 2 COL3A1 Body Open Sea 0.63 0.76 0.06
cg08203715 11 ST3GAL4 1stExon;5'UTR S_Shore 0.49 0.40 -0.09
cgl12529228 1 NHLH1 1stExon;5'UTR N_Shelf 0.85 0.77 -0.13
cgl4467840 1 S100A13;S100A1 TSS1500;5'UTR Open Sea 0.79 0.68 -0.13
€g26530341 8 TNFRSF10A TSS1500 S_Shore 0.72 0.55 -0.21

29



€g22035229
€g23765993
€g26065841
cg09324116
€g16612699
cg04058169
cg03264209
€g23101680
€g25119415
cg08085267
€g26757722
€g21229055
€g23264413
cg14704941
cg03022541
€g12288726
cg18129786
cg03020597
cg05111110
€g26738010
cg10305797

20
15

11
10
16
13

17
22

19
11

X

11
18
19

MSH4
SPINLW1
CHAC1
GEMINS
OR8B8
BUB3

SPERT
MNDA
C17o0rf57
CACNG2
GPM6B
PSG4
CSRP3
DNAJBS
ARF5
ZNF445
SLITRK2
PC;LRFN4
CETN1
KRTDAP

1stExon;5'UTR
TSS200;TSS1500

TSS1500
TSS1500
TSS1500
TSS1500

Body
TSS1500
5'UTR

1stExon;5'UTR

TSS1500
TSS1500
TSS1500
TSS1500
TSS1500
TSS1500
TSS1500
Body;1stExon
TSS200
TSS1500

Island
Open Sea
N_Shore
Island
Open Sea
N_Shore
S_Shore
Open Sea
Open Sea
S_Shore
N_Shore
S_Shore
Open Sea
Open Sea
Open Sea
Island
S_Shore
N_Shore
Island
Island

Open Sea

0.90
0.85
0.73
0.31
0.55
0.82
0.61
0.68
0.54
0.19
0.68
0.36
0.76
0.89
0.72
0.78
0.88
0.34
0.85
0.67
0.61

0.82
0.71
0.62
0.21
0.46
0.72
0.52
0.53
0.38
0.15
0.63
0.28
0.69
0.83
0.60
0.68
0.83
0.23
0.76
0.58
0.48

-0.24
-0.25
-0.26
-0.28
-0.30
-0.37
-0.37
-0.42
-0.45
-0.46
-0.47
-0.52
-0.65
-0.87
-0.92
-0.97
-1.03
-1.26
-1.33
-1.49
-1.90

® Table is sorted by LASSO coefficient.
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Table 4

Gene set analysis of the methylation signature in intermediate-risk patients: top-10 enriched
HALLMARK gene sets*”

No. genes
Gene set in set Direction P-value FDR g-value
HALLMARK E2F TARGETS 188 Up 5.19E-39  2.60E-37
HALLMARK G2M CHECKPOINT 189 Up 1.71E-29 4.27E-28
HALLMARK MYC TARGETS V1 192 Up 5.01E-14 8.34E-13
HALLMARK MTORC1 SIGNALING 196 Up 3.70E-11 4.62E-10
HALLMARK MYC TARGETS V2 58 Up 1.08E-08 1.08E-07
HALLMARK MITOTIC SPINDLE 198 Up 2.02E-07 1.68E-06
HALLMARK ALLOGRAFT REJECTION 200 Down 4.77E-06  3.41E-05
HALLMARK OXIDATIVE PHOSPHORYLATION 197 Up 2.42E-05 1.51E-04
HALLMARK EPITHELIAL MESENCHYMAL TRANSITION 196 Down 2.09E-04 1.16E-03
HALLMARK DNA REPAIR 141 Up 4.45E-04 2.23E-03

® Barcodeplots for the top-3 enriched gene sets are shown in Figure 4 (G-1).
® The total number of HALLMARK gene sets is 50 [17].
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Table 5

Correlations methylation and expression levels of the CpG/genes included in the methylation

signature®
Pearson
CpGID Gene name correlation P-value FDR g-value
cg07251857 ALPK3 -0.85 1.97E-59 1.16E-57
cgl6l75725 HNF1A -0.79 1.60E-46 4.71E-45
cgl9246110 ZNF671 -0.78 5.69E-44 1.12E-42
cgl1964613 ARSE -0.75 1.32E-38 1.95E-37
cg25021247 AMT -0.74 5.62E-37 6.63E-36
cgl4467840 S100A1 -0.61 5.49E-23 5.40E-22
€g25438963 HIST1H3C -0.60 6.37E-22 5.37E-21
cg02620769 CCDC65 -0.52 9.97E-16 7.35E-15
cg08090640 IFI35 -0.49 3.12E-14 2.05E-13
cg26581729 NPDC1 -0.49 5.94E-14 3.51E-13
cg05155595 ANXA4 -0.47 6.46E-13 3.18E-12
cg08203715 ST3GAL4 -0.46 2.37E-12 1.08E-11
cg05111110 LRFN4 -0.43 7.13E-11 3.00E-10
cgl4467840 S100A13 -0.38 2.05E-08 8.07E-08
cg20483374 MFRP -0.36 7.98E-08 2.94E-07
cg03020597 SLITRK2 -0.35 2.27E-07 7.88E-07
cg02055963 CDX2 -0.33 1.37E-06 4.48E-06
cg25021247 NICN1 -0.31 5.86E-06 1.82E-05
€g26323655 RAD54B -0.25 2.11E-04 5.93E-04
cg20770175 COL3A1 -0.24 5.87E-04 1.57E-03
cgl5572745 NRXN3 -0.21 2.07E-03 5.32E-03
cg08374799 ITGB7 -0.20 3.47E-03 8.54E-03
cg08085267 C170rf57 -0.18 8.61E-03 2.03E-02
cgl8129786 ZNF445 -0.17 1.55E-02 3.51E-02
cg26530341 TNFRSF10A -0.13 5.40E-02 1.14E-01
cg26065841 CHACI1 -0.13 6.47E-02 1.32E-01
cgl1319389 TOX2 -0.12 7.70E-02 1.51E-01
cgl4597908 GNAS -0.12 8.23E-02 1.57E-01
cg05111110 PC -0.12 8.83E-02 1.63E-01
cgl2288726 ARF5 -0.09 1.93E-01 3.17E-01
€cg23264413 PSG4 -0.09 2.13E-01 3.39E-01
cg15021292 PIK3R1 -0.08 2.24E-01 3.48E-01
cg09324116 GEMINS -0.08 2.47E-01 3.74E-01
cg04058169 BUB3 -0.08 2.74E-01 4.04E-01
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cg00930194 PROP1 -0.06 3.71E-01 5.08E-01

cg16516400 FAMSE9A -0.06 3.80E-01 5.09E-01
€g22035229 MSH4 -0.05 4.34E-01 5.69E-01
€g27270684 FKBPIL -0.05 4.47E-01 5.74E-01
cg13323752 SLC2A14 -0.04 6.02E-01 7.27E-01
€g26757722 CACNG2 -0.04 6.04E-01 7.27E-01
cg11981631 ABCC8 -0.03 6.33E-01 7.47E-01
cg14597908 GNASAS -0.02 7.22E-01 8.19E-01
cg03022541 DNAJB8 -0.02 7.83E-01 8.58E-01
cgl16612699 OR8BS -0.02 8.10E-01 8.69E-01
€g26571739 VAV1 0.00 9.85E-01 9.85E-01
€g21229055 GPM6B 0.01 8.93E-01 9.08E-01
cg26738010 CETN1 0.01 8.60E-01 8.90E-01
cg23101680 SPERT 0.02 8.27E-01 8.72E-01
cgl14244577 DDX19B 0.02 7.85E-01 8.58E-01
€g23152772 FIBCD1 0.03 7.00E-01 8.09E-01
cg06415153 PITPNM2 0.05 4.83E-01 6.06E-01
cg13878010 ADCY5 0.07 3.04E-01 4.27E-01
cg21870884 GPR25 0.07 2.82E-01 4.06E-01
€g12529228 NHLH1 0.10 1.72E-01 2.89E-01
cgl14704941 CSRP3 0.10 1.38E-01 2.40E-01
€g25119415 MNDA 0.11 1.03E-01 1.83E-01
€g24471894 KIAA0020 0.14 4.45E-02 9.73E-02
cg10305797 KRTDAP 0.31 7.47E-06 2.20E-05
€g23765993 SPINLW1 0.49 8.78E-14 4.71E-13

® Table is sorted by Pearson correlation of CpG methylation and gene expression levels (lowest to highest).
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Table 6

Selected baseline characteristics of patients in the validation data set (n = 99) by risk category

Low-risk (stage | and grade 1)
n=31

Intermediate-risk®
n=36

High-risk (stage IV or grade 3)
n=32

Mean age, years (SD) 61.06 (9.58)
Stage | tumors 31

Stage Il tumors

Stage Il tumors

Stage IV tumors

Grade 1 tumors 31

Grade 2 tumors

Grade 3 tumors

b
Recurrence events

No 24
Yes 1
Missing 6

62 (12.57)
24

5

7

31

33

62.97 (10.98)
20

2

7

3

52

19

11

® This included all patients not in the low or high-risk group.

® Median follow-up time for recurrence was 4.9 years (IQR: 2.4, 6.3). Note that data on cancer recurrence was not

used to define risk groups.
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FIGURES
Figure 1

Unsupervised hierarchical clustering of the tumor samples based on DNA methylation levels.
(A) Dendrogram of hierarchical clustering of the tumor samples. The orange boxes highlight four
main methylation clusters or phenotypes. (B) Heatmap of methylation levels. The rows are the
5% most variable CpGs (largest SD), which were used as input for hierarchical clustering. The
columns are the samples grouped by methylation cluster. Information on selected patient
variables (i.e., age at diagnosis, risk group) was added at the top of the heatmap by means of
colored bars. (C) Proportion of samples by risk category in each methylation cluster or phenotype.
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Figure 2

Testing for differential DNA methylation at single CpG sites in high versus low-risk EEC. (A)
Volcano plot showing the results from statistical testing. Each dot represents a CpG. The CpGs
shown in blue/orange have an FDR g-value less than 0.01 (n = 5,132). Further, the CpGs shown
in dark blue and orange have a significant g-value and a mean methylation B-value difference of
at least 0.05 (n = 1,503). The CpGs shown in orange have a significant g-value and a mean
methylation difference of at least 0.2 (n = 15). (B) Proportion of samples by epigenomic location
in the group of non-significant (n = 20,940) and significant CpGs (FDR g-level < 0.01 and mean B-
value difference = 0.05; n = 1,503).
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Figure 3

Building a DNA methylation signature of high versus low-risk EEC. (A) Coefficient path from
LASSO regularization for classifying high versus low-risk EEC. The colored lines represent
individual CpGs, and the y-axis shows the value of the coefficient associated with each CpG, which
is a function of log A (x-axis). The optimal value for log A for classification and feature selection
was identified using five-fold CV. This procedure was repeated 500 times, each time randomly
selecting a different CV split, which resulted in 500 DNA methylation models. (B) Distribution of
the CV misclassification error rate from repeated LASSO. The vertical dashed line represents the
average misclassification error. (C) The final methylation signature was built using the CpG
markers that were selected (i.e., coefficient different from zero) in at least half of the 500
repetitions. This resulted in the selection of 56 markers (shown in red). The total number of
unique CpG markers in any of the 500 LASSO models was 110. The median number of CpGs with
non-zero model coefficients across all 500 models was 58 (range: 24, 88). (D) Shrinkage of the
LASSO model coefficients of the 56 signature CpGs. The x-axis shows the LASSO coefficients. The
y-axis shows the coefficients from logistic regression models including single CpG markers, and
high versus low-risk EEC as the response. (E) Heatmap of DNA methylation levels of the 56 CpG
sites included in the signature (rows). The samples are grouped by risk category (columns). The
CpGs were clustered based on Euclidean distance and the complete linkage method. (F) Boxplots
of the methylation signature by risk group. The signature was calculated for each patient using
the methylation B-values of the 56 CpGs and their LASSO coefficients as explained in the
Methods.
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Figure 4

Applying the methylation signature of high versus low-risk EEC in the remaining intermediate-
risk patients. (A-B) Boxplots of the methylation signature by stage and grade. (C) Number of
intermediate-risk patients by stage and grade. (D) Boxplots of the sighature by disease recurrence
status. (E) ROC analysis of different predictive models for recurrence (yes vs. no). The black curve
represents the clinical model based on tumor stage and grade. The blue curve is the model based
on the methylation signature only. The red curve represents the combined model that includes
the clinical variables and the signature. The AUC for each model and associated 95% Cl are shown
in the figure. The P-value from the LR-test comparing the clinical model versus the model based
on both the clinical variables and the signature is shown as well. (F) ROC analysis of the signature
in relation to recurrence in patients with stage | and grade 2 tumors only (n = 64). (G-1) Higher
levels of the methylation signature correlated with increased expression of cell proliferation
genes (E2F targets, G2M checkpoint, and MYC targets). Barcodeplots for the top-3 HALLMARK
gene sets are shown.

39



Methylation signature

Methylation signature

Enrichment

0

Down

[
i
T i i
| : !
' i i
! , P=089 |
' i i
1 i
T ]
' I T
‘ — !
L i
1
r T 1
Stage | Stage Il Stage Il
Tumor stage
-
i
o |
i
I
T
i
i
|
i
i
! T
! ]
i
i
i
i
: i
i
i
i
.
1
No Yes
Recurrence
HALLMARK E2F TARGETS

g-value = 2.60e-37

a
T T T T T T T T T 1

@ @ o @ 9 -
da T 5 9 g 9

Statistic

©
=)

@

~
N

Methylation signature

True positive rate

0.6 0.8 1.0

0.2 0.4

0.0

Enrichment

0

-
:
'
i
'
i
P =002 '
i
o
-
|
|
I
—— ,
—_— :
:
R
o
—
G1 G2

Tumor grade

LR-test, P = 0.0001

— Clinical: 0.70 (0.57-0.82)
—— Signature: 0.85 (0.71-0.99)
—— Clinical+signature: 0.88 (0.77-1.00)

0.0

T T T T 1
0.2 0.4 0.6 0.8 1.0

False positive rate

HALLMARK G2M CHECKPOINT

g-value = 4.27e-28

Down

i

©
o

@ o ®© o - @ - ~
< ¥ & ¢ o© o « < N

Statistic

40

True positive rate

1.0

0.8
L

Enrichment 5 5

0

0 ‘ 64 Stage |

3 ‘ 9 |Stagell

Stage IlI

—

—— Signature: 0.82 (0.60-1.00)

0.0

T T T T 1
0.2 0.4 0.6 0.8 1.0

False positive rate

HALLMARK MYC TARGETS V1

g-value = 8.34e-13

c
H
3

o

I ik

]
@

© @ ® ® o = o < o N~
§ v ¥ © ¢ o© o < <« N

Statistic



Figure 5

Validation of the methylation signature in an independent data set. (A) Boxplots of the
signature by risk group. (B) Confusion matrix based on classifying high and low-risk EEC tumors
using the methylation signature. The misclassification error rate was 0.159. (C) Boxplots of the
signature by recurrence status in all patients (nyes = 4; Nno = 76). (D) ROC analysis of the
methylation signature for predicting recurrence (yes vs. no). The AUC and its 95% Cl are shown.
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