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ABSTRACT

Objective Current prognostic factors for endometrial

cancer are not sufficient to predict recurrence in early stages.
Treatment choices are based on the prognostic factors
included in the risk classes defined by the ESMO-ESGO-
ESTRO (European Society for Medical Oncology-European
Society of Gynaecological Oncology-European Society for
Radiotherapy and Oncology) consensus conference with the
new biomolecular classification based on POLE, TP53, and
microsatellite instability status. However, a minority of early
stage cases relapse regardless of their low risk profiles.
Integration of the immune context status to existing molecular
based models has not been fully evaluated. This study aims to
investigate whether the integration of the immune landscape
in the tumor microenvironment could improve clinical risk
prediction models and allow better profiling of early stages.
Methods Leveraging the potential of in silico deconvolution
tools, we estimated the relative abundances of immune
populations in public data and then applied feature selection
methods to generate a machine learning based model for
disease free survival probability prediction.

Results We included information on International Federation
of Gynecology and Obstetrics (FIGO) stage, tumor mutational
burden, microsatellite instability, POLEmut status, interferon y
signature, and relative abundances of monocytes, natural killer
cells, and CD4+T cells to build a relapse prediction model and
obtained a balanced accuracy of 69%. We further identified two
novel early stage profiles that undergo different pathways of
recurrence.

Conclusion This study presents an extension of current
prognostic factors for endometrial cancer by exploiting
machine learning models and deconvolution techniques on
available public biomolecular data. Prospective clinical trials are
advisable to validate the early stage stratification.

INTRODUCTION

Endometrial cancer is the sixth most common cancer
in women and, although the mortality rate decreased
in the past few decades, its incidence and prevalence
rates are increasing worldwide." Treatments for endome-
trial cancer are related to well known prognostic factors
included in the risk classes defined by the ESMO-ESGO-
ESTRO (European Society for Medical Oncology-European
Society of Gynaecological Oncology-European Society

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Prognostic factors defined by the ESMO-
ESGO-ESTRO (European Society for Medical
Oncology-European  Society of Gynaecological
Oncology-European Society for Radiotherapy and
Oncology) consensus conference together with
biomolecular classification are currently applied to
stratify patients into risk classes and in turn to as-
sign the correct adjuvant treatment.

= However, known prognostic factors cannot fully
identify patients at risk of recurrence, especially in
the early stages.

WHAT THIS STUDY ADDS

= The proposed machine learning based model im-
proves the prediction of the risk of recurrence of
endometrial cancer by integrating well established
risk class prognostic factors with new omic immu-
nological features.

= Furthermore, we found novel endometrial cancer
immunological profiles that enabled ultrastratifica-
tion of early stage cases, identifying those patients
that experienced relapse despite being assigned to
the low risk class.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= In the endometrial cancer framework, our model
can predict recurrence with a higher accuracy than
guidelines parameters, opening up precision oncol-
ogy approaches in terms of decision making, treat-
ment, prognosis, and follow-up.

for Radiotherapy and Oncology) consensus conference
together with biomolecular classification.” However, these
prognostic factors are not sufficient to predict the risk of
recurrence of patients with early stage disease.

More recently, some studies have suggested the
presence of an association between immunological
signatures or specific tumor immune microenvironment
subtypes and prognosis of women with endometrial
cancer.>* However, the integration of immune signatures
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to existing molecular based models has not been extensively evaluated,
or mentioned in the guidelines.

Bioinformatics and machine learning tools are becoming important
to address unsolved clinical questions in the current era of precision
medicine. Recently, several methods to digitally deconvolve the tumor
immune microenvironment and quantify immune populations within
tissues have been developed to shed light on the immune context of
different cancer types. Better characterization of the different risk classes
in endometrial cancer is needed to improve patient clinical manage-
ment and enable personalized therapy, with a major impact in terms of
personalized medicine and surgical approach, even in women requiring
fertility sparing techniques.

This study aims to investigate whether new omics derived predic-
tive immune features, extracted from the Tumor Cancer Genome Atlas-
Uterine Corpus Endometrial Carcinoma dataset (https://portal.gdc.
cancer.gov/), can improve clinical risk prediction models. Furthermore,
we also explored the potential and limitations of machine-learning
approaches in this scenario.

METHODS

Dataset

The Tumor Cancer Genome Atlas-Uterine Corpus Endometrial
Carcinoma dataset was downloaded from the Genomics Data
Commons Data Portal (https://portal.gdc.cancer.gov/). Patients
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with endometrioid endometrial cancer and a non-null Interna-
tional Federation of Gynecology and Obstetrics (FIGO) stage (2009)
annotation were selected; an additional filter on a 2year minimum
follow-up was applied to avoid short follow-up bias. The rationale
behind the 2 year threshold resides both in the common agreement
for the clinical practice and the observation that in the Tumor Cancer
Genome Atlas-Uterine Corpus Endometrial Carcinoma dataset the
distribution of relapse events within the third quantile falls within
25 months. A schematic representation of all of the steps in the
dataset definition is provided in Figure 1A. The final dataset included
230 samples with a 1:3 ratio among the two groups (relapse and
no relapse) with a median 42 month follow-up period (Figure 1B).
Patients in the cohorts received different adjuvant treatments,
ranging from no treatment to combined chemotherapy and radio-
therapy (Figure 1C). Given the large time span in patients’ year of
diagnosis (1990-2016), the rationale behind treatment assignment
was not fully defined and therefore treatment administration was
not used as a predictive variable in the model but rather it was
evaluated as a potential confounding factor.

To ensure the robustness and reproducibility of the tumor immune
microenvironment population abundances estimation, three distinct
deconvolution tools were used through the immunedeconv frame-
work®: CIBERSORTx,® xCell” and quanTlseq.? These methods rely
on a set of different algorithmic approaches and cell type signa-
tures to estimate the relative abundance of different immune cell
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Figure 1 (A) Schematic workflow of dataset definition, model generation, and re-stratification proposal. (B) Overview of the

Tumor Cancer Genome Atlas-Uterine Corpus Endometrial Carcinoma dataset (TCGA-UCEC) cohort follow-up. (C) Overview
of the TCGA-UCEC cohort adjuvant treatment assignment by International Federation of Gynecology and Obstetrics (FIGO)
stage. (D) Overview of the TCGA-UCEC cohort mutational profile. CNV, copy number variation; DE, differential expression;
FPKM, reads per kilobase of exon per million reads mapped; LFU, lost in follow-up; LOO, leave-one-out; MSI, microsatellite
instability; MMRd, mismatch repair deficiency; NIH, ; TIME, tumor immune microenvironment; TMB, tumor mutational burden;

VIMP, variable importance predictor.
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Table 1 Molecular markers

Feature Definition

p53abn TP53 deleterious mutation+CVN high

POLEmut POLE deleterious mutation in exon 9-14+ tumor mutational burden high
CTNNB1mut CTNNB1 deleterious mutation+low stage+TP53 mutated

L1CAMabn L1CAM overexpression+TP53 wild type

Microsatellite instability
Tumor mutational burden

populations by minimizing the distance between a specific cell
expression profile and a subgroup of transcripts obtained through
bulk RNA-Seq experiments. A consensus on population abundance
was obtained by computing the median values per cell types,
aggregated as described in online supplemental Table S1. Overall,
a high level of agreement was found for the three methods (online
supplemental Figure S1A), with greater variability per sample on
most abundant populations, such as CD4+ T cells (online supple-
mental Figure S1B).

To better characterize the tumor immune microenvironment of
samples, interferon vy, melanocytic plasticity signature, B-catenin,
and transforming growth factor 3 signature scores were computed
for each sample by calculating the geometric mean of expres-
sion levels of genes listed in online supplemental Table S2.%
Regarding molecular features, the tumor mutational burden was
calculated considering all non-synonymous variants that showed
an allele frequency >5%, and the mutational status for TP53, POLE,
and microsatellite instability features was defined according to the
guidelines'? described in Table 1 to produce molecular classes
(Figure 1D) as in Kommos." The PORTEC-4a clinical trial candi-
date biomarkers for risk class re-stratification such as the CTNNB1
feature,® and L1CAM high/low feature'* based on the population
median expression levels ("high" above the median, "low" below
the median). Extremely unbalanced or highly correlated features
(Pearson correlation >0.75) were excluded from the dataset to
strengthen the interpretability of the model.

Statistical and Machine Learning Analysis
The RandomForestSRC'® R package (V.3.1.0) was used to imple-
ment Breiman Random Forests regression, survival analysis, and
class imbalanced q classification. The configuration was defined
according to the numerosity, value ranges of variables, and
target variable proportions. The baseline model was trained on a
reduced set of features indicated in the guidelines and available
in the Tumor Cancer Genome Atlas dataset (FIGO stage+p53abn
+ POLEmut + mismatch repair deficiency/microsatellite insta-
bility) while for the immune integrated model, feature selection and
model interpretability were performed using the internal variable
importance predictor method. Disease free survival probability at
each censoring time (Figure 2A) was predicted for each sample by
performing an internal cross validation. Model performances were
evaluated from confusion matrices through the balanced accuracy
and precision metrics. The autoGO framework was used for differ-
ential gene expression analysis and multiple group comparisons.'®
Gene correlation networks were generated from DEseq2'’
normalized counts, through a hard thresholding approach (Pearson

Deleterious mutation in one of ACVR2A, BTBD7, DIDO1, MRE11, RYR3, SEC31, SULF2
No of somatic mutations x10° over genome bases covered

correlation >0.75) while the differential network analysis was
performed with a Gaussian modeling approach'® (z score, t=4). The
enrichment analysis was performed via autoGO,'® testing all genes
with a hub score >0.5. Statistical significance in differential expres-
sion analysis was adjusted for multiple comparisons (Bonferroni
correction). Preprocessing steps were performed using Python (V.
3.9) and all statistical computations were performed in the R statis-
tical environment (V. 4.1.2).

RESULTS

We describe the results related to the model, with particular
emphasis on immune signatures exhibiting an impact on relapse
prediction and overall prediction accuracy. We also provide a
performance comparison of our model with the standard clinical
and biomolecular guideline features in terms of recurrence predic-
tion. Moreover, we describe three novel putative subtypes of stage
IA-IB disease relying on their tumor related immunological profile.

Features Selection and Interpretation

We selected nine features according to the evaluation provided by
the variable importance predictor (see methods) and assessed the
marginal effect of each feature on disease free survival probability
(Figure 2A). FIGO stage was the feature with the highest median
value, along with a strong decrease in disease free survival prob-
ability for FIGO stage IlIB and a greater decrease for all classes
of stage IV (Figure 2B, online supplemental Figure S2). However,
while microsatellite instability and POLEmut status were strongly
positively associated with better prognosis, pP53abn status did not
exhibit a significant predictive power in our model.

Among selected immunological features, increasing levels of the
relative abundance in tumor infiltrating immune cells of natural Killer
cells (up to 2.5%) and CD4+ T cells (up to 24.3%) were correlated
with an increase in disease free survival probability (Figure 2A,
online supplemental Figure S2). A stronger positive association with
disease free survival probability was found for high tumor muta-
tion burden values and for the interferon vy signature (median FPKM
(reads per kilobase of exon per million reads mapped)), which also
had an outstanding weight in the prediction (variable importance
predictor coefficient >2, Figure 2B). In contrast, monocytes were
correlated with a general decrease in disease free survival when-
ever their relative abundance was >0.6% (online supplemental
Figure S2).

Model Performances
The baseline model trained on the set of features listed in the
methods section reached a balanced accuracy of 53.7% and a true
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Figure 2 (A) Features selected for model training by variable importance predictor algorithm (novel features are in bold type).
(B) Feature importance and effect on disease free survival. Higher values are associated with a stronger effect on predictions.
Green bars are associated with a higher disease free survival probability; red bars are associated with a lower disease free
survival probability. (C) Performances with and without novel features. True positives: percentage of correctly predicted high
risk profiles. True negatives: percentage of misclassified high risk profiles. Accuracy: balance between true positives and true
negatives. ESMO, European Society For Medical Oncology; FIGO, International Federation of Gynecology and Obstetrics;
FPKM, reads per kilobase of exon per million reads mapped; IFN, interferon; MSI, microsatellite instability; TMB, tumor

mutational burden.

positive rate of 52.6%, and was outperformed by our immune inte-
grated model that reached 68.6% and 73.7% for balanced accu-
racy and true positive rate, respectively (Figure 2C). To evaluate the
role of adjuvant treatment administration on our immune integrated
model performance, we further assessed metrics specifically for
FIGO stage and error type (Table 2) to highlight the incidence of
patients that did not recur although exhibiting a high risk profile.

Re-stratification of Early Stages

Because a minority of early stage cases relapse regardless of
their low risk profiles identified by our model, we sought to further
investigate the factors that may help the re-stratification of these
patients beyond our model. Thus we identified two groups of early
stage patients: those that were predicted as low risk by the model

Table 2 Metrics by International Federation of Gynecology
and Obstetrics (FIGO) stage

Stage | Stagell Stage lll Stage IV

False positive rate 25.6 27.2 35.8 22.2
(%)

False negativerate 7.5 4.5 5.1 0
(%)

Correctly predicted  66.8 68.2 59.1 77.8
(%)

but recurred (false negatives), defined as unexplained relapse early
stages, and those that were correctly predicted as high risk patients
(true positives), defined as characterized relapse early stages. We
performed unexplained relapse early stages versus characterized
relapse early stages and no relapse early stages multigroup gene
expression comparison to highlight differences in relapse risk
predictability.

According to the differential gene expression analysis, upregulated
pathways in unexplained relapse early stages were mostly involved
in chemokine/cytokine activity and antigen presenting activity, both in
comparison with no relapse early stages and characterized relapse
early stages (Figure 3A). Moreover, the differential expression network
analysis showed that, in the unexplained relapse rarly stages co-ex-
pression network, an overall upregulation of genes involved in trans-
lation (Figure 3B) represented the main difference compared with
both characterized relapse early stages and no relapse early stages.
We further inspected tumor immune microenvironment deconvolu-
tion estimates to assess whether the results obtained from differen-
tial expression analysis could arise from the profiles of the immune
cells rather than from the tumorous cells: we observed that the overall
abundance of the tumor immune microenvironment represented, on
average, 8% of the total amount of sequenced transcripts (Figure 3C).
Moreover, the abundance was comparable among the three groups,
suggesting that this aspect did not represent a relevant confounding
factor for the differential expression analysis.

Bruno V, et al. Int J Gynecol Cancer 2023;33:1708—1714. doi:10.1136/ijgc-2023-004671
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comparison group. (B) Visual representation of unexplained relapse early stages (URES) differential expression networks with
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pathways in genes with hub score >0.5 via autoGO; size and color of the dot represent, respectively, the absolute number
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range. Wilcoxon test was used to assess significant differences in abundance distributions. (D) Summary of results and
hypothesis on immune escape for exhausted hot profiles. Top annotation of relapse and death events (%) for each group.

DISCUSSION

Summary of Main Results

Our model resulted in an adequate choice for the proposed appli-
cation due to its ability to deal with class imbalance, low numer-
osity, and feature interpretability. Moreover, the inclusion of immu-
nological profiles, in addition to standard prognostic factors (see
methods), increased the balanced accuracy of the model by 15%.
Among mispredictions, most were false positive cases: one might
suggest that, especially in stages II-IV, mispredictions are caused
by the administration of adjuvant treatments which alter the natural
course of the disease (Table 2).

Our results for the re-stratification analysis suggest that if no
relapse early stages, characterized by an antitumor proinflamma-
tory tumor immune microenvironment, could be considered as
hot tumors, associated with a favorable prognosis, and character-
ized relapse early stages, characterized by a protumoral immune
escaping tumor immune microenvironment, could be considered
as cold tumors, associated with an unfavorable prognosis, then
eventually, unexplained relapse early stages, characterized by an
exhausted chronic proinflammatory tumor immune microenviron-
ment, could be identified as exhausted hot tumors (Figure 3A), as
reported in many studies.”’ ' We can therefore hypothesize that
exhausted hot tumors may be a specific phenotype of early stage

tumors for which tumor cells have a strong evolutive pressure to
evade the potent innate immune response triggered by their prolif-
eration and the release of inflammatory signals (Figure 3D).

Results in the Context of Published Literature

In the past decades, several attempts have been made to try to
refine the classes of risk of endometrial cancer patients. Neverthe-
less, prognostic factors such as FIGO staging, grade, biomolecular
classification, and ESMO-ESGO-ESTRO risk classes stratification
fail in predicting patient outcomes, recurrence rate, and profile. In
this regard, lack of evidence in the guidelines has been demon-
strated.® 22 2 Therefore, there is still a gap in the clinical manage-
ment of endometrial cancer patients, because a better stratification
could be closer to precision medicine.

In our study, the FIGO stage appeared to be the most significant
feature; conversely, while relapse cases had a higher incidence in
molecular high risk profiles (22% relapse in high, 17% relapse in
medium, and 5% relapse in low), TP53 and POLE status did not
have the expected impact on prediction.?* Accordingly, guideline
parameters alone reached a non-random balanced accuracy in
recurrence prediction of 54%. Furthermore, L1CAM and CTNNB1,
which have been associated in the literature with disease free
survival and pattern of recurrence'*?*, did not appear to have a role
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in outlining recurrence risk. These results, however, are not neces-
sarily indicating the lack of association between the endpoint and
the molecular markers; most likely this is due to the low informa-
tivity of mutational features for numerical reasons (feature imbal-
ance and penalization of binary features).

Conversely, immunological markers, which are currently absent
from the guidelines, were both a key factor for risk assessment
in our model and identified uncharacterized high risk profiles in
early stages. Among the most representative immune cells within
the endometrium, the abundance of activated natural Killer cells
and CD4+ T cells, along with interferon v signature level, could
confer a minor risk to have recourse. These findings are in line with
previous studies which showed that activated natural killer cells are
associated with better overall survival, and enhanced CD8+ Tcell
activity is associated with higher disease free survival.?® Further-
more, monocytes seem to be correlated with a general decrease in
disease free survival, which is in line with our previous knowledge
on macrophages M1/M2 balance role in prognosis.??

Strengths and Weaknesses

We engineered a workflow that can predict recurrence with higher
accuracy than guideline parameters, by introducing the immune
framework which has not yet been considered in endometrial
cancer guidelines. We also found that among misclassified patients,
novel and uncommon immune profiles could provide further strati-
fication in the early stage population.

Some limitations have been found in the methodology: class
imbalance and numerosity represent the greatest limitations of this
study, along with the heterogeneity of clinical data due to the multi-
centre nature of the dataset. Moreover, false positive cases are,
predictably, the main source of error for two independent reasons:
(i) administration of adjuvant treatments inevitably produces many
spurious over treatment cases, proportionally to the efficacy of the
treatment; and (i) from a more technical point of view, the model
is designed to optimize both true positive and true negative rates
to facilitate the correct classification of the minority class (relapse),
which inevitably introduces bias.

Implications for Practice and Future Research

We propose an integrated clinical, molecular, and immune related
model which paves the way for further validation in clinical prac-
tice. Our results suggests that the next step in endometrial cancer
management would be to identify all of the different endometrial
cancer profiles, which in turn would have different patterns of recur-
rence: through this step, we could approach precision oncology
and tailored surgery, to be able to address potential fertility sparing
treatment in young patients, a tuned surgical approach, and a proper
follow-up schedule in a postoperative setting, according to every
profile and pattern of recurrence.?” Potential developments of our
work foresee the validation of the model on other cohorts and the
testing on other data sources, such as hematoxylin and eosin scans
and molecular diagnostics, which are more suitable for application
in the clinical context. Finally, our results in the early stages could
be further explored to identify putative immunotherapy biomarkers.

Original research

CONCLUSIONS

We have introduced a machine learning based model to improve
prediction of the risk of recurrence of endometrial cancer, by inte-
grating well established risk class prognostic factors with new omics
derived immunological features so far neglected by the guidelines.
Furthermore, we found novel endometrial cancer immunological
profiles that enabled ultrastratification of early stage cases, iden-
tifying those patients that relapsed despite being assigned to the
low risk class. In the endometrial cancer framework, our model can
predict recurrence with a higher accuracy than guideline parame-
ters, opening up precision oncology approaches in terms of deci-
sion making, treatment, prognosis, and follow-up.
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Supplementary

Figure S1: (A) Marginal variable effect on disease-free survival probability. The variable status “0”
indicates the absence of the parameters required to define the feature. For continuous variables, the
values indicated on the x-axis have been normalized and do not indicate the actual feature value. The
y-axis indicated the disease-free survival probability. The x-axis rug represents the number of samples
that represent the interval, therefore the robustness of the variable marginal effect for a given range of
values. Ranges above the starting value (y value at x=0) are associated to a positive prognostic effect
for that given feature. (B) Variable importance predictor coefficient for each selected feature. Higher

median values are associated to a higher average impact on predictions.
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Figure S2: Comparison of cell abundances distributions in multiple in-silico deconvolution tools for

shared cell populations.
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Figure S3: (A) Gene correlation network characterized relapse early stages with node size equals to
1% of the node degree. (B) Gene correlation network no-relapse early stages with node size equals to
1% of the node degree. (C) Gene correlation network unexplained relapse early stages with node size

equals to 1% of the node degree.
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Table S1: In-silico deconvolution tools aggregation schema. Immune cells sub-types have been

aggregated to allow for comparison.

quanTIsec

T cells CD4+

T cells CD8+

Natural killer
cells

Tregs
Neutrophils

Dendritic cells

Monocytes

Macrophage M1
Macrophage M2

B cells

CIBERSORTx

T cells CD4 naive, T cells CD4
memory resting, T cells CD4
memory activated, T cells
follicular helper

T cells CD8

NK cells resting, NK cells
activated

T cells regulatory
Neutrophils

Dendritic cells resting,
Dendritic cells activated

Monocytes, Macrophages MO

Macrophages M1
Macrophages M2

B cells naive, B cells memory,
Plasma cells

T cells gamma delta, Mast cells
resting, Eosinophils

Table S2: Immune signature genes.

xCell

T cell CD4+ Thl, T cell CD4+ Th2, T cell
CD4+ naive, T cell CD4+ memory, T cell
CD4+ central memory, T cell CD4+ effector
memory

T cell CD8+ effector memory, T cell CD8+
central memory, T cell CD8+ naive

NK cells

T cell regulatory
Neutrophils

Myeloid dendritic cell, Plasmacytoid
dendritic cell

Macrophages, Monocytes, Granulocyte-
monocyte progenitor

Macrophages M1
Macrophages M2

B cell plasma, Class-switched memory B cell,
B cell memory, B cell naive

T cell NK, Common lymphoid progenitor,
Common myeloid progenitor, Eosinophil,
Granulocyte-monocyte progenitor,
Hematopoietic stem cell, Mast cell

Variation

8.9 %

0.5%

0.1%

0.03%

0.003 %

0.07 %

0.8%

0.06%

0.02%

0.4 %

3.8%

Name

Genes
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IFNy extended ~CD3D.IL2RG,NKG7,CIITA,HLA-E,CD3E,CXCR6,CCL5,LAG3,TAGAP,GZMK,CD2,
IDO1,CXCL10,HLA-DRA,STAT1,CXCL13,GZMB

TGFp ACTA2, ACTG2, ADAMI12, ADAM19, CNN1, COL4A1, CTGF, CTPS1, FAM101B, FSTL3,
HSPBI, IGFBP3, PXDCI1, SEMAT7A, SH3PXD2A, TAGLN, TGFBI, TNS1, TPM1

MPS AKRI1C3, BMP1, CRTACI, ECEL1, ERC2, FAM110C, FUT9, GABRA2, GAP43, GREM1,
HECWI1, KLHL1, KRT12, LHFPL4, NEFL, NEFM, NETO1, NKX2-2, NSG2, OCIAD2, OTOP1,
PDE3B, PTPRN2, PTPRT, SIGLEC15, SLC13A5, SLC9A2, SLITRK6, SNAP91, STON2, TACI,
VATIL, WNTS5A, ALX1, BRD7, DTD1, GRSF1, HCN1, LTA4H, OXCT1, PATJ, PLXNCI1, SSBP4,
TELO2, TMEM177

pCatenin AKRI1C3,BMP1,CRTACI, ECELL, ERC2, FAM110C, FUT9, GABRA2, GAP43, GREM1, HECW1,
KLHL1, KRT12, LHFPL4, NEFL, NEFM, NETO1, NKX2-2, NSG2, OCIAD2, OTOP1, PDE3B,
PTPRN2, PTPRT, SIGLEC15, SLC13A5, SLC9A2, SLITRK6, SNAP91, STON2, TAC1, VATIL,
WNTSA, ALX1, BRD7, DTD1, GRSF1, HCN1, LTA4H, OXCT1, PATJ, PLXNCI, SSBP4, TELO2,
TMEM177
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