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General Introduction




General introduction

Esophageal and gastric cancer are highly deadly diseases. In 2022, these cancer types ranked
11th and 5th worldwide, with 510,716 and 968,350 diagnoses, respectively.! In the Nether-
lands, there were 2,717 new diagnoses of esophageal cancer and 1,620 new diagnoses of
gastric cancer, including junction/cardia cancer, in 2023.2 Despite advances in the detection
and treatment of these cancer types, survival for patients with these cancer types remains to
be generally poor. To illustrate this, the relative 5-year overall survival of patients diagnosed
with esophageal and gastric cancer that has not metastasized is roughly 40%.? For patients
with metastasized esophageal and gastric cancer the median overall survival in the general
population is around 7 months.?

There is a variety of different treatment options available for patients with the-
se cancer types. Generally, these can be classified into treatment with curative intent and
palliative treatment. Surgical removal of the tumor remains the key component in curative
treatment strategies.>* Depending on the location of the tumor, surgical resection can be
preceded and/or followed by chemotherapy or a combination of chemotherapy and radi-
otherapy. For patients who are less fit for surgery, definitive chemoradiotherapy can be an
alternative potentially curable treatment. While potentially curable treatment regimens
usually consist of a combination of a surgical resection and chemo(radio)therapy, palliative
treatment consists primarily of systemic therapy.** This could include chemotherapy contai-
ning different compounds, targeted therapy, and/or immunotherapy. Alternative palliative
treatment options include palliative surgery, radiotherapy, an esophageal stent and best
supportive care.

Despite the variety of treatment options, it is not always obvious which treatment is
most appropriate for patients. Patients with esophageal and gastric cancer are generally re-
latively old, often have comorbidities and are often diagnosed with distant metastases.” The
aim of treating patients’ cancer is therefore not always at prolonging life but could also be to
sustain or improve health-related quality of life. While treatment may affect health-related
quality of life negatively, studies have shown that there is a large heterogeneity in the course
of health-related quality of life after treatment.®” In fact, treatment could also sustain or even
improve health-related quality of life. The choice of treatment is therefore not trivial and
requires carefull considerations from physicians and patients as it may have consequences
for life expectancy and health-related quality of life.

The context in which such treatment-related decisions are discussed and between patients
and physicians is commonly referred to as shared decision making.® In this process it is
important that patients and physicians explore the wishes of patients in terms of treatment
outcomes such as life expectancy and health-related quality of life. This requires good
communication between patients and physicians but also good, reliable and ideally persona-
lized information for the physician to communicate about the efficacy of different treatment
options and how these treatment options could affect patient’s life expectancy and health-re-
lated quality of life. In this thesis, we will explore statistical and machine learning methods
applied to real-world data from patients with esophageal and gastric cancer to achieve this
goal.
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General introduction

Statistical models and machine learning are powerful methods that can obtain valuable
information from data. They can, for example, be used for the modeling or prediction of tre-
atment outcomes in clinical settings. While statistical models and machine learning models
share many similarities, they are—in fact—different. Statistical models typically have a pre-
determined structure and are relatively easy to interpret, whereas machine learning models
have no predetermined structure, but are more difficult to interpret. There are numerous
different applications of statistics and machine learning in the field of (esophagogastric) on-
cology that provide treatment-related information, both on data from randomized clinical
trials as well as real-world data.

Data from randomized clinical trials, are the gold-standard data in medical scien-
ces as they enable causal treatment effect estimation. However, clinical trials often main-
tain strict inclusion criteria and consequentially only include a fraction of the total patient
population.® Clinical trials generally have a high internal validity, which is to say that clinical
trials estimate treatment effect with little bias due to the randomization, but can lack exter-
nal validity, which refers to the generalizability or transportability of the results to the total
population of patients with a particular disease. For example, the randomized controlled
FLOT4-AIO trial showed improved survival for patients with gastric cancer treated with pe-
rioperative fluorouracil, leucovorin, oxaliplatin, and docetaxel (FLOT) compared to anthra-
cyclin triplets. This difference in survival was not observed in real-world data, showing that
results from clinical trials are not always transportable to real-world populations.'

To this end, real-world data can be used, which is observational in nature and typi-
cally includes all patients in daily clinical practice.!" As such, it usually includes all patients
and not merely a fraction of the patients, thereby providing a more realistic view on the
treatment and outcomes in daily clinical practice.

In recent years, the use of real-world data has increased and is a growing area of research
within medicine. Statistical and machine learning methods can be used to extract valuable
information from real-world data that would otherwise have not been accessible through
clinical trials. Large-scale nation-wide databases such as the Netherlands Cancer Registry
(NCR) provide a rich infrastructure to perform real-world data studies, and has been used
for national and international comparisons in the field of esophagogastric oncology. For
example, data from the NCR has been used to identify treatment patterns and outcomes for
patients with esophageal and gastric cancer in daily clinical practice,>'>"* to investigate the
relationship between hospital volume and treatment outcomes,'* to estimate the relationship
between effectiveness of first-line treatment and second-line treatment,"* and international
comparisons between the Netherlands and other countries.'®"”

While these examples primarily involve modelling of treatment outcomes in order
to understand the relationship between variables of interest and the outcome, in recent
years the NCR has also been used to develop prediction models.” The SOURCE prediction
models were published in 2021 and consists of four different prediction models: for patients
with potentially curable esophageal and gastric cancer and palliative esophageal and gastric
cancer, which was integrated into an online support tool. This tool allows physicians and
patients to view personalized prediction models (including survival rates) and overall evi-
dence-based outcomes (such as HRQoL and side effects/complications).
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General introduction

The subsequent SOURCE trial investigated the impact of incorporating the SOURCE tool
into physician-patient consultations, along with comprehensive training, on factors such as
the accuracy of outcome information, patient satisfaction, understanding of information,
and treatment decision-making. First results from the SOURCE trial showed an overall
improvement in the precision with which physicians conveyed information about treat-
ment-related outcomes, underscoring the importance of good data-driven models."

Aim and outline of the thesis

All the afore mentioned examples have advanced understanding of treatment outcomes
within the field of esophagogastric oncology from a clinical and a public health perspective.
However, when it concerns the application of statistical and machine learning methods to
real-world data, there are areas of improvement that could lead to better or more nuanced
understanding and treatment outcomes which can be clinically useful. The general aim

of this thesis is to apply statistical and machine learning methods to real-world data from
patients with esophageal and gastric cancer, to advance understanding on the application of
these methods to real-world data and to advance understanding of

treatment outcomes.

Part 1. Epidemiology of esophageal and gastric cancer

In order to understand treatment outcomes on a global scale, direct international com-
parisons of treatment outcomes can be very insightful. In Chapter 1, we demonstrate a
methodologically rigorous method with which the comparison between countries can be
made while controlling for baseline population mortality by capitalizing on the power of
parametric survival modeling. To this end, we estimate and compare survival of patients
with esophageal and gastric cancer of the Netherlands and Belgium and investigate to what
extend potential survival differences can be explained by differences in treatment.

In survival analyses, estimates such as overall median survival or x-year survival
have been traditionally used to quantify survival. While informative, they fail to demonstra-
te the heterogeneity of patients’ survival since they capture survival in a single number. In
Chapter 2 we apply a method called survival scenarios, that enables investigation of the sur-
vival curve beyond median survival only. Thereby proving a more nuanced understanding
which patients have reaped the most benefits from treatment advances over the past years.

Furthermore, traditional survival metrics such as overall median survival fail to
capture the evolving risk profiles of survivors over time. For example, suppose a patient has
a 60% probability of surviving 3 years past diagnosis. Given that this patient has already
survived three years, what is the probability that this patient will survive another x-years.
This is called conditional survival, and conditional survival estimates can be very insightful
for patients and physicians. Therefore, in Chapter 3, we estimate conditional relative survival
for patients with esophageal and gastric cancer in the metastatic setting. We demonstrate
that This metric provides a more nuanced understanding of survival probabilities as patients
survive beyond initial diagnosis periods, offering valuable insights into the changing risks
and prognosis over time.
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General introduction

Part I1. Health-related quality of life

Part II of this thesis deals with the application of statistical models in health-related quality
of life research. In recent years, large scale cohort studies such as the Prospective Observa-
tional Cohort Study of Oesophageal-gastric cancer Patients (POCOP) have been initiated
to gather patients reported outcome measures on health-related quality of life.” Such large
scale cohort studies have in recent years been used to model health-related quality of life as
treatment outcome. An important potential limitation of such large-scale cohort studies is
that there is an inherent risk of selection bias, which implies that some patients may be more
likely to participate than other patients. This may affect the degree to which such cohorts
are reflective of the total real-world population. Currently, there is no streamlined method
within the field of oncology to investigate the real-world representativeness of patients in
health-related quality of life cohort studies. In Chapter 4 we address this challenge by de-
monstrating a novel method with which the real-world representativeness of health-related
quality of life longitudinal cohort studies can be assessed.

Furthermore, there are currently no published prediction models on health-related
quality of life for patients with esophageal and gastric cancer. Such prediction models on
personalized health-related quality of life outcomes would be extremely useful in infor-
ming patients how their health-related quality of life could be impacted by treatment. In
Chapter 5 we will develop prediction models using statistical and machine learning models
based on data from the POCOP cohort study. In this study, we will develop risk prediction
model to estimate the risk of a significant deterioration in health-related quality of life using
elastic-net regression modelling. We also develop a sequential score prediction model with
XGboost, where the actual values of the questionnaires can be predicted across a continuous
time scale.

Part III. Clinical trials and real-world data

In Part III two of this thesis, we demonstrate how data from clinical trials and real-world
data can be used to complement each other and to investigate treatment effects for which no
clinical trial is available. There have been many established methods do deal with this pro-
blem. Examples are propensity score methods such as matching and weighting that can deal
with the observational nature of data while still being able to estimate causal effects.

In Chapter 6, we will combine trial data with real-world data by demonstrating
how real-world data can be used to create a control arm for comparison with one-armed
trial. We perform this in the context of the one-armed DESTINY-Gastric02 study, where the
survival of patients with non-metastatic HER2-positive esophageal adenocarcinoma treated
with trastuzumab-deruxtecan was evaluated.?! As this one-armed study had no control arm,
we will use data from the Netherlands Cancer Registry to form a control arm that satisfies
the necessary requirement for causal inference to be able to make valid comparisons.

In Chapter 7, we apply causal inference techniques in a different clinical setting and
exclusively with real-world data. In this chapter, we show how real-world data can be used to
mimic clinical trials and apply a rigorous methodological approach to estimate the treat-
ment effect for a new immunotherapy for patients with esophageal cancer. Using data from
the Netherlands Cancer Registry, we create two comparable sets of patients who have been
treated according to the neoadjuvant chemoradiotherapy regimen. and one arm was additio-
nally treated with adjuvant nivolumab. In this chapter we apply causal inference methods to
estimate survival of patients treated with adjuvant nivolumab.
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Part VI. Prediction of survival outcomes

Though the enterprise of prediction modeling is very promising for daily clinical practice,
there are opportunities to further the development of existing prediction models in the field
of esophagogastric cancer. In this final part of the thesis, Part IV, we deal with the develop-
ment and application of prediction models within esophageal and gastric cancer.

The utility of existing prediction models in clinical practice could be explored
further. For example, the utility of prediction models in aiding clinicians and patients in
shared decision making, but also the utility of prediction models to be used for different
ends, such as a tool for including patients in clinical trials. In Chapter 8 we demonstrate the
SOURCE survival prediction model can add to the survival expectation of the clinician in
the context of the POLDER study. The POLDER trial investigated the effect of external beam
radiotherapy to relieve trouble with swallowing for patients with esophageal cancer. Patients
were required to be expected to live for at least three months to be included in the study,
but a large proportion did not reach this point. We demonstrate a method to investigate if
the SOURCE prediction model could have added to the decision of the clinician to include
patients into the study.

With the existing SOURCE models, clinicians can make predictions for patients
who will start potentially curable treatment or first-line systemic treatment. However,
when patients with metastatic esophageal and gastric cancer are faced with the decision to
continue with a second-line systemic therapy or opt for best-supportive care after failure of
the first-line systemic therapy, no prediction models are available. Therefore, in Chapter 9,
we present a prediction model for patients with esophagogastric cancer that have completed
first-line systemic therapy and have the option to continue beyond-first line palliative treat-
ment or best supportive care called SOURCE Beyond First-Line.

Within the field of prediction modeling, new methods have been developed that
have made it possible to add biomarkers to existing clinical prediction models without the
need of a total refitting of the model and re-estimation of the model coefficients. This has
opened the door for investigation of the added value of using biomarkers in existing predic-
tion models such as SOURCE. Information from PET-CT scans and circulating-free tumor
DNA could potentially improve personalized prediction models. In Chapter 10 we investi-
gate if, how and to what extent radiomics and circulating free tumor DNA can improve the
existing SOURCE prediction models, by applying state of the art methodologies.

Finally, causality is currently a problem within the realm of clinical prediction
modelling. In daily clinical practice, clinicians and patients might be interested in what the
effect of a particular treatment is on survival and use prediction models to help determine
a treatment strategy with optimal survival outcomes. However, due to the observational na-
ture of the data on which the models were trained, this is unfortunately not possible. In the
data on which the model was trained it is only known which treatment the patient actually
received. Hence it is unknown what the effect of a different treatment would have been if
the patient in the training data had been given a different treatment, which is commonly
referred to as a counterfactual.
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In the final chapter of this thesis, Chapter 11, we introduce a new method of prediction that
combines the field of causal inference with personalized prediction called counterfactual
prediction. We demonstrate this in a proof of concept study where we create a fully para-
metric counterfactual survival prediction model based on observational data for patients
with esophageal cancer who have the option to either follow potentially curative treatment
according to the CROSS treatment regimen or definitive chemoradiotherapy.
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Chapter 1

Abstract

Background. Despite demographic and socio-economic similarities between the Nether-
lands and Belgium, differences in survival for patients with esophageal and gastric cancer
between the two countries exist. This population-based study investigated these survival
differences with the aim to identify explaining factors.

Methods. We analyzed data from the Netherlands Cancer Registry (N=26,980) and the Bel-
gian Cancer Registry (N=15,097) for patients diagnosed with esophageal or gastric cancer
between 2010-2016. Survival differences were examined using relative survival, stratified for
tumor location and stage. Factors that potentially mediated the survival differences were te-
sted via multivariable excess hazard models controlling for baseline population mortalities.
Results. Five-year relative survival probability was significantly lower for patients from the
Netherlands with esophageal cancer (EC) or gastric cancer (GC) (EC: 21% (20%-22%), GC:
20% (19%-21%)) compared to Belgian patients (EC: 24% (23%-25%), GC: 27% (25%-29%)).
Across tumor stages, relative survival of patients with esophageal and gastric cancer was
lower among patients from the Netherlands. Multivariable excess hazard modeling showed
that survival differences of patients with stage IV disease disappeared when adjusting for
treatment. This was not observed among patients with stage I - III gastric cancer, where
survival differences remained after adjustment for treatment.

Conclusion. Survival of patients with esophageal cancer and gastric cancer is generally
higher in Belgium. For patients with stage IV disease, this difference can most likely be attri-
buted to differences in treatment. Although treatment explains part of the survival differen-
ces for patients with curable disease, the cause remains largely unknown.
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Treatment and survival of patients with gastric and esophageal cancer

Introduction

Survival of patients diagnosed with esophageal and gastric cancer is highly heterogenous. In
patients with non-metastatic gastroesophageal cancer, median survival time is around two
years in the Netherlands and varies depending on tumor-intrinsic factors, clinical characte-
ristics such as performance status, and treatment. ! For patients with metastatic disease, me-
dian survival time is around 4 months but can improve to 1,5 years depending on tumor-in-
trinsic factors, performance status and treatment. > In addition to the large heterogeneity of
survival among patients, the EUROCARE-5 study demonstrated that there is also a large
international variability in survival. Five-year age-standardized relative survival ranged from
5.7% in Lithuania to 21.8% in Belgium for patients with esophageal cancer and from 11.9%
in Bulgaria to 34.5% in Iceland for patients with gastric cancer. In the Netherlands, relative
survival of patients with esophageal cancer was 8.8 percentage point lower than in Belgium.
Similarly, the 5-year age-standardized relative survival for gastric cancer patients was 30.5%
in Belgium compared to 20.4% in the Netherlands.

A study by Claassen et al * also found relatively superior survival of patients with metasta-
sized gastric cancer in Belgium compared to the Netherlands. In non-metastasized gastric
cancer, median overall survival was 18 months in the Netherlands compared to 28 months
in Belgium. ° Interestingly, the Netherlands and Belgium are two western European coun-
tries that are similar in a number of demographic characteristics such as socio-economic
status ©, tobacco consumption 7, obesity and diet ®. The observed differences in survival can
potentially be explained by several other factors, such as differences in the treatment recei-
ved, histology, genetics, or tumor stages between the countries. * Currently, it is unknown
which factors contribute to the observed differences in survival between the Netherlands
and Belgium.

This study aimed to compare survival using real-world, population-based, indi-
vidual-level data of patients with esophageal and gastric cancer diagnosed and treated in
the Netherlands and Belgium, and to identify key factors that could explain differences in
survival.
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Chapter 1

Methods

Patients

Patients diagnosed with gastric, gastro-esophageal junction, and esophageal carcinoma
between 2010-2016 in the Netherlands and Belgium were identified from the Netherlands
Cancer Registry (NCR) and the Belgium Cancer Registry (BCR) respectively. In total,
26,980 individual patients were identified from the NCR and 15,097 individual patients were
identified in the BCR.

The NCR is a nationwide database that covers the total population of 17 million in
2016 and includes all patients diagnosed with cancer. Patient identification relies on notifica-
tions from the Netherlands’ national network and registry of histopathology and cytopatho-
logy (PALGA). ° Additionally, any non-pathological verified tumors were included via the
Dutch Hospital Database. Trained data managers of the Netherlands Comprehensive Cancer
Organization (IKNL) regularly extract information on diagnosis, tumor stage, and treatment
directly from each patients’ electronic medical records and add this to the NCR.

The BCR is also a nationwide cancer registry, covering the total population of 11.4
million. Data managers hired by hospitals extract the required data from the medical files
and routinely report every new diagnosis to the BCR. Independently, the pathology labo-
ratories supply the BCR with their data via the pathology network. Patients with cancer are
registered with their unique national Social Security Identification Number, which enables
linkage with vital status and date of death, as well as linkage with administrative databases
such as the Intermutualistic Agency (IMA) to obtain details on reimbursed diagnostic/
therapeutic procedures and pharmaceuticals. IMA data are not directly linked to a specific
diagnosis, therefore specific timeframes around the diagnosis date are applied to consider
the reimbursed treatment as treatment for the cancer.

Coding and classifications

Primary tumor location was coded as either stomach (C16.1-C16.9) or esophagus (inclu-
ding the gastro-esophageal-junction; international classification of diseases for oncology:
C15.0-C16.0). Both adenocarcinomas and squamous cell carcinomas were included as well
as carcinoma not otherwise specified. Carcinoma in situ was excluded for this study. Tumors
were staged using the International Union Against Cancer (UICC) TNM classification 7th
edition. Simplified clinical tumor stages (I, II, III, IV, X) were used in all analyses and were
used in addition to tumor location as a stratifying factor. For patients with gastric cancer, a
cT4 tumor without specification of a and b, was coded as a cT4a tumor.

For patients with esophageal cancer, treatment was mutually exclusively classified
as endoscopic resection, surgical resection only, surgical resection with (neo)adjuvant che-
motherapy, neoadjuvant chemoradiotherapy followed by resection with or without adjuvant
therapy, chemoradiotherapy not followed by resection, systemic therapy only, radiotherapy
only and other or unknown. For patients with gastric cancer, treatment was classified as
endoscopic resection, surgery only, neoadjuvant chemotherapy and surgery (with or without
adjuvant chemotherapy), systemic therapy only and other or unknown. Classification was
decided on the most invasive treatment. For example, if patients both underwent endoscopic
resection and surgical resection, treatment was classified as surgical resection. The category

24



Treatment and survival of patients with gastric and esophageal cancer

‘Other or unknown’ included patients that could not be categorized in one of the before-
mentioned treatments, including best supportive care.

Statistical analysis

Differences in treatment between the Netherlands and Belgium were visualized in bar plots
per tumor stage and were interpreted based on visual inspection. We included a category of
unknown treatment since any treatment, including best supportive care, will impact survival
despite it not being available to correct for in our analysis. We estimated 5-year survival
using relative survival framework. '° This method adjusts for the baseline population mor-
tality conditional on sex, year of birth, and country. Life tables for the relevant population
demographics were used to control for these factors. Differences between relative survival
curves of countries were statistically tested with a log-rank-type test. '* We opted to include
all patients despite missing variables to limit selection bias and to increase representative-
ness of these real-world data, particularly given the difference in proportion of missing data
between both countries and a previous study that showed a difference in survival in a cohort
of only known stages compared to the cohort that included all patients. ®

We further investigated differences in relative survival between the Netherlands
and Belgium through excess hazard modeling. Excess hazard modeling can be used to
compare the impact of a specific disease on survival between two countries by quantifying
the additional risk of death attributable to the disease in each country, controlling for the
baseline risk of mortality in the general populations. '? This allowed us to estimate the extent
to which the survival differences could be explained by demographic, clinical, and treatment
variables while controlling for baseline population mortality. An excess hazard ratio of 0.89
in favor of Belgium indicates that the excess mortality rate was 11% lower in Belgium com-
pared to the Netherlands.

Flexible parametric models were applied to model the excess hazard up to 8 year
since diagnosis, using the R package mexhaz. !* B-spline were used to specify the baseli-
ne excess hazard curve. In a first step, an appropriate baseline excess hazard function was
constructed by optimizing the parameters for the B-spline (spline degree, number of spline
knots). The flexible curve was visually compared to a step function, in order to exclude
overfitting or a too flexible function. This was performed for the total population, stratified
to tumor sublocation and stratified to tumor stages.

Three different excess hazard models were fitted to the data to determine factors
which mediated survival differences. The first model only contained country as a predictor
variable in the model. The second model contained country and clinical variables (sex, age,
and for esophageal cancer also histological subtype), and the third model included country,
clinical variables, and treatment (categories as specified in section ‘Coding and classificati-
ons’). Age was modelled as a non-proportional effect. The excess hazard model estimated
excess hazard ratios for all the parameters. By sequentially fitting these three models and
testing the respective excess hazard ratios for significance, we could observe which factor
had the largest impact on the difference in relative survival between the Netherlands and
Belgium. Forest plots were created to visualize the excess hazard ratios.

All reported confidence intervals were two-sided 95% confidence intervals and all
p-values <0.05 were considered statistically significant. All analyses were performed in R

version 4.2.2.13
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Results

Baseline characteristics

Baseline characteristics per disease and country are listed in Table 1. There were fewer
patients from the Netherlands with esophageal cancer under 59 years of age and there were
relatively fewer patients from the Netherlands with gastric cancer that were over 80 years of
age. The proportion of squamous cell carcinomas of the esophagus was considerably lower
in the Netherlands (NL: 25.0% vs BE: 37.5%). The number of patients with a T1 tumor was
significantly lower in the Netherlands compared to Belgium (esophageal cancer: NL: 4.4%
vs BE: 7.6%, gastric cancer: NL 3.7% vs BE: 5.8%) (Table 1) and the number of patients with
T1NO esophageal cancer was also lower (NL: 27%; BE: 50%) whilst the proportion of pa-
tients with T2NO was higher (NL: 73%; BE: 50%) (Supplementary Table 1). In addition, the
number of patients with an unknown cT, cN and cM was significantly lower in the Nether-
lands. The difference was particularly large for cM; 0.3% of patients with esophageal cancer
and 0.8% of patients with gastric cancer in the Netherlands had an unknown cM-stage
compared to 32.5% and 41.9% in Belgium.

Treatment

There were notable differences in the distribution of type of treatment. For patients with
esophageal cancer in the Netherlands, fewer patients received surgery only compared to
patients in Belgium with stage I (NL: 13%; BE: 39%), IT (NL: 4%; BE: 16%), III (NL: 2%;

BE: 6%), IV (NL: 0.1%; BE: 1%) and X (NL: 4%; BE:11%). In stage I, a lower percentage of
patients with esophageal cancer was treated with (neo)adjuvant chemotherapy with surgery
in the Netherlands (NL: 3%; BE: 15%). Concurrently, there was a higher proportion of pa-
tients who received neoadjuvant chemoradiotherapy followed by surgery with(out) adjuvant
therapy in clinical stage I (NL: 33%; BE: 3%), II (NL: 53%; BE: 24%) and III (NL: 39%; BE:
25%) compared with Belgium (Figure 1A, Supplementary Table 2). The same trend could
be observed in patients with stage I gastric cancer; there was a lower frequency of surgical
resection only in the Netherlands compared to Belgium (NL: 37; BE: 50%) and a higher
frequency of (neo)adjuvant chemotherapy with surgery (NL: 36%; BE: 28%) (Figure 1B,
Supplementary Table 3). On the other hand, there was a lower frequency of (neo)adjuvant
chemotherapy with surgery in the Netherlands compared to Belgium in gastric cancer stage
IT (NL: 47%; BE 51%) and stage III (NL: 28%; BE: 50%). There was a concurrent increase

in the patients treated with Other or unknown treatment in the Netherlands (Stage II: NL:
20%; BE: 11%, Stage III: NL: 40%; BE: 12%).

Patients with stage IV disease in the Netherlands received less systemic therapy
only compared to patients in Belgium (esophageal cancer: NL: 33%; BE: 50%, gastric cancer:
NL 35%; BE: 53%). Patients with stage IV esophageal and gastric cancer received less (neo)
adjuvant chemotherapy with surgery (esophageal cancer: NL: 1%; BE: 3%, gastric cancer:
NL 2%; BE 5%). Patients with stage IV esophageal cancer in the Netherlands received less
chemoradiotherapy not followed by resection (NL: 6%; BE: 13%).
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Concurrently, patients from the Netherlands with stage IV gastric cancer received more
Other or unknown treatment (gastric cancer: NL: 60% vs BE: 37%), whilst patients in the
Netherlands with stage IV esophageal cancer more often received only radiotherapy (NL:
25%; BE: 2%) or Other or unknown treatment (NL: 34%; BE: 26%). In Supplementary Fi-
gure 1 we show that in the Netherlands the latter treatment category largely consists of Best
Supportive Care.
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Table 1. Characteristics of patients with Esophageal and Gastric cancer from the Netherlands and Belgi-
um identified in the Netherlands Cancer Registry and the Belgium Cancer Registry, respectively.

Esophagus Gastric
Netherlands Belgium p Netherlands Belgium P
N 18294 9617 8686 5480
Sex (%)
Male 13652 (74.6) 7206 (74.9) 0.588 5258 (60.5) 3183 (58.1) 0.004
Female 4642 (25.4) 2411 (25.1) 3428 (39.5) 2297 (41.9)
Age (%)
<=59 3742 (20.5) 2315 (24.1) <0.001 1497 (17.2) 910 (16.6) <0.001
60-79 11445 (62.6) 5481 (57.0) 4874 (56.1) 2593 (47.3)
>=80 3107 (17.0) 1821 (18.9) 2315 (26.7) 1977 (36.1)
Histology (%)
Adenocarcinoma 13062 (71.4) 5818 (60.5) <0.001 8363 (96.3) 5344 (97.5) <0.001
Squamous cell 4567 (25.0) 3603 (37.5) 323 (3.7) 136 (2.5)
Other 665 (3.6) 196 (2.0) - -
cT (%)
1 799 (4.4) 727 (7.6) <0.001 321(3.7) 318 (5.8) <0.001
2 4425 (242) 1192 (12.4) 2144 (24.7) 527 (9.6)
3 6759 (36.9) 3568 (37.1) 1293 (14.9) 1223 (22.3)
4 1216 ( 6.6) 522 (5.4) = =
4a . . 303 (3.5) 344 (6.3)
4b = = 794 (9.1) 55 (1.0)
x 5095 (27.9) 3608 (37.5) 3831 (44.1) 3013 (55.0)
cN (%)
0 5246 (28.7) 1776 (18.5) <0.001 3758 (43.3) 1165 (21.3) <0.001
1 6031 (33.0) 2906 (30.2) 1772 (20.4) 992 (18.1)
2 4122 (22.5) 1061 (11.0) 1309 (15.1)  371(6.8)
3 935 (5.1) 363 (3.8) 172 (2.0) 145 (2.6)
X 1960 (10.7) 3511 (36.5) 1675 (19.3) 2807 (51.2)
cM (%)
0 11740 (64.2) 4414 (45.9) <0.001 5128 (59.0) 1948 (35.5) <0.001
1 6495 (35.5) 2081 (21.6) 3491 (40.2) 1237 (22.6)
X 59 (0.3) 3122 (32.5) 67 (0.8) 2295 (41.9)
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Figure 1. Distribution of treatment categories per clinical stage for patients (A) esophageal cancer and
(B) gastric cancer in the Netherlands and Belgium.
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Relative survival

Five-year relative survival of all patients with esophageal cancer was significantly lower in
the Netherlands (21%, 95% CI: (20%-22%)) compared to Belgium (24%, 95% CI: (23%-
25%); p<0.001) (Figure 2A). Among patients in stage I (5-year RS: NL: 47% (44%-50%); BE:
53% (48%-58%); p=0.03), stage IV (1-year RS: NL: 21% (20%-23%); BE: 33% (31%-35%);
P<0.001) and stage X (5-year RS: NL: 24% (22%-26%); BE: 25% (23%-26%); p < 0.001)
relative survival of patients from the Netherlands was also significantly lower compared to
patients from Belgium (Figure 2B, 2E, 2F). Among patients in stage II and stage III, no sig-
nificant differences in 5-year relative survival were observed, although the relative survival
curve of patients with stage II disease in the Netherlands was consistently above the curve of
patients from Belgium (Figure 2C, 2D).

Patients from the Netherlands with gastric cancer had a significantly lower 5-year
relative survival compared to patients from Belgium (5-year RS: NL: 20% (19%-21%); BE:
27% (25%-29%); p<0.001)(Figure 3A). Across all known tumor stages, survival for patients
from the Netherlands was lower than for patients from Belgium: stage I (5-year RS: NL: 50%
(46%-54%); BE: 69% (62%-77%); p<0.001), stage II (5-year RS: NL: 31% (27%-35%); BE:
38% (33%-43%); p=0.001), stage III (5-year RS: NL: 12% (0.09%-15%); BE: 26% (19%-35%);
p<0.001), stage IV (1-year RS: NL: 15% (14%-17%); BE: 27% (24%-29%); p<0.001) (Figure
3B-E). In contrast, patients with gastric cancer in an unknown stage from the Netherlands
had a higher survival (5-year RS: NL: 30% (28%- 33%); BE: 28% (26%- 31%); p=0.036).
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Figure 2. Relative survival probability curves for all patients with esophageal cancer (A), and for patients with stage
I (B), stage IT (C), stage III (D), stage IV (E), and stage X (F). Relative survival was adjusted for baseline population
mortality conditional on sex, year of birth, and country. P-value denotes a log-rank-type test.
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Figure 3. Relative survival probability curves for all patients with gastric cancer (A), and for patients
with stage I (B), stage II (C), stage III (D), stage IV (E), and stage X (F). Relative survival was adjusted
for baseline population mortality conditional on sex, year of birth , and country. P-value denotes a log-
rank-type test.
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Excess hazard
The excess hazard baseline function up to 8 years since diagnosis was modelled with B-spli-
nes of degree 3. For esophageal cancer all models used 2 knots, at 0.5 and 4 year except for
stage IV for which one knot at 2 year sufficed. For gastric cancer, most models used 2 knots
at 0.4 and 1 year, except for stage [ which needed an additional knot at 3 years to prevent an
upward bent of the spline beyond 5 years.

For all patients with esophageal cancer, the excess hazard ratio favored Belgium
when controlled for sex, age, histology and treatment. However, while excess mortality
rate was 12% lower in Belgium without correction (HR 0.88, 95% CI (0.85-0.91)), this was
only 6% when also correcting for treatment. (0.94 95% CI: (0.91-0.97))(Figure 4A). When
analyzing stages separately, the excess hazard ratio favored Belgium for patients with stage
I disease when controlled for clinical variables (0.82 (0.71-0.95)) and only shifted slightly
toward not favoring any country when also correcting for treatment (0.88 (0.75-1.04)). For
patients with stage IT disease, the excess mortality rate was 11% lower in the Netherlands
without correction of any variables, which decreased to 3% when correcting for treatment.
The confidence interval of both stage I and stage II were unfortunately quite large. In stage
I11, there was no difference in excess mortality rates. For patients with stage IV disease, the
excess hazard favored Belgium when controlled for clinical variables (0.77 (0.73-0.82)) but
not when also correcting for treatment (0.98 (0.93-1.04)). For stage X, the excess hazard
ratio favored Belgium (0.89 (0.84-0.95)) but not when correcting for clinical variables (0.96
(0.90-1.02)). For all patients with gastric cancer, the excess hazard ratio favored Belgium
when correcting for both clinical variables and treatment. However, while excess mortali-
ty rate was 21% lower in Belgium without any correction (0.79(0.76-0.82)), this was 15%
lower when correcting for treatment (0.85 (0.81-0.88)) (Figure 4B). When analyzing stages
separately, excess hazard ratio also favored Belgium in stage I, IT and III with correction for
both clinical variables and treatment (Stage I: 0.56 (0.44-0.71); Stage II: 0.83 (0.72-0.95);
Stage I11: 0.79 (0.64 - 0.97)). For stage III, however, the excess mortality rate without cor-
rection in Belgium was 41% lower (0.59 (0.49-0.72)) compared to 21% when also correcting
for treatment (0.79 (0.64-0.97)). In stage IV, the excess hazard ratio favored Belgium when
correcting for clinical variables (Stage IV: 0.72 (0.68-0.77)) but not when also correcting
for treatment (0.95 (0.89-1.02)). In stage X, the excess hazard ratio favored the Netherlands
when correcting for clinical variables (1.08 (1.01-1.16)) but not when also correcting for
treatment (1.01 (0.94-1.08)).
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(A)

Excess hazard esophageal cancer

Model HR 95%Cl P-value
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Excess hazard gastric cancer
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Figure 4. Forest plot depicting excess hazard ratios for (A) esophageal cancer and (B) gastric cancer. The
sequential models first included country with the Netherlands as a reference, then country and clinical
variables (EC: sex, age, histology, GC: sex, age) sex and lastly country, clinical variables, and the treatment
categories as defined in figure 1.
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Discussion

This study described notable differences in treatment and relative survival of patients with
esophageal and gastric cancer between the Netherlands and Belgium. Survival was lower in
the Netherlands for patients with gastric cancer in any stage and for patients with stage I and
IV esophageal cancer. For patients with stage IV disease, the differences in relative survival
appeared to be largely explained by differences in treatment. Treatment only partly media-
ted a difference in survival between the Netherlands and Belgium for patients with stage I
and stage II esophageal cancer, and stage III gastric cancer. Despite correction for clinical
variables and treatment, survival of patients with potentially curable gastric cancer remained
lower in the Netherlands.

Relative survival was lower for patients from the Netherlands with both esophageal
and gastric cancer in stage IV, but these differences disappeared when correcting for treat-
ment. Patients with stage IV disease in Belgium received more local radical treatment such
as chemoradiotherapy not followed by resection and surgical resection with (neo)adjuvant
chemotherapy. In addition, patients were less likely to be treated with systemic therapy in
the Netherlands. A similar low frequency of treatment with systemic therapy in the Nether-
lands compared to Belgium was previously observed in patients with malignant mesot-
helioma.' In the Netherlands, the lower frequency of systemic therapy was accompanied
with a higher frequency of best supportive care for both gastric and esophageal metastatic
disease. Best supportive care includes ‘radiotherapy only’ as this does not improve survival
and is generally used for relieving dysphagia in esophageal cancer. 7 The high frequency
in treatment with systemic therapy could account for the observed better survival of patients
with stage IV disease in Belgium, as systemic therapy has been shown to improve survival
compared to best supportive care for patients with gastric and esophageal cancer. '*!

In the Netherlands, significant emphasis is placed on “appropriate care” which
aims to deliver effective patient care by avoiding unnecessary interventions, particularly in
case cure cannot be achieved. This approach seeks to minimize treatments that offer limited
benefits and pose potential side effects which affect quality of life of the patients, while also
considering the financial implications for society. #* As part of this approach, end of life
discussions occur relatively more frequently in the Netherlands compared to for example
Belgium.” These end of life discussions are associated with a choice for less invasive treat-
ment, including less palliative systemic therapy. * However, given the observed differences
in relative survival between the Netherlands and Belgium, the question arises whether the
Dutch caution to prescribe palliative systemic therapy is unduly restrictive. Unfortunately,
in our study we do not have data available on differences in quality of life between patients
from the Netherlands and Belgium. However, two systematic reviews demonstrated that
quality of life remains stable during an extended period of time during chemotherapy for
metastatic esophagogastric cancer compared to best supportive care. > Real-world data
from the Netherlands has actually shown an improvement of quality of life during chemo-
therapy, while quality of life deteriorated at disease progression irrespective of treatment
with chemotherapy. ¥ Recent treatment advances with addition of nivolumab to chemothe-
rapy in the first line has shown stable or even improved health-related quality of life, with
a lower chance of definitive deterioration. * Also, importantly, real-world data indicate
that patients treated at Dutch centers with a high volume of systemic therapy prescriptions
experience better survival outcomes, while these centers administer less systemic therapy in
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the last three months of life. ' This observation suggests that these centers are proficient
in selecting patients who are most likely to derive significant survival benefits from chemo-
therapy. Taken together, the reported survival benefits of systemic therapy and its minimal
negative impact on quality of life challenge the Dutch reserve regarding the prescription of
palliative systemic therapy in metastatic gastric and esophageal cancer.

Relative survival was higher for patients with stage I esophageal cancer in Belgium,
a difference that decreased when correcting for treatment. We observed that patients with
stage I disease in Belgium were more frequently treated with surgery only, whilst in the
Netherlands these patients were also treated with neoadjuvant chemoradiotherapy followed
by resection. The different treatment regimens can possibly be explained by a difference
in incidence of TINO and T2NO tumors, which together make up stage I tumors. In Belgi-
um, proportionally more TINO tumors were diagnosed, for which the standard of care is
endoscopic resection or surgical resection only, whereas in the Netherlands more T2NO tu-
mors were diagnosed. *? The standard of care for this subgroup is controversial, with eviden-
ce for and against neoadjuvant treatment in addition to surgery. It seems in the Netherlands
neoadjuvant treatment for this subgroup is frequently prescribed. Literature suggests that
T2 tumors have a worse prognosis than T1 tumors. **3* This may be an explanation for the
poorer survival of patients with stage I esophageal cancer in the Netherlands. Alternatively,
patients with T2NO could experience an increase in postoperative mortality after treatment
with neoadjuvant chemoradiotherapy, as suggested by Marriette et al. * It is important to
note that differences in treatment do not fully mediate the difference in survival we found.
There was still a decrease of excess mortality of 12% in Belgium compared to the Nether-
lands after correcting for treatment. The large confidence intervals, likely a result of fewer
survival events in a smaller subgroup of stage I patients, make it harder to draw definitive
conclusions.

The Dutch and Belgian healthcare systems, while both highly regarded, exhibit dis-
tinct differences in structure, operation, accessibility, and specialist referral processes. Acces-
sibility in the Netherlands requires patients to first see a general practitioner (GP) who acts
as a gatekeeper and provides referrals to specialists if needed. * In contrast, accessibility in
Belgium is more direct, as patients have the freedom to consult specialists without a referral
from a GP. Possibly, this quick access may result in less diagnostic delay in Belgium, which
could serve as a potential explanation for the higher frequency of T1 tumors observed. It is
noteworthy that centralized surgical care in high-volume specialized centers was implemen-
ted for esophagus surgery in July 2019 in Belgium compared to 2013 in the Netherlands. *3*
This makes the higher survival in Belgium of curable disease even more striking.

Survival of patients with gastric cancer was higher in Belgium across curable stages
I, and II irrespective of clinical characteristics and treatment. For stage III, treatment only
partly mediated the difference in survival between the two countries. A similar result was
found in an article investigating overall survival in multiple countries over time. ° Here
correction for surgery did not improve overall survival in the Netherlands and Belgium after
2010. Therefore, the factor that mediated the higher relative survival in Belgium compared
to the Netherlands remains unknown. One possible explanation is a tumor-intrinsic factor
causing patients in the Netherlands to be more resistant to treatment. Recent research has
shown that the proportion of diffuse subtype of gastric cancer is increasing in the Nether-
lands. ** % Survival for this subtype is poor, and has not improved much in recent years
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despite treatment advances. Currently, it is unknown what the incidence is of this subgroup
in Belgium.

In the context of this study, it is important to consider that a large number of
patients from Belgium had an unknown tumor stage (X) compared to patients from the
Netherlands. Almost 33% of the Belgian patients with esophageal cancer and 42% for gastric
cancer had a unknown c¢M category. This is most likely the result of differences in method of
cancer registration and data retrieval. In the stage X groups, survival was lower for patients
with gastric cancer in Belgium, but higher among patients with esophageal cancer. Had the
tumor stage been known, it would likely not have changed outcomes for the other staging
subgroups of patients from the Netherlands, as only a very small fraction was unknown. For
Belgian patients, however, outcomes might have changed due to the relatively large number
of unknowns. For Belgian patients with esophageal and gastric cancer with stage X, five-year
relative survival corresponded roughly with Stage III. This might indicate that survival
of potentially curable clinical stage was overestimated whilst survival of palliative clinical
stage was underestimated by the exclusion of the stage X patients. It also calls into question
whether diagnostic approach to staging in the Netherlands and Belgium can be compared
accurately, which is important to consider for our results per stage subgroup.

This study is the first population-based direct comparison between the Nether-
lands and Belgium regarding survival and treatment using real-world data of patients with
esophageal and gastric cancer. The relative survival and excess hazard modelling allowed us
to investigate survival differences and factors that mediated them while correcting for ba-
seline population mortality, conditional on sex, age, and country. A limitation of this study
lies in the limited number of clinical variables available for correction in the excess hazard
models such as performance status or her2neu positivity between countries. These factors
are known to impact survival of patients with esophageal and gastric cancer. *' The lack of
smoking status in the baseline characteristics is another limitation. The proportion of pa-
tients with esophageal squamous cell carcinoma was higher in Belgium. This type of cancer
is notoriously related to smoking. Smoking status influences the expected mortality rate, and
therefore the survival of a population with a high proportion of smokers is lower than the
survival of the general population which is used in relative survival analysis. ** Interestingly
enough, for our results that would mean that the higher survival for patients in Belgium is
underestimated compared to patients in the Netherlands. However, it has been reported that
the difference between overall survival and cancer-specific survival in esophageal cancer is
very small , which disputes the impact of smoking status on survival in patients with esop-
hageal cancer. In any case, future studies should aim to incorporate more clinically relevant
factors to investigate survival discrepancies.

In conclusion, survival of patients with esophageal cancer and gastric cancer differs
between the Netherlands and Belgium. For patients with stage IV disease, the difference
in survival can most likely be attributed to differences in treatment. Although treatment
explains part of the survival differences for patients with curable disease, the cause remains
largely unknown.
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Supplemental Figure 1. Distribution of treatment categories per clinical stage for patients with esop-
hageal cancer (A) and gastric cancer (B) in the Netherlands and Belgium. For the Netherlands, Best
Supportive Care was differentiated from other or unknown.
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Supplemental table 2. Distribution of T- and N-category per stage for gastric cancer.

Netherlands Belgium Netherlands Belgium Netherlands Netherlands

T1N1 13(1.2) 20(5.0) - - -

TIN3 - - 1(0.1) - -

T2 NO 867 (78.6) 224 (55.4) -

T2 N2 - - 109 (10.9) 18(2.7)

T2 Nx - - - - -

T3 N1 - - 245 (24.5) 311 (47.3) -

T3N3 - - - - 18(3.1) 31(13.7)

T4A NO - - 56 (5.6) 27 (4.1)

T4A N2 - - - - 30 (5.1) 21(9.3)

T4A Nx - - - - -

T4B N1 - - - - 108 (18.5) 7(3.1)

T4B N3 - - - - 2(0.3) 1(0.4)

Tx NO - - -

Tx N2 - - - - -

Tx Nx - - - - -

S
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Supplemental table 2 (Continued). Distribution of T- and N-category per stage for gastric cancer.

Belgium Netherlands Belgium Netherlands

14 (0.4) 6(0.5) - 7(0.2)

1(0.0) 6(0.5) - R

229 (6.6) 13(1.1) - 45(1.5)

218(6.2) 11(0.9) - 5(0.2)

123(3.5) 20(1.6) 95(3.8) 62(2.1)

141 (4.0) 128 (10.3) - 79(2.7)

22(0.6) 33(27) - 5(0.2)

37(1.1) 20(1.6) - 9(0.3)

37(1.1) 34(27) - 13(0.4)

24(0.7) 32(26) 17 (0.7) 32(L1)

110(3.2) 4(0.3) - 2(0.1)

24(0.7) 8(0.6) - -

410 (11.7) 72(5.8) 1229 (49.0) 258 (8.7)

304 (8.7) 32(26) 124 (4.9) 19(0.6)

476 (13.6) 398 (32.2) 648 (25.8) 2030 (68.7)

S
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Supplemental Table 3. Distribution of treatment for patients with esophageal cancer diagnosed in the Netherlands and Belgium.

N 1926 760 2348 853 5296 2200 5870 1873 2854 3931

CRT not followed by resection 275 (14.3) 94 (12.4) 459 (19.5) 192 (22.5) 1111 (21.0) 599 (27.2)  365(62) 241 (12.9) 256 (9.0) 651 (16.6)

nCRT followed by resection with or 642 (33.3) 20 (2.6) 1240 (52.8) 205(24.0) 2054 (38.8) 541(246)  47(0.8) 19(1.0) 245 (8.6) 186 (4.7)

without adjuvant therapy

Radiotherapy only 219 (11.4) 49 (6.4) 219(9.3) 44 (5.2) 637 (12.0) 41(1.9) 1455 (24.8) 45 (2.4) 459 (16.1) 118 (3.0)

Surgical resection with (neo)adjuvant 65 ( 3.4) 113 (14.9) 129 (5.5) 152(17.8)  301(5.7) 357(162)  43(0.7) 50 (2.7) 95(3.3) 397 (10.1)
chemotherapy
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Abstract

Background. New treatment options and centralization of surgery have improved survival
for patients with non-metastatic esophageal or gastric cancer. It is unknown, however, which
patients benefitted the most from treatment advances. The aim of this study was to identify
best-case, typical and worst-case scenarios in terms of survival time, and to assess if survival
associated with these scenarios changed over time.

Methods.Patients with non-metastatic potentially resectable esophageal or gastric cancer
diagnosed between 2006-2020 were selected from the Netherlands Cancer Registry. Best-
case (20" percentile), upper-typical (40" percentile), typical (median), lower-typical (60"
percentile) and worst-case (80" percentile) survival scenarios were defined, and regression
analysis was used to investigate the change in survival time for each scenario across years.
Results.For patients with esophageal cancer (N=24,352) survival time improved on aver-
age 12.0 (until 2011), 1.5 (until 2018), 0.7, 0.4 and 0.2 months per year for the best-case,
upper-typical, median, lower-typical and worst-case scenario, respectively. For patients with
gastric cancer (N=9,993) survival time of the best-case scenario remained constant, whereas
the upper-typical, median, lower-typical and worst-case scenario improved on average with
1.0 (until 2018), 0.5, 0.2, and 0.2 months per year, respectively. Subgroup analyses showed
that, survival scenarios improved for nearly all patients across treatment groups and for
patients with squamous cell carcinomas or adenocarcinomas.

Conclusion. Survival improved for almost all patients suggesting that in clinical practice the
vast majority of patients benefitted from treatment advances. The clinically most meaningful
survival advantage was observed for the best-case scenario of esophageal cancer.
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Introduction

In the past decades novel treatment options and centralization of surgery have improved
survival for patients with non-metastatic esophageal, gastroesophageal junction and gastric
carcinoma.'”® For patients with non-metastatic esophageal or gastroesophageal junctional
cancer, neoadjuvant chemoradiotherapy improved 5-year survival from 34% underwent
47% compared to surgery alone.” For patients with unresectable disease or who do not
wish to undergo surgery, definitive chemoradiation is an alternative treatment.*’but 5-year
overall survival rates have been only 5% to 10%. Wepreviously reported results of a study
conducted from January 1986 to April 1990 of combined chemotherapy and RT vs RT alone
when an interim analysis revealed sig- nificant benefit for combined therapy. Objective To
report the long-term outcomes of a previously reported trial designed to determine if adding
chemotherapy during RT improves the survival rate of patients with esophageal carcinoma.
Design Randomized controlled trial conducted 1985 to 1990 with follow-up of at least 5
years, followed by a prospective cohort study conducted between May 1990 and April 1991.
Setting Multi-institution participation, ranging from tertiary academic referral cen- ters to
general community practices. Patients Patients had squamous cell or adenocarcinoma of the
esophagus, T1-3 NO-1 MO, adequate renal and bone marrow reserve, and a Karnofsky score
of at least 50. Interventions Combined modality therapy (n=134 For patients with resectable
gastric cancer, perioperative chemotherapy with epirubicin, cisplatin, and fluorouracil (ECF)
improved 5-year survival rate from 26% to 36% compared to surgery alone.’ Furthermore,
perioperative chemotherapy with fluorouracil, oxaliplatin and docetaxel (FLOT) showed a
5-year survival of 45% compared to 36% among patients treated with ECF/epirubicin, cis-
platin and capecitabine (ECX).! Population-based studies also showed an improved survival
of patients with non-metastatic esophageal or gastric cancer.>*?and has been implemented
for gastric cancer since 2012 in the Netherlands. This study evaluated the impact of cen-
tralizing gastric cancer surgery on outcomes for all patients with gastric cancer. Methods:
Patients diagnosed with non-cardia gastric adenocarcinoma in the intervals 2009-2011 and
2013-2015 were selected from the Netherlands Cancer Registry. Clinicopathological data,
treatment characteristics and mortality were assessed for the periods before (2009-2011
In contrast to clinical trials, such analyses include elderly, frail patients and patients with
comorbidities, and therefore better reflect the daily clinical practice.*!!

In the Netherlands, centralization processes have occurred for both esophageal
and gastric cancer and have improved survival outcomes.*'*"*blood loss, resection margin,
lymphadenectomy, chemotherapy, postoperative complications and hospital stay, and overall
and disease-free survival For esophageal cancer, since 2006 a minimum of ten esophageal
cancer resections annually per hospital was mandated and since 2011 increased to 220 esop-
hagectomies . For gastric cancer, a minimum of ten gastrectomies annually was required
since 2011 and was increased to 220 in 2013.*
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Recent studies have expressed overall survival in terms of best, typical and worst-case scena-
rios which can be used to inform patients about survival expectations.””** This can provide
patients with information regarding the bandwidth of survival time. In addition, these
studies often show that mainly the best-case scenarios have improved over time. This implies
that only the survival of patients with already the best prognosis have improved over time.
To investigate if survival has improved over time we defined best-case, upper-typi-
cal, typical, lower-typical and worst-case survival scenarios for patients with non-metastatic
esophageal or gastric cancer and assessed if survival for these scenarios have changed over

time across treatments and histological subtypes.
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Methods

Patients

Patients with non-metastatic esophageal (International classification of diseases for on-
cology: C15.0-C15.9), gastroesophageal junction/cardia (C16.0), and gastric cancer
(C16.1-C16.9) diagnosed in 2006-2020 were selected from the Netherlands Cancer Regis-
try (NCR).? The NCR contains patient, tumor and treatment characteristics of all patients
diagnosed with cancer in the Netherlands. All newly diagnosed malignancies identified by
the national automated pathology archive are included in the NCR. Trained data managers
of the NCR routinely extract information on diagnosis, stage and treatment from medical
records. Vital status was retrieved through linkage of the NCR with the Dutch Personal
Records Database and was updated until 1 February, 2022.

Coding and classifications

Topography and morphology were coded according to the International Classification of
Disease for Oncology (ICD-0O-3).2° ICD-O-3 morphology codes were used to classify tu-
mors as adenocarcinoma, squamous cell carcinoma and carcinoma not otherwise specified
(NOS). Tumors were staged according to the International Union Against Cancer (UICC)
TNM classification valid at the time of diagnosis. Patients diagnosed between 2006-2009,
2010-2016, 2017-2020 were staged according to the sixth, seventh and eighth edition,
respectively.?'-** All patients with non-metastatic disease (cMO0) at primary diagnosis were
included. In addition, patients with esophageal or gastroesophageal junction cancer with
cM1a tumor according to TNM-6 were included, as most patients with a M1a tumor had a
distal tumor with coeliac lymph nodes which can be considered cN+ according to TNM-

7 and TNM-8.> Gastroesophageal junction/cardia tumors were classified as esophageal
tumors.

All patients diagnosed between 2009-2020 with an unresectable cT4b tumor were
excluded as this was not considered a potentially curable disease. Patients with gastric
cancer diagnosed between 2006-2009 (TNM-6) with a cT4 tumor were excluded as these
patients would have been staged as cT4b (tumor invades adjacent structures) according
to TNM-7 and -8. Patients with esophageal cancer with a ¢T4 tumor according to TNM-6
were also excluded as there was no TNM-6 equivalent of cT4b for patients with esophageal
cancer. To evaluate the effects of excluding these patients, we performed sensitivity analyses
without excluding these patients (Supplementary Tables 4-6).

Information on histological subtyping according to Lauren classification before
2015 could not be determined based on the standard data collection of the NCR. For these
patients the Lauren classifications were obtained through adopting the approach descri-
bed by van der Kaaij et al. * In short, Lauren classifications were obtained from complete
pathology reports of the biopsies available from the Dutch Nationwide Pathology Databank
(PALGA), from which a syntax was developed to automatically classify all adenocarcinomas
in the data. From 2015 onwards Lauren classification were determined based on the tumor
morphology code.

53



Chapter 2

Treatment

Treatment was mutually exclusively classified as resection (endoscopic or surgical resection
with or without (neo)adjuvant treatment), chemoradiotherapy (without resection; for pa-
tients with esophageal cancer only), treatment without curative potential (for patients with
esophageal cancer only), best supportive care (for patients with esophageal cancer only) or
no resection (which included treatment without curative potential and best supportive care;

for patients with gastric cancer only).

Statistical analysis

Kaplan-Meier curves were constructed for each year of diagnosis to determine the survival
scenarios. We partitioned the survival curve according to survival probabilities: the 20"
(best-case), 40™ (upper-typical), 50* (median), 60 (lower-typical), and 80" (worst-case)
percentile. For each of the percentiles (scenarios) the corresponding survival time in months
was calculated. The 20™ percentile, for example, is interpreted as the 20% longest survivors,
i.e. when 80% have died, and was therefore classified as the best-case scenario. Contrary

to prior studies using this approach,'”'® we could not include the 10" percentile, as a 10%
survival probability in the Kaplan-Meier curve was not observed in the majority of years.
Therefore, we adjusted the percentiles to be able to estimate five survival scenarios as prior
research demonstrated that patients preferred to be informed using such scenarios.'* In
addition, subgroup analyses were performed based on treatment and histology (esophageal
only).

The estimated survival times of each scenario were plotted and a linear regression
line with 95% confidence intervals were fitted to the data points using the ggplot2 package
for R. Weighted least squares estimation was used to fit the regression line, where the num-
ber of patients per year of diagnosis was used as regression weight. We tested the slope for
significance (two-sided) and considered p<.05 as statistically significant. The slope reflected
the average change in months survival per year. Linear regression analysis was not perfor-
med for scenarios with less than four survival estimates. Trends in categorical variables over
time, e.g. frequency of treatments, were tested with the multinomial Cochran-Armitage

trend test.” All analyses were conducted with R studio version 4.0.3 and R version 3.6.1.
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Results

We identified 24,352 patients with non-metastatic esophageal cancer and 9,993 patients with
non-metastatic gastric cancer (Table 1). Median overall survival of patients with esophageal
cancer was 20.4 (95% CI: 19.9-20.8) months and for patients with gastric cancer was 20.1
(19.3-21.1) months (Supplementary Table 1).

Trends in treatment
For patients with esophageal cancer, the percentage of resections remained constant around
50% (p=.200), while the percentage of patients that received chemoradiotherapy increased
significantly from 3% in 2006 to 28% in 2020 (p<.001) (Figure 1). The percentage of patients
that received treatment without curative intent (p<.001) and best supportive care (p<.001)
decreased significantly 23% in 2006 to 12% and 15% percent for treatment without curative
potential and best supportive care, respectively. For patients with gastric cancer, the per-
centage of patients that underwent a resection (p=.300) or received no resection (p=.300)
remained constant around 65% and 35%, respectively, between 2006-2020 (Figure 1).
Among patients with esophageal cancer who underwent resection, the percentage
of patients who received neoadjuvant treatment increased from 21% in 2006 to 93% in 2020
(p<.001) (Supplementary Figure 1). Among patients with gastric cancer who underwent
a resection, the percentage of patients receiving neoadjuvant treatment (with or without
adjuvant treatment) increased from 8% in 2006 to 60% in 2020 (p<.001), and the percentage
of patients who underwent neo- and adjuvant treatment increased from 9% in 2006 to 36%
in 2020 (p<.001). The proportion male to female, median age, and proportion of different
histological subtypes remained constant over time (Supplementary Figure 2).

Trends of survival scenarios

Total population

All slopes of the survival scenarios for patients with esophageal or gastric cancer were signi-
ficantly positive (Figure 2; Table 2). For patients with esophageal cancer, on average survival
increased with 12.0, 1.5, 0.7, 0.4 and 0.2 months per year for the best-case (p20; until 2011
after which the p20 was not observed), upper-typical (p40; until 2018), median (p50), lo-
wer-typical (p60) and worst-case scenario (p80), respectively. For patients with gastric can-
cer, the survival time per year increased on average with 1.0, 0.5, 0.2 and 0.2 months for the
upper-typical (p40; until 2018), median (p50), lower-typical (p60) and worst-case scenario
(p80), respectively, while the best-case (p20) scenario did not significantly increase.
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Per treatment

For patients with esophageal or gastric cancer who underwent a resection, the best-case
scenario (p20) could not be calculated due to limited follow-up time. That is to say, the p20
percentile was not yet completed because these patients were still alive at the end of fol-
low-up. All other scenarios of resected patients improved significantly over time (Figure 2,
Table 2). For patients with esophageal cancer who underwent resection, on average the sur-
vival time increased by 7.5, 3.6, 1.7 and 0.6 months per year for the upper-typical (p40; until
2007), median (p50; until 2013), lower-typical (p60; until 2016) and worst-case scenario
(p80; until 2018), respectively. For patients with gastric cancer who underwent a resection
on average the survival time increased with 2.6, 1.3, 0.9 and 0.4 months per year for the up-
per-typical (p40; until 2008), median (p50; until 2015), lower-typical (p60; until 2017) and
worst-case scenario (p80; until 2018), respectively. For patients with esophageal cancer who
received chemoradiotherapy, the median (p50) significantly increased on average with 0.4
months per year between 2006 and 2020, whereas the other scenarios remained unchanged.
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Table 1. Patient and tumor characteristics at primary diagnosis. NOS = none otherwise specified.

Eesophagus (N=24,352) Stomach (N=9,993)
Squamous cell carci-
All Adenocarcinoma noma
Sex
Male 17,704 (72.7%) 13,910 (79.3%) 3,449 (54.8%) 5,972 (59.8%)
Female 6,648 (27.3%) 3,625 (20.7%) 2,849 (45.2%) 4,021 (40.2%)
Age
Mean (SD) 69.4 (11.0) 69.2 (11.2) 69.6 (10.2) 72.2 (12.6)
Histological subtype
Adenocarcinoma 17,535 (72.0%) - - 9,723 (97.3%)
Squamous cell arcinoma 6,298 (25.9%) - - 10 (0.1%)
Carcinoma NOS 519 (2.1%) - - 260 (2.6%)
Treatment
No resection - - - 3,361 (33.6%)
Best supportive care 3,794 (15.6%) 2,458 (14.0%) 1,112 (17.7%) -
Treatment without curative
potential 3,942 (16.2%) 2,470 (14.1%) 1,347 (21.4%) =
Chemoradiotherapy 3,997 (16.4%) 2,148 (12.2%) 1,790 (28.4%) -
Resection 12,619 (51.8%) 10,459 (59.6%) 2,049 (32.5%) 6,632 (66.4%)
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(A) Esophageal cancer

100 -
75~
. Best supportive care
50- . Treatment without curative potential
. Chemoradiotherapy
. Resection
25-
0-

20‘06 20‘07 20‘08 20‘09 20‘10 20‘11 20‘12 20‘13 20‘14 20‘15 20‘16 20‘17 20‘18 20‘19 20‘20

(B) Gastric cancer

100~
32 %135 %34 %fa7 9|85 %36 9|35 32 %f32 %J20 %36 of33 %31 %lag o2 %
. No resection
. Resection
68 %65 %66 %63 96d65 %64 %f65 %68 %|68 %|70 Hlss opf67 %69 %les of"T %

2006 2007 2008 2009 20‘10 20‘11 20‘12 20‘13 20‘14 20I1S 20‘16 20‘17 2(;18 20‘19 20‘20

Figure 1. Treatment of patients with non-metastatic esophageal (A) and gastric cancer (B) by inci-
dence year.
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(A) Esophageal cancer (all patients)
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Figure 2. Trends of survival scenarios for patients with esophageal (A,C,E) and gastric cancer
(B,D), stratified by primary tumor location and treatment. Regression lines and confidence inter-
vals were only estimated for scenarios with at least four observations. EC = Esophageal cancer, GC =

Gastric cancer. * p<.05, ** p<.01, *** <.001.
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Table 2. Survival scenarios of patients with esophageal or gastric cancer diagnosed between 2006 and
2020 with slope estimates and 95% CI of the trend lines, stratified to primary tumor location and treat-
ment. The slope reflects the average number of months change in survival per incidence year.

Esophageal cancer

Observed oS oS Slope (95% CI) p-value
until (months), (months),
2006 Last obser-
ved year

Total population (N) N=24,352

p20 2011 64 114 12.04 (7.99-16.09) .004
p40 2018 20 36 1.51 (1.25-1.77) <.001
p50 2020 14 23 0.72 (0.59-0.85) <.001
p60 2020 10 16 0.36 (0.27-0.45) <.001
p80 2020 5 7 0.20 (0.16-0.24) <.001
Resection (N) N=12,619
p20 A A
p40 2007 47 83 7.45 (5.73-9.17) <.001
p50 2013 31 57 3.56 (2.67-4.45) <.001
p60 2016 22 43 1.68 (1.37-1.99) <.001
p80 2018 10 18 0.56 (0.44-0.68) <.001
Chemoradiotherapy (N) N=3997
p20 2017 24 45 -0.93 (-2.01-0.15) 122
p40 2019 17 33 0.53 (0.05-1.01) .053
p50 2020 15 23 0.35 (0.06-0.64) .032
p60 2020 12 17 0.21 (-0.02-0.44) .088
p80 2020 8 10 0.07 (-0.1-0.24) 402

A The 20" percentile was not observed.® Slope was not estimatedsince less han four years were observed. - Group was not analyzed

as chemoradiotherapy is not a treatment with curative potential in gastric cancer.
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Table 2 (Continued). Survival scenarios of patients with esophageal or gastric cancer diagnosed
between 2006 and 2020 with slope estimates and 95% CI of the trend lines, stratified to primary tumor
location and treatment. The slope reflects the average number of months change in survival per inci-

dence year.
Gastric cancer
Observed until (6N (6N Slope (95% CI) p-value
(months), (months),
2006 Last obser-
ved year

Total population (N) N=9,993

p20 2012 93 105 3.64 (-0.27-7.55) 127
p40 2018 25 46 1.03 (0.70-1.36) <.001
p50 2020 18 24 0.46 (0.27-0.65) <.001
p60 2020 11 18 0.23 (0.12-0.34) <.001
p80 2020 3 7 0.16 (0.10-0.22) <.001
Resection (N) N=6,632
p20 B B
p40 2008 50 66 2.62(1.13-4.11) .009
p50 2015 31 51 1.27 (0.75-1.79) .001
p60 2017 23 40 0.88 (0.51-1.25) <.001
p80 2018 8 16 0.44 (0.35-0.53) <.001
Chemoradiotherapy (N)
p20 - - -
p40 = - -
p50 - - -
p60 = - -
p80 - - -

A The 20™ percentile was not observed.® Slope was not estimatedsince less han four years were observed. - Group was not analyzed

as chemoradiotherapy is not a treatment with curative potential in gastric cancer.
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Per histological subtype

All survival scenarios increased significantly for all patients with esophageal adenocarcino-
ma and squamous cell carcinoma. For patients with an adenocarcinoma an average increase
of 12.2, 1.6, 0.8, 0.5 and 0.3 months per year for best-case (p20; until 2011), upper-typical
(p40; until 2018), median (p50; until 2019), lower-typical (p60) and worst-case scenario
(p80) was, respectively (Supplementary Table 2, Figure 3). For patient with a squamous cell
carcinoma an average increase of 7.5, 1.4, 0.7, 0.3 and 0.1 months per year was for the best-
case (p20; until 2013), upper-typical (p40; until 2019), median (p50), lower-typical (p60)
and worst-case scenario (p80), respectively.

Esophageal cancer by histological subtype and treatment

Supplementary Table 2 displays all slope estimates of patients with esophageal cancer by
histological subtype and treatment. For patients with esophageal cancer who underwent re-
section, all survival scenarios for adenocarcinomas and squamous cell carcinomas increased
significantly (Figure 3). For patients with esophageal adenocarcinoma receiving chemora-
diotherapy, all scenarios but the best-case (p20) scenario and the worst-case scenarios (p80)
increased significantly. For patients with esophageal squamous cell carcinoma who received
chemoradiotherapy the upper-typical (p40), and lower-typical (p60) scenarios increased
significantly.

Esophageal and gastric adenocarcinoma by Lauren classification subtype

For patients with Lauren intestinal and diffuse esophageal adenocarcinoma all scenarios
increased significantly (Supplementary Table 3; Figure 4). Among patients with gastric
intestinal adenocarcinoma all but the best-case scenario (p20) increased significantly over
time, and for patients with diffuse gastric adenocarcinomas only the upper-typical (p40) and
lower-typical (p60) scenarios increased significantly annually.
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Figure 3. Trends of survival scenarios for patients with esophageal cancer, stratified to patients
who received a resection (C,D) and chemoradiation (E,F), and patients with squamous cell
carcinoma (A, C, E) and adenocarcinoma (B, D, F). ESCC = Esophageal squamous cell carcinoma,
EAC = Esophageal adenocarcinoma. Regression lines and confidence interval were only estimated for
scenarios that had minimally four observations. * p<.05, ** p<.01, *** <.001
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(A) EAC intestinal type

(B) EAC diffuse type
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Figure 4. Trends of survival scenarios for patients with esophageal (A, B) and gastric adenocarci-
noma (C, D), stratified by Lauren classification diffuse (B, D) and intestinal type (A, C). Regression
lines and confidence interval were only estimated for scenarios that had minimally four observations. *

p<.05, ** p<.01, *** <.001. EAC=Esophageal

64

adenocarcinoma, GAC=Gastric adenocarcinoma.



Trends in best-case, typical and worst-case survival scenarios

Discussion

This study showed that survival for almost all patients with non-metastatic esophageal and
gastric cancer improved significantly between 2006 and 2020. Besides the median overall
survival improvements reported in earlier population-based studies,>*'*'®**a minimal volu-
me standard of 10 oesophagectomies per year was introduced in 2006. For gastrectomy, no
minimal volume standard was set. Aims of this study were to describe changes in hospital
volumes, mortality and survival and to explore if high hospital volume is associated with
better outcomes after oesophagectomy and gastrectomy in the Netherlands. Methods: From
1989 to 2009, 24,246 patients underwent oesophagectomy (N = 10,025 this study showed
that survival of nearly all patients increased over the past 15 years.

Aforementioned treatment advances for patients with non-metastatic esophageal
or gastric cancer could explain the observed survival improvements. Additionally, the obli-
gatory Dutch Upper Gastrointestinal Cancer Audit (DUCA) was introduced in 2011 and led
to improvements in post-operative outcomes for patients with esophagogastric cancer.'>*
Although no clear survival improvements were observed in survival in and around any spe-
cific years in addition to the already existing trends, it is nevertheless likely that treatment
advances have contributed to the increasing survival trends.

The largest survival benefits were observed in the best-case and upper-typical
scenarios, whereas the smallest survival benefits were observed in the worst-case and
lower-typical scenarios. This suggests that treatment advances over past years have mainly
affected the survival prospects of the best patients. This could potentially be explained by
patient and tumor related factors. Patients with a better performance status generally have
a better prognosis.”” For example, patients with gastric cancer with better performance
statuses are more likely to continue with adjuvant treatment."*oxaliplatin and docetaxel In
the current study, the proportion of patients who continued with adjuvant treatment after
neoadjuvant treatment increased over the years, which may explain the increasing trends
in survival. Additionally, tumor biology may also play a role.” Tumors that already res-
pond well to a certain type of treatment might respond better to a treatment that has been
further improved than a tumor that was resistant already from the very start.*® Therefore, the
best-case scenarios (p20) may be characterized by patients in good physical condition with
tumors that respond well to treatment. The generally increasing survival trends could also
be explained by stage migration due to improved diagnostic techniques, such as high-qua-
lity Positron Emission Tomography-Computed Tomography (PET-CT).* Due to these
improved techniques, more patients over time are diagnosed with a locally advanced or
metastatic disease at diagnosis, through which survival of the best-case scenarios improved
over time.

Among different histological subtypes according to Lauren classification for pa-
tients with esophageal adenocarcinoma, all scenarios of both intestinal and diffuse aden-
ocarcinomas improved significantly over time. Among patients with diffuse and intestinal
gastric adenocarcinoma, although most scenarios increased, the best-case scenarios did
not increase over time. Survival of the median scenario (p50) for patients with diffuse type
adenocarcinomas also did not increase over time. Despite this, the overall survival of the
best-case scenarios were substantially higher compared to other scenarios. These results
are in line with earlier findings that show increasing survival trends among intestinal and
diffuse type esophageal adenocarcinomas and slower increasing survival trends for intestinal
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and diffuse type gastric adenocarcinomas.”* What is more, although the trends of survival
scenarios were relatively similar between diffuse and intestinal type, survival of patients
with intestinal type adenocarcinomas was generally higher than patients with intestinal type
adenocarcinomas.

Whereas nearly all best-case (p20) scenarios increased, the best-case scenario
of patients with esophageal cancer who received chemoradiotherapy (without resection)
remained constant. The proportion of patients that received chemoradiotherapy increased
from 3% in 2006 to 28% in 2020. A proportion of patients who previously would not have
received treatment with curative intent, probably received chemoradiotherapy in later years,
thereby decreasing the overall level of fitness of patients receiving chemoradiotherapy over
time. The increasing number of patients who receive chemoradiotherapy may be explained
by the introduction of definitive chemoradiotherapy for medically inoperable patients or
patients who do not wish to undergo a resection, or by patients that received neoadjuvant
chemoradiotherapy not followed by a resection.’** Over time more than 75% of patients
were treated with definitive chemoradiotherapy.® Additionally, median overall survival of
patients that had no treatment with curative intent (9.7 months) or received best supportive
care (3.4 months) was substantially lower compared to patients that received chemora-
diotherapy (19.1 months). Hence, it may be the case that the proportion of patients who
received chemoradiotherapy with poor survival prospects due to their physical condition
increased over time resulting constant survival trend of the best-case scenario.

In general, the results showed a survival benefit for almost all patients. Results from
these analyses can be used by clinicians to communicate life expectancy to patients beyond
the median survival estimates reported in clinical trials and population-based studies.'®"
Such information can be used complementary to the use of individualized clinical predic-
tion models such as the SOURCE model which also takes patient, tumor and treatment
information into account.?”**however, have mostly been developed for survival prediction
after surgery (ie, when treatment has already been completed Whereas prediction models
estimate the predicted probability of surviving a given amount of time, the survival scena-
rios provide a bandwidth of the survival. Together these information sources can provide
patients a realistic expectancy of their survival.

This study has a number of strengths. Population-based data was used, which
contains a more representative patient sample from the daily clinical practice compared to
patients in clinical trials. Compared to previous studies investigating survival scenarios,"” "
we used linear regression with weighted least squared estimation to investigate general trend
over time rather than comparing estimates. Weighted least squared estimation corrects
for changing number of observations in later incidence years, compared to ordinary least
squares which attributed equal weights to all data points. This study also has a few limita-
tions. Firstly, due to the follow-up time, the upper 20" percentile best-case scenario was
frequently not observed beyond 2011. Secondly, point estimates should be interpreted with
caution as variance around the regression line showed considerable variability in certain
scenarios. Thirdly, data performance status and comorbidities were not available for a large
part of the population before 2015, and therefore trends among these characteristics could
not be tested. Finally, as it was required to recode TNM 7% and 8™ edition into the 6™ edition
and only potentially curable patients were to be included, we excluded all cT4 tumors as
the TNM 6" edition had no cT4b for patients with esophageal cancer. Sensitivity analyses
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revealed that the effects of excluding these patients was very small and did not change the
conclusions from this study.

Conclusion

Our study showed that for almost all patients with non-metastatic esophageal and gastric
cancer survival improved over the past 15 years, with the largest survival improvements for
patients with the best prognosis.
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Supplementary Table 1. Median survival (months) with 95% confidence intervals of included pa-

tients.
Esophagus Stomach
All Adenocarcinoma  Squamouscell carcinoma
All patients 204 (19.9-20.8)  22.5(21.9-232)  16.3 (15.4-17) 20.1 (19.3-21.1)
Resection 52.5(50.1-54.7) 515 (49.1-54.1)  55.3 (50.7-63.6) 43.8 (41.7-46.8)
Chemoradiotherapy 19.1(18.2-20.1)  16.9 (16.2-18) 23.1 (21.3-24.9) -

Treatment without cura-

tive potential
Best supportive care

No resection

9.7 (9.4-10)

3.4 (3.2-3.5)

9.9 (9.6-10.5)

3.9 (3.7-4.3)

9.2 (8.7-9.7)

2.6 (2.3-3)

4.5 (4.2-4.9)
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Supplementary Table 2. Survival scenarios of patients with esophageal adenocarcinoma and squa-

mous cell carcinoma between 2006 and 2020.

Esophageal squamous cell carcinoma

Observed until  OS (months), OS (months), Last ob- Slope (95% CI) p-value
2006 served year

Total population

(N) N=6,298

p20 2013 42 80 7.54 (4.60-10.48) .002

p40 2019 17 35 1.38 (1.15-1.61) <.001

p50 2020 11 20 0.69 (0.57-0.81) <.001

p60 2020 8 14 0.34 (0.21-0.47) <.001

p80 2020 5 6 0.10 (0.05-0.15) <.001

Resection (N) N=2,049

p20 A A A

p40 2013 35 72 9.51 (5.99-13.03) .002

p50 2015 25 57 4.73 (3.29-6.17) <.001

p60 2017 19 55 2.71 (2.24-3.18) <.001

p8O 2020 9 15 1.02 (0.83-1.21) <.001
N=1,790

p20 2015 51 72 -0.91 (-3.69-1.87) 537

p40 2018 22 36 0.98 (0.34-1.62) .012

p50 2019 20 32 0.57 (-0.01-1.15) .078

p60 2020 18 22 0.35 (0.05-0.65) .042

p80 2020 15 12 0.24 (0.00-0.48) .072

A The 20™ percentile was not observed.
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Supplementary Table 2 (Continued). Survival scenarios of patients with esophageal adenocarcinoma
and squamous cell carcinoma between 2006 and 2020.

Esophageal adenocarcinoma

Observed  OS (months), OS (months), Last ob- Slope (95% CI) p-value

until 2006 served year
Total population (N) N=17,535
p20 2011 74 126 12.19 (7.69-16.69)  .006
p40 2018 23 40 1.59 (1.27-1.91) <.001
p50 2019 16 27 0.81 (0.68-0.94) <.001
p60 2020 11 18 0.51 (0.42-0.60) <.001
p80 2020 5 8 0.27 (0.21-0.33) <.001
Resection (N) N=10,495
p20 A A A
p40 2013 48 87 7.35 (5.72-8.98) <.001
p50 2017 33 59 2.89 (1.84-3.94) <.001
p60 2018 23 40 1.32 (0.90-1.74) <.001
p80 2020 10 18 0.52 (0.40-0.64) <.001
Chemoradiotherapy
N) N=2,148
p20 2018 20 42 0.67 (-0.35-1.69) 226
p40 2019 15 29 0.48 (0.07-0.89) .042
p50 2020 12 20 0.40 (0.18-0.62) .002
p60 2020 11 16 0.22 (0.04-0.40) .036
p80 2020 6 9 0.08 (-0.10-0.26) 397

A4 The 20" percentile was not observed.
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Supplementary Table 3. Survival scenarios of patients with esophageal adenocarcinoma intestinal and

diffuse type 2006 and 2020.
Esophageal cancer
Observed until 0OS Slope (95% CI) p-value
(months), (months),
2006 Last obser-
ved year

Intestinal type (N) N=10,715
p20 2011 78 124 11.88 (4.60-19.16) .003
p40 2017 24 52 2.16 (1.73-2.59) <.001
p50 2018 16 33 1.24 (0.99-1.49) <.001
p60 2019 12 25 0.88 (0.72-1.04) <.001
p80 2020 5 10 0.39(0.31-0.47) <.001
Diftuse type (N) N=2,613
p20 2016 29 43 5.5(2.08-8.92) .014
p40 2019 17 22 0.36 (0.13-0.59) .008
p50 2020 12 16 0.3 (0.19-0.41) <.001
p60 2020 9 13 0.29 (0.18-0.40) <.001
p80 2020 4 7 0.18 (0.09-0.27) .002
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Supplementary Table 3 (Continued). Survival scenarios of patients with esophageal adenocarcinoma
intestinal and diffuse type 2006 and 2020.

Observed until ~ OS (months), OS (months), Slope (95% CI) p-value
2006 Last observed
year

Intestinal type (N) N=4,165

p20 2011 107 111 1.95 (0.54-3.36) 073

p50 2018 22 46 1.03 (0.41-1.65) .007

p80 2020 4 10 0.47 (0.37-0.57) <.001

Diffuse type (N) N=3,517

p20 2012 64 80 4.88 (-4.03-13.79) .537

p50 2020 12 19 0.30 (-0.01-0.61) .078

P80 2020 2 6 0.19 (0.08-0.30) .072

N
N



Trends in best-case, typical and worst-case survival scenarios

Supplementary Table 4. Sensitivity analysis of survival scenarios of patients with esophageal or gas-
tric cancer diagnosed between 2006 and 2020 with excluded c¢T4b patients.

Esophageal cancer

Observed  OS (months), OS (months), Slope (95% CI) p-value
until 2006 Last observed
year
Total population (N) N=25,400
p20 2011 55 113 12.45 (8.83-16.07) .003
p40 2018 18 35 1.5 (1.25-1.75) <.001
p50 2020 13 23 0.7 (0.58-0.82) <.001
p60 2020 9 15 0.4 (0.30-0.5) <.001
p80 2020 4 7 0.17 (0.13-0.21) <.001
Resection (N) N=12,760
p20 A A
p40 2007 45 83 8.03 (6.26-9.8) <.001
p50 2013 29 57 3.72 (2.85-4.59) <.001
p60 2016 21 43 1.76 (1.43-2.09) <.001
p80 2018 10 18 0.57 (0.45-0.69) <.001
Chemoradiotherapy (N) N=4,237
p20 2017 69 45 -1.26 (-2.17--0.35) .022
p40 2019 18 33 0.51 (0.03-0.99) .057
p50 2020 16 23 0.28 (-0.01-0.57) .076
p60 2020 13 17 0.16 (-0.06-0.38) 184
p80 2020 8 10 0.06 (-0.1-0.22) .507

A The 20™ percentile was not observed.
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Supplementary Table 4 (Continued ). Sensitivity analysis of survival scenarios of patients with esop-
hageal or gastric cancer diagnosed between 2006 and 2020 with excluded cT4b patients.

Observed until (o OS (months), Slope (95% CI) p-value
(months), Last observed
2006 year

Total population (N) N=10,763

p20 2012 81 100 5.21 (2.40-8.02) .015

p50 2020 15 23 0.63 (0.39-0.87) <.001

p80 2020 3 6 0.11 (0.05-0.17) .002

Resection (N) N=6,881

p20 B B

p50 2015 28 49 2.79 (1.29-4.29) .006

p80 2018 8 16 0.92 (0.58-1.26) <.001

Chemoradiotherapy (N)

p20 - - -

p50 - - -

p80 - - -

B Slope was not estimated since less than four years were observed.
- Group was not analyzed as chemoradiotherapy is not a treatment with curative potential in gastric
cancer

~
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Trends in best-case, typical and worst-case survival scenarios

Supplementary Table 5. Sensitivity analysis of survival scenarios of patients with esophageal adeno-

carcinoma and squamous cell carcinoma between 2006 and 2020 with excluded cT4b patients.

Esophageal adenocarcinoma

Observed (oN OS (months), Slope (95% CI) p-value
until (months), Last observed
2006
Total population (N) N=17,891
p20 2011 69 124 12.85 (9.27-16.43) .002
p40 2018 21 40 1.59 (1.28-1.9) <.001
p50 2019 15 24 0.84 (0.69-0.99) <.001
p60 2020 10 17 0.53 (0.43-0.63) <.001
p80 2020 5 8 0.27 (0.21-0.33) <.001
Resection (N) N=10,536
p20 A A A
p40 2013 47 87 7.52 (5.82-9.22) <.001
p50 2017 31 59 2.99 (1.92-4.06) <.001
p60 2018 23 40 1.33 (0.91-1.75) <.001
p80 2020 10 18 0.54 (0.42-0.66) <.001
Chemoradiotherapy (N) N=2,199
p20 2018 19 42 0.58 (-0.45-1.61) 295
p40 2019 15 29 0.48 (0.07-0.89) .044
p50 2020 12 22 0.41 (0.2-0.62) 002
p60 2020 11 16 0.19 (0.02-0.36) .040
p80 2020 8 9 0.00 (-0.16-0.16) 992

A The 20™ percentile was not observed.
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Supplementary Table 5 (Continued). Sensitivity analysis of survival scenarios of patients with esop-

hageal adenocarcinoma and squamous cell carcinoma between 2006 and 2020 with excluded c¢T4b

patients.

Esophageal squamous cell carcinoma

Observed until OS (months), Slope (95% CI) p-value
(months), Last observed

Total population (N) N=6,952
p20 2013 38 78 7.19 (4.62-9.76) .002
p40 2019 15 33 1.31 (1.11-1.51) <.001
p50 2020 10 17 0.54 (0.39-0.69) <.001
p60 2020 7 12 0.28 (0.17-0.39) <.001
p80 2020 4 5 0.11 (0.08-0.14) <.001
Resection (N) N=2,111
p20 A A A
p40 2013 34 78 2.48 (-33.01-37.97) 913
p50 2015 24 57 8.75 (4.91-12.59) .004
p60 2017 18 55 4.95 (3.61-6.29) <.001
p80 2020 9 14 2.80 (2.31-3.29) <.001
Chemoradiotherapy (N) N=1,975
p20 2015 172 71 -3.24 (-7.2-0.72) .148
p40 2018 26 35 0.7 (0.12-1.28) .039
p50 2019 23 23 0.4 (0.01-0.79) .063
p60 2020 18 22 0.33 (0.02-0.64) .053
p80 2020 14 11 0.15 (-0.03-0.33) 120

A The 20" percentile was not observed.
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Trends in best-case, typical and worst-case survival scenarios

Supplementary Table 6. Sensitivity analysis of survival scenarios of patients with esophageal adeno-
carcinoma intestinal and diffuse type 2006 and 2020 with excluded cT4b patients.

Esophageal cancer

Observed OS (months), OS (months), Last Slope (95% CI) p-value
until 2006 observed year

Intestinal type (N) N=10,900
p20 2011 73 121 11.82 (4.78-18.86)  .003
p40 2017 23 52 2.14 (1.78-2.5) <.001
p50 2018 16 33 1.25(1.01-1.49) <.001
p60 2019 11 25 0.90 (0.74-1.06) <.001
p80 2020 5 10 0.40 (0.32-0.48) <.001
Diftuse type (N) N=2,690
p20 2016 29 43 5.39 (2.65-8.13) .003
p40 2019 14 22 0.38 (0.16-0.6) .006
p50 2020 11 16 0.29 (0.17-0.41) <.001
p60 2020 8 12 0.29 (0.18-0.4) <.001
p80 2020 4 7 0.17 (0.08-0.26) .002
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Supplementary Table 6 (Continued). Sensitivity analysis of survival scenarios of patients with esop-
hageal adenocarcinoma intestinal and diffuse type 2006 and 2020 with excluded cT4b patients.

Observed until OS (months), 2006  OS (months), Last observed Slope (95% CI) p-value

year

N=4,488

2011 94 109 3.51(0.91-6.11) 077

2018 20 32 1.33 (0.79-1.87) <.001

2020 3 19 0.40 (0.31-0.49) <.001

N=3,789

2012 47 58 2.09 (-3.21-7.39) 470

2020 11 19 0.42 (0.21-0.63) .002

2020 2 6 0.21 (0.11-0.31) .002

x®
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Trends in best-case, typical and worst-case survival scenarios

Esophageal cancer Gastric cancer
(A) Neoadjuvant treatment (p<.001) (B) Neoadjuvant treatment (p<.001)
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Supplementary Figure 1. Proportion of patients with esophageal cancer (left) and gastric cancer
(right) who underwent resection and recived neoadjuvant and adjuvant treatment. P-values of the
Cochrane-Armitage test are between parentheses.
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Esophageal cancer
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Supplementary Figure 2. Baseline characteristics of patients over time of patients with esophageal

cancer (left) and gastric cancer (right).
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Abstract

Background. Conditional relative survival is useful for communicating prognosis to pa-
tients as it provides an estimate of the life expectancy after having already survived a certain
time after treatment. This study estimates the three year relative survival conditional on
having survived a certain period for patients with esophageal or gastric cancer.

Methods. Patients with non-metastatic esophageal or gastric cancer diagnosed between
2006-2020 treated with curative intent (resection with or without (neo)adjuvant therapy,

or chemoradiotherapy) were selected from the Netherlands Cancer Registry. Conditional
relative survival was calculated since resection or last day of chemoradiotherapy.

Results. The probability of surviving an additional three years (i.e. three year conditional
relative survival), if the patients survived 1,3 and 5 years after diagnosis was 62%, 79%, 87%
and 69%, 84%, 90% for esophageal and gastric cancer, respectively. The three year conditi-
onal relative survival after having survived 3 years for patients with esophageal cancer who
underwent a resection (n=12,204) was 91%, 88%, 77% and 60% for pathological stage 0, I, I
and III, and for patients with esophageal cancer who received chemoradiotherapy (n=4,158)
was 51% and 66% for clinical stage IT and III, respectively. The three year conditional relative
survival after having survived after having survived 3 years for patients with gastric cancer
who underwent a resection (n=6,531) was 99%, 90%, 73% and 59% for pathological stage 0,
L, II and III, respectively.

Conclusion. Despite poor prognosis of patients with esophageal or gastric cancer, life
expectancy increases substantially after patients have survived several years after treatment.
This study provides valuable information for communication of prognosis to patients during
follow-up after treatment.
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Conditional relative survival in non-metastatic esophagogastric cancer

Introduction

Esophageal and gastric cancer are the sixth and third common cause of death from cancer
worldwide, respectively.! In the Netherlands, annually approximately 3000 patients are di-
agnosed with esophageal cancer (including gastroesophageal junction cancer) and approxi-
mately 1100 with gastric cancer.” In the Netherlands, survival of patients with esophageal
and gastric cancer has improved due to novel treatment options, centralization of surgery
and installment of an obligatory national surgical audit.** The introduction of neoadjuvant
chemoradiotherapy improved survival in esophageal cancer and neoadjuvant chemothera-
py improved survival in gastric cancer.>*® ' Improved survival was also observed due to a
reduction in complications and an improvement in quality of surgery after centralization of
esophageal and gastric cancer (annual minimum of 20 esophagectomies and gastrectomies
per hospital) and the installment of the Dutch Upper GI Cancer Audit (DUCA).*&7> !

For patients with esophageal cancer in the curative setting, chemoradiotherapy followed by
surgery is the standard of care and recently adjuvant nivolumab is recommended in case of
an incomplete response.*'2 For patients with esophageal cancer, definitive chemoradiothe-
rapy is an alternative treatment option for patients with poor functional status, unwilling
to undergo surgery or who have an inoperable tumor."'* Approximately 50% and 70% of
patients with non-metastatic esophageal and gastric cancer receive endoscopic or surgical
resection, respectively.”” Use of definitive chemoradiotherapy has increased over the years
and approximately 20% of patients with non-metastatic esophageal cancer receive this type
of treatment.'> '

Five-year survival of patients with esophageal or gastric cancer receiving treatment
with curative intent is under 50%.>!” These survival estimates are informative at diagno-
sis but become less relevant over time as prognosis changes for patients still alive after the
initial years since diagnosis. In such instances, conditional survival is more meaningful as
conditional survival estimates the survival of patients given the fact that patients have al-
ready survived a time period after diagnosis. Conditional survival is defined as the probabi-
lity of surviving an additional number of y years on the condition that a patient has already
survived x years." Conditional relative survival estimates are also corrected for the expected
survival of the general population. Previous studies in esophagogastric have focused on the
conditional survival instead of the conditional relative survival and therefore these estimates
are not corrected for other causes of death other than cancer."”* Physicians can use condi-
tional relative survival rates in communication with patients during follow-up about their
current life expectancy.

The aim of this study was to provide insights in the three year conditional relative
survival of patients with non-metastatic esophageal or gastric cancer after treatment with
curative intent. Additionally, separate analyses were performed for two periods (2006-2012
and 2013-2020) to investigate change in survival over time as survival in esophageal or gas-
tric cancer has improved.
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Methods

Study population

Patients diagnosed with non-metastatic esophageal (C15.0-C15.9), gastroesophageal junc-
tion/cardia (C16.0) or gastric cancer (C16.1-C16.9) who received endoscopic or surgical
resection or chemoradiotherapy (esophageal or junctional cancer only) diagnosed between
2006-2020 were selected from the Netherlands Cancer Registry (NCR).” The NCR contains
all diagnosed malignancies in the Netherlands and is notified by the national automated
pathology archive. Specially trained employees routinely extract information on diagnosis,
tumor stage and treatment from medical records. Information on vital status was obtained
through annual linkage with the Dutch Personal Records Database and updated until Febru-
ary 1, 2022.

Tumors were staged according to the sixth (2006-2009), seventh (2010-2016) and
eight (2017-2020) edition of the Union for International Cancer Control (UICC) TNM
classification.?**¢ Patients with gastroesophageal junction/cardia cancer were classified as
esophageal cancer. All patients with non-metastatic disease (cM0) were included. Additio-
nally, patients with cM1a stage according to TNM-6 were included, as most patients with a
MIa stage had a distal tumor with coeliac lymph nodes which is considered <N+ instead of
cM1 according to TNM-7 and TNM-8. Patients with pM1 stage were considered as having
metastatic disease and excluded from the analysis (n=203 and n=272 for esophageal and
gastric cancer, respectively) (Supplementary figure 1). As tumor stage classification was
vastly different in TNM-7 and -8 compared to -6, tumor stage was recoded according to
TNM-6. For patients who underwent surgery, pathological stage of the resection specimen
was noted if available, otherwise the clinical stage was used. A pTONOMO or pTONXMO sta-
ge was classified as a complete pathological response (stage 0). For patients with esophageal
cancer receiving chemoradiotherapy the clinical tumor stage was noted as classification of
the pathological tumor stage based on the resection specimen is impossible.

Statistical analysis

Patient and tumor characteristics were displayed with frequencies and percentages for
categorical variables, or median and interquartile range for continuous variables. Relative
survival (with 95% confidence intervals) was calculated since end of treatment (resection or
last day of chemoradiotherapy) using life tables of the general Dutch population matched by
age, sex and calendar year with the Ederer II method.” The Ederer II method estimates rela-
tive survival by comparing survival estimates from patients included in the study to survival
estimates of the general population with comparable demographic characteristics (age, sex,
and calendar year).” Conditional relative survival is defined as the probability of surviving
an additional y years on the condition that the patient has survived x years, corrected for the
expected survival of the general population.?® The conditional relative survival is calculated
as , where S(x) is the relative survival at time x. Conditional three year relative survival was
calculated from 0 to 10 years after treatment (i.e. the probability of surviving an additional 3
years) in half-year intervals as previously described.?®* First, the three year relative sur-
vival was calculated and for each half year interval after this date (i.e. 0.5, 1.0, 1.5, up until
10 years), three year relative survival was calculated for patients still alive at the specific
time points. Conditional three year relative survival analyses were performed separately for
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patients with esophageal and gastric cancer. Analyses were stratified by treatment and tumor
stage. For analyses stratified by (clinical or pathological) tumor stage, analyses for patients
with an unknown tumor stage (n=441) were not performed due to irrelevance for the clini-
cal practice. To calculate conditional survival a minimum of 25 patients for each (half) year
of follow-up was deemed necessary.

If resection date was missing, the average time from diagnosis until resection
(separately calculated with or without neoadjuvant therapy when applicable) was subtracted
from the follow-up time to estimate survival time (n=47). If last day of chemoradiotherapy
was missing and start date was available, average time of duration of chemoradiotherapy
used to estimate last day of chemoradiotherapy (n=1027). If both start and end date of che-
moradiotherapy were missing, the average time from diagnosis until last day of chemoradi-
otherapy used to estimate last day of chemoradiotherapy (n=70). Patients who died within
the adjusted time interval were excluded (n=23) (Supplementary figure 1).

Separate analyses of the relative and conditional three year relative survival were
performed for two periods (2006-2012 and 2013-2020) to investigate change in survival over
time. In all analyses non-overlapping 95% confidence intervals were judged as statistically
significant. All analyses were performed using STATA/SE version 17.0 (StataCorp, College
Station, Texas, USA).
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Results

We included 16,362 and 6,531 patients with esophageal and gastric cancer, respectively
(Supplementary figure 1, Table 1). In patients with esophageal cancer, 12,204 patients un-
derwent resection and 4,158 patients received chemoradiotherapy not followed by resection.
The three year relative survival since end of treatment was 52% and 58% for all patients

with esophageal and gastric cancer (Supplementary table 1). The three year relative survival
significantly increased from the period 2006-2012 to the period 2013-2020 from 50% to
53% and 56% to 61% for esophageal and gastric cancer, respectively (Supplementary table

1, Figure 1). For patients with esophageal cancer who underwent surgery, the three year
relative survival between 2006-2012 was 55% for all stages and 72%, 82%, 54% and 27% for
stage 0, stage I, stage II and stage III, respectively (Supplementary table 1, Figure 2A). For
patients with esophageal cancer who received chemoradiotherapy, the 3 year relative sur-
vival between 2006-2012 was 27% for all stages and 33% and 22% for stage II and stage III,
respectively (Figure 2B). For gastric cancer, the three year relative survival between 2006-
2012 was 56% for all stages and 93%, 81%, 50% and 25% for stage 0, stage I, stage II, stage
II1, respectively (Figure 2C). For patients with esophageal cancer who underwent surgery,
the three year relative survival between 2013-2020 was 61% for all stages and 72%, 82%,
54% and 27% for stage 0, stage I, stage I and stage III, respectively (Supplementary table 1,
Figure 2A). For patients with esophageal cancer who received chemoradiotherapy, the 3 year
relative survival between 2013-2020 was 32% for all stages and 37% and 26% for stage II and
stage I1I, respectively (Figure 2B). For gastric cancer, the three year relative survival between
2013-2020 was 61% for all stages and 100%, 83%, 55% and 27% for stage 0, stage I, stage II,

stage I11, respectively (Figure 2C).
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Table 1. Baseline characteristics of patients stratified by primary tumor location.

Esophageal cancer

Gastric cancer

Age (years), median (IQR)
Sex, n (%)
Male
Female
Primary tumor location n (%)
Esophageal

Gastroesophageal junction/Cardia

N=16,362
67.0 (60.0-73.0)

12,377 (75.6)
3,985 (24.4)

13,681 (83.6)
2,681 (16.4)
0(0.0)

N=6,531
71.0 (62.0-78.0)

4,035 (61.8)
2,496 (38.2)

0 (0.0)
0 (0.0)
6,531 (100.0)

Gastric
Histology n (%
gyn (%) 12,160 (74.3) 6,480 (99.2)
Adenocarcinoma
4,031 (24.6) 10 (0.2)
Squamous cell carcinoma
171 (1.0) 41(0.6)
Carcinoma NOS
Type of treatment n (%
4 N 1,414 (8.6) 217 (3.3)
Endoscopic resection
10,790 (65.9) 6,314 (96.7)
Surgical resection
2,060 (19.5) 3,108 (49.7)
N dj t th
© (neo)adjuvant therapy 7,817 (73.8) 1,240 (19.8)
Neoadjuvant therapy onl
g rapy oy 686 (6.5) 1,765 (28.2)
Neoadjuvant and adjuvant therapy 26(02) 144 (2.3)
Adjuvant therapy onl
o Py omy 4,158 (25.4) -
Chemoradiotherap¥ . . .
Clinical tumor stage for patients receiving chemoradiotherapy, n
%
) 39(0.9)
1
1,743 (41.9)
II
2,043 (49.1)
1II
333 (8.0)
Unknown
Pathological tumor stage for patients who underwent resection,
n (%)1
& 1,721 (14.1) 229 (3.5)
0 (complete response
(complete response) 2,768 (22.7) 2,786 (42.7)
1
4,575 (37.5) 1,638 (25.1)
II
3,081 (25.2) 1,353 (20.7)
111
v - 476 (7.3)
59 (0.5) 49 (0.8)
Unknown

'Clinical tumor stage instead of pathological tumor stage was used for 203 (1.2%) and 52 (0.8%) pa-

tients with esophageal and gastric cancer, respectively. NOS: not otherwise specified
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(A) Esophageal cancer
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Figure 1. Relative survival with 95% confidence interval of all patients with esophageal (A) or gastric
(B) cancer stratified for the period2006-2012 and 2013-2020.
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Figure 2. Relative survival of patients with esophageal cancer who underwent resection (A), patients
with esophageal cancer receiving chemoradiotherapy (B) and patients with gastric cancer who under-
went resection (C) cancer stratified by pathological or clinical tumor stage and the period 2006-2012
and 2013-2020. Patients with an unknown tumor stage were excluded.
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Esophageal cancer
The probability of surviving an additional three years (i.e. three year conditional relative
survival), if patients with esophageal cancer survived 1 year after treatment was 62% and in-
creased thereafter to 79% 87% and 93% if patients survived 3, 5 and 10 years after treatment
(Table 2, Figure 3A). Between the period 2006-2012 and 2013-2020, the three year relative
survival conditional on having survived 1 year (61% versus 62%), 3 years (79% versus 79%)
and 5 years (87% versus 87%) was similar, respectively (Table 2, Supplementary figure 1A).
Conditional relative survival estimates stratified by age and histology are available in Supple-
mentary table 2 and 3.
In patients who underwent surgery, the three year conditional relative survival if patients
survived 3 years after treatment was 91%, 88%, 77% and 60% for pathological stage 0 (com-
plete response), stage I, stage II and stage III, respectively (Table 2, Figure 4A).

In patients who received chemoradiotherapy, the three year conditional relative
survival if patients survived 3 years after treatment was 51% and 66% for clinical tumor
stage II and III, respectively (Table 2, Figure 4B).

Gastric cancer
The probability of surviving an additional three years (i.e. three year conditional relative sur-
vival), if patients with gastric cancer survived 1 year after treatment was 68% and increased
to 83%, 90% and 95% if patients survived 3, 5 and 10 years after treatment, respectively
(Table 2, Figure 3B). Between the period 2006-2012 and 2013-2020, the three year relative
survival conditional on having survived 1 year (67% versus 69%), 3 years (83% versus 84%)
and 5 years (91% versus 90%) was similar, respectively (Table 2, Supplementary figure 1B).
Conditional relative survival estimates stratified by age is available in Supplementary table 2.
The three year conditional relative survival if patients survived 3 years after tre-
atment was 99%, 90%, 73% and 59% in for pathological stage 0, stage I, stage II and stage
II1, respectively (Table 2, Figure 4C). For pathological stage IV, the three year conditional
relative survival if patients survived 1 year after treatment was 19%.
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(A) Esophageal cancer (B) Gastric cancer
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Figure 3. Conditional 3-year relative survival with 95% confidence interval for every year survived for
patients with esophageal (A) and gastric cancer (B)
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Figure 4. Conditional 3-year relative survival with 95% confidence interval for every year survived for
patients with esophageal cancer who underwent resection (A), patients with esophageal cancer recei-
ving chemoradiotherapy (B) and patients with gastric cancer who underwent resection (C) stratified
by pathological or clinical tumor stage. Patients with an unknown tumor stage were excluded.
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Discussion

This study in esophageal and gastric cancer shows that the three year conditional relative
survival on having survived additional years after treatment improves over time. The proba-
bility of surviving the next three years for patients with non-metastatic disease who already
survived three years after treatment with curative intent was 79% and 83% for esophageal
and gastric cancer, respectively.

Three year conditional relative survival on having survived three years of patients
with esophageal cancer who underwent resection (81%) was higher compared to a previous
study of patients with esophageal cancer who received neoadjuvant chemoradiotherapy fol-
lowed by surgery reporting three year conditional survival of 70%."* In our study conditional
relative survival was calculated as compared to conditional survival, which could explain the
higher observed survival. Furthermore, a retrospective observational study in the United
States reported a five year conditional survival if patients survived 5 years after diagnosis
of 67% and 63% for patients with localized and regional esophageal cancer (independent
of treatment), respectively.” Our study included only patients who received treatment with
curative intent (resection or chemoradiotherapy) and reported the probability of surviving
an additional three years instead of an additional five years after having already survived
5 years, which probably explains the higher three year conditional relative survival after 5
years in our study (87%).

Surprisingly, for patients with esophageal cancer who received chemoradiotherapy
the probability of surviving an additional three years, if patients survived 3 years after treat-
ment was lower in clinical stage IT compared to clinical stage III disease (66% versus 51%).
There is a level of inaccuracy for clinical staging which could lead to misclassification of sta-
ge IT and III disease resulting in less accurate survival estimates.30-32 As patients receiving
chemoradiotherapy do not undergo resection, classification of the pathological tumor stage
based on the resection specimen is impossible.

Three year conditional relative survival on having survived one year after resection
for patients with gastric cancer (68%) was similar as compared to a previous study using
data from the Surveillance, Epidemiology, and End Results database to calculate conditional
survival in the United States (66%).* Another study in seven academic institutions in the
United States of patients with gastric cancer who underwent resection reported three year
conditional survival if patients survived 1, 3 and 5 years after treatment of 56%, 71% and
82%, respectively.” Estimates in our study were higher, with 68%, 83% and 90% three year
conditional relative survival if patients survived 1, 3 and 5 years after treatment, respectively,
which could be due to the fact that our study conditional relative survival was calculated as
compared to conditional survival.

Our results are relevant for the clinical practice to more accurately inform patients
with esophagogastric cancer of their life expectancy after treatment with curative intent,
as their prognosis clearly improves over time. Our results show that conditional relative
survival estimates increase up to 10 years after treatment for specific groups. The present
study reported an increase in survival after stratification for pathological or clinical tumor
for all stages conditional on having survived 1 year as compared to 3 and 5 years, with the
exception of stage IV non-metastatic gastric cancer as survival could not be calculated after
1 year due to limited sample size. In addition, for patients with stage II and III esophageal
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or gastric cancer, the three year conditional relative survival if patients survived 10 years (94
and 96%) after treatment was higher if survived five years (78 and 86%) after treatment.

The differences in conditional relative survival between the pathological stages
decreased over time, with three year conditional relative survival if survived five years excee-
ding >90% only for stage 0 and I, and if survived 10 years exceeding 90% across all stages for
esophageal and gastric cancer who underwent resection. Previous studies considered ‘sta-
tistical cure), the point after which no excess mortality is reported on-group level, when the
five year conditional relative survival exceeded 90% or 95%.%**** In our study we estimated
the three year conditional relative survival as prognosis of esophageal or gastric cancer is
poor. In patients with colorectal cancer who underwent resection statistical cure of >95%
for the 5-year conditional relative survival was previously reported in pathological stages
I-1IT within ten years.?” In our study, the three year conditional relative survival only reached
>95% for gastric cancer stage I (within conditional 1 year survived) and stage III (within 10
years survived) indicating that statistical cure of >95% is difficult to achieve in esophageal
and gastric cancer.

For both esophageal and gastric cancer, the three year relative survival improved
slightly between 2006-2012 and 2013-2020. However, the three year conditional relative
survival if patients survived 1, 3 and 5 years was similar between these two periods. This
indicates that survival has mainly improved in the first few years after treatment and more
patients will survive the first initial ‘crucial’ years after treatment. This could amongst other
be due to the reported decreased 30-day mortality after an esophagectomy (4.2% to 2.5%) or
gastrectomy (7.1% and 4.3%) between 2011-2018 in the Netherlands.’

Our study has several limitations. Firstly, information on disease recurrence is
not available in the NCR and prognosis after recurrence is poor. Secondly, risk factors for
esophagogastric cancer, i.e. smoking, alcohol and obesity, could affect the life expectancy
beyond the risk of developing esophagogastric cancer and therefore the relative survival
estimates could be overestimated as these were corrected for the general population. Thirdly,
due to potential misclassification of clinical stage I and III disease in esophageal cancer, the
results of patients receiving chemoradiotherapy stratified by stage should be interpreted with
caution. Lastly, all patients who received chemoradiotherapy were included as differentiation
between definitive chemoradiotherapy and neoadjuvant chemoradiotherapy not followed by
surgery was impossible.

In conclusion, this study reported three year conditional relative survival estimates
for patients with esophageal or gastric cancer who received treatment with curative intent.
Despite poor prognosis of patients with esophageal or gastric cancer, life expectancy incre-
ases substantially after patients having survived several years after treatment. This infor-
mation is useful to provide relevant prognosis to patients with esophageal or gastric cancer
during their follow-up trajectory after initial treatment.
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Supplementary table 1. Three year relative survival since end of treatment for esophageal and gastric
cancer stratified by pathological (resection) or clinical (chemoradiotherapy) tumor stage.

Number of 3 year relative survival rate,
patients % (95% CI)

Cancer type  Treatment Period Tumor stage
Esophageal =~ Resection or Chemo- 2006-2002  All stages 16,362 52 (51-52)
radiotherapy 2006-2012 Al stages 6,385 50 (49-51)
2013-2020  All stages 9,977 53 (51-54)
Resection 2006-2012  All stages 5,295 55 (53-56)
0 565 72 (68-76)
I 1,116 82 (79-85)
11 2,091 54 (52-56)
111 1,484 27 (25-30)
2013-2020 All stages 6,909 61 (60-63)
0 1,156 78 (75-80)
I 1,652 84 (82-86)
11 2,484 57 (55-59)
111 1,597 32(29-34)
Chemoradiotherapy =~ 2006-2012  All stages 1,090 27 (24-30)
1I 334 33 (28-39)
111 574 22 (19-26)
2013-2020 All stages 3,068 32 (30-34)
11 1,409 37 (34-40)
111 1,469 26 (24-29)
Gastric Resection 2006-2020 All stages 6,531 58 (57-60)
2006-2012 All stages 3,363 56 (54-58)
0 64 93 (82-99)
I 1,433 81 (78-83)
11 883 50 (47-54)
111 733 25 (21-28)
v 221 -
2013-2020  All stages 3,168 61 (59-63)
0 165 100 (94-103)
I 1,353 83 (80-86)
11 755 55 (51-59)
111 620 27 (23-31)
v 255 -
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Supplementary table 2. Three year conditional relative survival for esophageal and gastric cancer

stratified by age (< 65 and 265 years) and histology (esophageal cancer only; adenocarcinoma and

squamous cell carcinoma).

Number of Yearsalready survived, % (95% CI)

Cancer type ~ Age group patients 1 3 5 10

Esophageal <65 6,818 62 (61-63) 81 (79-82) 90 (88-91) 95 (92-97)
265 9,544 62 (60-63) 77 (75-78) 84 (81-86) 89 (82-95)

Gastric <65 1,958 67 (64-69) 80 (77-83) 89 (86-91) 95 (90-98)
265 4,573 68 (66-70) 85 (82-87) 92 (88-94) 95 (88-101)

Supplementary table 3. Three year conditional relative survival for esophageal cancer stratified histo-

logy (adenocarcinoma and squamous cell carcinoma).

Histology Number of  Years already survived, % (95% CI)
patients
1 3 5 10
Adenocarcinoma 12,160 62 (61-63) 79 (77-80) 88 (87-90) 94 (91-97)
Squamous cell carcinoma 4,031 61 (59-63) 78 (75-80) 83 (79-86) 87 (79-94)
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between 2006-2020

N=35,611

Patients diagnosed with non-
metastatic esophageal cancer

Excluded (n=12,718)

.

Patients who did not receive treatment with
curative intent (n=12,222)

Patients with pM1 stage (n=475)

Patients with unknown resection date who
died within the adjusted time interval (n=21)

Included patients

N=22,893

Esophageal cancer
N=16,362

Gastric cancer

N=6,531

Supplementary figure 1. Flowchart of patient selection.

(A) Esophageal cancer

> oo o =
TYTTTT

0.5
0.4
0.3
0.2

Conditional 3 Year Survival Proportion

0.1 T 1

Years

l— 2006-2012 — 2013-2020‘

(B) Gastric cancer

Conditional 3 Year Survival Proportion

N
o
|

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

0.1
0

Years

l— 2006-2012 — 2013—2020‘

Supplementary figure 2. Conditional 3 year relative survival with 95% confidence interval for every

year survived for patients with esophageal (A) and gastric cancer (B) stratified by period 2006-2012

and 2013-2020.
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Abstract

Objective. This study aimed to explore the real-world representativeness of a prospective
registry cohort with active accrual in oncology, applying a representativeness metric that is
novel to health care.

Methods. We used data from the Prospective Observational Cohort Study of Esopha-
geal-Gastric Cancer Patients (POCOP) registry and from the population-based Netherlands
Cancer Registry (NCR). We used Representativeness-indicators (R-indicators) and over-

all survival to investigate the degree to which the POCOP cohort and clinically relevant
subgroups were a representative sample compared to the NCR database. Calibration using
inverse propensity score weighting was applied to correct differences between POCOP and
NCR.

Results. The R-indicator of the entire POCOP registry was 0.72 95%CI[0.71, 0.73]. Rep-
resentativeness of palliative patients was higher than that of potentially curable patients
(R-indicator 0.88 [0.85, 0.90] and 0.70 [0.68, 0.71], respectively). Stratification to clinically
relevant subgroups based on treatment resulted in higher R-indicators of the respective sub-
groups. Both after stratification and calibration weighting survival estimates in the POCOP
registry were more similar to that in the NCR population.

Conclusion. This study demonstrated the assessment of real-world representativeness of
patients who participated in a prospective registry cohort and showed that real-world repre-
sentativeness improved when the variability in treatment was accounted for.
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Introduction

In oncological research, patient reported outcome measures (PROMs) are a popular method
to obtain quality of life and other self-report data from patients.'> When using PROMs,
patients are usually requested to complete (digital) questionnaires and data collection thus
relies on the active participation of patients. Consequently, some patients may be more
inclined to participate than others which could result in a selection bias.® For example,
patients with high age and higher levels of comorbidities in self-administered health-related
quality of life questionnaires may be less likely to participate.” Thus, the question arises to
what extent patients who are willing to fill out PROMs questionnaires accurately reflect the
real-world oncological patient.

Studies on the on the representativeness of prospective cohort studies that collect
PROM:s compared to the population are still scarce. Recently, a study was published inves-
tigating the representativeness of the Prospective Dutch Colorectal Cancer (PLCRC) cohort
with respect to the Dutch population of patients with colorectal cancer.® In this study, stan-
dardized mean differences (SMD) between the prospective cohort and population were used
to identify key differences between cohort and population. Although SMDs can provide
valuable insights into differences at the variable-level, it does not provide a single intuitive
metric capturing the representativeness of a sample. Moreover, because SMDs are calculated
for each variable separately, the relative effects of variables on the sample’s representativeness
cannot be explored.

The aim of this study was to apply and demonstrate the utility of a metric called Re-
presentativeness-indicators (R-indicators) for investigating the real-world representativeness
of prospective cohort studies to the field of oncology.’'2 R-indicators have attractive proper-
ties which enable researchers to express a sample’s representativeness with respect to the
population in a single, intuitive metric and allows for the examination of multiple variables
simultaneously which can be used to explore variables’ relative effect on the representative-
ness. To this end, we investigated the real-world representativeness of patients included in
the Prospective Observational Cohort Study of Esophageal-Gastric Cancer Patients (PO-
COP) with respect to the Dutch population of patients with esophagogastric cancer.”® Ad-
ditionally, we investigated if potential differences between prospective cohort registries and
the population could be corrected to produce externally valid results and conclusions.
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Methods

Study population
Data of all patients that were diagnosed between 2016 and 2021 with esophageal or gastric
cancer (including gastro-esophageal junction carcinoma) and participated in the POCOP
registry were used as the sample data. The methods of the POCOP registry have been repor-
ted elsewhere."* In short, patients are referred to the investigators of the project by someone
from the medical team. POCOP investigators then contact potential participants by phone
and send the questionnaire by mail or email. When patients provide written informed con-
sent, they are contacted telephonically, via mail or email, every three months during the first
year, twice in the second year and annually after that, to collect PROMs.

The reference population consisted of all patients diagnosed between 2016 and
2021 with primary esophageal or gastric cancer in the Netherlands. The data from these pa-
tients were obtained from the Netherlands Cancer Registry (NCR). The NCR is an annually
updated nation-wide database containing all patients diagnosed with cancer. Trained data
managers routinely extract information of the diagnosis, tumor stage and treatment from
patients’ electronic medical records and add this to the NCR. Identification is mainly based
on notification from the nationwide network and registry of histopathology and cytopa-
thology in the Netherlands (PALGA)." Patients in the NCR diagnosed in 2016 were staged
using TNM 7% edition, patients diagnosed between 2017-2021 were staged using the 8™
edition.!® Patients with TNM-staging based on the 8% edition were converted to the sta-
ging of the 7* edition to ensure uniformity of this variable in the analyses. Detailed clinical
disease (c-)stages (e.g. IA or IIIB) were simplified to 0, I, IL, III, IV, or X, which was then
used as categorical variable in all analyses. Finally, all clinical patient data was gathered from
the NCR database. By linking the POCOP registry to the NCR we identified which patients
participated in POCOP.

Coding and classifications

Patients were defined as either potentially curable (TNM classification cT , and cM,) or
palliative (cT,, or cM,). Primary tumor location was defined as stomach or esophagus.
Gastro-esophageal junction and cardia carcinomas was coded as esophageal carcinoma

if the patient underwent a esophagectomy and coded as gastric carcinoma if the patients
underwent a gastrectomy.

Treatments were defined for both the curative and palliative intent, e.g. chemotherapy (eit-
her adjuvant, neoadjuvant or palliative), (definitive) chemoradiotherapy and resection (see
Supplementary materials Table 1 for all treatments and frequencies). Definitive chemoradi-
otherapy and neoadjuvant chemoradiotherapy not followed by resection were distinguished
from each other based on the dose of radiation. Patients with a dose of 41.4 Gy or less not
followed by resection were assumed to have been treated with neoadjuvant chemoradiothe-
rapy. Patients with a doses higher than 41.4 Gy not followed by resection were assumed to
have been treated with definitive chemoradiotherapy.'”
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Real-word representativeness
We explored the real-world representativeness of the POCOP registry using the recently
developed representativeness indicators (R-indicators).’'? This method was developed by
the Dutch national bureau of statistics, Statistics Netherlands, and has attracted interest in
survey studies.'®® The R-indicator quantifies sample representativeness between 0 and 1,
with 0 indicating that the sample is not representative at all and 1 that the sample is comple-
tely representative for the reference population. The calculation of the R-indicator is based
on the variation (i.e. standard deviation) of the propensity that patients participate in the
prospective registry cohort, conditional on a set of covariates.

In this analysis using the POCOP registry, response propensities were estima-
ted using a multivariable logistic regression model with all available patient and tumor
characteristics as independent variables (treatment, sex, WHO performance status, stage,
morphology, age, number of comorbidities, and primary tumor location). In addition to
the R-indicator, the so-called partial R-indicators were calculated and reflect which variable
in the model contributed the most to the lack of representativeness. The R-indicators and
partial R-indicators of the entire POCOP sample with 95% confidence intervals (CI) and the
R-indicators for all clinically relevant groups were calculated using the R-indicators code for
R.2° By stratifying the analyses of R-indicators to potentially curable and palliative patients,
and treatment groups, we were able to observe if the real-world representativeness was con-
sistent across strata.

Adjusting for differences

In order to correct potential selection bias in the prospective registry cohort and subgroups
thereof, we used a calibration weighting (hereafter referred to as calibration) technique ba-
sed on the Inverse Propensity Weight (IPW). *! By calibrating the prospective registry cohort
to the target population, a pseudo-population is created from the prospective registry cohort
with which should more accurately reflect the population data. In this analysis, we calcula-
ted the IPW of being included in the POCOP registry with the same multivariable logistic
model to estimate the response propensities.

To investigate the degree to which calibration was successful in creating a pseudo
population which was better reflective of the NCR population data, we performed a sur-
vival analysis in which we constructed Kaplan-Meier (KM) curves of patients in the NCR,
POCOP and calibrated POCOP registry. This was performed for the POCOP registry as a
whole, and for the subgroups based on treatment intent. Bias was defined as the deviation
between the KM-curves of POCOP versus NCR data and calibration POCOP versus NCR
data, which was inspected visually. Additionally, median survival and 5-year overall survival
was calculated for all analyzed groups. All missing data on variables used in this study were
imputed using the random forest imputation implementation of the missForest package for
R, and the accompanying out-of-bag normalized root mean squared error (NRMSE) was
reported to the imputation error.” Values very close to zero indicate low imputation error.
All analyses were conducted in R version 4.1.0 and R studio version 4.0.3.
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Results

Patient population

In total, 2,702 patients were available from POCOP and 16,856 from the NCR (which inclu-
ded all POCOP patients) (Table 1); 65% of patients were treated with curative intent, while
35% of patients were treated with palliative intent (Table 2). The covariate balance after cali-
brating the POCOP database to the NCR can be found in Table 1. The out-of-bag NRMSE of
the imputation was 9.2*¥10°.

Real-world representativeness

Using the R-indicators, we observed that the R-indicator of the total, non-stratified POCOP
registry was 0.72 95%CI[0.71,0.73]. Stratified to treatment intent, the R-indicator was 0.88
[0.86, 0.90] for patients treated with palliative intent and 0.70 [0.68, 0.71] for patients treated
with curative intent.

Among patients with esophageal cancer treated with curative intent representati-
veness of the largest group, neoadjuvant chemoradiotherapy followed by a resection, was
0.88 [0.85, 0.92]. For patients who were treated with neoadjuvant chemoradiotherapy not
followed by resection representativeness was 0.80 [0.75, 0.86]. In smaller groups, represen-
tativeness was 0.90 [0.85, 0.94] for definitive chemoradiation; 1.00 [0.89, 1.00] for neoad-
juvant chemotherapy followed by resection (with or without adjuvant chemotherapy); 0.98
[0.98, 1.00] for other treatments; and 0.88 [0.85, 0.92] for endoscopic resection (Figure 1).
For patients with gastric cancer, representativeness of patients treated with neoadjuvant che-
motherapy followed by resection (with or without adjuvant chemotherapy) was 0.84 [0.79,
0.89], and 0.95 [0.89, 1.00] for patients that underwent a resection only (Figure 1).

Comparable representativeness estimates were found among patients with esopha-
geal cancer treated with palliative intent. In the largest group, patients treated with che-
motherapy or target therapy, representativeness was 0.91 [0.88, 0.94]. Patients treated with
chemoradiotherapy had a representativeness of 0.84 [0.76, 0.93]; 1.00 [0.97, 1.00] for radio-
therapy; and 1.00 [0.78, 1.00] for palliative resection + chemo(radio)therapy or radiothera-
py- Among patient with gastric cancer, only patients treated with chemotherapy or targeted
therapy was sufficiently large to compute representativeness which was 0.93 [0.88, 0.97].

Across the entire POCOP cohort and the curative and palliative subgroups, the
partial R-indicators showed that treatment contributed most to the degree of non-represen-
tativeness (Figure 2).
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Table 1. Descriptive statistics of the NCR population database, the POCOP database and calibrated
POCOP database. Calibrated POCOP refers to the POCOP database after Inverse Propensity Weigh-
ting calibration to the NCR population distributions.

NCR (N=16,856)

POCOP (N=2,706)

Calibrated POCOP

Treatment intent
Potentially curable
Palliative
Sex
Male
Female
WHO performance status
0
1
2
>2
Unknown

Stage

= W N

M/X
Histology

Adenocarcinoma

Squamous cell carcinoma

Other/not microscopically verified

Age
<49

50-59
60-69
70-79
> 80

Number of comorbidities
0

>1

10,966 (65.1%)
5,890 (34.9%)

11,883 (70.5%)
4,973 (29.5%)

5,228 (31.0%)
5,700 (33.8%)
1,707 (10.1%)
656 (3.9%)

3,565 (21.1%)

1,429 (8.5%)
2,771 (16.4%)
4,432 (26.3%)
6,742 (40.0%)
1,482 (8.8%)

13,342 (79.2%)

2,919 (17.3%)

595 (3.5%)

775 (4.6%)

2,199 (13.0%)
5,046 (29.9%)
5,880 (34.9%)
2,956 (17.5%)

8,085 (48.0%)
8,771 (52.0%)

2,197 (81.2%)
509 (18.8%)

2,064 (76.3%)
642 (23.7%)

1,330 (49.2%)
989 (36.5%)
126 (4.7%)

21 (0.8%)
240 (8.9%)

139 (5.1%)
570 (21.1%)
1,145 (42.3%)
768 (28.4%)
84 (3.1%)

2,217 (81.9%)

459 (17.0%)

30 (1.1%)

119 (4.4%)

449 (16.6%)
1,069 (39.5%)
916 (33.9%)
153 (5.7%)

1,557 (57.5%)
1,149 (42.5%)

10,907.4 (65.0%)
5,868.5 (35.0%)

11,626.0 (69.3%)
5,149.9 (30.7%)

5,289.6 (31.5%)
5,507.7 (32.8%)
2,271.2 (13.5%)
504.2 (3.0%)

3,203.2 (19.1%)

1,276.4 (7.6%)
2,771.9 (16.5%)
4,454.2 (26.6%)
6,905.7 (41.2%)
1,367.8 (8.2%)

13,231.5 (78.9%)

2,884.0 (17.2%)

660.4 (3.9%)

700.2 (4.2%)

2,245.3 (13.4%)
4,847.9 (28.%9)
6,129.7 (36.5%)
2,852.8 (17.0%)

8,181.4 (48.8)
8,594.5 (51.2)
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Table 2. Observed frequencies of patients’ treatments in the NCR and POCOP. CRT=neoadjuvant
chemoradiotherapy, nCT =neoadjuvant chemotherapy, CT=chemotherapy, RT=radiotherapy.

Treatment intent Treatment Tumor location NCR frequency POCOP frequency
Potentially curable ~ Definitive CRT Oesophagus 1276 (11.56%) 171 (6.7%)
Endoscopic resec- Oesophagus
tion 664 (6.02%) 26 (1.02%)
nCRT + resection Oesophagus 3018 (27.34%) 1145 (44.85%)
nCRT no resection  Oesophagus 892 (8.08%) 313 (12.26%)
nCT + resection (+- Oesophagus
adjuvant CT) 314 (2.84%) 78 (3.06%)
nCT + resection (+- Stomach
adjuvant CT) 1250 (11.32%) 288 (11.28%)
Other treatment Oesophagus 1201 (10.88%) 35 (1.37%)
Resection only Stomach 687 (6.22%) 52 (2.04%)
Palliative Chemoradiotherapy ~Oesophagus 318 (2.88%) 56 (2.19%)
Chemotherapy or Oesophagus
targeted therapy 2037 (18.45%) 249 (9.75%)
Chemotherapy or Stomach
targeted therapy 876 (7.94%) 70 (2.74%)
Palliative resection + ~Oesophagus
C(R)T or RT 97 (0.88%) 28 (1.1%)
Radiotherapy only ~ Oesophagus 962 (8.71%) 42 (1.65%)
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Curative treatment intent

\ Oesophagus Stomach
NnCRT + resection- N=J145 i i
NnCRT no resection- N =313, ‘ ‘
Definitive CRT- Ne |
nCT + resection (+— adjuvant CT)- '—N%‘n | =288 :
Resection only+ 1 | M
Other treatment- N335 i
Endoscopic resection- 'l%i«: ‘
06 08 1.0 06 0.8 1.0
R indicator
Palliative treatment intent
Oesophagus ‘ Stomach
N =249 i N =70 i
Chemotherapy or targeted therapy i —e—i
N =56 ! !
Chemoradiation —— ! !
N %42
Radiotherapy only —e !
_ ) N ; 28 ‘
Palliative resection + C(R)T or RT —_— !
06 0.8 1.0 0.6 08 1.0
R indicator

Figure 1. R-indicators of subgroups with curative and palliative treatment intent. Sample sizes of
the patients in POCOP in specific subgroups are reported. The dashed line indicates perfect represen-
tativeness. Horizontal bars represent the 95% confidence intervals of the R-indicators. nCRT=neoadju-
vant chemoradiotherapy, nCT=neoadjuvant chemotherapy, CT=chemotherapy, RT=radiotherapy.
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All patients
Tumor location —e— 0.005 (0.000,0.010)
Number of comorbidities —— 0.014 (0.009,0.020)
Age —e— 0.015 (0.010,0.019)
Histology —— 0.013 (0.009,0.016)
Stage —e— 0.017 (0.011,0.023)
WHO performance status —— 0.028 (0.023,0.033)
Sex —— 0.008 (0.003,0.013)
Treatment —— 0.076 (0.070,0.082)
0.000 0.025 0.050 0.075 0.100
Potentially curable
Tumor location HO— 0.003 (0.004,0.009)
Number of comorbidities — 0.016 (0.008,0.024)
Age —e— 0.016 (0.010,0.022)
Histology —— 0.013 (0.008,0.019)
Stage —e— 0.021 (0.015,0.028)
WHO performance status — 0.028 (0.021,0.035)
Sex — 0.012 (0.005,0.019)
Treatment — 0.074 (0.067,0.081)
0.000 0.025 0.050 0.075 0.100
Palliative
Tumor location —— 0.008 (0.002,0.015)
Number of comorbidities — 0.009 (0.002,0.016)
Age —e— 0.012 (0.006,0.018)
Histology —— 0.011 (0.006,0.016)
Stage | +—@— 0.005 (0.001,0.011)
WHO performance status — 0.024 (0.017,0.032)
Sex *— 0.001 (0.007,0.009)
Treatment — 0.038 (0.030,0.046)
0.000 0.025 0.050 0.075 0.100

Partial R-indicator (95%CI)
Figure 2. Partial R-indicators for all patients and stratified to treatment intent. Values should be

interpreted relative to each other. Higher values of the partial R-indicator correspond to a larger con-
tribution to non-representativeness due to that variable relative to the other variables.
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Calibration and survival
The Kaplan-Meier curves of all patients and conditioned on treatment intent are displayed
in Figure 3. Overall survival was higher for patients in POCOP compared to the NCR po-
pulation data. After calibration, upon visual inspection survival of patients in POCOP as a
whole was more alike the NCR population data. Survival curves of patients in the calibrated
POCOP and NCR conditioned on type of treatment are shown in Figure 4-5.

Median survival of the NCR, POCOP and calibrated POCOP was 19 [18, 20],
32 [31, 36], and 23 [20, 25] months, respectively. For potentially curable patients, median
survival of the NCR, POCOP and calibrated POCOP was 32 [30, 33], 43 [40, 47], and 36
[32, 42] months, respectively. For palliative patients, median survival of the NCR, POCOP
and calibrated POCOP was 9 [9, 9], 13 [11, 14], and 11 [10, 12] months. Median survival of
clinically relevant subgroups stratified to treatment can be found in Table 3.

The 5-year overall survival rates of patients in the NCR, POCOP and calibrated
POCOP were 26%, 36%, and 27%, respectively. For potentially curable patients in the NCR,
POCOP, and calibrated POCODP, the 5-year overall survival rates were 36%, 42% and 37%,
respectively. For palliative treated patients in the NCR, POCOP, and calibrated POCOP, the
5-year overall survival rates were 4%, 8% and 6%, respectively. The 5-year overall survival of
clinically relevant subgroups stratified to treatment can be found in Table 3.
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0.005 (0.000,0.010)
0.014 (0.009,0.020)
0.015 (0.010,0.019)
0.013 (0.009,0.016)
0.017 (0.011,0.023)
0.028 (0.023,0.033)

0.008 (0.003,0.013)

0.076 (0.070,0.082)

All patients
Tumor location —o—
Number of comorbidities ——
Age ——
Histology
Stage ——
WHO performance status ——
Sex
Treatment ——
0.000 0.025 0.050 0.075 0.100
Potentially curable
Tumor location —HO—
Number of comorbidities —
Age —
Histology ——
Stage —
WHO performance status —
Sex —
Treatment —
0.000 0.025 0.050 0.075 0.100
Palliative
Tumor location
Number of comorbidities
Age —
Histology
Stage ——
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Figure 3. Kaplan-Meier curves of the NCR (population), POCOP and calibrated POCOP for all pa-

tients.
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Table 3. Median overall survival (months) of patients in the NCR, POCOP and calibrated POCOP.
OS = Overall survival. nC(R)T=neoadjuvant chemo(radio)therapy, nCT =neoadjuvant chemotherapy,

CT=chemotherapy, RT=radiotherapy. - Not observed

NCR POCOP POCOP calibrated
Median OS  5-year Median OS  5-year OS  Median OS 5-year OS (%)
(months, (o (months, (%) (months,
95%CI) (%) 95%CI) 95%CI)

Potentially curable
Esophagus
nCRT + resection 48 [44,53]  45% 53[48,NA]  48% 54 [48,NA]  49%
nCRT no resection 16 [15,17]  15% 24 [20, 29] 23% 23 [18, 29] 22%
Other treatment 9[8,9] 3% 14 [8, 23] - 18 [10, 23] -
Definitive CRT 23[22,25] 22% 27 [23, 34] 18% 29 [25, 36] 19%
Endoscopic resection - 72% - 69% - 77%
nCT + resection (+- ad- 50 [40, NA] 48% - 54% - 51%
juvant CT]
Stomach
nCT + resection (+- ad- 58 [51,NA] 49% 55[43,NA] 49% 55 [43, NA] 49%
juvant CT]
Resection only 38 [32,45] 39% 39 [27,NA] 33% 42 [27,NA] 38%
Palliative
Esophagus
Radiotherapy only 5[5, 6] - 7[5, 10] - 6 (5, 10] -
Palliative resection + 28[23,42] 30% 41 [24,NA]  38% 41 [26, NA] 39%
C(R]T or RT
Chemoradiation 15[12,18]  12% 17[13,25]  10% 17 [14, 28] 12%
Chemotherapy or target- 10 [9, 10] 3% 12 [11, 14] 5% 12 [11, 14] 5%
ed therapy
Stomach
Chemotherapy or targe- 10 [9, 10] 3% 11 [9, 14] - 11 [9, 14] -

ted therapy
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Discussion

In this study we evaluated the representativeness of a prospective registry cohort for re-
al-world data in oncology, by applying a metric to quantify representativeness called R-indi-
cators for the first time in medical oncology, and the extent to which differences between the
patients included in the PROMs and population could be corrected to produce generalizable
estimates.

We found that subgroups stratified to treatment generally had a higher real-world
representativeness with respect to their respective target populations than the complete
unstratified prospective registry cohort (POCOP). This implies that accounting for the
variability of included treatments in the PROMs improved real-world representativeness of
the prospective registry cohort. This pattern was also observed in survival analyses in which
survival estimates from patients included in the prospective registry cohort were more simi-
lar to the target population in treatment-stratified samples. Therefore, although the varia-
bility of treatment may potentially introduce selection bias, the effects of selection bias can
be mitigated by accounting for treatment using stratification. This is an important finding
for other cancer types where treatment may also be a contributing factor in the selection
mechanism that determines willingness to participate in PROMs studies.

Another important finding from stratification of the prospective registry cohort to
clinically relevant groups was that lower inclusion rates of patients did not correspond with
lower real-world representativeness. For example, the real-world representativeness of palli-
ative patients was higher compared to potentially curable patients despite the inclusion rates
being lower. This implied that, insofar included patients on average resemble patients from
the real world, the absolute number of included patients does not matter. This confirms
previous findings that lower inclusion rates do not necessarily cause biased samples and is is
contradictory to what is speculated in published studies using similar PROMs data.'>**

In addition to the finding that stratification of the prospective registry cohort to cli-
nically relevant subgroups improved representativeness, our study also showed that calibra-
tion weighting can be used as an alternative to stratification to obtain generalizable estimates
from the PROM:s with respect to the population to a large extend. Stratification in combi-
nation with calibration weighting only marginally improved the estimates. The advantage
of using calibration weighting techniques is that it allows to control for multiple variables
without the need to creating subgroups, in contrast to stratification where the number of
strata increase exponentially as the number of variables to control for increase.”” However,

a disadvantage of weighting calibration is that is requires the population data in addition to
the prospective cohort data to be able to perform the calibration of the PROMs data to the
population, whereas stratification does not need these population data. Moreover, in some
instances the calibrated survival curve did not perfectly overlap with the population curve,
indicating that there still was some unobserved confounding for which we did not account.
Known factors that may induce non-representativeness in health related quality of life stu-
dies are physical condition and comorbidities; patients with better physical condition and fe-
wer comorbidities are more likely to participate.”**” However, the WHO performance status
and the number of comorbidities were included in the propensity model and are therefore
unlikely to explain the remaining non-correctable bias.

The R-indicator has shown potential to be able to estimate real-world represen-
tativeness of a prospective registry cohort. R-indicators can be intuitively interpreted as
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it expresses representativeness on the same scale (0-1) regardless of the type of variables
and the set of data that is used. It provides a good alternative to more classic methods such
as statistically testing observed frequencies of sample and population characteristics for
significance, which is influenced by samples sizes and does not provide an overall summary
statistic for the samples’ representativeness.”

Considerations

This study has a number of limitations. First, is the relatively small sample size of some of
the clinically relevant subgroups that leads to large confidence intervals of the R-indicator.
Larger samples of treatment groups are needed to be able to prove a more precise estimate
of the representativeness. A second limitation was that we could only estimate bias and
corrected bias of survival analyses rather than health related quality of life or other patient
reported outcomes. Health related quality of life measures were by definition only available
for patients actively participating in the POCOP registry and not for patients in the NCR.
However, built into the weighting calibration is that it increases covariate balance between
the NCR and POCOP patients by creating a pseudo population from the original POCOP
with properties that resemble the population from which it borrowed information. By
analyzing this pseudo population (or calibrated sample) generalizability to the total popula-
tion is increased.”*" Therefore, an outcome such as survival can still provide information on
whether calibration can correct existing bias.

What is more, in the computation of the R-indicators there is an additional bias
correction because the R-indicator is inherently biased to be smaller than one since the
variance of the propensity scores is rarely zero. This bias is corrected through a built-in bias
correction of the software and explains why some R-indicators are exactly one.

Major strength of this study was that used data from a large prospective cohort
study and data from the reliable nationwide Netherlands Cancer Registry which includes
all diagnosed malignancies and is thus a very comprehensive population database, which
enabled us to make comparisons between the prospective registry cohort and the Dutch
population of patients with esophageal or gastric cancer.

Future perspectives

Given the advantages of R-indicators to express representativeness, future observational
and clinical studies could be evaluated and managed more structurally and more uniformly.
Additionally, real-world representativeness of PROMs registries could be improved by mo-
nitoring characteristics of included patients and adjusting inclusion strategies to reflect the
total population. Adjusting inclusion strategies to target such specific patient groups could
improve the real-world representativeness of PROMs registries. Finally, more research is
needed in other healthcare research settings to further investigate the suitability of prospec-
tive registry cohorts as real-world data.
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Conclusion

This study demonstrated the assessment of real-world representativeness of patients who
participated in a prospective registry cohort and showed that real-world representativeness
improved when the variability in treatment was accounted for. Moreover, this study demon-
strated the utility of representativeness indicators to explore real-world representativeness of
prospective registry cohort as well as calibration techniques and stratification to correct for
differences between the prospective registry cohort and the population.
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Chapter 5

Abstract

Background: Gastroesophageal cancer has a poor prognosis, and treatment significantly
impacts health-related quality of life (HRQoL). Accurate prediction of HRQoL changes after
treatment can support shared decision-making. This study aimed to develop and validate
HRQoL prediction models for patients with gastroesophageal cancer using established
risk-prediction models and a newly proposed sequential score model.

Methods: HRQoL data came from the Prospective Observational Cohort Study of Esop-
hageal-Gastric Cancer Patients registry, linked to the Netherlands Cancer Registry. The
EORTC-C30 functioning scales were used as outcomes. Risk-prediction models, based on
logistic elastic-net regression, estimated the probability of meaningful HRQoL deterioration
at 3, 6, and 12 months post-treatment. The sequential score model, using XGBoost regressi-
on, predicted the next HRQoL score at any time. Calibration curves and integrated calibrati-
on index (ICI) assessed predictive performance, with Brier scores for risk-prediction models
and root mean squared error plus Out-of-Sample r* for sequential models.

Results: Risk-prediction models showed strong performance (ICI: 0.03-0.08; Brier score:
0.09-0.17) for predicting significant deterioration in Summary Score, Physical Functioning,
and Fatigue, with good calibration. Sequential score models explained up to 40% of the
variance in HRQoL scores.

Conclusion: Both models effectively predicted HRQoL in gastroesophageal cancer patients,
demonstrating potential to enhance patient care and information sharing through accurate
prediction of HRQoL outcomes.
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Introduction

It is well established that treatment of gastroesophageal cancer can affect health-related qua-
lity of life (HRQoL) both positively as well as negatively.!> HRQoL is therefore an important
factor to consider when patients and caregivers make decisions about treatment strategies.
Clinical prediction models have the potential to support caregivers in providing personali-
zed information regarding treatment outcomes, which could help in the process of shared
decision making.**

Successful efforts to predict HRQoL have been made in colorectal cancer, cervical
cancer and breast cancer.”® These models are based on classical statistical models as well
as machine learning models to predict HRQoL at a fixed time horizon. However, no such
models are currently available for HRQoL prediction for patients with gastroesophageal
cancer.'”" Given the high variability of treatment outcomes in terms of survival across pa-
tients with this cancer type, a HRQoL prediction model with good predictive performance
could be valuable tool in proving treatment-related information.'>*?

The primary aim of this study was to develop models to predict post-treatment
HRQoL at the time of primary diagnosis for patients with gastroesophageal cancer. To
achieve this, we employed a well-established modeling methodology that has been suc-
cessfully used to assess the risk of significant HRQoL deterioration in colorectal cancer
patients. ® Given its strong predictive performance in the colorectal cancer context, this me-
thod was deemed an appropriate choice for gastroesophageal cancer data as well. However,
while this approach has demonstrated success, it is not without limitations. A key limitation
of this approach is that it simplifies the prediction process by focusing exclusively on risk
estimation of HRQoL deterioration, potentially overlooking important nuances in how
HRQoL evolves over time.

To address this, we introduce a novel modeling methodology in this study—the
sequential score model—which aims to predict HRQoL on a continuous time scale. Unlike
existing models, this approach offers the potential for more granular and dynamic predic-
tions of HRQoL progression over time. To our knowledge, this method has not yet been
applied in this field, but it holds promise as a more flexible and comprehensive tool for
estimating HRQoL after treatment onset.

Since HRQoL prediction in gastroesophageal cancer remains a relatively new field,
we conducted a comprehensive study to apply and evaluate two different modeling approa-
ches. Our aim is to explore the potential of these models to provide more accurate HRQoL
predictions for patients. By offering a quantitative assessment, these models can help pa-
tients better understand how their quality of life may be impacted after treatment. This study
follows the TRIPOD guidelines, ensuring transparent and rigorous reporting of multivaria-
ble prediction models for individual prognosis or diagnosis.**
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Methods

Patient population

We used data from 3,305 patients with malignant gastroesophageal cancer who were diag-
nosed between 2015-2021 in the Netherlands and participated in the Prospective Observati-
onal Cohort Study of Esophageal-Gastric Cancer Patients (POCOP). The POCOP study was
designed to register patients’ self-reported HRQoL before, during and after treatment and
was used for this study to obtain data on HRQoL. The complete methodology of POCOP is
described elsewhere," but in short, individuals involved in the project are directed to project
investigators by a member of the medical team. Subsequently, POCOP investigators reach
out to potential participants through phone calls and dispatch the questionnaire via mail

or email. Once patients provided written informed consent, they are contacted every three
months in the initial year, twice in the second year, and annually thereafter, through phone,
mail, or email, for the purpose of gathering patient-reported outcome measures.

The POCOP database is routinely linked to the population-based Netherlands
Cancer Registry (NCR) in order to obtain patients, tumor and treatment related informa-
tion. The NCR is a nationwide database that contains records of all individuals diagnosed
with a malignant form of cancer. Trained data managers routinely extract details such as
diagnosis, tumor stage, and treatment from the electronic medical records of patients, and
integrate this information into the NCR. The primary method of identification relies largely
on notifications received from the nationwide network and registry of histopathology and
cytopathology in the Netherlands (PALGA).

Patients with esophageal cancer (ICD-O-3 topography codes: C15.0-C15.9),
gastroesophageal junction/cardia (C16.0), and gastric cancer (C16.1-C16.9) were included
in this study. Gastroesophageal junction/cardia tumors were grouped together esophageal
cancer.

Health-related Quality of Life outcomes

The primary outcome for prediction were outcome scales of the EORTC QLQ-C30 ques-
tionnaire: global health status (GHS), physical functioning, role functioning, emotional
functioning, social functioning, nausea/vomiting, fatigue, pain, appetite loss, diarrhea,
dyspnea, constipation, insomnia and financial difficulties, as well as the summary score of
the QLQ-C30 which was calculated as average of the QLQ-C30 outcome scores, excluding
global health status and financial difficulties .'*** All items in the C30 questionnaire are sco-
red using a Likert scale, and linearly transformed to be scaled between 0-100. To promote
readability of the manuscript, we presented the results the GHS and Summary Score in the
main text given that these outcome reflect general HRQoL. Additionally, we present the best
performing subscales in the main text. Results from all other scales can be found in Supple-
mentary Figures 1-3.

Predictor variables

For the risk prediction model, we used a total of 78 candidate predictors known at baseline.
We used 15 clinical variables from the NCR: sex, age, height, weight, cT, cN, cM, performan-
ce status, tumor differentiation grade, hemoglobin (HB), albumin, lactic acid dehydrogenase
(LDH), creatinine, Lauren classification, tumor morphology and treatment (modeled as a

134



Predicting health-related quality of life for patients with gastroesophageal cancer

single categorical covariate). From POCOP, we used 63 variables: the baseline QLQ-C30 sca-
le scores, baseline EORTC QLQ-OG25 symptom scores, smoking cigarette/cigar/pipe, tube
feeding, drinking alcohol, education level, married, EuroQoL-5d scales, Worry of Progressi-
on Scale (WOPS) scores and Hospital Anxiety and Depression Scale (HADS) scale scores.

In addition to the abovementioned predictors, the responses to previous QLQ-C30
and QLQ-OG25 questionnaires, the time between questionnaires and the time between tre-
atment onset and previous questionnaires were also selected for the sequential score model.

Model pipeline and development

Two types of models were developed to make HRQoL predictions after treatment onset.
Although modelling and prediction of HRQoL was fundamentally different in each ap-
proach, the general pipeline and validation was similar. (Figure 1) The modelling details of
each approach are described below, but the pipeline can be summarized as follows. First,
candidate predictors with more than 50% of missing data were removed from the datas-

et, which resulted in the removal of tube feeding, smoking cigar, smoking pipe, drinking
alcohol, OG25 hair loss symptom scale, and the Worry Of Progression Scale. Any further
missing data were imputed using a random forest imputation or K-Nearest-Neighbors
imputation, except for the categorical variables tumor morphology, differentiation grade and
Lauren classification for which a category “unknown” was used as they were not assumed to
be missing at random."*? Models were trained on the complete dataset with feature selecti-
on and their performance was evaluated on the same data (complete model performance).
Using 10-fold internal-external cross-validation, in which all previous steps that were used
in model development on the complete were repeated in every fold to prohibit leakage and
optimism between train and test set, we tested our methodologies for potential overfitting
(internal-external performance). In Finally, both the apparent performance as well as the
internal-external performance were evaluated for all models.

Model development: Risk prediction

The primary aim of the risk prediction models was predicting the probability of experien-
cing a clinically meaningful deterioration in each of the sixteen QLQ-C30 outcomes at six
months and one year after treatment onset. To this end, we developed a total of 48 predic-
tion models, one for each of the sixteen outcomes for 3 months, 6 months and 12 months
after treatment onset.

First, for each patient, we determined the value of the outcome at three, six and
twelve months after start of treatment. It was required for each patient that they minimally
filled-in two questionnaires, one before start of treatment (with a margin of up to14 days
post-treatment) and one questionnaire around the prediction horizon (with a margin of +/-
30 days before and after the time horizon). At these time horizons, we determined if patients
experienced a clinically meaningful deteriorations compared to before start of treatment
using established cut-off points for small deteriorations (Supplementary Table 1).*!

Then, for each outcome and time horizon, we trained an elastic net logistic re-
gression model on the complete dataset, which resulted in a total of 48 models. Elastic net
regression is a method that shrinks non-informative model coefficients to zero and performs
variable selection, while being able to handle high dimensional and colinear data. Given the
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large number of candidate predictors (78) which may likely be highly colinear, elastic net
regression was the most fitting solution for model estimation and variable selection. In trai-
ning the model on all available data, the lambda parameter and mixing parameter required
to perform the elastic net regression were optimized using a nested repeated cross-validati-
on (Figure 1). All modeling steps (including handling of missing data) were repeated in the
10-fold cross-validation to obtain the internal-external validation performance.

Internal-external validation

l 10 Fold CV
I A
I I A B
L]
I I }—
10 Fold CV 10 Fold CV
R I A | R |
O] O]
L] L]
L] L]
° °
I I
Optimal hyper Optimal hyper
parameter parameter

Model creation Model creation

Fit on complete data | Fit on holdout set
—»{ Model performance

Figure 1. Modelling pipeline for the risk-prediction models and the sequential score prediction mo-
dels

136



Predicting health-related quality of life for patients with gastroesophageal cancer

Model development: Sequential score model

The sequential score model is designed to predict the next QLQ-C30 outcome, at any time
after treatment onset. A total of 16 models, one for each QLQ-C30 outcome, were develo-
ped using XGBoost, a tree boosting approach broadly known and used in the Data Science
community for achieving state-of-the-art performance, thanks to the sequential fitting of
trees on residuals.?”? Other key characteristics of XGBoost are the capability of handling high
dimensional data with missing input and to capture non-linearities.

For each patient, the values of the outcomes at each questionnaire were determin-
ed. The time difference between questionnaires and treatment onset had to be in the range
of 30 days to 1000 days. XGBoost regression models were trained, for each outcome, based
on all available variables at the time of the previous questionnaire plus the time between
questionnaires. Bayesian optimization was deployed to optimize the model parameters
(column subsample ratio, training instance subsample ratio, gamma, learning rate, maxi-
mum tree depth, minimum child weight, number of estimators, loss function, L1 regulari-
zation term and L2 regularization term) in a nested repeated cross-validation.” In addition
to XGBoost, an Elastic net regression model was trained for comparison. As Elastic net
requires data imputation, K-Nearest-Neighbors imputation was used for this purpose, while
this step was not required for XGBoost. The modeling strategy (Figure 1) was repeated in a
10-fold-cross-validation, where folds were selected based on patients rather than on questi-
onnaires to avoid data spilling between the training and the validation sets.

Model performance

For both modelling approaches, the apparent predictive performance and the internal-ex-
ternally validated performance was evaluated using calibration curves and the integrated
calibration index (ICE). For the risk prediction models, calibration curves were constructed
by directly plotting observed outcomes with predicted probabilities and fitting a smooth line
using LOESS regression with 95% confidence interval.** For the sequential model, calibra-
tion curves were constructed by dividing the predicted score values into 10 quantiles and
plotting the mean predicted values versus the mean observed scores. For the risk prediction
model the Brier score was calculated and the Root Mean Square Error (RMSE), Mean Ab-
solute Error (MAE) and out of sample r2 was calculated for the sequential model.>* Across
all analyses, an alpha level of 0.05 was maintained for statistical significance. R version 4.3.1
and Python version 3.12.1 were used for all analyses.

Predictor importance

For the risk-prediction model, feature importance was determined by the absolute value

of the standardized regression coeflicient. Larger values corresponded with larger feature
importance. Feature importance was determined for the complete models. For the sequenti-
al score model, the relative importance of each predictor can be determined by the XGBoost
gain and this was evaluated on the complete model.
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Results

Patient characteristics

In total, 3,305 patients were included in the dataset on which the prediction models were de-
veloped. Of all patients, 86% were diagnosed with esophageal cancer, of whom 89.2% were
diagnosed with non-metastatic disease and 10.8% with metastatic disease (Table 1). For
patients with gastric cancer, 85.6% were diagnosed with non-metastatic disease and 14.4%
with metastatic disease.

Risk prediction model

In total, 48 prediction models were developed for risk prediction of a significant deteriorati-
on at 3, 6 and 12 months after treatment onset (Supplementary Figure 1, 2, 3) for all patients
with gastroesophageal cancer. The risk prediction models for the GHS and Summary Score
can be found in Figure 2. For the GHS models, the ICI varied between 0.04-0.07 and the
Brier score 0.14-0.17. The internal-external cross-validation showed identical estimates
compared to the complete model (Figure 2). The GHS baseline feature was the most im-
portant feature in predicting the risk of a significant deterioration across all time horizons.
(Figure 4) For the 12-month model, the GHS baseline was the only feature that remained in
the model after feature selection.

For the models predicting significant deteriorations in the Summary Score across
all timepoints, the ICI of the complete model ranged between 0.05-0.08 and the Brier score
between 0.14-0.17. Results from internal-external cross validations showed nearly identi-
cal estimates as the complete model. The most important features predicting the risk of a
significant deterioration of the Summary Score were Social functioning, Constipation, and
Appetite loss for the 3, 6 and 12 months models, respectively (Figure 4).

Based on visual inspection of the calibration curves, we identified two outcomes
that showed particularly good calibration: physical functioning and fatigue across all time
horizons (Figure 3). Results of all other outcomes are shown in Supplementary Figure 1-3.
Generally, the other outcomes demonstrated suboptimal calibration and are likely not
useable for clinical practice. For Physical functioning the ICI varied between 0.03-0.07 and
the Brier score varied between 0.09-0.13. For Fatigue, the ICI varied between 0.03-0.06 and
the Brier score ranges from 0.14-0.15 across all time horizons. For both Physical functioning
and Fatigue the results from the internal-external cross validation were nearly identical to
the complete model. Both for Physical functioning and Fatigue the most important features
were the Physical functioning and Fatigue baseline questionnaires (Figure 5).
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Table 1. Characteristics of included patients.

2,799 506

S}

592 (21.2) 201 (39.7)

Weight (mean (SD)) 81.69 (16.21) 75.68 (15.12)

1 991 (39.1) 136 (31.4)

3 19 (0.7) 10 (2.3)

Tumor  morphology
(%) Adenocarcinoma 2239 (80.0) 504 (99.6)

Other or unknown 20(0.7) 2(04)

G2 1117 (39.9) 113 (22.3)

G4 5(0.2) 1(0.2)

Hemoglobin (mean (SD)) 9.86 (17.98) 7.74 (1.41)

Albumine (mean (SD)) 41.07 (21.07) 39.42 (17.44)

ct (%) 1 50 ( 1.8) 11(2.2)

3 1814 (64.8) 261 (51.6)

4B 44 (1.6) 27(5.3)

cn (%) 0 1023 (36.5) 277 (54.7)

2 603 (21.5) 82 (16.2)

X 31(1.1) 13(2.6)

13
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Table 1 (Continued). Characteristics of included patients.

0 2352 (84.0) 393 (77.7)

Treatment (%) Neoadjuvant chemoradio- 1317 (47.1) 66 (13.0)
therapy followed by resec-
tion

Neoadjuvant chemoradi- 423 (15.1) 1(0.2)
otherapy not followed by

resection

Neoadjuvant chemotherapy 107 ( 3.8) 115 (22.7)
followed by resection

Endoscopic resection 23(0.8) 5(1.0)

Radiotherapy 94 (3.4) 6(1.2)

Best supportive care 24 (0.9) 14 (2.8)
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Predicted Probability

Figure 2. Calibration of the risk-prediction models for the Summary Score and GHS at 3, 6, and 12

months.
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Figure 3. Calibration of the risk-prediction models for Fatigue and Physical functioning at 3, 6, and 12

months.
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Physical functioning: 3 months

Physical baseline 4
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Treatment: CRT 4
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Figure 5. Feature importance of the Physical functioning and Fatigue risk-prediction models. The list of displayed featured was truncated to show the top-
10 most important features. Larger values of the absolute standardized coefficients correspond to higher feature importance.
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Sequential score model
The results of the internal external cross-validations and full models of Summary, GHS,
Physical functioning and Fatigue are presented in Figure 6.

For the summary score, the RMSE was 9.9, the mean absolute error (MEA) was 7.1
and the 12 was 0.52. Across cross-validations the mean RMSE was 11.0, MAE was 7.9 and r2
was 0.41. The most important features in terms of relative importance were Summary score
at the previous questionnaire, Fatigue and Physical Functioning at baseline (Figure 7). For
the GHS, the RMSE was 14.0, the MAE was 10.3 and the 12 was 0.40. Across cross-valida-
tions the mean RMSE was 14.9, MAE was 11.0 and r2 was 0.35. GHS score at the previous
questionnaire, EQ5D6 and the summary score were the most important features in terms of
relative importance (Figure 7)

Based on the visual inspection of the calibration curves, it can also be observed
that, in line with the risk-prediction model, physical functioning and fatigue demonstrated
good calibration (Figure 6). For physical functioning, the RMSE was 12.8, the MAE was 8.9
and the 12 was 0.40. Across cross-validations the mean RMSE was 14.3, MAE was 9.9 and
r2 was 0.40. The most important features in terms of relative importance were the Physical
functioning score at the previous questionnaire, EQ5D1 and Physical functioning at baseline
(Figure 7). For the Fatigue score, the RMSE was 17.2, the MAE was 13.1 and the r2 was 0.45.
Across cross-validations the mean RMSE was 19.0, MAE was 14.4 and r2 was 0.35. Fatigue
score at the previous questionnaire, Summary and Role functioning showed the largest rela-
tive feature importance (Figure 7).

In Supplementary Figure 4, the calibration plots for all 16 outcomes, based on
XGboost trained on the full dataset, are shown. These plots reflect the results based on the
RMSE, MAE and r2 reported at the beginning of the section. Summary, Cognitive, Emoti-
onal, Financial and Physical score models appear to be well calibrated, especially for higher
scores where the largest part of the outcome distribution lies. Nausea-vomiting, Dyspnoea,
Insomnia, Constipation and Appetite loss did not show a good calibration, confirming pre-
vious results based on cross-validations. The results of the internal-external cross-validation
for each of the 16 outcomes can be seen in Supplementary Figure 5A-C. For the sequential
score model, XGBoost outperformed Elastic net in terms of RMSE, MAE and r2 for all six-
teen outcomes.
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Discussion

In this study we have presented a large number of models to predict health-related quality
of life after treatment at primary diagnosis. Using two methodically different approaches we
showed that we could successfully predict global health-related quality of life, as represented
by the GHS and Summary Score, as well as physical functioning and fatigue for patients
with gastroesophageal cancer.

Model performance

Both the risk-prediction and sequential score models demonstrated good predictive
performance for Summary Score, GHS, Physical Functioning, and Fatigue. Additionally,
the sequential model showed strong performance for Cognitive, Emotional, and Financial
difficulties. Brier scores indicated that the risk-prediction models outperformed random
chance, with good calibration and agreement between observed and predicted probabilities.
Prediction quality was consistent across time horizons (3 months to 1 year post-treatment).

The sequential model also showed good calibration, explaining up to 40% of the
variance (r*), but had a mean absolute error of 10-15 points, which corresponds to clinically
significant changes in health-related quality of life. Despite good calibration, reducing this
error may require modeling temporal variations throughout the patient journey, with future
research focusing on integrating history from both questionnaires and clinical variables, and
identifying additional predictive factors.

Results from internal-external validation of the risk-prediction model and the se-
quential score modeled indicated that there was relatively low overfitting of the models. The
risk-prediction models in particular had model performance estimates of the complete mo-
del that were very similar to the estimates from internal-external cross validations. This is
likely attributed to the elastic net modeling, which can handle a large number of (collinear)
variables without overfitting.® For the sequential score model, the complete model showed a
slightly better performance than the estimates of the internal-external cross validations. This
difference, in the order of 5% for MAE, indicates that there might be some low overfitting,
especially for the worst performing models. An explanation for this could lie on the tree-ba-
sed nature of XGBoost, that is designed to improve incrementally performance.

Predictive features

Across all models we observed that the most common and predictive features were the
baseline questionnaires or the previous questionnaires for the risk-prediction model and
sequential score model, respectively. Other predictive factors that were observed using
both methodologies included EORTC-C30 and OG25 baseline questionnaires, the Hospi-
tal Anxiety and Depression scale and the EQ5D questionnaire. However, there were also a
notable number of differences in the selected features in the risk prediction models and the
sequential score models. Clinical variables such as cT, cN, age, performance status, hemog-
lobin and creatinine and treatment, were selected in a number of risk-prediction models,
but none of the clinical variables except for treatment were selected in the sequential score
models. This may indicate that such clinical variables may be predictive of the risk of a
significant deterioration in health-related quality of life, but do not predict the score itself.

147



Chapter 5

A reason for this is that the clinical variables are measured at baseline only and not updated
when the following questionnaires are filled in, making them less predictive in the short
term for the sequential score.

Clinical implications

Since both global health-related quality of life and physical functioning and fatigue could

be modelled and predicted with two different methodical approaches, this provides further
evidence that the construct of health-related quality of life can be successfully predicted with
a combination of clinical information such as personal, tumor and treatment related factors
and baseline health-related quality of life factors. However, unlike results from health-re-
lated quality of life risk-prediction among colorectal cancer patients, our risk-prediction
model did not find good predictive performance across all EORT'C-C30 outcomes. It may be
the case that for these outcomes, despite the comprehensive predictor set, we did not have
the right predictors. The models predicting the Summary Score, GHS, Physical functioning,
and Fatigue, seem to have adequate performance metrics to be used in clinical practice as
the agreement between predicted and observed probabilities of a significant deterioration
was very close.

We are the first to predict a sequence of health-related quality of life scores. While
this needs improvement in terms of reducing prediction error, the methodology looks very
promising for future application. A sequential prediction model such as the one we have
developed exhibits several advantageous characteristics compared to conventional risk-pre-
diction models. One primary advantage is its ability to incorporate time as a continuous
predictor. Unlike the risk-prediction model that typically predicts risk at fixed time intervals
(e.g. three, six and twelve months post start of treatment), our sequential model allows pre-
diction at any desired time point. This flexibility enhances its utility by enabling predictions
at multiple time points of interest. With our sequential model, we can effectively model the
trajectory of health-related quality of life by predicting and plotting the predicted health-re-
lated quality of life score across various time intervals. This capability is particularly valuable
for patients as it provides a personalized prediction of their expected health-related quality
of life trajectory throughout and following treatment.

Considerations

It is important to consider some limitations of this study. First of all, due to the observa-
tional nature of the data, the models cannot be used to select a treatment which has the
lowest impact on health-related quality of life. Such a prediction would be a counterfactual
prediction and is currently impossible with the published models. Second, the data that
was selected for fitting the models should be extended to exploit their full potential. The
sequential score prediction model predicts the score of the next questionnaire based on the
last questionnaires and the clinical variables at baseline, but it would be recommendable to
collect clinical variables every time a new questionnaire is filled in. Finally, in the POCOP
data, there was a disproportional amount of patients diagnosed with non-metastatic cancer
as observed in the population. However, despite this discrepancy, an earlier study has shown
that when accounting for treatment, as we have done in this study, it has very little effect on
the real-world representativeness of findings obtained from POCOP data.”
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These limitations notwithstanding, we have demonstrated two methodologically
sound approaches which can be used to model and predict health-related quality of life and
could also be used in different cancer settings. Testing two approaches allowed for the trian-
gulation of evidence and given our findings that two approaches can both predict health-re-
lated quality of life, underscores the conclusion that health-related quality of life can in-fact
be predicted. With this knowledge, the challenge for researchers working in this field is to
find and refine predictive factors. Finally, in the future, it would be valuable if the presented
models could be externally validated on new patient cohorts from the POPCOP study or on
other external data from a similar population of patients.

Conclusion

This study successfully demonstrated that health-related quality of life for patients with
esophageal and gastric cancer can be predicted using both risk-prediction and sequenti-

al score models. The models performed in predicting global health-related quality of life,
Physical functioning and Fatigue. Our study highlights the promise of sequential prediction
models, which allow for continuous predictions over time, offering personalized insights
into patients’ HRQoL trajectories during and after treatment. This dual-method approach
underscores the robustness of HRQoL prediction and highlights the potential of HRQoL
prediction for improving of patient information and care.
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Supplementary Table 1. Cut-off scores used in the risk-prediction model to determine a clinically
meaningful deterioration in health-related quality of life.

GHS 5

EORTC C30: Nausea vomiting 5

EORTC C30: Dyspnea 5

EORTC C30: Appetite loss 2

EORTC C30: Diarrhoea 5

EORTC C30: Physical functioning 5

EORTC C30: Emotional functioning

EORTC C30: Social functioning
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significant deterioration.
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Abstract

Background: The single arm phase 2 DESTINY-Gastric02 (DG-02) study investigated Tras-
tuzumab Deruxtecan (T-DXd) as second-line therapy in Western patients with HER2-posi-
tive unresectable or metastatic gastric or gastro-esophageal junction (GE]) adenocarcinoma
who progressed during or after trastuzumab-based first-line therapy. The aim of the current
study was to compare patients in the DG-02 study to a real-world reference group of pa-
tients who received Ramucirumab and Paclitaxel (Ram+Pac) as second-line therapy.
Methods: Patients from DG-02 who received trastuzumab in a metastatic setting were
included (N=71/79). A comparable set of patients with HER2-positive esophageal, gastric or
GE]J adenocarcinoma who received trastuzumab in first-line and Ram+Pac in second-line
settings were identified from the Netherlands Cancer Registry (NCR) (N=120). Propensi-

ty score trimming and propensity score matching based on sex, age, WHO-performance
status, primary tumor location, BMI, renal function, number of metastatic sites, presence of
liver metastases, and duration of first-line therapy were used to select a reference group for
the DG-02 from patients in the NCR.

Results: The propensity score trimming resulted in exclusion of N=12 DG-02 and N=33
NCR patients. Thereafter, propensity score matching resulted in a balanced group of patients
from the NCR (N=78) and the DG-02 trial (N=58). Median overall survival was significantly
longer among patients treated with T-DXd (11.6 months (95%CI: 9.0-20.5)) compared to the
Ram+Pac reference group (6.2 months (95%CI: 4.5 - 10.0)) (p<0.0001).

Conclusions: Compared to patients with metastatic, trastuzumab-pretreated HER2-posi-
tive gastric or GEJ adenocarcinomas who received Ram+Pac, overall survival was better for
patients who received T-DXd as second-line therapy.
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Introduction

For patients with human epidermal growth factor receptor 2 (HER2) positive advanced
gastric or gastro-esophageal adenocarcinoma trastuzumab in combination with chemothe-
rapy is the advised first-line treatment according to European Society of Medical Oncology
(ESMO) guidelines.~* However, for second-line treatment, the strategy of continuation of
trastuzumab beyond progression has failed.** Therefore, the ESMO guidelines advise ramu-
cirumab plus paclitaxel (Ram+Pac), based on the RAINBOW study, as second-line systemic
therapy for patients with gastric or gastro-esophageal junction (GE]) adenocarcinomas,
irrespective of HER2 status.>® A subgroup analysis of the HER2-positive patients (N=39) of
the RAINBOW trial revealed that the median OS was 11.4 months for patients treated with
Ram+Pac compared to 7.0 months when treated with placebo plus paclitaxel.*

The randomized DESTINY-Gastric01 trial showed an improved median OS in
South Korean and Japanese patients with HER2-positive gastric or GE]J adenocarcinoma.
Patients treated with trastuzumab-deruxtecan (T-DXd) after at least two previous therapies
- including trastuzumab - had a median overall survival of 12.5 months compared to 8.4
months when treated with chemotherapy.” Additionally, the single-arm phase two DESTI-
NY-Gastric02 study investigated the efficacy and safety of T-DXd in Western patients and
showed a median OS of 12.1 months, with 42% complete or partial repsonses.® The currently
ongoing randomized global phase three DESTINY-Gastric04 study (NCT 04704934) com-
pares T-DXd with Ram+Pac, but survival outcomes of this study are not yet available.

Based on the results of the DESTINY-Gastric02 trial, T-DXd was approved by the
FDA for use in patients with locally advanced or metastatic HER2-positive gastric or GE]J
adenocarcinoma who have received a prior trastuzumab-based regimen.>® EMA approval
followed in November 2022, after results of the DESTINY-Gastric02 study were presented at
the ESMO conference of 2022.*

While awaiting the results of the DESTINY-Gastric04 study, the potential impact of
T-DXd use in second line for Western patients may already be estimated via comparison to
a similar cohort of patients treated with standard of care, using method of propensity score
matching. Although comparison with a propensity score-matched cohort does not reach the
scientific level of evidence of a prospective randomized study, propensity score matching can
support the estimate of causal effects for an observational study by reducing confounding
and bias. Therefore, the aim of this study was to compare OS between the patients included
in the DESTINY-Gastric02 study and a propensity score matched cohort of Western patients
who were treated with standard second-line systemic treatment of Ram+Pac.
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Methods

Study design

In this study data from the Netherlands Cancer Registry (NCR) were used to create a selecti-
on of patients that could serve as a real-world reference group and thereafter be compared
on overall survival with patients from the DESTINY-Gastric02 study. The NCR is a nati-
on-wide database containing all patients with diagnosed malignancies and covers the entire
Dutch population of almost 18 million people. Trained data managers routinely extract
information on patient, tumor and treatment characteristics directly from patients’ electro-
nic medical records and include these in the NCR.

Selection of patients

A total of 79 patients with unresectable or metastatic gastric or GEJ adenocarcinomas who
had confirmed HER?2 positive tumors after progression of disease during or after treatment
with a trastuzumab containing regimen were included in the single-arm DESTINY-Gas-
tric02 study and received T-DXd at 6.4 mg/kg every 3 weeks. Except for a small group of
DESTINY-Gastric02 patients who received a trastuzumab containing regimen in a non-me-
tastatic setting (N=8), for which no similar group was available from the NCR, all patients
from the DESTINY-Gastric02 study were included in the current study (N=71). Patients
from the DESTINY-Gastric02 study were enrolled in the United States (43%) and Western
European countries (57%, Great Britain, Belgium, Spain, Italy).

In the selection of patients from the NCR we kept as close as possible to the selec-
tion criteria of the DESTINY-Gastric02 study. Therefore, we included patients (N=120) with
synchronous metastatic HER2-positive adenocarcinomas of the esophagus, GEJ, or stomach,
who were diagnosed between 2014-2021 and received trastuzumab in first-line systemic
therapy and Ram+Pac as second-line systemic therapy. Data on patients with metachron-
ous metastatic HER2-positive adenocarcinomas was only limited available in the NCR and
therefore not included in the current study. As HER?2 testing is not routinely performed in
daily practice after progression on trastuzumab in first line, HER2 status was almost always
only known prior to start of first line treatment. To increase the number of patients from the
NCR, we included patients with esophageal adenocarcinomas, as a recent publication of our
group showed similar outcomes in patients with HER2 positive esophageal, GEJ/cardia and
gastric adenocarcinomas.' Similar outcomes between these groups were found in other stu-
dies with HER2 negative patients or patients not tested on HER2 status.11-12 After imputa-
tion of missing data, patients with ECOG performance status >2 prior to start of Ram+Pac
were excluded from the analysis (N=9). Figure 1 displays the complete patient inclusion
flowchart. Data of the NCR have been previously been used as matched control comparisons
in several other single arm studies.'*"'¢
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Variables and coding

To match the data of the DESTINY-Gastric02 study and the NCR we made use of the fol-
lowing variables: age, sex, ECOG performance status, primary tumor location, body mass
index (BMI), number of metastatic sites, presence of liver metastases, renal function, and
duration of first line therapy. Variables that could vary over time were collected prior to start
of second line therapy.

In the NCR, serum creatinine was available, whereas creatinine clearance was
used in the DESTINY-Gastric02 study. We used the Cockcroft-Gault equation to transform
serum creatinine into creatinine clearance.” After transformation, creatinine clearance
was classified into three renal function categories: normal (CLcr 290 mL/min), mild renal
impairment (CLcr 260, <90 mL/min) and moderate renal impairment (=30, <60 mL/min).
As patients with primary esophageal cancer could formally not be included in the DESTI-
NY-Gastric02 study but formed a considerable proportion of the NCR population (n=69),
the primary tumor location of these patients was recoded into GEJ. To test the effect of this
recoding a sensitivity analysis on the included patients from the NCR was performed, in
which the overall survival of the patients that were recoded from esophageal to GE]J was
compared to patients that were originally coded as GEJ or gastric cancer.

All other variables were equally coded between both datasets or could be recoded
without adjustment of the content.

Statistical analyses

We used propensity score matching to construct a matched real-world reference group to
compare OS between patients treated with T-DXd (DESTINY-Gastric02) and patients trea-
ted with Ram+Pac (NCR). Propensity score matching aims to select two groups of patients
who received a different treatment, but have similar propensity of receiving the treatment
conditional on a set of baseline characteristics. This increases covariate balance and thereby
reduces the effect of confounding.'® Prior to propensity score matching, missing data were
imputed using random forest imputation from the R-package missRanger, separately for the
DESTINY-Gastric02 and NCR data sets. After imputation, both data sets were merged and
the propensity score was estimated using a multivariable logistic regression model which in-
cluded sex, age, performance status (0 vs 1), primary tumor location (GEJ versus stomach),
BMI (continuous), number of metastases (1 vs 22), presence of liver metastases (yes vs no),
renal function (normal vs mild impairment vs moderate impairment), and duration of first
line treatment (continuous). Trimming of the propensity scores that did not overlap between
groups was performed, which resulted in exclusion of 12 patients from the DESTINY-Gas-
tric02 group and 33 from the NCR group. Various matching methods (nearest neighbor
matching (with and without replacement), optimal full matching and genetic matching) and
calipers were iteratively tested to asses which would result in the best covariate balance.'s
The R-package Matchlt was used for propensity score matching. A standardized mean dif-
ference of <0.10 between the two groups was a priori determined to be a good balance. The
dataset with the best covariate balance after propensity score matching was selected and only
on this dataset OS analyses were performed.
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Optimal full matching with a caliper of 0.16 times the logit of the propensity score
resulted in the covariate balance with the lowest standardized mean differences. With opti-
mal full matching, strata are created of either one patient from the DESTINY-Gastric02 and
one or more patients in the NCR, or one patient from the NCR and one or more patients
from the DESTINY-Gastric02 trial. Subsequently, weights are assigned to the patients in the
control groups which are used to minimize remaining mean differences in strata between
the control and treated group.'® OS since start of second-line treatment of patients in the
DESTINY-Gastric02 and the NCR was plotted in a Kaplan-Meier curve and tested for sig-
nificance using the log-rank test. The R-package survival was used for the survival analyses.
All analyses were performed in R version 4.1.0 using R studio. The study was performed
according to the STROBE guidelines.”
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Results

Propensity score matching
After propensity-score matching, we found matches for 58 patients from the DESTINY-Gas-
tric02 study using N=78 patients from the NCR (Figure 1).

Standardized mean differences of sex, ECOG performance status, primary tumor
location, BMI, the number of metastatic sites, renal function and the duration of first-line
systemic therapy were all <0.10 and thus could be considered as well balanced (Table 2).
Standardized mean differences of age (0.110) and presence of liver metastases (0.115) were
slightly above 0.10. The weighted median age was 61 (IQR: 53-68) years in the DESTI-
NY-Gastric02 trial and 55 (IQR: 52-66) years in the NCR, and the weighted percentage of
the presence of liver metastases was 77.6% in the DESTINY-Gastric02 trial and 82.5% in the
NCR. Additional tumor and disease characteristics that were not included in the matching
procedure are presented in supplementary table 1.

Overall survival outcomes

Patients treated with T-DXd in the DESTINY-Gastric02 study had a significantly better OS
compared to the patients from the NCR who were treated with Ram+Pac (p<0.0001) (Figure
2). Median OS of patients from the DESTINY-Gastric02 study was 11.6 (95%CI: 9.0-20.5)
months and 6.2 (4.5 - 10.0) months for the patients from the NCR, with a hazard-ratio of
0.39 (95%CI: 0.26 -0.59, p<0.0001). One year OS was 49.5% (95% CI: 37.8% - 64.9%) for
the T-DXd group and 21.5% (95% CI: 9.5% — 48.6%) for the patients treated with Ram+Pac.

Comparison of excluded and included patients from DESTINY-Gastric02
study

A comparison of patient and tumor characteristics of excluded and included patients from
the DESTINY-Gastric02 study is presented in table 2. All characteristics were different
(standardized mean difference of >0.10) between the excluded and included group. Patients
that were excluded from the comparison were younger, more often female, more often had
an ECOG performance status of 1, more often had a primary tumor located in the stomach,
more often had a moderate renal impairment, less often had liver metastases and had a
longer duration of first line therapy. In addition, patients excluded for receiving trastuzumab
in a non-metastatic setting had a higher BMI and more often only 1 metastatic site, while
patients excluded during the matching procedures had a lower BMI and a rather comparable
proportion of 22 metastatic sites compared to patients from the DESTINY-Gastric02 study
included in the comparison.

The OS did not differ between the excluded and included patients from the DESTI-
NY-Gastric02 study (p=0.74, figure 3).
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Imputing missing data

DESTINY-Gastric02 (N=79)
NCR (N=120)

Data preperation

Propensity score matching

Figure 1. Flowchart of patients inclusion and propensity score matching.
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Table 1. Overview of balance of patient, tumor and treatment characteristics of DESTINY-Gastric02
group (n=58) and NCR control group (n=78) after propensity-score matching.

DESTINY-Gastric02 NCR reference group Standardized mean

(N=58) (N=78) difference
Age median (IQR) 61 (53-68) 55 (52-66) 0.110
Sex
- Male 81.0% 83.7% 0.068
- Female 19.0% 16.3% 0.068
ECOG performance status
-0 41.4% 41.2% 0.004
-1 58.6% 58.8% 0.004
Primary tumor location
- GEJ / cardia 75.9% 74.2% 0.040
- Stomach 24.1% 25.8% 0.040
BMI median (IQR) 252 (22.8-27.4) 25.3 (23.6-27.4) 0.090
Number of metastatic sites
-1 5.2% 4.6% 0.027
-22 94.8% 95.4% 0.027
Presence of liver metastases
- No 22.4% 17.5% 0.115
- Yes 77.6% 82.5% 0.115
Renal function
- Normal 53.4% 55.6% 0.043
- Mild renal impairment 43.1% 42.5% 0.013
- Moderate renal impairment 3.4% 1.9% 0.083
Duration of first line therapy 8.4(5.0-12.8) 7.4 (4.0-13.1) 0.017

(months) median (IQR)

IQR = Interquartile range
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Table 2. Baseline characteristics of all patients in the DESTINY-Gastric02 group

DESTINY-Gastric02 DESTINY-Gastric02 Standar-
Excluded during se- Excluded  during DESTINY-Gastric02 ized
lection matching procedu- :;c_l:;l)ed mean dif-
(N=8) res ference
(N=13)

Sex (%)

Male 2 (25.0) 8(61.5) 47 (81.0) 0.864

Female 6 (75.0) 5(38.5) 11 (19.0)

Age median (IQR) 63.5 (52.5 - 69.3) 52.0 (45.0 - 64.0) 62.0 (53.0 - 68.0) 0.380

ECOG performance status

(%)

0 2 (25.0) 3(23.1) 24 (41.4) 0.266

1 6 (75.0) 10 (76.9) 34 (58.6)

Primary tumor location

(%)

GEJ/cardia 5 (62.5) 3(23.1) 44 (75.9) 0.801

Stomach 3(37.5) 10 (76.9) 14 (24.1)

BMI median (IQR) 27.3 (244 - 27.6) 23.5 (20.6 - 28.9) 25.2(22.9 - 27.4) 0.218

Renal function (%)

Normal 2 (25.0) 4(30.8) 31 (53.4) 1.094

Mild renal impairment 3 (37.5) 3(23.1) 25 (43.1)

Moderate renal impairment 1 (12.5) 6 (46.2) 2(3.4)

Missing 2 (25.0) 0(0.0) 0(0.0)

Number of metastatic sites

(%)

1 2 (25.0) 0(0.0) 3(5.2) 0.574

>2 6 (75.0) 13 (100.0) 55 (94.8)

Presence of liver metasta-

ses (%)

No 6 (75.0) 10 (76.9) 13 (22.4) 0.861

Yes 2 (25.0) 3(23.1) 45 (77.6)

Duration of first line ther-

apy (months) median (IQR) 15.2 (11.1 - 21.8) 17.3 (9.7 - 28.0) 8.5 (5.2 - 13.0) 0.551
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Figure 2. Kaplan-Meier curves on overall survival of the matched patients from the DESTINY-Gas-
tric02 (DG-02) study and the NCR.
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Fgure 3. Kaplan-Meier curves on overall survival of the different DESTINY-Gastric02 study groups.

Sensitivity analysis on primary tumor location recoding

In the weighted analyses after matching the primary tumor location for the Ram+Pac
patients was 74.2% GE]J (table 1), based on the original registration, this group consisted of
59.2% esophageal and 15.0% GEJ adenocarcinomas. The sensitivity analyses on the OS out-
comes of the Ram+Pac patients that were originally coded as esophageal cancer compared
to the Ram+Pac patients that were coded as GEJ/Gastric cancer showed no significant OS
difference (p=0.50, supplemental figure 1).
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Discussion

This study demonstrated a significantly longer survival of patients with metastatic,
HER2-positive gastric and GEJ adenocarcinomas who received T-DXd in second-line in
the DESTINY-Gastric02 study compared to a propensity score matched cohort of patients
from the NCR who received Ram+Pac. These results are consistent with earlier findings in
the DESTINY-GastricO1 trial, which showed that survival was higher among patients treated
with T-DXd (12.5 months) compared to physicians’ choice chemotherapy (8.4 months).”

Importantly, although the baseline characteristics were, as expected, different, the
OS of the excluded and included patients from the DESTINY-Gastric02 did not differ. The
OS among the patients of the DESTINY-Gastric02 trial included in the current study (11.6
months) was also quite similar compared to the earlier presented complete DESTINY-Gas-
tric02 trial (12.1 months).? This indicates that the subset of patients of the DESTINY-Gas-
tric02 trial that was included in this study for matching was representative of all patients in
the DESTINY-Gastric02 trial in terms of OS.

The median OS of the matched NCR group (6.2 months, (95%CI: 4.5 - 10.0) was
lower compared to all patients from the RAINBOW trial (9.6 months) as well as the small
trastuzumab pre-treated group of the RAINBOW trial (11.4 months 95% CI: 7.0 - 17.9).%¢
However, survival results were relatively similar to a recent Spanish real-world study which
showed a median OS of 7.4 months (95%CI: 6.1 - 12.0) for HER2-positive patients treated
with Ram+Pac in second line.*?? Although we had a study population that was matched on
baseline characteristics to patients in the DESTINY-Gastric02 study, it was not matched to
the original RAINBOW study. Thus, a comparison of OS between the trastuzumab pre-tre-
ated group of the RAINBOW study and the reference group treated with Ram+Pac in our
current study should be made with great caution.

Evaluation of progression in clinical trials such as the DESTINY-Gastric02 study is
highly standardized, with routinely planned scans which are evaluated using RECIST crite-
ria. In daily clinical practice, follow-up with CT scans is more flexible and RECIST criteria
are often not used. We have therefore deliberately chosen to not include a comparison of
progression-free survival (PFS) between the patients from the DESTINY-Gastric02 and the
NCR, but primarily focus on OS, which in the end remains the most important outcome
parameter in this setting.

Some consideration regarding the propensity score matching to construct a refe-
rence group should be taken into account as possible limitations of the current study. First,
the degree of HER2 expression/amplification (immunohistochemistry (IHC)3+ versus IHC2
and in situ hybridization (ISH)+) seems to be associated with response to T-DXd.® However,
we could not match patients on the degree of HER2 expression as this information was not
available in the NCR. Second, as HER2 testing prior to start of second line is not routine
practice, we had no information on HER2 status prior to start of second line for patients
from the NCR. It is known that a discordance of HER2 can occur between different speci-
mens and/or over time.”-** We acknowledge the potential bias introduced by the post-pro-
gression HER?2 testing in the DESTINY-Gastric02 study compared to the NCR cohort. Ho-
wever, it is important to note that HER?2 is primarily considered a predictive biomarker for
treatment response in relation to trastuzumab-based therapies. This means that while HER2
status is crucial for determining the likelihood of response to HER2-targeted therapies, the
impact of HER?2 status on overall prognosis independent of treatment is controversial.>>*
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However, some impact on the outcomes of our study cannot be excluded. Third, in contrast
to the DESTINY-Gastric02 study we also included patients with HER2 positive esophageal
adenocarcinoma. However, our sensitivity analysis showed no difference in OS between the
Dutch patients with a esophageal adenocarcioma compared to GEJ or gastric adenocarci-
noma included in the current study. In addition, a recent publication of our group showed
similar survival in HER2 positive esophageal, GE]J/cardia and gastric adenocarcinomas
treated with a trastuzumab-based regimen in first-line and other studies reported similar
survival between in HER2 negative esophageal, GEJ/Cardia and gastric adenocarcinomas
in first-line treatment and also in patients not tested on HER2.!"!>*” In addition, it was not
possible to match on prior surgery, as none of the patients from the Ram+Pac group had
undergone prior surgery. Information on prior surgery is in the patients treated with T-DXd
presented in supplementary table 1. Last, although we constructed a reference group that
was generally well-balanced, the standardized mean difference for age and presence of liver
metastases was slightly above 0.10, indicating that these variables were not fully balanced.
The median age of the NCR group was lower than that of the DESTINY-Gastric02 study
(55 vs. 61 years), but the inter quartile ranges of both groups were quite similar (52-66 vs
53-68 years) indicating that the groups were still relatively well-balanced with regards to age.
In the case that a lower age in the NCR group compared to the DESTINY-Gastric02 group
would have affected the survival outcomes, one would expect that the lower age in the NCR
group would result in a positive effect on the survival of the Ram+Pac group, which would
make the actual difference between the two groups even larger than the currently presented
survival difference. The presence of liver metastases was only slightly higher in the NCR
control group (82.5% vs. 77.6%), which therefore most likely did not have a large effect on
the survival outcomes.

A strength of this study was that multiple matching techniques and calipers were
iteratively tested to determine the best method to maximize covariate balance, a necessary
condition for causal inference. In our analysis the covariate balance was quite good as al-
most all standardized mean differences were below 0.10.

Conclusion

Compared to patients with metastatic or unresectable HER2-positive gastric and GEJ aden-
ocarcinomas who received Ram+Pac in the second-line, OS was longer for patients who re-
ceived T-DXd in second-line. Due to the non-randomized nature of the current comparison,
the results should be interpreted with caution. However, while awaiting the results of the
randomized phase III DESTINY-Gastric04 study, these results may aid in decision making
regarding the use of T-DXd in clinical practice.
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Supplementary table 1. additional disease and treatment characteristics after propensity score mat-

ching.

DESTINY-Gastric 02 NCR reference group
(n=58) (n=78)
N % N* %

Differentiation grade

- Well differentiated 1 1.7% 1 0.2%

- Moderately differentiated 31 53.4% 25.9 33.3%

- Poorly differentiated 10 17.2% 29.9 38.4%

- Unknown 16 27.6% 21.9 28.1%

Months between initial diagnosis and start stu-
dy treatment (median, Inter-Quartile Range)

Prior surgery of primary tumor
-No
- Yes

Prior radiotherapy

- Radiotherapy primary tumor

- Radiotherapy brain metastases
- Radiotherapy bone metastases

- Other prior radiotherapy

First-line systemic therapy
- Trastuzumab

- Capecitabine

- Oxaliplatin

- Cisplatin

- Fluorouracil

- Other prior systemic therapy

First-line systemic therapy with immune-check-
point inhibitor

-No

- Yes

180

13.5(9.8 - 19.8) 10.5 (7.6 - 15.1)

44 75.9% 78 100%
14 24.1% 0 0%

8 13.8% 20.6 26.4%
2 3.4% 10.3 13.2%
2 3.4% 10.4 13.3%
4 6.9% 1.3 1.7%
58 100% 78 100%
26 44.8% 68.3 87.5%
34 58.6% 64.4 82.5%
26 44.8% 13.6 17.5%
38 65.5% 11.5 14.7%
28 48.3% 4.2 5.4%
53 91.4% 77.8 99.8%
5 8.6% 0.2 0.2%
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Supplementary table 1 (Continued). additional disease and treatment characteristics after propensity

score matching.

Type of post study treatment

- None 29
- Systemic therapy 29
- Radiotherapy 2
- Surgery 1

Post study systemic treatment

- Ramucirumab 17

(9]

- Irinotecan

- Trifluridine Tipiracil

- Pembrolizumab

- Tegafur Gimeracil Oteracil
- Fluorouracil

- Dacomitinib

— O o O o =

- Carboplatin
- Other post study systemic treatment 19

50.0%
50.%
3.4%
1.7%

29.3%
8.6%
1.7%
10.3%
0%
13.8%
0%
1.7%
32.8%

45.6
17.1
15.3

11.9
9.1
0
6.7
2.7
6.7
1.3
8.2

58.5%
21.9%
19.6%
0%

0%
15.2%
11.7%
0%
8.6%
3.4%
8.6%
1.7%
10.5%

* Number of patients for NCR reference group is based on weights applied after propensity score matching
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Supplementary figure 1. Kaplan-Meier curves comparing overall survival between the original pri-
mary tumor locations of the Ram+Pac patients
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Abstract

Background. The Checkmate-577 trial showed a disease-free survival benefit for nivolumab
compared to placebo in esophageal or gastroesophageal junction (GEJ) cancer patients with
residual disease after neoadjuvant chemoradiotherapy (nCRT) and resection. Unfortunately,
overall survival (OS) data have not yet been presented. The aim of this study was to evalu-
ate OS of patients treated with or without adjuvant nivolumab in a nationwide real-world
matched comparison.

Methods. For this study patients diagnosed with non-metastatic esophageal or GE]J cancer
in 2020-2023 who had residual pathological disease after nCRT and resection were selec-
ted from the Netherlands Cancer Registry. 333 patients received treatment with adjuvant
nivolumab. From the period before introduction of nivolumab, 486 patients were selected
who received nCRT and resection alone. Propensity score trimming and nearest neighbor
matching were used to create two well-balanced groups of 311 patients per treatment group.
Results. Median follow-up time was 24.4 months and 31.4 months for patients treated with
and without adjuvant nivolumab, respectively. The 2-year OS was 66.8% (95% confidence
interval [CI]: 61.6% - 72.44%) and 58.8% (95%CI: 53.5% - 64.5%) for the groups with and
without nivolumab, respectively (log-rank p=0.024), hazard ratio: 0.75, 95%CI: 0.60-0.97
(p=0.024).

Conclusion. This matched real-world study showed an OS in favor of patients treated with
nivolumab compared to patients without nivolumab. This represents the first report on an
OS benefit in this setting. As follow-up and number of events are still limited, these analyses
should be interpreted with caution and updated in the forthcoming years.
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Introduction

Annually, more than 600,000 people are diagnosed with esophageal cancer worldwide,
which is projected to increase to over 950,000 diagnoses in 2040.! Despite therapeutic
improvements in the past decade, survival of patients with esophageal cancer remains low."
2 After publication of the CROSS trial, neoadjuvant chemoradiotherapy (nCRT) followed by
surgical resection has become a standard of care for patients with locally advanced resec-
table esophageal or gastroesophageal junction (GEJ) cancer in most Western countries.>

* However, survival of patients with residual disease after treatment with nCRT is poor,
underscoring the potential benefit of adjuvant treatment for these patients.>®

The randomized controlled CheckMate 577 trial investigated whether adjuvant
immunotherapy with nivolumab for patients with esophageal or gastroesophageal junction
(GEJ) cancer with pathologically confirmed residual disease after previous treatment with
nCRT and resection would increase survival.” The trial showed a significantly longer median
disease-free survival (DFS) of 22.4 months in the group who received adjuvant treatment
with nivolumab compared to a median DES of 11.0 months in patients who were treated
with placebo (p<0.001).” Median distant metastasis-free survival (DMFS) was 28.3 and 17.6
months in the nivolumab and placebo groups, respectively.” No results on overall survival
(OS) from the Checkmate 577 trial have been reported yet.

Although DFS may be a valid surrogate for OS in non-metastasized esophageal
cancer,® significant differences in DFS do not always translate into significant and clinically
meaningful OS differences. Also, findings from clinical trials may not consistently yield
similar benefits in daily clinical practice.”'* At this moment, it remains unclear whether
adjuvant treatment with nivolumab will result in a clinically relevant OS benefit for patients
with esophageal or GEJ cancer in routine clinical care, while nivolumab treatment can be
associated with sometimes significant toxicity and costs.

Therefore, the aim of the current study was to conduct an initial assessment of OS
among patients who received adjuvant nivolumab after nCRT and resection compared to
patients who underwent nCRT and resection alone in a comprehensive nationwide re-
al-world matched comparison.
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Methods

Patient population

The Netherlands Cancer Registry (NCR) is a nationwide population-based database in
which all Dutch inhabitants with a diagnosed malignant cancer are registered. On Novem-
ber 23, 2023 we extracted data of completely registered patients with non-metastatic esop-
hageal, GEJ or cardia cancer diagnosed between 2020-2023 from the NCR. At that time, all
Dutch patients with diagnosed esophageal, GEJ or cardia cancer in 2020 and 2021 and 72%
and 3% of the patients diagnosed in 2022 and 2023, respectively, were completely registered
in the NCR. Patients had to be treated with neoadjuvant chemoradiotherapy (nCRT) con-
sisting of carboplatin and paclitaxel'' and a surgical resection. In order to select a group of
patients that would have been eligible for adjuvant nivolumab treatment, patients with com-
plete pathological response (ypTONO), distant metastases within 14 weeks after resection or
patients deceased within 14 weeks after resection were excluded. As the EMA indication, in
contrast to the CheckMate 577 trial, does not exclude patients with irradical resection (R1/
R2), we have also not excluded this group from the current study.

Nivolumab was initially reimbursed for adjuvant treatment in esophageal or GE]
cancer patients in the Netherlands starting from January 1, 2022. However, reimbursement
ceased as of January 1, 2024, following adjustments in Dutch guidelines related to reimbur-
sement based on DFS outcomes. Therefore, all patients from the previously described group
who started with adjuvant nivolumab treatment since January 1, 2022 were classified into
the nivolumab group. To select a group of patients that would have been eligible for adjuvant
treatment with nivolumab had it been available at the time, we selected all patients fulfilling
the previously described criteria and who were treated with nCRT and a surgical resection
prior to the November 1, 2021 but were not treated with nivolumab. Patients who under-
went a surgical resection on or later than the November 1, 2021 were considered potential
candidates for treatment with nivolumab, given that adjuvant nivolumab treatment typically
commences more than 2 months after resection.

Information on vital status was obtained through annual linkage with the Dutch
Personal Records Database and updated until January 31, 2025.

Statistical analyses

Propensity score matching was used to create two comparable and balanced groups
of patients. Three medical oncologists (MS, NHM and HL) and two scientific researchers
(RV and SK) selected a set of 18 patient (age, sex, Body Mass Index (BMI), Charlson comor-
bidity index, performance status prior to nCRT, and other malignancies), tumor (primary
tumor location, histology, differentiation grade, ypT, and ypN) and treatment-related varia-
bles (number of chemotherapy cycles, radiotherapy dose, time between nCRT and resection,
type of surgery, annual resection volume of hospital, surgical radicality, and post-operative
complications) based on expert knowledge about factors that might influence the choice
for whether or not starting adjuvant treatment with nivolumab, but also factors that might
influence OS. These variables were used to estimate the propensity of receiving adjuvant
nivolumab using a multivariable logistic regression model. Propensity score trimming was
used to remove any non-overlapping propensity scores. After trimming, we iteratively tested
five different matching methods (nearest neighbor, optimal matching, full matching, generic
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matching and coarsened exact matching) and calipers (ranging from 0.01-0.20 times the
standard deviation of the logit of the propensity score) without replacement, to evaluate
which method resulted in the largest number of matched patients while maintaining a maxi-
mum allowable univariable covariate balance. We defined a standardized mean difference
(SMD) of <0.1 as an appropriate univariable covariate balance.

To make the overall survival (OS) analyses as comparable as possible as the survival
analyses of the CheckMate 577 trial, OS was calculated since start of adjuvant treatment. For
patients who did not receive adjuvant treatment, this start date was obviously not existent.
To ensure similar starting points to make a valid OS comparison, we based the starting point
for patients not treated with adjuvant therapy on the number of days between resection and
adjuvant treatment of the patient to whom they were matched in the propensity score mat-
ching. Kaplan-Meier curves and the univariable hazard ratio from Cox regression analysis
were tested for significance using two-sided tests with an alpha level of 0.05. Subgroup ana-
lyses with univariable hazard ratios were conducted for histology, ypN status and surgical
radicality, as the distribution of patients across histology and ypN status were considerably
different in the current study compared to the CheckMate 577 study and as patients with
R1/R2 surgical radicality may be treated in daily clinical practice, but were not included in
the CheckMate 577 study. To investigate the potential differential effect for adjuvant nivo-
lumab within these subgroups, we estimated and tested the hazard ratio of the interaction
effect. Missing data was imputed with a random forest imputation using the missRanger
package and the propensity score matching was performed using the Matchlt package.'>* A
sensitivity analyses was performed to assess the robustness of the treatment effect for unob-
served confounding, for which the E-value was used.* The E-value reflects the magnitude
that an unobserved confounder would need to have to negate the estimated treatment effect.
The E-value in this analysis can be interpreted similarly to a hazard ratio. All analyses were
performed by Steven Kuijper in R version 4.3.
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Results

Prior to matching, 333 patients were identified who received adjuvant nivolumab after
nCRT and resection and 485 patients were identified who received nCRT and resection
alone (Table 1). Propensity score trimming resulted in the exclusion of 10 patients (1 with
and 9 without nivolumab). Nearest neighbor matching with a caliper of 0.19 resulted in the
largest number of matched patients (308 patients in each arm) while all univariable SMDs
were <0.1 (Table 2). All patient, tumor, and treatment-related variables were well balanced
in the matched groups.

The included patient population was predominantly male (83%) and was on
average 65 years old. The primary tumor was located in the distal (or unknown) part of the
esophagus in the majority of patients (84%) and most often was an adenocarcinoma (90%)
(Table 2). With regards to the nCRT and surgery, 86% of the patients completed all 5 cycles
of carboplatin and paclitaxel and 41.4Gy radiotherapy, while 71% of the patients underwent
surgery in a hospital with >40 annual esophagectomies, 87% had a RO resection and 87%
had no grade 3 or 4 post-operative complication.

Median follow-up time was 24.4 (Interquartile range (IQR): 17.3 - 30.9) months
and 31.4 (IQR: 15.3 - 43.4) months for patients treated with and without adjuvant nivolu-
mab, respectively. The median survival times for group treated with and without adjuvant
nivolumab was 36.2 months (95%CI: 33-NA) and 31.4 months (95%CI: 25.5-37.4), respec-
tively. The 2-year OS was 66.8% (95%CI: 61.6%-72.4%) for the nivolumab group and 58.8%
(95%CI: 53.5%-64.5%) for the group without nivolumab (log-rank p=0.024) (Figure 1, Table
3). The univariable hazard ratio for OS with nivolumab versus without nivolumab treatment
was 0.75, 95%CI: 0.60-0.97, demonstrating favorable survival for patients treated with adju-
vant nivolumab.

Subgroup analyses showed a significant OS difference for patient with adenocar-
cinoma treated with nivolumab with a hazard ratio of 0.76 (95%CI: 0.59-0.98, p=0.04) and
patients who had irradical (R1/R2) surgical resection and treated with nivolumab with a
hazard ratio of 0.46 (95%CI: 0.27-0.81, p=0.007). No significant difference was observed in
any of the other subgroups (Figure 2). All interaction effects between adjuvant nivolumab
and histology, surgical radicality and primary tumor location, were not significant. (Supple-
mentary Table 1).

Sensitivity analysis of the observed treatment effect revealed that the E-value was
1.74.
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Table 1. Patient characteristics of both treatment arms prior to imputation and propensity score mat-

ching.
No Adjuvant nivolumab  Adjuvant nivolumab SMD
n 485 333
Age at resection (mean (SD)) 0058
65.80 (8.57) 65.32 (8.27)
Sex (%)
Male 381 (78.6) 279 (83.8) 0.134
Female 104 (21.4) 54 (16.2)
Body mass index (median (IQR)) 25.85 (4.13) 26.65 (3.98) 0.197
Charlson Comorbidity Index (median 0.0 (0.0-10) 0.0 (0.0-1.0) 0.118
(IQR))
WHO performance status prior to
nCRT (%)
0 274 (56.5) 212 (63.7) 0.202
1 160 (33.0) 96 (28.8)
2 16 (3.3) 5(1.5)
3 1(0.2) 0(0.0)
4 0(0.0) 1(0.3)
Missing 34(7.0) 19 (5.7)
Other malignancies® (%)
No 450 (92.8) 314 (94.3) 0.061
Yes 35(7.2) 19 (5.7)
Primary tumor location (%)
Proximal or mid thoracic esophagus 38(7.8) 24(7.2) 0.100
Distal or unknown esophagus 391 (80.6) 280 (84.1)
Junction or cardia 56 (11.5) 29 (8.7)
Histology (%)
Adenocarcinoma (intestinal type) 323 (66.6) 230 (69.1) 0.110
Adenocarcinoma (diffuse type) 47 (9.7) 35 (10.5)
Adenocarcinoma (other/unknown type) 54 (11.1) 32(9.6)
Squamous cell carcinoma 59 (12.2) 33(9.9)
Other/Not otherwise specified 2(0.4) 3(0.9)
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Table 1 (Continued). Patient characteristics of both treatment arms prior to imputation and propensi-
ty score matching.

Differentiation grade (%)

1-2 263 (54.2) 173 (52.0) 0.103
3-4 189 (39.0) 128 (38.4)
Unknown 33(6.8) 32(9.6)
ypT (%)
ypTO 15(3.1) 22 (6.6) 0.249
ypT 1 104 (21.4) 74 (22.2)
ypT 2 103 (21.2) 80 (24.0)
ypT 3 249 (51.3) 151 (45.3)
ypT 4 5(1.0) 5(1.5)
Missing 9(1.9) 1(0.3)
¥PN (%)
ypNO 233 (48.0) 148 (44.4) 0.138
ypN 1 154 (31.8) 108 (32.4)
ypN 2 61 (12.6) 53 (15.9)
ypN 3 35(7.2) 24(7.2)
Missing 2(0.4) 0(0.0)
Number of cycles carboplatin and paclitaxel
(median (IQR)) 5(5-5) 5(5-5) 0.127
Radiotherapy dose (median (IQR)) 41.4 (41.4-41.4) 41.4 (41.4-41.4) 0.047
Days between nCRT and resection (median
(IQR)) 75.0 (62.0-92.3) 77.0 (64.0-91.3) 0.045
Type of surgery (%)
Transhiatal esophagectomy 49 (10.1) 31(9.3) 0.216
Ivor-Lewis esophagectomy 320 (66.0) 229 (68.8)
McKeown esophagectomy 90 (18.6) 55 (16.5)
Other or unknown type of esophagectomy 15 ( 3.1) 17 (5.1)
Gastrectomy 6(1.2) 1(0.3)
Other 5(1.0) 0(0.0)
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Table 1 (Continued). Patient characteristics of both treatment arms prior to imputation and propensi-

ty score matching.

Annual resection volume of hospital (%)

<20
20-29
30-39
>40
Missing
Surgical radicality (%)
RO
R1/2
Missing
Post-operative complications (%)
No grade 3/4 complication
Grade 3 complication
Grade 4 complication

Missing

25(5.2)
59 (12.2)
58 (12.0)
338 (69.7)
5(1.0)

394 (81.2)
68 (14.0)
23 (4.7)

377 (77.7)
62 (12.8)
35(7.2)
11(2.3)

14 (4.2) 0.169
34 (10.2)

44 (13.2)

241 (72.4)

0(0.0)

271 (81.4) 0.052
43 (12.9)
19 (5.7)

276 (82.9) 0.188
30 (9.0)
15 (4.5)
12 (3.6)

SMD = Standardized Mean Difference, IQR = Interquartile range

* Other malignancies 12 months prior to or 12 months after diagnosis esophageal or gastroesophageal

junction cancer.
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Table 2. Patient characteristics of both treatment arms after propensity score matching.

No Adjuvant nivolumab ~ Adjuvant nivolumab SMD
N 308 308
Age at resection (mean (SD)) 65.70 (8.60) 65.62 (8.09) 0.010
Sex (%)
Male 257 (83.4) 255 (82.8) 0.017
Female 51 (16.6) 53 (17.2)
Body mass index (median (IQR)) 26.26 [23.98, 28.66] 26.03 [24.29, 28.53] 0.031
Charlson Comorbidity Index (median 0.0 (0.0-1.0) 0.0 (0.0-1.0) 0.005
(IQR))
WHO performance status prior to nCRT
(%)
0 210 (68.2) 207 (67.2) 0.021
1 93 (30.2) 96 (31.2)
2 5(1.6) 5(1.6)
Other malignancies® (%)
No 292 (94.8) 290 (94.2) 0.028
Yes 16 (5.2) 18 (5.8)
Primary tumor location (%)
Proximal or mid thoracic esophagus 17 (5.5) 20 (6.5) 0.066
Distal or unknown esophagus 258 (83.8) 260 (84.4)
Junction or cardia 33 (10.7) 28 (9.1)
Histology (%)
Adenocarcinoma (intestinal type) 213 (69.2) 215 (69.8) 0.026
Adenocarcinoma (diffuse type) 33 (10.7) 31(10.1)
Adenocarcinoma (other/unknown 31 (10.1) 30(9.7)
type)
Squamous cell carcinoma 29(9.4) 30(9.7)
Other/Not otherwise specified 2(0.6) 2(0.6)
Differentiation grade (%)
1-2 167 (54.2) 165 (53.6) 0.024
3-4 117 (38.0) 117 (38.0)
Unknown 24(7.8) 26 ( 8.4)
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Table 2 (Continued). Patient characteristics of both treatment arms after propensity score matching.

ypT (%)
ypO

ypl
yp2
yp3
yp4
YPN (%)
ypO
ypl
yp2
yp3
Number of cycles carboplatin and pacli-
taxel (median (IQR))
Radiotherapy dose (median (IQR))
Days between nCRT and resection (me-
dian (IQR))
Type of surgery (%)

Transhiatal esophagectomy

Ivor-Lewis esophagectomy
McKeown esophagectomy
Other or unknown type of esophagec-
tomy
Annual resection volume of hospital (%)
<20
20-29
30-39
>40
Surgical radicallity (%)
RO
R1/2
Post-operative complications (%)
No grade 3/4 complication
Grade 3 complication

Grade 4 complication

12(3.9)

70 (22.7)
68 (22.1)
156 (50.6)
2(0.6)

147 (47.7)
91 (29.5)
47 (15.3)
23 (7.5)
5 (5-5)

41.4 (41.4-41.4)
76.00 [64.75, 94.25]

31(10.1)

215 (69.8)
48 (15.6)
13 (4.2)

17 (5.5)

31 (10.1)
44 (14.3)
216 (70.1)

275 (89.3)
33 (10.7)

272 (88.3)
22(7.1)
14 (4.5)

12(3.9)

70 (22.7)
76 (24.7)
147 (47.7)
3(1.0)

143 (46.4)
98 (31.8)
47 (15.3)
20 (6.5)
5 (5-5)

41.4 (41.4-41.4)
77.00 [64.00, 92.00]

30(9.7)

211 (68.5)
52 (16.9)
15 (4.9)

13 (4.2)
32(10.4)
41 (13.3)
222 (72.1)

267 (86.7)
41 (13.3)

266 (86.4)
28 (9.1)
14 (4.5)

0.058

0.058

0.010

0.005
0.014

0.094

0.069

0.080

0.072

SMD = Standardized Mean Difference, IQR = Interquartile range

* Other malignancies 12 months prior to or 12 months after diagnosis esophageal or gastroesophageal

junction cancer.
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Table 3. Overall survival at 6, 12 and 18 months.

Time since start adjuvant ni- No adjuvant nivolumab Adjuvant nivolumab
volumab
Number at risk 0OS (95% CI) Number at risk 0OS (95% CI)
6 months 283 91.9 (88.9 - 95.0) 286 92.9 (90.0 - 95.8)
12 months 250 81.2(76.9 - 85.7) 263 85.4 (81.5-89.4)
18 months 218 70.8 (65.8 - 76.0) 224 77.2 (72.6 - 82.0)
24 months 181 58.8 (53.5 - 64.5) 162 66.8 (61.6 - 72.4)
30 months 157 51.0 (45.7 - 56.9) 88 61.7 (56.1 - 70.0)
== No Adjuvant nivolumab - Adjuvant nivolumab

1.0
— 0.8
[
2
2
=1
»
3 0.6
o
8

p =0.024
0.4
0 3 6 9 12 15 18 21 24 27 30 33

No Adjuvant nivolumab

Adjuvant nivolumab

Time since start adjuvant nivolumab (months)

Number at risk

308 299 283 265 2560 233 218 200 181 169 157 149
308 300 286 279 263 246 224 188 162 124 88 42
0 3 6 9 12 15 18 21 24 27 30 33

Figure 1. Overall survival analyses on adjuvant nivolumab versus no adjuvant nivolumab groups
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Figure 2. Subgroup analyses on overall survival of adjuvant nivolumab versus no adjuvant nivolumab
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Discussion

In this nationwide real-world propensity score matched study with a median follow-up of 24
months of the nivolumab group, we found a significantly higher overall survival for patients
with non-metastatic esophageal or gastroesophageal cancer who received adjuvant nivo-
lumab compared to patients who did not receive adjuvant nivolumab after an incomplete
pathologic response to nCRT.

For both the DFS and DMEFS the curves of the patients treated with nivolumab
and placebo in the CheckMate 577 trial started to separate at approximately 6 months, after
which the difference between both groups remained relatively stable.” Although separati-
on of the survival curve in the current study began around 6 months, the most significant
divergence was noted around 15 to 18 months. Thus, in our current study, we observed a
more gradual separation of the overall survival (OS) curve compared to the divergence seen
in DFS/DEMS curves in the CheckMate 577 trial. This can primarily be attributed to the
inclusion of post-recurrence survival times in the OS analysis, which are not accounted for
in DFS/DMES analyses.

While a direct comparison of the absolute values between the DFS in the Check-
Mate 577 trial and the OS in our present study is not feasible, due to the absence of routine
imaging in the follow-up of the patients not treated with nivolumab and the absence of
published OS data from the CheckMate 577 trial. There does exist a noteworthy discrepan-
cy between the DFS in the CheckMate 577 trial and OS observed in the current study. The
reported 1-year DES in CheckMate 577 was roughly 60% in the adjuvant nivolumab arm
and roughly 50% in the control arm. While the absolute difference in the 1-year OS of the
current study was considerably smaller, as we observed an absolute difference of 4.2% bet-
ween patients treated with nivolumab (85.4%) and not treated with nivolumab (81.2%). As
collection of data on DFS requires additional manual data registration by data managers of
the NCR, we currently lack comprehensive data on DFS for the patients in our study. Con-
versely, vital status information can be seamlessly obtained through an automated linkage
with the Dutch Personal Records Database. Unfortunately, this means we do not have DFS
data available for comparison with the DFS data from the CheckMate 577 trial at this time.
However, we previously compared DFS between Dutch patients not treated with nivolu-
mab and the placebo group of the CheckMate 577 trial*® and showed that the median DFS
of Dutch patients was considerably higher than the placebo group of the trial (19.7 versus
11.0 months, respectively). Both in our previous and the present study, it thus appears that
the survival rate among patients treated with nCRT and surgical resection in the Nether-
lands is considerably higher than that observed in the placebo group of the CheckMate
577 trial. The explanation for the difference of the DFS could be in the absence of routine
imaging in the follow-up of the patients not treated with nivolumab in Dutch daily clinical
practice. Another possible explanation could be that the notably elevated survival rates in
the Netherlands among patients treated with nCRT and resection may be attributed to the
rigorous adherence to the CROSS protocol for nCRT (86% of the current study population
completed all 5 cycles of carboplatin and paclitaxel and 41.4 Gy radiotherapy, while nCRT
treatment was considerably more heterogenous in the CheckMate 577 trial, with only 71%
receiving carboplatin and paclitaxel, number of chemotherapy cycles not reported and 63%
of patients receiving a radiotherapy dose between 41.4 and 50.4 Gy) and centralized surgery
in hospitals meeting minimum annual resection volumes (71% of current study population
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underwent surgery in a hospital with >40 annual esophagectomies per year, annual hospital
resection volumes were not reported for CheckMate 577 trial). This may suggest that the
high survival baseline in the Netherlands could potentially reduce the impact of adjuvant
nivolumab on survival. On the contrary, in other countries, the effectiveness of less-than-
ideal nCRT and surgical procedures could potentially have been enhanced through adjuvant
nivolumab treatment. Unfortunately, from Checkmate 577, no data are available on comple-
tion rates of neoadjuvant chemoradiotherapy treatment and quality of surgical procedures.

The Checkmate 577 highlighted a greater DFS benefit in the squamous cell carci-
nomas compared to the adenocarcinomas. Conversely, patients with GE] cancer exhibited
a lower DFS benefit of adjuvant treatment with nivolumab compared to patients with the
primary tumor located in the esophagus. This is in contrast to our subgroup analyses in
which we found a significant higher survival for patients with adenocarcinoma but not for
patients with a squamous cell carcinoma and no indication that patients with a GEJ would
have a lower benefit compared to patients with the primary tumor located in the esophagus.
It is important to note that some groups within our study were relatively small, especially the
squamous cell carcinoma group, and when combined with limited follow-up, this resulted in
constrained statistical power. Consequently, the findings from the subgroup analyses should
be interpreted with considerable caution.

In general we do not know whether treating earlier means treating better. Adjuvant
treatment has the goal to cure patients with undetectable micro metastases. Monotherapy
checkpoint inhibition in first line for metastatic gastroesophageal cancer failed to show sur-
vival gain.'s In combination with chemotherapy checkpoint inhibition has shown improved
survival outcomes in patients with PD-L1 positive tumors.''® At this time it is unknown
whether adjuvant monotherapy with nivolumab to treat undetected micro metastases is
beneficial in term of OS gain over starting treatment at time of diagnosis of metachronous
metastatic disease. This study cannot answer that question, as patients in our study who
were not treated with adjuvant nivolumab, most likely only received chemotherapy upon
disease recurrence, as immune checkpoint inhibition was not reimbursed yet in the metasta-
tic setting.

Several limitations of our study should be discussed. First, adjuvant treatment nivo-
lumab was only available since 2022 in the Netherlands, which resulted in short follow-up
compared to patients who received nCRT and resection. Potential long-term outcomes of
patients treated with nivolumab in adjuvant setting in our real-world cohort could not yet
be investigated. Although patients with esophageal cancer worldwide are increasingly being
treated with adjuvant nivolumab based on the DFS outcomes from the CheckMate-577 trial,
it is crucial to note that DFS serves as a surrogate endpoint for OS, which is the ultimate
outcome of paramount importance to patients. Despite the significant improvement in DFS
observed in the CheckMate-577 trial, there has been no published data to date on the poten-
tial overall survival benefit of adjuvant nivolumab treatment. Given this gap in the literature,
even with our study’s limited follow-up period, we believe it is essential to share our findings
with the medical community. Providing insights into the possible overall survival benefits
of adjuvant nivolumab treatment can help clinicians and patients make more informed
decisions and may contribute to the ongoing evaluation and optimization of treatment stra-
tegies for esophageal cancer. Therefore, publishing our data, despite its limitations, is highly
relevant and necessary to advance the understanding and management of esophageal cancer
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Second, despite construction of two comparable treatment groups based on factors which
are known to be related to survival outcomes and treatment allocation, patients were ob-
tained from real-world observational data. Thus, despite our efforts, there might be some
unmeasured residual confounding and results should be interpreted with caution. However,
sensitivity analyses of the robustness of the treatment effects revealed that a potential unob-
served confounder would need to have a HR of 1.74 or larger to negate the treatment effect.
Given that we have accounted for most of the known clinical confounders, it is unlikely that
there is an unobserved confounder with a HR of 1.74 or higher that would thereby entirely
negate the treatment effect. Third, there was no information available on treatment of recur-
rent disease, patients treated without adjuvant nivolumab largely had their disease relapse in
an era in which ICIs in the metastatic setting were not yet reimbursed, in contrast to those
treated with adjuvant nivolumab. As the addition of ICI to chemotherapy increased survival
in the biomarker-positive subgroups in the registration trials'”'%, this may have positively
impacted the post-recurrence survival of the adjuvant nivolumab group, and thus lead to
imbalances in the two groups

A strength of our study is the thorough identification and inclusion of most of
the pertinent measurable factors related to survival and treatment allocation, achieved
through the utilization of expert knowledge from physicians and healthcare professionals.
This approach allowed us to successfully balance treatment groups, thereby minimizing the
risk of confounding as much as possible. Another strength of our study lays in the iterative
comparisons between matching method to determine the matching method that yielded the
highest number of matched patients and achieved optimal covariate balance.

In conclusion, our study revealed a significantly higher OS in patients with esopha-
geal or GEJ cancer treated with adjuvant nivolumab after nCRT and resection compared to
patients without adjuvant treatment in a real-world matched comparison after a median of
24 months of follow-up for the nivolumab group. Given the current limitations in follow-up
duration, the relatively low number of events, the possible residual confounding and the
possible differences in post-recurrence treatment, these findings should be approached with
caution and warrant reevaluation in the coming years as additional data accrue.
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Supplementary table 1

Model Parameter HR (95%CI) P value
Surgical radicality
Adjuvant nivolumab No (REF) - -
0.78 (0.62-1.02)
Yes 0.072
Surgical radicality 0 (REF) - -
1 2.58 (1.71-3.82) <0.001
Adjuvant nivolumab *
Surgical radicality 0.65 (0.35-1.21) 0.173
Primary tumor lo-
cation
Adjuvant nivolumab No (REF) - -
0.79 (0.54-1.02)
Yes 0.071
Junction or car-
Primary tumor location  dia (REF) - -
Esophagus 1.13 (0.71-1.80) 0.609
Adjuvant nivolumab * Pri-
mary tumor location 0.63 (0.28-1.45) 0.280
Histology
Adjuvant nivolumab No (REF) - -
0.76 (0.60-0.97)
Yes 0.029
Adenocarcino-
Histology ma (REF) - -
Squamous cell
carcinoma 0.77 (0.44-1.33) 0.355
Adjuvant nivolumab *
Histology 0.90 (0.37-2.22) 0.825
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Abstract

Introduction: The recent POLDER trial investigated the effects of external beam radiothe-
rapy (EBRT) on dysphagia caused by incurable esophageal cancer. An estimated life expec-
tancy of minimally three months was required for inclusion. However, nearly one-third of
the included patients died within three months. The aim of this study was to investigate if
the use of prediction models could have improved the physician’s estimation of the patient’s
survival.

Methods: Data from the POLDER trial (N=110) were linked to the Netherlands Cancer
Registry to retrieve patient, tumor and treatment characteristics. Two published prediction
models (the SOURCE model and Steyerberg model) were used to predict 3-month survival
for all patients included in the POLDER trial. Predicted survival probabilities were dicho-
tomized and the accuracy, sensitivity, specificity and the area under the curve (AUC) were
used to evaluate the predictive performance.

Results. The SOURCE and Steyerberg model had an accuracy of 79% and 64%, and an AUC
0f 0.76 and 0.60 (p = .017), respectively. The SOURCE model had higher specificity across
survival cut-off probabilities, the Steyerberg model had a higher sensitivity beyond the
survival probability cut-off of 0.7. Using optimal cut-off probabilities, SOURCE would have
wrongfully included 16/110 patients into the POLDER and Steyerberg 34/110.

Conclusion: The SOURCE model was found to be a more useful decision aid than the
Steyerberg model. Results showed that the SOURCE model could be used for three-month
survival predictions for patients that are considered for palliative treatment of dysphagia
caused by esophageal cancer in addition to clinicians’ judgement.
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Introduction

Esophageal cancer is the seventh most prevalent cancer in men and the thirteen-
th most commonly occurring cancer in women worldwide.'”ISSN”:”1542-4863", P-
MID”:”302075937abstract”:” This article provides a status report on the global burden of
cancer worldwide using the GLOBOCAN 2018 estimates of cancer incidence and mortality
produced by the International Agency for Research on Cancer, with a focus on geographic
variability across 20 world regions. There will be an estimated 18.1 million new cancer
cases (17.0 million excluding nonmelanoma skin cancer Roughly a third of patients with
esophageal cancer have a metastatic disease at primary diagnosis and the median overall
survival (OS) ranges between eleven to fourteen months.?this study evaluated trends in
stage distribution, treatment and survival of oesophageal cancer patients in the last 26 years
in the Netherlands. Patients and methods: Patients with oesophageal cancer diagnosed in
the period 1989-2014 were selected from the Netherlands Cancer Registry. Patients were
divided into two groups: non-metastatic (M0 Around 80-90 % of esophageal cancer patients
report dysphagia during their clinical course.>*12 women In the recently published POL-
DER trial, it was shown that short course external beam radiotherapy (EBRT) was prefera-
ble over brachytherapy for palliation of dysphagia.”both between the original cohorts and
between 1:1 propensity score-matched cohorts. The primary end point was an improvement
of dysphagia at 3 months without reintervention. The secondary end points included toxi-
city and time-to-effect. Results: A total of 115 patients treated with EBRT and 93 patients
who underwent brachytherapy were eligible for analysis. In the original cohorts, dysphagia
improved after EBRT in 79% of patients compared with 64% after brachytherapy (p = 0.058

In the POLDER study an estimated life expectancy of minimally three months
was required for inclusion. However, about one-third of patients survived shorter. Survival
estimates were based on clinical judgement of the treating physician. To aid in predicting
survival for esophageal cancer patients, various prediction models are available.**however,
have mostly been developed for survival prediction after surgery (ie, when treatment has
already been completed In the SIREC trial published in 2004, a total of 209 patients with
dysphagia caused by incurable esophageal cancer were randomized between intraluminal
brachytherapy and stent placement. Based on these patients, a prediction tool for survival
was developed by Steyerberg and colleagues.’however, only occurred after a relatively long
survival. The objective is to develop a model that distinguishes patients with a poor progno-
sis from those with a relatively good prognosis. Methods: Survival was analyzed with Cox
regression analysis. Dysphagia-adjusted survival (alive with no or mild dysphagia More
recently, the SOURCE prediction model was published based on 3271 metastatic esophageal
cancer patients.® Results show that the SOURCE model for metastatic esophageal cancer pa-
tients demonstrates fair discrimination and good calibration. Although the SOURCE model
is more recent and based on more patients, the Steyerberg model is based on patients treated
for dysphagia only, and thus perhaps a better representative for this specific group.

The aim of the current study was to evaluate if the use of prediction tools would
have improved survival prediction compared to clinical judgement in patients treated in
the POLDER trial. In addition, the model’s performances of predicting survival at three
months will be used to determine which model is more suitable as a tool to determine which
patients are eligible for EBRT treatment.
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Methods

Study sample

This study is performed according to the TRIPOD checklist for the validation of predicti-
on models' to inform their decision making. However, the overwhelming evidence shows
that the quality of reporting of prediction model studies is poor. Only with full and clear
reporting of information on all aspects of a prediction model can risk of bias and potential
usefulness of prediction models be adequately assessed. The Transparent Reporting of a
multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD The data
used in the study originated from the POLDER study, a Dutch multicenter prospective
cohort study of patients with metastasized or otherwise incurable esophageal cancer requi-
ring palliation of dysphagia between 2016 and 2019.7both between the original cohorts and
between 1:1 propensity score-matched cohorts. The primary end point was an improvement
of dysphagia at 3 months without reintervention. The secondary end points included toxi-
city and time-to-effect. Results: A total of 115 patients treated with EBRT and 93 patients
who underwent brachytherapy were eligible for analysis. In the original cohorts, dysphagia
improved after EBRT in 79% of patients compared with 64% after brachytherapy (p = 0.058
The sample consisted of (N=115) patients with incurable esophageal T, , , .« Ny .M |
that were treated with EBRT in five fractions of 4 Gy. Patients with non-metastatic disease in
poor condition and for whom treatment with curative intent was not deemed feasible were
also included in the POLDER trial. The data was linked to the Netherlands Cancer Registry
(NCR), a nation-wide database containing tumor, patient and treatment characteristics of
patients diagnosed with cancer. Data from the NCR were used to retrieve the characteristics
that were required for the prediction models but were not recorded in the POLDER study.

One patient was excluded from the analyses because this patient’s T-stage was in
situ. Four patients were excluded because the date of the start of their treatment was mis-
sing, thus leaving 110 patients for the analyses.

Furthermore, only the weight, but not the height of patients could be obtained due
to practical constraints. To approximate patients’ BMI, we used the average height of Dutch
men and women as reported by Statistics Netherlands (CBS). For men this was 180.8 cm
and for women this was 167.7 cm."" Additional sensitivity analyses were performed to inves-
tigate the effect of patient with a height of -10 cm and +10 cm.

Prediction models

The published SOURCE and Steyerberg prediction models were retrospectively used to
predict three month survival probabilities of patients treated in the POLDER trial. The
SOURCE prediction model was recently developed for patients suffering from metastatic

or potentially curable esophageal or stomach cancer.® Since most patients treated in the
POLDER trial had metastatic esophageal cancer (87%), for the current study, the model

for patients with metastatic esophageal cancer was used. For the remaining 13% of patients
without distant metastases, the general condition was considered too poor for curative or
more radical treatment. Therefore, the model for metastatic patients was also used to predict
survival for these 13% of patients. The predictors in the SOURCE model included the follo-
wing patient characteristics: age, sex, body mass index, performance status, Albumin, LDH,
Creatinine, type of treatment and the following tumor characteristics: ¢T and cN stage, diffe-
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rentiation grade, HER2 status, only distant lymph node metastases, peritoneal metastases,
and number of metastatic sites.

The Steyerberg prediction model has been developed prior to the SOURCE
prediction model and was intended to predict survival for esophageal patients treated for
dysphagia.’however, only occurred after a relatively long survival. The objective is to develop
a model that distinguishes patients with a poor prognosis from those with a relatively good
prognosis. Methods: Survival was analyzed with Cox regression analysis. Dysphagia-adjus-
ted survival (alive with no or mild dysphagia The predictors in the Steyerberg model differ
from the SOURCE model. These predictors include the following patient characteristics:
sex, age (per ten years), WHO performance status and tumor length. In this analysis, we
fitted the cox regression model with the reported model’s coefficients to the data. As the
baseline hazard function was not reported by Steyerberg and colleagues, we estimated the
baseline hazard on the POLDER data on the assumption that patients in the POLDER study
had similar characteristics as patients in the SIREC trial on which the Steyerberg model was
developed.

As the primary aim of this study was to investigate to what extent both models
would perform better than the clinician’s survival predictions, the main focus was on predic-
ting survival at three months. Furthermore, threshold probabilities were used to evaluate if a
patient was predicted to be deceased or alive at three months: the survival cut-oft probabili-
ty. Since the choice of such a cut-off probability is arbitrary and was unknown at the time of
patient inclusion, we used multiple cut-oft probabilities to evaluate the models. For example,
if the cut-off probability was at 0.7, we assumed that patients with lower and higher values
than 0.7 were predicted to be deceased and alive, respectively.

Statistical Analyses

Three-month survival probabilities were computed with the published model coefficients of
the SOURCE and Steyerberg models using the Prediction Error Curves for Risk Prediction
Models in Survival Analysis (PEC) package for R."> For each model, the area under the curve
(AUC) was calculated and the difference of the AUC between the SOURCE and Steyerberg
model was tested for significance with a two-sided DeLong test with an alpha level of 0.05.
The accuracy (the percentage of correct decisions), the sensitivity and specificity were calcu-
lated to evaluate the models’ predictions. To estimate the optimal cut-off survival probability
Youdens-index was used.'’ This method is developed to determine the optimal balance
between sensitivity and specificity. Furthermore, the sensitivity and specificity for all cut-oft
scores between 0.5 and 1.0 were plotted and smoothed using locally estimated scatterplot
smoothing (LOESS). All analyses were performed in R version 4.0.3."
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Robustness
Missing data on the variables in the dataset were imputed via random forest imputation
using the missForest package in R."” Missing forest imputation with missForest can hand-
le missing values in data with different types of variables, complex interactions between
variables and has been found to outperform other imputation methods such as multivariate
imputation by chained equations in biological and medical datasets.” In addition, the mis-
sForest algorithm also provides an out of bag error estimate to evaluate the imputation error.
This error is estimated by iteratively training the algorithm on a bootstrapped sam-
ple and testing on a number of complete cases that are not in the bootstrapped sample. The
difference between observed and expected is defined as the out of bag error estimate.
Furthermore, to evaluate optimism of estimating the optimal cut-off and testing the model
on the same data, we used 20 repeated five-fold cross validations.'® This emulates the pro-
cedure of validating the cut-off probability with new data. For each repetition the data were
randomly partitioned into five folds. Four folds were used for determining the optimal cut-
off probability an one fold was used for testing. This was repeated five times so that every
patient was in the training and test fold at least one. The process of five-fold cross validation
was repeated 20 times to increase stability of the estimates. The mean accuracy with 95%
confidence interval was evaluated.
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Results

Characteristics of patients treated in the POLDER study are shown in Table 1. Three months
after the onset of treatment, 35 patients were deceased. The AUC of the SOURCE and
Steyerberg models were 0.76 and 0.60, respectively (p = .017). Based on Youden’s index,

the optimal survival probability cut-off was 0.70 and 0.87 for the SOURCE and Steyerberg
model respectively. Using 0.70 as a cut-off the accuracy of the SOURCE model was 79%, the
sensitivity was 93% and the specificity was 54%. Using 0.87 as a cut-off the accuracy of the
Steyerberg model was 64%, the sensitivity was 67% and the specificity was 51%.

Table 2 shows how many patients would have been justly and unjustly included if
the decision was only based on predicted survival using ideal cut-oft probabilities. Retros-
pectively, SOURCE would have wrongfully included in total 16 patients as opposed to 35
patients that were wrongfully included in the POLDER trial. Steyerberg would have wrong-
fully included 34 patients.

Extending beyond the optimal survival cut-offs, the general trend was that the
sensitivity of the SOURCE model was lower compared to the Steyerberg model (Figure 1)
across cut-off probabilities higher than 0.7. The SOURCE model’s specificity was higher than
the Steyerberg model across all cut-off probabilities. Additionally, Figure 1 can be used to
investigate the sensitivity and specificity given a different cut-off probability.

A nomogram of the SOURCE model (Figure 2) can be used to obtain the three
month survival probability.

Robustness

After 20 five-fold cross validations, the accuracy of the SOURCE model was 0.74 (0.54-0.94)
and 0.53 (0.31-0.75) for the Steyerberg model. Thus the optimism of retrospectively estima-
ting the cut-off probability of both models were 5% and 11% for SOURCE and Steyerberg,
respectively.

Furthermore, the imputation error and the effect of varying the average patient
height for the BMI calculation was separately tested. The normalized root mean squared
error, which reflects the imputation error of continuous variables, was 2.52*107. The propor-
tion of falsely classified entries, which reflects the imputation error of categorical variables,
was 0.15. Values close to zero indicate low imputation error whereas values near one indica-
te high imputation error. Thus, the overall imputation error was low.

In additional sensitivity analyses, varying patients” average height with -10 cm and
+10 cm had no effect on overall results (Supplementary Table 1). Therefore, for all analyses
heights of 180.8 cm for men and 167.7 cm for women were used to calculate BMI.
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Table 1. Descriptive statistics of the included patients.

N 110

Peritoneal metastases (%)

Yes 2(1.8)

Age (mean (SD)) 71.36 (9.36)

BMI (mean (SD)) 24.11 (4.66)

0 20 (18.2)

2 20(18.2)

Missing 27 (24.5)

LDH (mean (SD)) 227.91 (121.32)

Clinical M-stage = 1 (%) 89 (80.9)

2 37 (33.6)

4 9(8.2)

Clinical N-stage (%)

1 38 (34.5)

3 13 (11.8)

[\S}
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Table 1 (Continued). Descriptive statistics of the included patients.

Gl 3(27)

G3 43 (39.1)

HER2 status (%)

Positive 10 (9.1)

Only lymph node metastases (%)

Yes 20 (18.2)

Number of metastases (%)

1 45 (40.9)

3 17 (15.5)

Chemoradiation 31(28.2)

Other 1(0.9)

Radiotherapy of primary tumor 73 (66.4)
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Table 2. Correct and incorrect in- and exclusions based on optimal cut-off probabilities.

POLDER trial (N=110) SOURCE (cut-off probabi-  Steyerberg (cut-off proba-

lity = 0.70) bility = 0.87)
Wrongfully included 35 16 34
Wrongfully excluded - 7 6
Correctly included 75 68 69
Correctly excluded - 19 1
1.00 1.00
0.75 0.75
2 2
= S
® 0.50 5 050 — Source
5 g — Steyerberg
n n
0.25 0.25
0.00 0.00
05 06 07 08 09 10 05 06 07 08 0.9 10
Cut-off probability Cut-off probability

Figure 1. Sensitivity and specificity of the SOURCE and Steyerberg model as function of cut-off survi-
val probability
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Figure 2. Nomogram for 3-month survival of the SOURCE prediction model for metastatic patients.
The SOURCE prediction model for patients with metastatic esophageal cancer was developed on 3271

patients.®
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Discussion

The POLDER trial investigated the effects of EBRT on dysphagia caused by incurable esop-
hageal cancer.’both between the original cohorts and between 1:1 propensity score-matched
cohorts. The primary end point was an improvement of dysphagia at 3 months without
reintervention. The secondary end points included toxicity and time-to-effect. Results: A
total of 115 patients treated with EBRT and 93 patients who underwent brachytherapy were
eligible for analysis. In the original cohorts, dysphagia improved after EBRT in 79% of pa-
tients compared with 64% after brachytherapy (p = 0.058 Both the SOURCE and Steyerberg
prediction models might have improved survival predictions for these patients in addition
to the clinicians’ judgement, albeit with different predictive characteristics.

Overall, the SOURCE model displayed a higher accuracy than the Steyerberg
model. Furthermore, the SOURCE model was a more specific prediction model whereas
the Steyerberg model was more sensitive. This implies that when the SOURCE model would
have been used as a decision aid, less patients in the POLDER trial would have been inclu-
ded that did not meet the criteria of surviving three months. On the other hand, this also
implies that if the SOURCE model was used, some patients would not have been included
but did survive three months. Based on the retrospectively estimated survival-cutoff scores,
the SOURCE model outperformed the Steyerberg model because fewer patients would
have been incorrectly included. Based on the prediction models only, SOURCE would have
incorrectly included 16 patients and Steyerberg 34 patients.

Clinical implications

There is considerable treatment variation for patients with esophageal cancer in the palli-
ative setting *'**but experience with its administration may be limited and vary among hos-
pitals. In a population-based study, we analysed the association between hospital systemic
treatment volume and administration of beyond first-line treatment in oesophagogastric
adenocarcinoma, as well as the effect on overall survival (OS For example, a significant hos-
pital variation in treating patients with either EBRT or stent placement has been observed.”
In daily practice, when the patient is considered for stent placement to relieve dysphagia,
the SOURCE model can be used to determine whether EBRT treatment would be a good
alternative. SOURCE outperforms the Steyerberg model in filtering patients that are likely
to survive three months and as such identify patients for whom EBRT would be a good tre-
atment option. In this scenario, the Steyerberg model would incorrectly select more patients
for EBRT treatment.

For relieving dysphagia, treating patients with EBRT when they will not survive
three months is undesirable, since the effect of EBRT on dysphagia relief is not immediate
and patients will thus potentially not experience its effect.’both between the original cohorts
and between 1:1 propensity score-matched cohorts. The primary end point was an improve-
ment of dysphagia at 3 months without reintervention. The secondary end points included
toxicity and time-to-effect. Results: A total of 115 patients treated with EBRT and 93 patients
who underwent brachytherapy were eligible for analysis. In the original cohorts, dysphagia
improved after EBRT in 79% of patients compared with 64% after brachytherapy (p = 0.058
These patients will likely benefit more from stent placement, which relieves dysphagia more
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rapidly.® Therefore, for patients that are likely to die soon or patients for whom it is unclear
whether they will survive three months, stent placement is potentially a better option.

Inherent to SOURCE'’s conservative survival predictions, some patients will not
receive EBRT treatment when they are alive after three months. This is the cost of using con-
servative survival predictions. However, making this error has less severe consequences for
patients since these patients may have experienced rapid dysphagia relief and retreatment
with stent replacement can be performed when necessary.?! Alternatively, stent removal and
subsequent EBRT can be considered. Nevertheless, dysphagia recurrence after stent place-
ment is high (31%) and possibly negatively impacts quality of life.?? For practical application
of the SOURCE model, the 3-month survival nomogram for patients with metastatic esop-
hageal cancer (Figure 2) can be used.

For clinical application of the SOURCE and Steyerberg prediction models, the op-
timal cut-oft probability can be used as this maximizes the model accuracy, However, Figure
1 can also be used to visually inspect and select a different cut-oft probability given desired
sensitivities and specificities, as an alternative to the cut-off point based on the Youden
index.

Strengths and limitations

This study has a number of strengths. First, it concerns a specific patient group
in which research is rarely performed. Also, the data of this study were based on recent
patient data. Moreover, multiple steps were undertaken to evaluate robustness of results. We
conducted a repeated cross-validation to evaluate the optimism of estimating the cut-oft
probability and testing the model on the same data with that cut-off. To improve stability of
the estimates we repeated 5-fold cross-validation 20 times, which showed that overfitting of
the cut-off probability was fairly low. Furthermore, even though we imputed missing data
and calculated BMI using average heights’ of men and women, analyses showed that these
missing data methods did not affect our conclusions.

A limitation of this study was that only treated patients were included in the POL-
DER study and thus the analysis. Unfortunately, data of excluded patients were not available.
A second limitation was that we could not use the baseline survival hazard of the Steyerberg
model because this was not reported. Alternatively, we used the baseline survival hazard of
the patients of the POLDER trial. Patients in the POLDER trial were similar to patients in
the SIREC trial on which the Steyerberg model was developed as the inclusions criteria were
the same. 2 We therefore assumed similarity of their baseline survival hazard. Furthermore,
patients in the POLDER trial were registered in the NCR and as such used to develop the
SOURCE model. Overfitting was a potential hazard, however the patients in the POLDER
trial were only 3% of all patients used for fitting the SOURCE model. Thus, the risk of over-
fitting was relatively low.
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Conclusion

Both the SOURCE and Steyerberg models could have improved three-month survival
predictions in addition to clinical judgement alone for patients with incurable esophageal
cancer experiencing dysphagia. The SOURCE model was found to be a more useful decision
aid than the Steyerberg model as it was more accurate, albeit slightly more conservative.
Results showed that the SOURCE model could be used for patients that are considered for
palliative treatment of dysphagia caused by esophageal cancer.
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Supplementary Table 1. Sensitivity analysis for different average heights for males and females. Aver-
age height was used to calculate BMI which is used in the SOURCE model.

Cut-off probability ~ Youden-index  Sensitivity ~ Specificity AUC

Average height
-10cm SOUCE 0.707 0.478 0.907 0.571 0.764

Average height
+10cm SOUCE  0.699 0.478 0.907 0.571 0.762
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Abstract

Background. Prior models have been developed to predict survival for patients with esop-
hagogastric cancer undergoing curative treatment or first-line chemotherapy (SOURCE
models). Comprehensive clinical prediction models for patients with esophagogastric cancer
who will receive second-line chemotherapy or best supportive care are currently lacking.
The aim of this study was to develop and internally validate a new clinical prediction model,
called SOURCE beyond first-line, for survival of patients with metastatic esophagogastric
adenocarcinoma after failure of first-line palliative systemic therapy.

Methods. Patients with unresectable or metastatic esophageal or gastric adenocarcino-

ma (2015-2017) who received first-line systemic therapy (N=1067) were selected from

the Netherlands Cancer Registry. Patient, tumor and treatment characteristics at primary
diagnosis and at progression of disease were used to develop the model. A Cox propor-
tional hazards regression model was developed through forward and backward selection
using Akaike’s Information Criterion. The model was internally validated through 10-fold
cross-validations to assess performance. Model discrimination (C-index) and calibration
(slope and intercept) were used to evaluate performance of the complete and cross-validated
models.

Results. The final model consisted of 11 patient tumor and treatment characteristics. The
C-index was 0.75 (0.73 to 0.78), calibration slope 1.01 (1.00 to 1.01) and calibration intercept
0.01 (0.01 to 0.02). Internal cross-validation of the model showed that the model performed
adequately on unseen data: C-index was 0.79 (0.77 to 0.82), calibration slope 0.93 (0.85 to
1.01) and calibration intercept 0.02 (-0.01 to 0.06).

Conclusion. The SOURCE beyond first-line model predicted survival with fair discrimina-
tory ability and good calibration.

226



SOURCE beyond first-line: A survival prediction model

Introduction

Survival of patients with metastatic esophagogastric cancer is poor."* First-line palliative
systemic treatment for patients with metastatic esophagogastric cancer has the potential to
extend survival, and to improve or sustain quality of life.>> After failure of first-line syste-
mic treatment, patients have the option to continue with second-line palliative systemic
therapy or best-supportive care. Second-line treatment with paclitaxel and ramucirumab is
considered standard of care for patients with esophagogastric adenocarcinoma.®® In clinical
practice, roughly a quarter of patients that received first-line systemic therapy continue with
second-line systemic therapy and have a median overall survival (OS) of 5.4 months since
start of second-line treatment.’

The emergence of prediction models have enabled physicians to improve commu-
nication of individualized information regarding life expectancy and can aid in shared deci-
sion making.'” Recently, the SOURCE and SOURCE-PANC prediction models for patients
with curable or incurable esophagogastric cancer and incurable pancreatic cancer, respec-
tively, have shown good predictive performances and are important in informing patients
about treatment outcomes.'' ™"

Currently, two prediction models exist for the survival after failure of first-line
systemic treatment for patients with gastric cancer.'*** The first consisted of a prognostic
model for patients with gastric cancer who received second-line chemotherapy who were
treated with second-line chemotherapy. '* However, this model lacks internal and external
validation, and thus predictive performance on novel data cannot be assessed. Furthermore,
at the time of publication second-line therapy ramucirumab and paclitaxel was not available
and therefore not included in the model. Since second-line therapy with ramucirumab and
paclitaxel has improved survival in recent years, the existing model has become less relevant
for current clinical practice.® The second prediction model did internally and externally
validated the model, but the model was trained on relatively small number of patients and
only included patients that received second-line chemotherapy.'® Patients that received best
supportive care were not included. Finally, both models were developed for patients with
gastric cancer only, and cannot be used for patients with esophageal cancer.

The aim of this study was to develop and internally validate a survival prediction
model using nationwide population-based data of patients with esophagogastric adenocar-
cinoma after failure of first-line palliative systemic treatment for use in clinical practice with
patient, tumor and treatment characteristics.
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Methods

Data collection

This manuscript is written according to the Transparent Reporting of a Multivariable Pre-
diction model for Individual Prognosis or Diagnosis (TRIPOD) statement. Patients with
synchronous metastatic adenocarcinoma (2015-2017) of the esophagus (C15.0-C15.9),
gastroesophageal junction (GEJ)/cardia (C16.0) or stomach (C16.1-C16.9) and patients with
a metachronous metastatic disease initially treated with curative intent (2015-2016) for a
non-metastatic esophageal, GE]J/cardia or gastric adenocarcinoma, who received first-line
palliative systemic treatment in the Netherlands were selected from the Netherlands Cancer
Registry (NCR). The NCR is a nationwide based registry that covers the total Dutch popu-
lation of more than 17 million people. The NCR is linked to the pathology archive in the
Netherlands (PALGA), which contains information from all newly diagnosed malignancies.
Trained data managers routinely extract patient and treatment information from electronic
medical records.

Follow-up information on tumour and treatment characteristics (including met-
achronous metastatic disease) was collected in the second half of 2019, with the exception
of two hospitals due to logistical constraints. Data on vital status were obtained through
annual linkage to the Dutch Personal Records Database and updated until February 2021.
Metachronous metastatic disease was defined as diagnosis of metastases at least five days
after end of treatment with curative intent for primary non-metastatic disease for patients
diagnosed in 2015-2016. Treatment with curative intent was defined as endoscopic resec-
tion, surgical resection or definitive chemoradiotherapy (chemotherapy with concurrent
radiotherapy consisting of >28 fractions or total radiation dose of 250 Gy). For patients who
developed metachronous metastases within six months after end of neoadjuvant chemothe-
rapy, the neoadjuvant chemotherapy was considered as first-line systemic therapy. First-line
palliative systemic therapy was defined as all chemotherapy or targeted agents that started
within three days of each other, as described in more detail in a previous publication.'® Se-
cond-line treatment was considered when a new agent of a different drug group was started
that was not administered in first-line.’ Patients with first-line treatment failure for other
reasons than disease progression were excluded. Furthermore, patients were also excluded if
patients first-line therapy despite progression or if a restart of the first-line was initiated after
disease progression A comprehensive overview of included patients is available in Supple-
mentary Figure 1.

Model development and validation

Characteristics of patients included in this study were summarized with mean and standard
deviation for continuous variables, frequencies for categorical variables, and median for
overall survival estimates. An initial variable selection was performed to select predictors
that were available for at least 50% of patients. After the selection, all variables that were
available at primary diagnosis and at progression after the first-line treatment were used

for the modelling procedure. Potential predictors included patient, tumor and treatment
characteristics. Type of treatment (including best supportive care) after first-line systemic
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therapy was a mandatory variable and was forced to be in the model, since the model’s pri-
mary aim is predicting treatment effects.

Next, a multivariable Cox proportional hazard model was fitted. Through back-
and forward variable selection, the final set of predictors was determined and fitted as the
final model. Predictor selection was performed based on Akaike’s Information Criterion
(AIC). Multiple imputations by chained equations (MICE) with 10 iterations was used to
handle missing data, with the exception of cN-stage, cT-stage, differentiation grade and
HER2-status.!” These variables could not be assumed to be missing at random and the fact
that they are missing was likely to have predictive information. We therefore included a
separate category “unknown” in these variables, which was attributed to patients whose data
was missing on that variable.

The predictive performance of the final model was evaluated with the concordance
index (C-index), calibration slope and calibration intercept. The C-index is a measure for
model discrimination and ranges from 0.5 (random chance) to 1.0 (perfect discriminati-
on)."® C-indices of 0.60-0.69 are typically interpreted as poor discrimination, 0.70-0.79 fair
discrimination, 0.80-0.89 good discrimination and 0.90-1.0 excellent discrimination.'® The
calibration slope and intercept refer to the accordance between predicted and observed sur-
vival outcomes.?® For each prediction, we calculated the partial chi-squared statistic minus
the predictor degree of freedom which quantified the relative importance of each variable.*!
Higher values correspond with higher relative variable importance.

To assess model performance on unseen data, 10-fold cross-validation was perfor-
med.”® With this method, the data is randomly shuffled and split into 10 equal parts called
folds. The model was then trained in 9 folds and tested in the remaining fold. This process
is repeated ten times so that every patient is included in the train and test fold at least once.
The C-index, calibration slope and intercept across cross-validations were evaluated with
a meta-analysis to obtain pooled performance estimates similarly to previously published
SOURCE and SOURCE-PANC models.'"*?
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Results

Predictors

We identified 1067 patients with metastatic esophagogastric adenocarcinoma with failure on
first-line palliative systemic treatment (Table 1). Median OS of all patients since progression
was 3.6 (95%CI: 3.2 to 3.8) months (Table 1; Supplementary Figure 2). After back and for-
ward predictor selection, the final model contained 11 patient tumor and treatment charac-
teristics (Table 2). A significant predictor at primary diagnosis was cN-stage. Although
tumor differentiation grade remained in the final model, its hazard ratios were not signifi-
cant compared to the reference. Significant predictors after progression on first line syste-
mic therapy were WHO performance status, albumin (g/L), lactate dehydrogenase (LDH)
(U/L), neutrophils count (10°/L), human epidermal growth factor receptor 2 (HER2) status,
duration of first-line systemic therapy (months), type of metastatic disease (synchronous or
metachronous), number of metastatic sites and type of treatment after failure of first-line
therapy (including best supportive care).

At primary diagnosis, a cN1 and cN2 were associated with higher OS compared to
cNO. At progression, poorer WHO performance status, higher LDH concentrations, higher
neutrophils count, a higher number of metastatic sites was associated with lower OS. Pa-
tients with HER?2 positive tumors, higher albumin concentrations, synchronous metastatic
disease, and a longer duration of first-line therapy were associated with higher OS.

Model performance
The final model had a C-index of 0.75 (0.73 to 0.78), calibration slope of 1.01 (1.00 to 1.01)
and calibration intercept of 0.01 (0.01 to 0.02) (Figure 1). 10-Fold cross-validation showed
similar point estimates, C-index of 0.79 (0.77 to 0.82), calibration slope 0.93 (0.85 to 1.01)
and calibration intercept of 0.02 (-0.01 to 0.06) (Figure 1). In the final model, the type of
treatment after first-line systemic therapy was the most predictive for survival, followed by
the number of metastatic sites and duration of the first-line therapy (Figure 2).

A nomogram of the model predicting six month and one-year survival is available
in Supplementary Figure 3. Predictions can be made by adding the points of each variable,
and finding the corresponding probability to the total amount of points.
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Table 1. Patient, disease and treatment characteristics at progression of disease after failure of first-line.

Median survival (95% CI), months 3.55(3.29-3.84)

Variables at primary diagnosis

Sex

Female 232 (21.7%)

1 2(0.2%)

1B 1(0.1%)

3 355 (33.3%)

4B 48 (4.5%)

cN

1 359 (33.6%)

3 91 (8.5%)

Primary tumor location

Stomach 317 (29.7%)

Tumor differentiation

Moderate 256 (24.0%)

Unknown 373 (35.0%)
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Table 1 (Continued). Patient, disease and treatment characteristics at progression of disease after
failure of first-line.

Mean (SD) 63.38 (10.00)

Mean (SD) 35.43(7.13)

LDH (U/L)

Missing (N) 162

Mean (SD) 5.76 (3.786)

HER?2 status

Positive 192 (18.0%)

WHO performance status

1 310 (29.1%)

>2 97 (9.1%)

Duration first line therapy (monhts)

Type of metastatic disease

Synchronous metastases 882 (82.7%)

Mean (SD) 2.57 (1.39)

[\S}
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Table 1 (Continued). Patient, disease and treatment characteristics at progression of disease after
failure of first-line.

First-line therapy

Monotherapy 51 (4.8%)
Doublet therapy 627 (58.8%)
Triplet therapy 212 (19.9%)
Trastuzumab-containing regimen 164 (15.4%)
Non-trastuzumab targeted therapy- 13 (1.2%)

containing regimen

Type of second-line treatment

Paclitaxel and ramucirumab 232 (21.7%)
Monochemotherapy 114 (10.7%)
Doublet or triplet chemotherapy 81 (7.6%)

Best supportive care 640 (60.0%)
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Table 2. Hazard ratios (HR) of overall survival and 95% confidence intervals of predictors in the
model.

Variables at primary diagnosis

cN

—

0.75 (0.63-0.90) 0.002

w

1.05 (0.81-1.36) 0.734

Well Reference

Poorly 1.41 (0.90-2.21) 0.129

Reference

(=}

S}

1.38 (1.10-1.73) 0.006

Albumin (g/1) 0.99 (0.98-1.00) 0.014

Neutrophile count (10°/L) 1.04 (1.02-1.06) <.001

Negative Reference

Unknown 0.96 (0.82-1.14) 0.650

Type of metastatic disease

Synchronous 0.65 (0.53-0.81) <.001

[\S}
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Table 2 (Continued). Hazard ratios (HR) of overall survival and 95% confidence intervals of predic-
tors in the model.

Treatment after first-line therapy

Paclitaxel and Ramucirumab Reference

Monochemotherapy 1.23 (0.97-1.54) 0.082
Doublet or triplet chemotherapy 1.21 (0.93-1.56) 0.149
Best supportive care 2.65 (2.24-3.14) <.001

235



Chapter 9

(A) Final model
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(B) Cross—validations
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Figure 1. Calibration plot of complete model and cross-validations. This shows the accordance
between the observed survival and the predicted survival of the final model (A) and across 10-fold
cross-validations (B). The coloured lines represent 10 different validation folds on which the trained
model was tested. Perfect values are a slope of 1 and an intercept of 0.
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Variable importance (Chi-squared - df)

Figure 2. Relative variable importance. Variables with higher values correspond with a larger relative
importance in predicting survival in the final Cox-regression model. Relatively, type of treatment after
first-line systemic therapy had the most predictive capability. LDH=Lactate dehydrogenase, WHO=
World Health Organization, df = degrees of freedom.
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Discussion

This study developed the first population-based prediction model for survival of patients
with metastatic esophagogastric adenocarcinoma after failure of first-line palliative systemic
therapy. The model showed fair discrimination (0.75) and good accordance between predic-
ted and observed overall survival. This indicates that the SOURCE beyond first-line model
can be valuable for shared decision making between patient and physician when considering
second-line palliative systemic therapy or best-supportive care.

The predictive performance of the prediction model was fairly similar to the
previously developed SOURCE models for esophagogastric cancer where the C-indexes
ranged from 0.73 to 0.78, and calibration estimates were alike.'"'? In line with the previous
SOURCE model for patients with metastatic esophagogastric cancer, WHO performance
status, albumin, LDH, HER?2 status, cN stage and number of metastatic sites were predic-
tive for overall survival. In the final model, poorer WHO performance status, and higher
LDH concentrations were predictive of lower OS. Higher albumin concentrations, cN1 and
cN2 compared to cNO were predictive of higher OS. Unlike previous SOURCE models for
esophagogastric cancer, patient characteristics such as age, sex and body mass index were
not predictive for survival after failure of first-line systemic therapy due to progression.!
Since survival of these patients is generally poor (median survival of around 4 months in
this study), variables that reflect patients’ fitness may be more predictive than general patient
characteristics.??

Novel predictor variables included the neutrophils count, duration of the first-li-
ne systemic therapy and whether a patient had synchronous or metachronous metastatic
disease. Higher neutrophils count were predictive for lower OS, which is consistent with ear-
lier findings.?** It is suggested that increased numbers of neutrophils can reduce anticancer
activity and increase tumor growth.?** Furthermore, longer first-line therapy was predictive
for higher OS, which showed that patients that respond well to first-line chemotherapy have
a better OS. Synchronous metastases were predictive for higher OS compared to patients
with metachronous metastases. Finally, compared to paclitaxel and ramucirumab best sup-
portive care was predictive of a lower OS. Monochemotherapy and doublet or triplet chemo-
therapy were not predictive of a different OS compared to the reference treatment paclitaxel
and ramucirumab.

Furthermore, although WHO performance status after failure of the first-line due
to progression was predictive for survival, it was not the most predictive variable as this was
the type of treatment after first-line therapy. Performance status should be accounted for in
the decision to start or forgo second-line treatment, however our results show that varia-
bility of survival among patients cannot be solely accounted for by patients’ performance
status.”®* It should be noted, that 40% of performance status scores were missing.

The robustness and generalizability of the models was assessed and tested with an
internal-external 10-fold cross validation scheme. With this method it can be assessed how
the model performs on data that was not used for training the model. In development of
prior SOURCE models, a temporal cross-validation scheme was employed which mimics
real-world practice of testing the model on a new sample of patients."! However, follow-up
of patients diagnosed between 2015-2017 was obtained in 2019. Hence, the follow-up time
for patients diagnosed in 2017 was shorter compared to patients diagnosed in 2015. Survival
estimates from these cohorts may therefore be different. To counter this potential source of
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bias, we created the folds using a random patient sample rather than consecutive cohorts of
patients. Additionally, missing data of continuous variables were handled through multiple
imputation with chained equations (MICE), which reduces bias due to missing data and is
preferred over complete case analysis.*® Missing differentiation grade, cN, cT, and HER2-sta-
tus variables were handled by including ‘unknown’ as a separate category. The combination
of missing indicators with multiple imputation has been found to be a valid method to
handle missing data that are not missing at random. *! This is also useful in clinical practice
since not all variables can always be known for some patients.

This study has several limitations. First, this prediction model is only developed
using population-based data from the Netherlands which could affect the generalizability to
other populations of patient with esophagogastric cancer. Second, health related quality of
life is an important prognostic factor for survival in patients with metastatic esophagogastric
cancer, but was not available to use in this study.*

A strength of this study is that the prediction model was developed on data from
the population-based Netherlands cancer registry which is directly linked to the national
pathology archive. Additionally, steps were taken to increase the robustness and genera-
lizability of the results. Finally, this is the first model predicting survival for patients with
esophagogastric cancer after failure of first-line treatment due to progression which includes
paclitaxel and ramucirumab as second-line therapy and can be used as a treatment decision
aid.

Conclusion

This study presented a prediction model for patients with esophagogastric adenocarcinoma
that receive second-line systemic therapy or best-supportive care after failure of the first-li-
ne due to progression. The SOURCE beyond first-line model predicted survival with fair
discriminatory ability and good calibration. In the future this model will be integrated in an
online decision support tool to be used in clinical practice.
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Supplementary Figure 1. Flowchart of which patients were selection from the Netherland Cancer Registry. Patients included in the final dataset for the
development of the SOURCE 2™ line model are highlighted in orange. ER= Endoscopic resection, SR= Surgical resection, dCRT= Definitive chemoradio-
therapy (chemotherapy with concurrent radiotherapy consisting of >28 fractions or total radiation dose of 250 Gy), BSC= Best Supportive Care. Neoad-
juvant chemotherapy for patients with cM1 and T4b was also seen as first line treatment. Neoadjuvant chemotherapy for patients that had metachronous
metastases within six months was seen as first-line therapy. Progression during first-line treatment was not considered an event for treatment failure of
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Supplementary Figure 2. Kaplan-Meier curve of the sample of patients with esophagogastric cancer
on which the model was developed. The median survival time (3.6 months) is shown with the dashed
line.
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Supplementary Figure 3. Nomogram of prediction model for 6-month and 1-year overall survival.
P+R = Paclitaxel and ramucirumab, Mono = Monochemotherapy.
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Abstract

Background: The value of integrating clinical variables, radiomics, and tumor-derived
cell-free DNA (cfDNA) for the prediction of survival and response to chemoradiation of
resectable esophageal adenocarcinoma (rEAC) patients is not yet known. Our aim was to
investigate if radiomics and cfDNA metrics combined with clinical variables can improve
personalized predictions.

Methods: A cohort of 111 rEAC patients from two centers treated with neoadjuvant chemo-
radiotherapy was used for exploratory retrospective analyses. Models combining the clinical
variables of the SOURCE survival model with radiomic features and cfDNA, were built
using elastic net regression and internally validated using 5-fold cross validation. Model
performance for overall survival (OS) and time to progression (TTP) were evaluated with
the C-index and the area under the curve (AUC) for pathological complete response (pCR)
Results: The best performing baseline models for OS and TTP were based on the combina-
tion of SOURCE-cfDNA which reached a C-index of 0.55 and 0.59 compared to 0.44-0.45
with SOURCE alone. The addition of re-staging PET radiomics to SOURCE was the most
promising addition for predicting OS (C-index: 0.65) and TTP (C-index: 0.60). Baseline
risk-stratification was achieved for OS and T'TP by combining SOURCE with radiomics or
cfDNA, log-rank p<0.01. The best performing combination model for the prediction of pCR
reached an AUC of 0.61 compared to 0.47 with SOURCE variables alone.

Conclusions: The addition of radiomics and cfDNA can improve the performance of an
established survival model. External validity needs to be further assessed in future studies
together with the optimization of radiomic pipelines.
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Introduction

Currently, personalized outcome predictions to guide treatment for resectable esophageal
adenocarcinoma (rEAC) are lacking.! One of the primary treatment modalities for rEAC
involves neoadjuvant carboplatin and paclitaxel based chemoradiotherapy (nCRT)
according to CROSS and adjuvant nivolumab for incomplete responders.>* This treatment
regimen has shown improved survival compared to surgery alone, but locoregional and
systematic relapses negatively impacts long-term outcome.* An established alternative

for treating rEAC is perioperative chemotherapy according to the FLOT protocol.” The
ESOPEC trial presented at ASCO 2024 compared FLOT with CROSS and found superior
survival results for FLOT.® However, potentially the CROSS arm underperformed with a
lower complete response rate and less patients able to finish the full protocol compared to
historical data.? Moreover, perioperative chemotherapy is associated with more neutropenia
and diarrhoea based on data from the Neo-AEGIS trial.” Identifying patients who are likely
to benefit from either CROSS or FLOT through prediction of survival or response could
aid in selecting the most suitable candidates. Such an approach would not only benefit
treated patients, but will also reduce healthcare costs and protect individuals from potential
complications or side effects associated with ineffective treatments. To fulfil this purpose,
models that integrate clinical characteristics, radiologic, and nuclear imaging as well as other
biomarker data can be employed.

Routine medical imaging provides qualitative information, but it fails to captu-
re the wealth of hidden information that is invisible to the human eye. Radiomics, on the
other hand, involves extracting multiple additional features or combinations thereof, such
as intensity, shape, and texture features, from the image voxels of both tumors and healthy
tissue.*'° By leveraging radiomics alongside clinical data and other biomarkers, we can en-
hance our understanding of tumor biology, and develop prediction models to inform clini-
cal decision making.® Several studies have found that handcrafted manual delineations and
deep learning derived radiomic feature extraction can be used to predict survival, therapy
response and adverse events, alone or in combination with biomarker and clinical data.'*'¢
In head and neck squamous cell carcinoma and diffuse large B-cell lymphoma adding com-
puted tomography (CT) or 2-deoxy-2-[**F]fluoro-D-glucose ([**F]FDG) positron emission
tomography (PET) radiomic features to clinical or biological variables improved overall
survival (OS) and two-year time to progression model estimates.'"** A recently conducted
study in resectable esophageal cancer found an improvement in response prediction after
adding data relating to the expression of the immunohistochemistry tumor markers Human
Epidermal growth factor Receptor 2 (HER2) and CD44 to clinico-radiomic models."* Other
promising biomarkers such as tumor-derived cell-free DNA (cfDNA) from liquid biopsy can
provide information on cancer detection, prognosis, treatment response and targeted thera-
py-'”!8 In rEAC patients it has already been shown cfDNA tumor fraction quantification and
mutation detection is prognostic for survival but if it is a useful addition in clinico-radiomic
models remains unknown.'***

In our previous work, we developed the externally validated prediction model
SOURCE for overall survival, utilizing clinical variables from 13,080 patients obtained from
the Netherlands Cancer Registry (NCR).?* In this model, relevant baseline clinical para-
meters were identified from electronic health records specific for esophageal cancer patients
treated with curative intent. To further enhance personalized treatment predictions, we aim
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to explore the potential improvement in the SOURCE model’s performance by integrating
liquid biopsy and radiomics data. Therefore, in this exploratory retrospective study, we in-
vestigate whether the addition of radiomic and/or cfDNA features can enhance the predic-
tive power of the SOURCE model for survival and response prediction.

Patients and methods

In total 111 stage II-III (MO) resectable esophageal or gastroesophageal junction adenocar-
cinoma patients were included in this study treated consecutively between 2014 and 2019 in
the Amsterdam UMC (n=104) or UMC Utrecht (n=7). Neoadjuvant treatment consisted in
40 patients of neoadjuvant chemoradiotherapy according to CROSS (nCRT) combined with
PD-L1 immune checkpoint inhibition (ICI) and in 71 patients of nCRT only. The ICI treated
patients were part of a prospective phase II non-randomized feasibility trial (PERFECT).*
The patients whom were enrolled in the PERFECT trial received neoadjuvant immunothe-
rapy intravenous atezolizumab (1,200 mg) concurrent with chemoradiotherapy in week 1
and week 4. Atezolizumab monotherapy was administered after neoadjuvant chemoradio-
therapy in week 7, 10, and 13 before surgery. The nCRT only patients were included from
the prospectively collected BIOES Amsterdam UMC biobank. All patients provided written,
informed consent prior to study participation. This study was conducted in accordance with
the Declaration of Helsinki and the international standards of good clinical practice.

SOURCE model clinical variables

For downstream analyses, the original linear predictor of the SOURCE survival prediction
model for potentially curable esophageal cancer was used as reported earlier.”” The linear
predictor refers to the weighted sum of the covariates for each patient in the data, where the
weights are the regression coeflicients. The following baseline clinical variables on which the
SOURCE model was based were extracted for the whole cohort: body mass index (BMI),
albumin, hemoglobin, lactate dehydrogenase (LDH), age, clinical tumor stage (cT), clinical
nodal stage (cN), tumor topography and differentiation grade.”

Image acquisition and reconstruction from CT and ["*F]FDG-PET

From the complete cohort, baseline CT images used for diagnostic or radiotherapy tre-
atment planning with comparable quality were available from 111 patients. Additionally,
re-staging CT scans after neoadjuvant treatment were available from 109 patients. Post-tre-
atment imaging was performed with a median interval of 27 days (min 18 days to max

77 days) measured from the end of chemoradiation. The EANM Research limited (EAR-
L)-compliant ["*F]FDG-PET scans were available from 61 patients at baseline and from 105
at re-staging.”® The EARL guidelines help to ensure uniform imaging standards and enhance
reproducibility. The scans were acquired and reconstructed according to standard operating
procedures (SOPs) at the respective centres for diagnostic imaging.* The ["*FJFDG-PET
instructions for patients included fasting for at least 6 hours before scanning. Serum glucose
levels were measured and were in the range of 4 mmol/l and 11 mmol/l. Acquisition of the
PET scan was scheduled 60 + 5 minutes after administration of an intravenous [18F]FDG
bolus of approximately 3 MBq/kg. Alongside the [18F]FDG-PET, diagnostic CTs were made
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(5 mm slices, 3 mm reconstruction) with intravenous and oral contrast for the Amsterdam
UMC patients and 5 mm reconstruction for patients treated in the UMC Utrecht. Manufac-
turers and respective convolution kernel reconstruction was from either Philips or Siemens
for CT and PET. Except for the baseline CT scans of 10 patients which were acquired on a
Toshiba (n=5) or GE HealthCare scanner (n=5). Additional information regarding patient
and imaging characteristics according to the image biomarker standardisation initiative
reporting guidelines is given in Table S1.

Radiomic feature extraction and harmonization

For the CT images manual delineation of the primary gross tumor volume (GTV) in MIM
Maestro (MIM software, Cleveland, Ohio) was performed by TvdE and peer-reviewed by
YW. The GTV delineation was adjusted according to the radiology or endoscopic ultrasound
report. In cases with available ['**F]JFDG-PET scans they were used in conjunction to guide
the delineation. In total 105 radiomic features were extracted from the GTV using the Py-
Radiomics python package version 3.01.” The extracted quantitative metrics were 14 shape
features from the region of interest, 18 intensity features and 73 texture features (22 derived
from the grey level co-occurrence matrix [glem], 16 from the grey level run length matrix
[glrlm], 16 from the grey level size zone matrix [glszm], 14 from the grey level dependence
matrix [gldm] and five from the neighbouring grey tone difference matrix [ngtdm]). The
radiomic feature ‘original_shape_VoxelVolume’ was regarded as a proxy marker for tumor
volume. Additionally, the ["*F]FDG PET images were used for the same radiomic feature
extraction based on the primary esophageal tumor volume of interest (VOI). The VOI deli-
neation was performed in 3DSlicer version 4.11 (www.slicer.org) and in-house built software
implemented in Python 3.7.2 (Python Software Foundation).” Boxing was applied to exclu-
de surrounding ["*F]FDG-avid tissues. Esophageal primary tumor location was delineated
using an isocontour that applies an adaptive threshold of 50% of the SUVpeak, obtained
using a sphere of 12 mm diameter, corrected for local background.?**® At baseline there were
less than 100 PET scans available (n=61) and were therefore not used for radiomic analysis.*!
Only the re-staging PET-scans made after neoadjuvant therapy were used (n=105). For the
radiomic feature extraction in PyRadiomics a fixed bin size of 0.5 g/mL was used for PET
and 25 HU for CT. The interpolator used for resampling was sitkBSpline. The pixel spacing
was set to (4 x4 x4 mm?®) for PET and (1 x 1 x1 mm?®) for CT in PyRadiomics. The surrogate
variable analysis R package (version 3.38.0) was used for ComBat post-processing harmo-
nization to correct for the two main sources of data variability namely: convolution kernel
reflected by manufacturer (Philips, Siemens, Toshiba, GE healthcare) and slice thickness (3
mm or less vs. 4-5 mm).**?** This post-processing using ComBat ensured that the variability
of the convolution kernel and slice thickness due to different manufacturers was accounted
for and removed any unwanted variability that was not due to tumor-related differences.
This was done for CT baseline, CT post-treatment and PET post-treatment.

Liquid biopsy cfDNA metrics

Details on blood plasma collection, DNA isolation, library preparation and sequencing
have previously been published.*** For this study we only used baseline cfDNA features
and tumor agnostic mutation data. In short, blood samples were collected into EDTA tubes
and processed with double-centrifugation (1600g for 10 minutes and 16000g for 10 mi-
nutes) before storage at -80°C. Plasma cfDNA was extracted using QIAGEN Kkits. Baseline
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liquid biopsy data was derived from shallow whole genome sequencing (sWGS) <1x depth
of coverage on a NovaSeq 6000 and an EAC jon-torrent amplicon targeted gene panel (23
genes).'®2"7 Library preparation of the amplicon panel was performed according to the
standard operating procedure of the Ion AmpliSeq HD Library Kit and the Ion AmpliSeq
HD Dual Barcode kit with 5ng of input per pool. Sequencing of libraries was done on the
Ion S5 NGS system. The mean base coverage depth for cfDNA samples was 10,524 and for
white blood cell samples 9,647x. The following cfDNA metrics were used to estimate tumor
fraction from sWGS: short fragments (P20-150), somatic copy number aberrations (Ichor-
CNA), and fragment end sequence score (FrEIA) as previously described.** The amplicon
sequencing results corrected for white blood cell variants were used for the detection of
mutations.

Clinical outcomes

The following outcome measures were used: overall survival (OS), time-to-progression
(TTP), and pathological complete response (pCR; ypTONO). OS was defined as the days
elapsed from start of treatment until death or censored at the end of follow-up, and for TTP
until disease progression, recurrence, or censored at the end of follow-up. Data cut-oft for
OS and TTP was 14-01-2022. pCR was a binary outcome comparing complete responders
to patients with residual disease or pre-surgery progression. The SOURCE model, radiomic
features, and cfDNA metrics served as input for the different prediction models constructed
for these three outcomes (OS, TTP, pCR), Fig 1A. Models were first constructed to predict
each outcome based on the single input of SOURCE, baseline or re-staging radiomics or
cfDNA. Thereafter, double parameter models were constructed by combining SOURCE with
radiomics or cfDNA. Finally, all three parameters were combined and compared with the
different radiomic combinations (baseline CT, re-staging CT, re-staging PET).

Statistical analysis
Prior to predictive modelling, for each time point (baseline, follow-up) and scan-type (CT,
PET) an initial feature selection of the 105 radiomic features was performed to remove hig-
hly correlating features (20.75) using the redundancy filter algorithm based on a Spearman
correlation matrix within the FMradio (Factor Modelling for Radiomics Data) R-package
(version 1.1.1).%® After removing the highly correlated features between 28-34 were left
depending on time-point and scan-type. Next, elastic net regularization from the glmnet R
package (version 4.1-7) was used to develop the prediction models for OS, TTP and pCR
using clinical, cDNA and radiomic features as predictors.” Elastic net is a linear regression
regularization technique that combines Lasso (L1) and Ridge (L2) penalties. It balances
sparsity (zero coefficients) and shrinkage (small coefficients) using two parameters, lambda
and alpha, offering a flexible approach to improve model performance and handle corre-
lated features. Consequently, elastic net also performs feature selection. OS and TTP were
modelled using an elastic net Cox regression and pCR was modelled using a logistic elastic
net regression. The lambda parameter and alpha penalty mixing parameter were optimized
using a 10-fold cross-validation scheme, Fig. 1B. Across all models, feature selection was
handled via elastic net modelling.

Predictors in each model included the redundancy filtered radiomic features, a
predefined set of four cfDNA metrics reflective of tumor fraction: short fragments P20-150
(dichotomous; threshold 0.2), ichorCNA (dichotomous; threshold 0.3), FrEIA (continuous
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parameter) and mutation (dichotomous; threshold VAF 1%), the linear predictor or clinical
variables from the SOURCE prediction model, and all respective combinations. Missing
data on clinical variables were handled and imputed with a random forest imputation using
the missRanger package in R (version 2.2.1).* For the time-to-event models (OS, TTP) the
linear predictor of the SOURCE prediction model was used as a single predictor to reflect
the clinical variables. Using the linear predictor, the original covariances of the original
SOURCE model remained intact. For logistic models (pCR) all clinical variables from the
SOURCE prediction model were used in the modelling procedure as the linear prediction
was developed in the context of a Cox regression model as opposed to a logistic regressi-
on model. Additionally, an exploratory analysis was performed for pCR by using the delta
radiomic values from matched baseline and re-staging CT scans (re-staging value — baseline
value).

For time-to-event models, the concordance (C-index) was used to assess predictive
performance and the AUC-ROC curve to evaluate performance of the logistic models. In
the context for survival models the C-index expresses whether the models can distinguish
between patients with low-risk and high-risk of an event.** A C-index of 0.5 indicates poor
discrimination and 1.0 indicates perfect discrimination. For logistic models, the AUC ex-
presses whether models can discriminate between patients with and without a pathologically
complete response.*” An AUC of 0.5 indicates poor discrimination and 1.0 indicates perfect
discrimination. Both the C-index and AUC provide an indication of the model’ ability to
discriminate between patients with short and long survival or detect a higher likelihood of
pathological complete response. Given the explorative nature of this study these metrics
were chosen as the primary metric to evaluate all models on.

Bootstrapping (500 iterations) was used to empirically estimate 95% confiden-
ce intervals for the performance metrics. Furthermore, for every fitted prediction model,
we performed an internal-external five-fold cross-validation to assess performance of the
model on data on which the model was not trained (80% training and 20% validation). In
each fold, the entire modelling pipeline was repeated. Finally, a random permutation test
of the outcomes was performed to investigate overfitting, Table S1.** The values obtained
by cross-validation was the primary outcome of this study, as these would better reflect the
external reproducibility.

Based on the fitted models we constructed Kaplan-Meier curves of the time-to-
event models and ROC curves of the logistic models. For the Kaplan-Meier curves, patients
were classified into low-risk and high-risk groups based on the linear predictor values of
each patient from the fitted model. The optimal cut point for the determination of high-risk
and low-risk was optimized by finding the maximum rank statistic (prognostic index).*

A log-rank test was used to statistically test the two arms of the curve. For this study the
TRIPOD statement (transparent reporting of multivariable prediction model for individual
prognosis or diagnosis, version 1 October 2020) can be found in Table S2.*
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Figure 1. Study method for developing predictions for survival and pathological response.

A) Treatment schedule of patients included in this study. Patients were treated with neoadjuvant che-
moradiotherapy (nCRT) and a subset of patients also received neoadjuvant immune checkpoint inhi-
bition (ICI). The predictions for survival and response are based on radiomics, SOURCE and cfDNA.
B) Elastic-net regression analysis with cross-validation method.
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Results

Prediction models for survival and disease progression

Table 1 displays all clinical characteristics of patients included in this study. Survival models
were constructed based on three different types of data: the linear predictor of SOURCE,
radiomics (CT or PET) and cfDNA data. The apparent C-indices derived from Cox regres-
sion analysis on the full data-set (apparent) and five-fold cross-validated estimates are given
in Fig. 2. Below we report the cross-validated results as these are most representative for
external performance. The C-index of the clinical model (SOURCE) for OS was 0.45, Fig.
2A. The addition of baseline CT radiomics or cfDNA to the clinical model improved the
C-indices to 0.54 and 0.55, respectively. Combining all three baseline metrics did not lead to
any additional improvement, as SOURCE, CT radiomics and cfDNA reached a C-index of
0.54. Baseline features selected in the CT radiomic models were two features namely: gldm_
SmallDependenceEmphasis and ngtdm_Strength. Additionally, we assessed if the re-staging
CT or PET derived radiomic features could be used for OS prediction together with the cli-
nical model and/or cfDNA. The addition of re-staging PET radiomics to the clinical model
improved the C-index for OS to 0.65 which was better than the addition of re-staging CT
radiomics (C-index: 0.48). The addition of cfDNA to the clinico-radiomic re-staging PET
model did not improve the C-index (0.62), Fig. 2A. The features selected in the PET-models
were three features namely: firstorder_Skewness, gldm_DependenceNonUniformity and
ngtdm_Contrast. The complete overview of selected features for each model and coefficients
are given in Table S3. These findings suggest the addition of radiomic features or cfDNA can
improve the performance of an established OS model such as SOURCE.

Next, we investigated the performance of different models for the prediction of
TTP, Fig. 2B. Below we report the five-fold cross-validated estimates. The C-index for the
clinical model (SOURCE) was 0.44, Fig. 2B. The addition of baseline CT radiomics or cfD-
NA to the clinical model improved the C-indices to 0.55 and 0.59, respectively. Combining
all three baseline metrics SOURCE, CT radiomics and c¢fDNA reached a C-index of 0.56
which was not better than the SOURCE-cfDNA model, Fig. 2B. Baseline CT features se-
lected were glrlm_RunEntropy, gldm_SmallDependenceEmphasis, ngtdm_Coarseness and
ngtdm_Strength. Additionally, we assessed if the re-staging CT or PET derived radiomic
features could be used for TTP prediction together with the clinical model and/or cfDNA.
The addition of re-staging PET radiomics to the clinical model improved the C-index for
TTP to 0.60 which was better than the addition of re-staging CT radiomics (C-index: 0.45).
The addition of cfDNA to the clinico-radiomic re-staging PET model did not improve the
C-index (0.59), Fig. 2B. The features selected in the PET models were firstorder_Skewness,
glem_Idmn, gldm_DependenceNonUniformity and ngtdm_Contrast. The complete over-
view of selected features for each model and coefficients are given in Table $3. The predicti-
on of TTP could thus be enhanced by adding radiomics or cfDNA to the clinical SOURCE
model.

To investigate if these models could be used for baseline risk stratification we
performed an exploratory analysis by Kaplan—Meier analysis of the prognostic index by only
using baseline metrics (SOURCE, baseline CT radiomics, cfDNA). For both OS and TTP
it was possible to identify a high and low risk group after determining the optimal cut off
point of the prognostic index for each model, Fig. 3. Similar stratification for OS was achie-
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ved by the SOURCE-radiomics (Fig. 3B) and SOURCE-radiomics-cfDNA model, log-rank
p=0.0017, Fig. 3D. For T'TP the SOURCE-radiomics-cfDNA model was able to provide the
best separation of the Kaplan-Meier curve, log-rank p=0.0001, Fig. 3H. Risk-stratification
could thus be achieved by combining SOURCE with radiomics or cfDNA metrics.

Prediction models for treatment response

To predict pCR after neoadjuvant therapy we compared the performance of AUC classifi-
cation based on SOURCE, ¢fDNA and radiomics from baseline or re-staging imaging, Fig.
4. Below we report the five-fold cross-validated estimates. First, we investigated if baseline
CT derived radiomics can be used in combination with other metrics to predict pCR. The
classification of response with only the SOURCE variables reached an AUC of 0.47, Fig. 4.
The combination model of SOURCE with baseline CT radiomics improved the AUC to 0.61
while this was not seen with the addition of cfDNA to SOURCE, AUC: 0.48. Combining all
three baseline metrics SOURCE, CT radiomics and ¢cfDNA reached an AUC of 0.61. Base-
line features in the CT radiomic models were among others: glrlm_RunEntropy, glszm_Si-
zeZoneNonUniformity, gldm_DependenceEntropy, gldm_SmallDependenceEmphasis and
ngtdm_Busyness. Next, we assessed if the re-staging CT or PET derived radiomic features
could be used for pCR prediction together with the clinical variables and/or cfDNA. The
addition of re-staging CT or PET radiomics to the SOURCE variables did not lead to any
meaningful improvement with AUCs of 0.49 and 0.42, respectively, Fig. 4. The combination
of all three: SOURCE, re-staging CT or PET and cfDNA was also of no additional value with
AUC:s of 0.50 and 0.42. An exploratory analysis of delta CT radiomics alone or together with
the SOURCE variables and/or cfDNA reached AUCs after cross validation between 0.37 and
0.44, Fig. 4. The only features selected in the delta radiomic models was glszm_ZoneEntro-
py. The complete overview of selected features for each model and coeflicients are given in
Table S3. In conclusion, the prediction of pCR improves after combining the SOURCE vari-
ables, baseline CT radiomics and baseline cfDNA data compared to clinical variables alone.
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Figure 2. Prediction models for OS and TTP with in blue the apparent C-indices and in yellow the cross-validated estimates.
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Figure 3. Baseline risk stratification by Kaplan-Meier for OS (A-D) and TTP (E-H).

258



Integrating Clinical Variables, Radiomics, and Tumor-derived Cell-free DNA

pCR

SOURCE ® 0.50

Radiomics CT (Baseline) :

Radiomics CT (Re-staging)

Radiomics PET (Re-staging)

ctDNA (Baseline)

SOURCE + Radiomics CT (Baseline)
SOURCE + Radiomics CT (Re-staging)
SOURCE + Radiomics PET (Re-staging)
SOURCE + ctDNA (Baseline)

SOURCE + Radiomics + ctDNA CT (Baseline)
SOURCE + Radiomics + ctDNA CT (Re-staging)

SOURCE + Radiomics + ctDNA PET (Re-staging) ——
Delta Radiomics CT f——— 0%

SOURCE + Delta Radiomics CT L—— oL

SOURCE + Delta Radiomics CT + ctDNA + 058

02 0.3 04 05 06 0.7 0.8 09 1.0

+ Apparent AUC Cross-validated AUC (5x)

Figure 4. Classification of pCR with in blue the apparent AUCs and in yellow the cross-validated
estimates.

259



Chapter 10

Discussion

This study evaluated whether integrating clinical variables, radiomics, and tumor-derived
cfDNA data can improve survival and response prediction for rEAC patients treated in the
neoadjuvant setting compared to the clinical SOURCE model alone. The addition of cfDNA
or CT radiomics to the clinical SOURCE model was able to improve baseline prediction
models for OS and TTP. However, the cross-validated estimates were relatively low. Baseline
risk stratification for survival was possible based on the prognostic index of the regression
models. Re-staging PET radiomics was the most promising addition to the clinical SOURCE
model. The addition of baseline CT radiomics and cfDNA to clinical variables was able to
marginally improve the prediction of pCR compared to clinical variables alone.

Several studies in different cancer types have found that radiomics can improve
upon conventional staging or clinical variables.'®'***” Most studies on radiomics use a
select number of clinical variables including among others the American Joint Committee
on Cancer (AJCC) staging system. In our proof of concept study we were able to improve
the performance of the clinical SOURCE model by adding ¢fDNA or handcrafted radiomic
features. Moreover, baseline regression models were able to classify patients into a high and
low survival group. It must however be noted that despite the observed improvement the
cross-validated C-indices were relatively low < 0.65 and are thus not yet ready for clinical
implementation. As a next step, external validation and optimization in larger cohorts will
be necessary. Unfortunately, analyzing large-data sets in radiomics is a time-consuming
process partly due to the manual delineation step. A potential solution to this problem is
automatic segmentation which can help speed up delineation, improve accuracy and provide
better risk stratification. A recently conducted study in lung cancer showed faster and better
reproducible delineations by an automated pipeline.* Moreover, in the majority of cases the
radiologist or radiation oncologist preferred the automated segmentation compared to the
manually delineated volume.*® Other techniques that can improve radiomics performance
is combining handcrafted radiomics and deep learning algorithms with ensemble learning
or consensus algorithms.” This has already led to improvements in the classification of
idiopathic pulmonary fibrosis and prediction of adverse radiation effects in patients with
brain metastases.'®*° Our study provides support for the continued investigation of these
techniques for radiomic feature extraction, and data analysis alongside integration into
gastroesophageal prognostic models such as SOURCE.* Future studies should consider
addressing certain aspects, such as enhancing preprocessing techniques and incorporating
additional harmonization methods like ComBat, as utilized in our study.”

This study observed that baseline cfDNA biomarker data was of additive value for
the prediction of OS or TTP together with SOURCE and/or radiomics. Previous studies
were also able to establish the additional value of combining genomic or pathology biomar-
kers with clinical data and radiomics.***** In a non-small cell lung cancer study the addition
of cfDNA data to a clinico-radiomic model improved the prediction of survival models in
metastatic patients treated with epidermal growth factor receptor targeted therapy. The
combination of baseline cfDNA metrics and SOURCE showed better capacity to inform on
TTP (C-index: 0.59) than OS (C-index: 0.55). Other studies also found that cfDNA was a
marker for progression at baseline or at later time-points in rEAC.'****>¢ Current results
do not support the integration of cfDNA into rEAC specific survival models as it is not yet
sufficiently informative regarding OS prediction and TTP. Also, cfDNA analysis is relatively
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expensive while radiomics uses readily available diagnostic imaging. In our models we only
used baseline cfDNA data and used a tumor-agnostic approach. To further improve the uti-
lity of cfDNA profiling repeated sampling or sequencing for methylation changes may im-
prove prognostication.”*” Several other biomarkers in esophageal cancer detected in blood
or tissue could be included in predictive models.”®*** For example, the presence of tumor-as-
sociated immune cells in the tumor microenvironment was predictive of nCRT response.*
Molecular characterization by subtyping esophageal cancer could help stratify patients for
certain treatments such as immunotherapy for the microsatellite instable tumors.*"** Moving
forward these biomarkers that can technically be implemented in patient care need to be
further evaluated if they can improve clinical prediction models such as SOURCE.

In our study the re-staging PET radiomics were the most promising addition to the
clinical SOURCE model. From a clinical perspective baseline models would be preferred
to select patients upfront for certain treatments and this can be combined with for example
baseline immune profiling of the TME to predict response to chemoradiation.®® Incorpora-
ting non-baseline measurements into these decision systems may nevertheless be of value
to select patients for surgery after re-staging imaging in rEAC patients. Putting our results
into context of current literature, longitudinal radiomic features were able to predict patient
outcome in several tumor types.®*” A recently conducted systematic review highlights its
advantages but also its limitations, especially regarding the heterogeneous methods used
within each paper.®® Based on our study further exploration of adding longitudinal imaging
radiomics for personalized outcome prediction seems more promising than only baseline
measurements, although the difference was small between baseline and re-staging mo-
dels. Features from the best performing re-staging PET model for OS were related to voxel
skewness, local intensity variation between neighboring voxels and gray level homogeneity.
Interestingly, a previous study in non-small cell lung cancer also found skewness, as a PET
radiomic feature, to be associated with a higher chance of progression after immunothera-
py-* These features could be related to the degree of tissue heterogeneity and need further
biological validation.® In conclusion our results support the further development of longitu-
dinal radiomic models in decision support systems.”>”*

In this study, there were several methodological limitations worth considering. Due
to the relatively small sample size of the cohort the risk of overfitting was present. Cross-va-
lidation was used to investigate this and revealed that the cross-validated point estimates
were generally significantly lower than the apparent estimates. This suggests further exter-
nal validation will be necessary. Another limitation is the use of the linear predictor from
SOURCE for TTP while it was originally developed for OS. This was based on the assump-
tion that the covariance structure of the SOURCE model would also be valid for modelling
TTP. However, as SOURCE was never validated for TTP we could not test this assumption.
In this study we were also not able to look separately at patients treated with or without
immunotherapy as the numbers were too small for separate analyses.
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Conclusion

Clinical survival prediction models such as SOURCE could be improved by integrating
radiomics or cfDNA measurements. Moreover, the addition of re-staging radiomic PET
features to a clinical model were promising to predict OS and TTP. The prediction of pCR
improved after adding baseline CT radiomic features and cfDNA to the SOURCE variables.
However, currently developed models are not yet sufficient for clinical implementation due
to possibly poor external validity. Future studies should explore the optimization of radio-
mic pipelines e.g. integrating handcrafted and deep radiomics, in personalized prognostic
predictions or treatment stratification for rEAC.
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Supplementary Table 1. Random permutation test for the three different outcomes

OS (C-index) TTP (C-index) PCR (AUC)

Appa-  Cross-vali-  Appa-  Cross-vali-  Apparent  Cross-vali-
Baseline rent dated rent dated dated
Clinical (SOURCE) 0.54 0.45 0.55 0.45 0.50 0.56
Radiomics CT (Baseline) 0.50 0.50 0.55 0.52 0.50 0.45
Radiomics CT (Re-staging) 0.59 0.53 0.66 0.56 0.62 0.48
Radiomics PET (Re-staging) 0.50 0.50 0.61 0.56 0.74 0.67
cfDNA (Baseline) 0.56 0.54 0.50 0.52 0.50 0.48
SOURCE+Radiomics CT (Baseline) 0.55 0.51 0.50 0.47 0.50 0.44
SOURCE+Radiomics CT (Re-stag-  0.50 0.47 0.66 0.52 0.62 0.51
ing)
SOURCE+Radiomics PET (Re-stag-  0.64 0.48 0.59 0.57 0.70 0.59
ing)
SOURCE+cfDNA (Baseline) 0.56 0.53 0.58 0.53 0.50 0.54
SOURCE+Radiomics CT+cfDNA  0.57 0.50 0.50 0.47 0.50 0.44
(Baseline)
SOURCE+Radiomics CT+cfDNA 0.50 0.46 0.64 0.49 0.67 0.52
(Re-staging)
SOURCE+Radiomics PET+cfDNA 0.64 0.50 0.63 0.56 0.79 0.58
(Re-staging)
Delta Radiomics CT NA NA NA NA 0.69 0.59
SOURCE+Delta radiomics CT NA NA NA NA 0.79 0.67
SOURCE+Delta radiomics NA NA NA NA 0.79 0.66
CT+cfDNA
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Supplementary Table 2. Image Biomarker Standardisation Initiative (IBSI) Reporting Guidelines.

Patient

Volumes of interest

Baseline: primary gross tumor volume in the esophagus and gastro-esoph-
ageal junction
Re-staging: remaining and former primary tumor volume

Patient preparation
. Patient instructions

. Drugs

. Equipment

Patients were advised to fast for at least 6 hours before [*F]JFDG-PET imag-
ing. Additional instructions included to drink 2L of water 24 hours before the
PET-scan and 1L on the day of the PET-scan. No heavy physical exercise was
allowed 24 hours before the PET-scan.

Radioactive tracer
.

Tracer

. Administration
methoy

. Injected activity

. Uptake time prior to
acquisition

. Competing sub-
stances

PET acquisition was started 60 (55-75) minutes after intravenous adminis-
tration of [*FIFDG (3 MBg/kg of body weight) in a peripheral vein. Serum
glucose levels were in the range of 4 mmol/l and 11 mmol/l.

Contrast agent

Intravenous (Ultravist 300) and oral (Telebrix 5%).

Comorbidities Patients with diabetes mellitus were allowed as long as serum glucose was be-
low 11.1 mmol/L. Separate instructions were given to patients with diabetes
mellitus to ensure glucose levels were within the range of 4 mmol/l and 11
mmol/l.

Acquisition

Acquisition protocol

For patients with both a CT and PET-scan: first, a diagnostic CT scan was per-
formed, followed by a static PET-scan from the skull base up until the thighs
of the patient approximately 60 minutes post-injection.

In case only a diagnostic CT-scan was performed this was done from the neck
up until the abdomen.

Scanner type

Scans were acquired on the following devices:

Philips: iCT 256, Brilliance 64, Gemini-GXL 16, Gemini TF 16

Siemens: SOMATOM Definition AS, Edge or Force, Sensation 64, Biograph
mCT 40, Biograph mCT 128

GE medical: Discovery CT750 HD

Toshiba: Aquilion PRIME

Imaging modality

PET-CT or CT

Static/dynamic scans

Static

Scanner calibration

Cross-calibration was performed accord to the EARL-accreditation program
and the guidelines for quality control of the Dutch Association of Nuclear
Medicine (NVNG).

Patient instructions

Free-breathing PET and CT scans were acquired with the patient instructed
not to move and positioned in restraining/supportive devices.

Anatomical motion correction

No anatomical motion correction was performed.

Scan duration

1.5-5 min per bed position

Tube voltage CT Range 100-140 kVp
Median: 120 kVp
Tube current CT Range 36-701 mA

Median: 217

Time-of-flight

Re-staging (105/105) 100%

Reconstruction

In plane resolution

PET: 2.04x2.04 - 4.11x4.11 mm*
CT: 0.45x0.45 - 1.52x1.52 mm?®

Image slice thickness PET: 2-5 mm
CT: 2-5mm

Image slice spacing PET: 2-5 mm
CT: 2-5 mm

Convolution kernel

Philips: A or B

Siemens: B40f, B60f, 130£;3, 131£;3
GE medical: Standard

Toshiba: FC07, FC12

Reconstruction method

PSF+TOF 2i21s and PSF+TOF 4i21s
BLOB-OS-TF

Point spread function modelling

Re-staging (52/105) 49.5%

Image corrections

. Attenuation cor-
rection
. Other corrections

Attenuation correction based on CT. Correction for scatter, randoms, normal-
ization, dead time and physical decay was applied.

268




Integrating Clinical Variables, Radiomics, and Tumor-derived Cell-free DNA

Image processing - data conversion

SUV normalisation Body weight (in grams)

Other data conversions NA

Image processing — post acquisition processing

Anti-aliasing NA
Noise suppression NA
Post-reconstruction smoothing filter 5-7.5 mm FWHM Gaussian kernel
Intensity normalisation NA
Other post-acquisition processing NA
methods
Segmentation
Segmentation method The PET VOIs were delineated semi-automatically using 3DSlicer (version
. Method 4.11; wwwislicer.org) and in-house built software implemented in Python
. Number of experts, 3.7.2 (Python Software Foundation, Wilmington, Delaware).
expertise, consensus
strategies VOI were delineated on the [*F]JFDG-PET scans using an isocontour that
. Settings applies a threshold of 50% of the peak standardized uptake value (SUVpeak),
. Images obtained using a sphere 1 cm’, corrected for local background. Boxing was

applied to exclude surrounding [*F]FDG-avid tissues.

For the CT images manual delineation of the primary gross tumor volume
(GTV) in MIM Maestro (MIM software, Cleveland, Ohio) was performed by
TvdE and peer-reviewed by YW. The GTV delineation was adjusted accord-
ing to the radiology or endoscopic ultrasound report. In cases with available
[""F]JFDG-PET scans they were used in conjunction to guide the delineation.

Conversion to mask NA

Image processing - image interpolation

Interpolation algorithm Images were interpolated to isotropic voxels using B-spline interpolation, with
. Algorithm grids aligned by the input origin and only covering the VOI (PyRadiomics
. Interpolation grid default).
. Dimensions
. Extrapolation

Interpolated voxel dimensions PET: 4x4x4 mm?*

CT: 1x1x1 mm?*

Image processing — ROI interpolation and re-segmentation

Interpolation algorithm NA
Partially masked voxels NA
Re-segmentation methods NA

Image processing — discretisation

Discretisation method Discretisation using a fixed bin size. Bin edges were equally spaced from 0
. Method (e.g., 0-0.5, 0.5-1, etc) and the lowest grey value was discretized into the first
. Number of bins/ bin.
bin size PET: 0.5 g/mL
. Lowest intensity CT: 25 HU
first bin

Image processing — image transformation

Image filter NA

Image biomarker computation
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Biomarker set (PyRadiomics nomen-
clature, if IBSI nomenclature differed, it
was added in brackets)

PET and CT

. First Order Statistics (18 features): 10" Percentile, 90" Per-
centile, Energy, Entropy (Intensity Histogram Entropy),
Interquartile Range, Kurtosis, Maximum, Mean Absolute
Deviation, Mean, Median, Minimum, Range, Robust Mean
Absolute Deviation, Root Mean Squared, Skewness, Total
Energy (not present in IBSI definitions), Uniformity (Inten-
sity histogram uniformity), Variance

. Shape based (14 features): Elongation, Flatness, Least Axis
Length, Major Axis Length, Maximum 2D Diameter Col-
umn, Maximum 2D Diameter Row, Maximum 2D Diame-
ter Slice, Maximum 3D Diameter, Mesh Volume (Volume),
Minor Axis Length, Sphericity, Surface Area, Surface Vol-
ume Ratio, Voxel Volume (Approximate Volume)

. Grey Level Co-occurrence Matrix (GLCM; 22 features):
Autocorrelation, Joint Average, Cluster Prominence, Cl
ter Shade, Cluster Tendency, Contrast, Correlation, Dif-
ference Average, Difference Entropy, Difference Variance,
Joint Energy (Angular Second Moment), Joint Entropy,
Informational Measure of Correlation 1, Informational
Measure of Correlation 2, Inverse Difference Moment, In-
verse Difference Moment Normalized, Inverse Difference,
Inverse Difference Normalized, Inverse Variance, Maxi-
mum Probability (Joint Maximum), Sum Entropy, Sum of
Squares (Joint Variance)

. Grey Level Run Length Matrix (GLRLM; 16 features):
Short Run Emphasis, Long Run Emphasis, Grey Level
Non-Uniformity, Grey Level Non-Uniformity Normalized,
Run Length Non-Uniformity, Run Length Non-Uniformi-
ty Normalized, Run Percentage, Grey Level Variance, Run
Variance, Run Entropy, Low Grey Level Run Emphasis,
High Grey Level Run Emphasis, Short Run Low Grey Lev-
el Emphasis, Short Run High Grey Level Emphasis, Long
Run Low Grey Level Emphasis, Long Run High Grey Level
Emphasis

. Grey Level Size Zone Matrix (GLSZM; 16 features): Small
Area Emphasis (Small Zone Emphasis), Large Area Em-
phasis (Large Zone Emphasis), Grey Level Non-Unifor-
mity, Grey Level Non-Uniformity Normalized, Size-Zone
Non-Uniformity (Zone Size Non-Uniformity), Size-Zone
Non-Uniformity Normalized (Zone Size Non-Uniformi-
ty Normalized), Zone Percentage, Grey Level Variance,
Zone Variance (Zone Size Variance), Zone Entropy (Zone
Size Entropy), Low Grey Level Zone Emphasis, High Grey
Level Zone Emphasis, Small Area Low Grey Level Emphasis
(Small Zone Low Grey Level Emphasis), Small Area High
Grey Level Emphasis (Small Zone High Grey Level Empha-
sis), Large Area Low Grey Area Emphasis (Large Zone Low
Grey Level Emphasis), Large Area High Grey Level Empha-
sis (Large Zone High Grey Level Emphasis)

. Grey Level Dependence Matrix (GLDM; 14 features): Small
Depend: phasis (Low Depend phasis), Large
Dependence Emphasis (High Depend hasis), Grey

Level Non-Uniformity, Dependence Non-Uniformity (De-
pendence Count Non-Uniformity), Dependence Non-Uni-
formity Normalized (Dependence Count Non-Uniformity
Normalized), Grey Level Variance, Dependence Variance
(Dependence Count Variance), Dependence Entropy (De-
pendence Count Entropy), Low Grey Level Emphasis (Low
Grey Level Count Emphasis), High Grey Level Emphasis
(High Grey Level Count Emphasis), Small Dependence
Low Grey Level Emphasis (Low Small Dependence Low
Grey Level Emphasis), Small Dependence High Grey Level
Emphasis (Low Dependence High Grey Level Emphasis),
Large Dependence Low Grey Level Emphasis (High De-
pendence Low Grey Level Emphasis), Large Dependence
High Grey Level Emphasis (High Dependence Low Grey

Level Emphasis)

. Neighbouring Grey Tone Difference Matrix (NGTDM;
5 features): Coarseness, Contrast, Busyness, Complexity,
Strength

IBSI compliance

Yes

Robustness

Not assessed

Software availability

PyRadiomics 3.01 in Python 3.7.2 (Python Software Foundation, Wilming-
ton, Delaware)

Image biomarker computation - texture p

arameters

Texture matrix aggregation

GLCM and GLRLM: 3D: average; GLSZM, GLDM and NGTDM: 3D

Distance weighting No weighting
Cooccurrence matrix symmetry Symmetric
Cooccurrence matrix distance Chebyshev distance of 1

Size zone matrix linkage distance

Chebyshev distance of 1

Distance zone matrix linkage distance

NA

Distance zone matrix distance norm

NA

Neighbouring grey tone difference
matrix distance

Chebyshev distance of 1
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Grey level dependence matrix distance Chebyshev distance of 1

Grey level dependence matrix 0

coarseness

Machine learning and radiomic analysis

Diagnostic and prognostic modelli D d in the section below using the Transparent Reporting of a mul-

tivariable prediction model for Individual Prognosis or Diagnosis (TRIPOD,
version October 1 2020) Checklist: Prediction Model Development and Val-
idation.

Comparison with known factors

SOURCE esophageal cancer survival prediction model

Multicollinearity

Prior to using the radiomic features as input for the prediction models an
initial feature selection of the 105 features was performed to remove highly
correlating features (=0.75) using the redundancy filter algorithm based on a
Spearman correlation matrix within the FMradio (Factor Modelling for Ra-
diomics Data) R-package (version 1.1.1). This was done for for each time point
(baseline, follow-up) and scan-type (CT, PET).

Model availability

‘The models in this study are available from the corresponding author on rea-
sonable request.

Data availability

The datasets in this study are available from the corresponding author on
reasonable request.

TRIPOD checklist

Objectives

We investigated whether the addition of radiomic and/or cfDNA features
can enhance the predictive power of the SOURCE model for survival and
response prediction.

Source of data

Patients from the prospectively collected BIOES Amsterdam UMC biobank
(METC 2013_241) or patients included in a phase II non-randomized feasi-
bility trial (NCT03087864; PERFECT).

Participants

In total 111 stage II-III (MO) resectable esophageal or gastroesophageal
junction adenocarcinoma patients were included in this study treated con-
secutively between 2014 and 2019 in the Amsterdam UMC (n=104) or UMC
Utrecht (n=7). Neoadjuvant treatment consisted in 40 patients of neoadjuvant
chemoradiotherapy according to CROSS (nCRT) combined with PD-L1 im-
mune checkpoint inhibition (ICI) and in 71 patients of nCRT only. Patient
characteristics are described in table 1 of the manuscript.

Outcome Improvement in survival or response prediction for resectable esophageal
d inoma patients by combining a clinical model with radiomics and

cfDNA data.
Predictors Clinical: linear predictor of SOURCE (OS or TTP), clinical variables from

SOURCE (pCR)

Radiomic features as specified above from baseline CT, re-staging CT or
re-staging PET.

cfDNA: short fragments (P20-150), somatic copy number aberrations
(IchorCNA), fragment end sequence score (FrEIA) and detection of mutation
with a VAF>1%.

Statistical analysis

ComBat post-processing harmonization to correct for the two main sourc-
es of data variability namely: convolution kernel reflected by manufacturer
(Philips, Siemens, Toshiba, GE healthcare) and slice thickness (3 mm or less
vs. 4-5 mm).

Prior to predictive modelling, for each time point (baseline, follow-up) and
scan-type (CT, PET) an initial feature selection of the 105 radiomic features
was performed to remove highly correlating features (>0.75) using the redun-
dancy filter algorithm based on a Spearman correlation matrix within the
FMradio (Factor Modelling for Radiomics Data) R-package (version 1.1.1).
08 and TTP were modelled using an elastic net Cox regression and pCR was
modelled using a logistic elastic net regression. The lambda parameter and
alpha penalty mixing parameter were optimized using a 10-fold cross-vali-
dation scheme,.

Additionally, internal-external five-fold cross-validation was performed to
assess performance of the model on data on which the model was not trained
(80% training and 20% validation).

Model performance

C-index for OS (Figure 2A) and TTP (Figure 2B)
AUC for pCR (Figure 4)

271



Chapter 10

Supplementary Table 3. Features selected for each model

OS models

Clinical (SOURCE)

Linear predictor

Radiomics CT (Baseline)

2 features; gldm: SmallDependenceEmphasis,
ngtdm: Strength

Radiomics CT (Re-staging)

13 radiomic features; 3 shape, 1 first order, 1 glcm,
3 glszm, 4 gldm, 1 ngtdm

Radiomics PET (Re-staging)

3 features; firstorder: Skewness, gldm: Dependen-
ceNonUniformity, ngtdm: Contrast

cfDNA (Baseline)

Freia baseline

SOURCE+Radiomics CT (Base-
line)

1 feature; gldm: SmallDependenceEmphasis

SOURCE+Radiomics CT
(Re-staging)

Linear predictor, 14 radiomic features; 3 shape, 1
first order, 1 glem, 3 glszm, 5 gldm, 1 ngtdm

SOURCE+Radiomics PET
(Re-staging)

Linear predictor, 3 features; firstorder: Skewness,
gldm: DependenceNonUniformity, ngtdm: Con-
trast

SOURCE+cfDNA (Baseline)

Linear predictor, cfDNA: baseline VAF > lpct,
Freia baseline

SOURCE+Radiomics CT+cfD-
NA (Baseline)

1 feature; Gldm: SmallDependenceEmphasis

SOURCE+Radiomics CT+cfD-
NA (Re-staging)

Linear predictor, cfDNA: Freia baseline, 2 features;
shape: LeastAxisLength, glem: ClusterProminence

SOURCE+Radiomics PET+cfD-
NA (Re-staging)

Linear predictor, 2 features; firstorder: Skewness,
ngtdm: Contrast

TTP models

Clinical (SOURCE)

Linear predictor

Radiomics CT (Baseline)

4 features; glrlm: RunEntropy, gldm: SmallDe-
pendenceEmphasis, ngtdm: Coarseness, ngtdm:
Strength

Radiomics CT (Re-staging)

1 feature; ngtdm: Coarseness

Radiomics PET (Re-staging)

3 features; firstorder: Skewness, gldm: Dependen-
ceNonUniformity, ngtdm: Contrast

cfDNA (Baseline)

cfDNA: P20-150, ichorCNA, baseline VAF > lpct,
Freia baseline

SOURCE+Radiomics CT (Base-
line)

Linear predictor, 4 features; glrlm: RunEntro-
py, gldm: SmallDependenceEmphasis, ngtdm:
Coarseness, ngtdm: Strength

SOURCE+Radiomics CT
(Re-staging)

Linear predictor, 5 features; shape: LeastAxisLen-
gth, shape: Maximum3DDiameter, shape: Spheric-
ity, glem: ClusterProminence, ngtdm: Coarseness

SOURCE+Radiomics PET
(Re-staging)

Linear predictor, 4 features; firstorder: Skewness,
glem: Ldmn, gldm: DependenceNonUniformity,
ngtdm: Contrast

SOURCE+cfDNA (Baseline)

Linear predictor, cfDNA: P20-150, ichorCNA,
baseline VAF > Ipct, Freia baseline

SOURCE+Radiomics CT+cfD-
NA (Baseline)

Linear predictor, baseline VAF > lpct, Freia
baseline, 4 features; glrlm: RunEntropy, gldm:
SmallDependenceEmphasis, ngtdm: Coarseness,
ngtdm: Strength

SOURCE+Radiomics CT+cfD-
NA (Re-staging)

Linear predictor, cfDNA: baseline VAF > lpct,
Freia baseline, 3 features; shape: LeastAxisLength,
shape: Maximum3DDiameter, ngtdm: Coarseness
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SOURCE+Radiomics PET+cfD-
NA (Re-staging)

Linear predictor, cfDNA: baseline VAF > Ipct,
Freia baseline, 4 features; firstorder: Skewness,
glem: Ldmn, gldm: DependenceNonUniformity,
ngtdm: Contrast

pCR models

Clinical (SOURCE)

Intercept (no variables selected)

Radiomics CT (Baseline)

9 features: 1 shape, 2 glcm, 1 glrlm, 1 glszm, 2
gldm, 2 ngtdm

Radiomics CT (Re-staging)

2 features: glszm: ZonePercentage, gldm: Depen-
denceVariance

Radiomics PET (Re-staging)

8 features: shape: SurfaceVolumeRatio, firstorder:
Skewness, glem: Ldmn, glszm: GrayLevelNon-
Uniformity, glszm:  SizeZoneNonUniformity,
gldm: SmallDependenceLowGrayLevelEmphasis,
ngtdm: Busyness, ngtdm: Contrast

cfDNA (Baseline)

cfDNA: P20-150

SOURCE+Radiomics CT (Base-
line)

Intercept, 4 features; glrlm: RunEntropy, glszm:
SizeZoneNonUniformity, gldm: DependenceEn-
tropy, gldm: SmallDependenceEmphasis

SOURCE+Radiomics CT
(Re-staging)

glszm: ZonePercentage

SOURCE+Radiomics PET
(Re-staging)

Intercept (no variables selected)

SOURCE+cfDNA (Baseline)

Intercept (no variables selected)

SOURCE+Radiomics CT+cfD-
NA (Baseline)

Intercept, 4 features: glrlm: RunEntropy, glszm:
SizeZoneNonUniformity, gldm: DependenceEn-
tropy, gldm: SmallDependenceEmphasis

SOURCE+Radiomics CT+cfD-
NA (Re-staging)

BMI, Albumin, Hb, LDH, age, cT, cN, tumor lo-
cation, differentiation grade, cfDNA: P20-150,
ichorCNA, baseline VAF > 1pct, Freia baseline, 30
features; 6 shape, 2 first order, 5 glem, 6 glszm, 6
gldm, 5 ngtdm

SOURCE+Radiomics PET+cfD-
NA (Re-staging)

cT, cfDNA: P20-150, shape: SurfaceVolumeR-
atio, firstorder: Skewness, glcm: Ldmn, glszm:
GrayLevelNonUniformity, glszm: SizeZoneNon-
Uniformity, ngtdm: Contrast

Delta Radiomics CT

1 feature; glszm: ZoneEntropy

SOURCE+Delta radiomics CT

1 feature; glszm: ZoneEntropy

SOURCE+Delta radiomics
CT+cfDNA

Intercept (no variables selected)
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Abstract

Background. Counterfactual prediction modeling is a method that estimates outcomes
under alternative treatment strategies. Unlike traditional clinical models based on observa-
tional data, which are inherently unusable for optimal treatment selection, counterfactual
models can be used for treatment optimization through predicting individualized outco-
mes for hypothetical treatment scenarios. In this proof-of-concept study we developed and
validated counterfactual prediction models for esophageal cancer, comparing neoadjuvant
chemoradiotherapy and definitive chemoradiotherapy.

Methods. We used data from the Netherlands Cancer Registry to develop and validate a
counterfactual prediction model for esophageal cancer treatments. Data from 4,388 patients
(2015-2019) was used for training, and 1,693 patients (2020-2021) for validation. The focus
was on non-metastatic esophageal cancer treated with neoadjuvant (nCRT) or definitive
chemoradiotherapy (dCRT) for which we used the target trial framework to emulate this
trial with observational data. Inverse propensity score weighting to control for confounding,
and parametric survival and random survival forest models were developed and validated
using counterfactual calibration and survival curves. Finally, the counterfactual performan-
ce of the existing SOURCE prediction model was tested.

Results. Inverse propensity score weighting ensured acceptable covariate balance in the
training and validation data. External validation revealed that the random forest model
demonstrated good counterfactual calibration for nCRT (intercept: 0.12 95%CI(-0.01-0.26)
; slope: 0.79 95%CI (0.53-1.05)) and dCRT (intercept: 0.24 (0.09-0.39); slope: 0.42 (0.14-
0.71)) and aligned more closely to the true counterfactual survival curve up until 2.5 years
post diagnosis. The SOURCE model demonstrated good calibration in counterfactual pre-
dictions despite not being specifically designed for counterfactual analysis or individualized
treatment effects.

Conclusion. This study’s development and validation of counterfactual prediction models
for esophageal cancer treatments underscore their potential to improve personalized decisi-
on-making. By enabling patients and clinicians to evaluate individualized survival probabili-
ties up to 2.5 years under different treatment strategies, these models can facilitate treatment
choices, ultimately enhancing patient outcomes in clinical settings where multiple viable
options are available.
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Introduction

In every day oncological care, physicians and patients face the challenge of making the right
choice. A choice that not only reflects medical effectiveness but also aligns with the patient’s
personal needs and preferences. In this context of shared decision making, clinical predic-
tion models have been developed to support the decision making process. For example, by
predicting expected survival for a particular treatment. ' Ideally, such models can be used
to predict outcomes for a number of different treatment options, which would help patients
and physicians in choosing the right treatment.

The main challenge of clinical prediction models, however, is that most models are
inherently not capable of making predictions under different outcomes.* While these models
can be used to predict outcomes once a treatment has been chosen, they do not provide
insights into what might happen if a different treatment strategy would be applied, i.e. the
counterfactual outcome. Another common shortcoming of prediction models is failure to
include treatment effect heterogeneity. This assumes that the effect of a particular treatment
on the outcome is equal for all patients, when in reality it is highly likely that the effect of
treatment is different for each patient. To address these issues, counterfactual predictive
models are needed.>* Counterfactual prediction models estimate the outcome, or risk for an
event like death, for a patient under different treatment strategies while taking causal aspects
into account during model development.*” This is crucial for personalized medicine, as it
can support treatment decision making.?

The key reason why most predictive models are inherently not suitable for causal
predictions, is due to the type of data they are usually trained on. An important source of
data used for the development of predictive models, for example, are registries based on data
from electronic health records. These data sets are observational, as treatment outcomes are
observed under the treatments that have been assigned to a patient in clinical practice. This
can be considered a limitation, since it only reflects what has already occurred, which means
the data do not offer information about what might have happened if a patient had received
a different treatment (the counterfactual). This problem, known as the fundamental problem
of causal inference, makes it challenging to estimate effects of different treatments on an
individual level.

A second challenge in observational data is confounding, which denotes the situa-
tion when prognostic patient characteristics differ systematically between treatment groups.
Confounding is a consequence of non-random treatment assignment in observational data
and biases model predictions if not all relevant confounders are controlled for during model
development. Furthermore, since confounding leads to differences in patient mix across
treatment groups, a predictive model developed on a group of patients receiving a specific
treatment may perform adequately in this group but not in the population as a whole. Con-
sequently, the goal of counterfactual prediction modeling is to develop predictive models
that work well for the population as a whole under any treatment option considered.

To ou knowledge, such counterfactual prediction models are not available within
the field of oncology. Therefore, the aim of this proof-of-concept study was to develop and
validate counterfactual prediction models that can estimate individualized survival probabil-
ities under two different treatment strategies, based on real-world, observational data using
statistical and machine learning models. We used data from patients diagnosed with esoph-
ageal cancer who underwent either neoadjuvant chemoradiotherapy followed by surgery
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(nCRT) or observation according to the SANO protocol,’ or definitive chemoradiotherapy
(dCRT). Both treatments are viable options for potentially curable esophageal cancer, but
the choice between these strategies in practice can depend on various factors such as patient
age, physical fitness, and personal preferences.'” Given that there are no models existent that
can help to assess the optimal treatment for a patient, the proposed counterfactual predic-
tion models could be highly valuable tool in clinical daily practice.

Methods

We used the target trial framework to emulate a trial.!! This framework facilitates preparing
the observational data in a way that they closely resemble data that would have been obtain-
ed if during a clinical randomized controlled comparison of neoadjuvant chemoradiothera-
py to definitive chemoradiotherapy was carried out (Table 1).

Target trial emulation

Data for this study was obtained from the Netherlands Cancer Registry (NCR). The NCR

is a nationwide population-based database that systematically collects data on all cancer
diagnoses in the Netherlands. Trained data managers regularly retrieve details about diag-
nosis, tumor stage, and treatment from patients’ electronic medical records and incorporate
this information into the NCR. Identification of cases primarily relies on notifications from
PALGA, the nationwide network and registry for histopathology and cytopathology in the
Netherlands. A total of 4,388 patients diagnosed between 2015-2019 with esophageal cancer
were retrieved from the NCR which were used for training the models.

We included patients with primary non-metastatic (cT1-4a, cNO-3, cM0) esopha-
geal and gastroesophageal junction adenocarcinoma or squamous cell carcinoma who either
were treated with neoadjuvant chemoradiotherapy according to nCRT or dCRT. Neoad-
juvant chemoradiotherapy consists of five cycles chemotherapy (carboplatin-paclitaxel)
combined with radiotherapy with a radiation dose of 41.4 Gy in 23 fractions followed by
a resection of the tumor or watchful waiting according to the SANO protocol.? Definitive
chemoradiotherapy consists of chemotherapy and radiotherapy without surgery, but with a
higher dose of radiation (50.4 Gy in 28 fractions) and six cycles of chemotherapy.”

Patients were not randomly assigned but were sourced from observational re-
al-world data. To control for unobserved confounding, we included 15 predetermined
treatment outcome-related variables: sex, age, histological subtype,, WHO performance
status, cT, cN, hemoglobin, BMI, comorbidities, creatinine, LDH, albumin, tumor differenti-
ation grade, and tumor sub-localization which were chosen based on expert knowledge and
as well as known to be predictive features.' The follow-up period started at the beginning
of treatment and ended at death or loss to follow-up, with a maximum follow-up time of 9
years. The primary outcome was overall survival, employing an intention-to-treat analysis to
assess treatment-specific counterfactual risks, with the survival risk difference serving as our
primary causal contrast.
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Validation data

A cohort of patients (n=1,693) diagnosed between 2020-2021 with non-metastatic esopha-
geal cancer that had followed either neoadjuvant chemoradiotherapy of definitive chemora-
diotherapy was identified in the NCR and was used as model validation cohort.

Table 1. Target trial emulation of the data underlying this study.

Emulated target trial

Eligibility Patients with primary non-metastatic (cM0) esophageal or gastro-esophageal junc-
tion cancer (cT1-4a, cNO-3) who were diagnosed between 2015-2023 and are regis-
tered in the Netherlands Cancer Registry

Treatment Neoadjuvant chemoradiotherapy, which consists of:

5 Cycles of carboplatin-paclitaxel combined with a radiation dose of 41.4 Gy in 23
fractions followed by a resection of the tumour or watchful waiting according to
the SANO protocol.

Definitive chemoradiotherapy, which consists of

6 Cycles of carboplatin-paclitaxel combined to a radiation dose of 50.4 Gy in 28

fractions

Assignment procedure Participants were not randomly assigned, but obtained from observational real-wor-
1d data. To control for confounding we will include the following pre-determined
treatment outcome-related variables:

Sex, age, histological subtype, performance status, cN, cT, haemoglobin, BMI,
comorbidities, creatinine, LDH, albumin, tumour differentiation grade, tumour
sub-localization.

Follow-up Starts at start of treatment and ends at death or loss to follow-up. Maximum fol-

low-up time was 9 years.

Outcome Overall survival

Causal contrast Intention to treat analysis of the treatment-specific counterfactual risks with survival

risk difference as primary causal contrast
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Model development

Our aim was to develop models that predict survival probabilities under two different tre-
atments. To this end, the training and validation data were required to be suitable for causal
inference by ensuring the data satisfied the conditions for causal inference before modelling
and validation.

Inverse propensity score weighting

We employed inverse propensity score weighting to control for confounding in the training
data and the validation data.”® These aforementioned variables were used in a multivariable
(logistic) regression model to estimate the propensity of being treated.

To ensure that the data satisfied the requirement for causal inference, we checked
for covariate overlap and covariate balance before and after weighting. Covariate balance
implies that all levels of the covariates are present in both treatment arms. Multivariate cova-
riate overlap was assessed via visual inspection of the linearized propensity scores. Propen-
sity score trimming of the 98th percentiles was applied in both the train and validation data
to improve multivariate overlap, after which we removed patients with linearized propensity
scores <-3. Univariate balance was assessed through calculation of the standardized mean
difference (SMD) between covariates in both treatment arms. A SMD<0.1 was considered
good balance. Interaction effects and higher-order polynomials were added in the logistic
model until all covariates had an SMD<0.1.

Model training

Two types of models, a classical statistical model and a machine learning model, were train-
ed on the data to test which type of model was most suitable for the counterfactual model:

a multivariable parametric survival model and a random survival forest model. Each model
was trained separately on each of the two treatment arms, resulting in four different models.
By training the models on treatment-specific data, we modelled treatment effect heterogen-
eity (i.e. individual treatment effects) implicitly without the need to include treatment-pre-
dictor interactions. Specifically, we can obtain one prediction of survival probability for each
treatment from each model, and compare the difference in predicted probabilities (individu-
alized causal risk difference) for an assessment of treatment effectiveness. For both models
we used the same set of confounders as predictors that were used in the calculation of the
propensity score. During training of the models, the estimated weights obtained from the
inverse propensity score weighting were applied.

Parametric survival models require specification of the baseline hazard function.
We tested six different base functions (i.e. exponential, Weibull, gamma, lognormal, log-lo-
gistic, and the generalized gamma) and evaluated model fit (using log-likelihood).

Random survival forests require two hyper-parameters: the number of trees and
the number of variables to randomly sample as candidates at each split (mtry). With a 5-fold
cross-validation of a range of values for the hyperparameter we tested which combination of
hyperparameters produced the lowest prediction error across cross-validations. Propensity
score weights were added in model training by letting the selection probability of bootstrap-
ped cases depend on the relative size of the weights, as implemented in the R package ‘ran-
ger’'¢
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Existing model: SOURCE prediction model

In addition to the development of counterfactual models, we also tested the SOURCE pre-
diction model to estimate counterfactual probabilities on the validation data. The SOURCE
prediction model was published in 2021, is aimed at predicting survival probabilities for
patients with esophageal and gastric cancer, and demonstrated adequate external validation
performance.'*"” The SOURCE model is a Cox regression model that models treatment as a
main effect. We applied the SOURCE model to investigate to what extent existing prediction
models—that were not optimized for counterfactual estimation—can in-fact be used for
counterfactual prediction. All model parameters (e.g. hazard ratios), including a Breslow
estimate of the baseline hazard function were available to produce predictions on the valida-
tion data.

Counterfactual validation
To validate the models, we employed both internal and external counterfactual validati-
on techniques. Counterfactual validation involves assessing the model’s ability to predict
outcomes for a treatment that was not actually received by the patient, as opposed to merely
validating against observed outcomes. For instance, if a patient received nCRT and we have
observed their survival outcome under this treatment, we aim to predict and validate what
their outcome would have been under dCRT. Although the actual outcome under dCRT is
unobservable for this patient, we can estimate this counterfactual outcome using inverse
propensity score weighting. ¢

When we apply inverse propensity score weighting to one treatment arm, the dis-
tribution of covariates in the treatment arm mirrors the distribution of covariates that would
have existed if the whole population had been treated with that treatment.”® This weighted
sample then serves as a pseudopopulation that reflects what the outcomes would look like if
all patients, regardless of their actual treatment, had received that particular treatment. By
applying these weights, we can estimate what the outcomes would be for patients under the
alternative treatment scenario, thereby validating the model’s predictions in a counterfactual
context.

All counterfactual validations were performed for on the training data itself (inter-
nal counterfactual validation) and on the external sample (external counterfactual validati-
on).

Counterfactual calibration

We evaluated the models’ counterfactual validation using counterfactual calibration.® Cali-
bration refers to the agreement between predicted survival probabilities by the model and
estimated counterfactual survival probabilities.'® To obtain counterfactual calibration, we
obtained survival probabilities at the median overall survival for all patients and split them
into 10 equally sized bins. In each bin, the mean survival probability served as the predicted
survival probability. To obtain the counterfactual survival probability, we fitted a weighted
Kaplan-Meier model (i.e. survival of the pseudopopulation) and evaluated the survival pro-
bability at the median over survival time that was used to obtain the model predictions.® By
plotting the predicted and counterfactual survival probabilities, we obtained the calibration
curves. Calibration slope and intercept were estimated and evaluated.
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Counterfactual survival curves

We also evaluated the counterfactual predictions in terms of survival curves. To this end, we
plotted an estimate of the counterfactual survival by plotting a weighted Kaplan-Meier curve
and plotted the predicted survival curves by our counterfactual models.

Counterfactual prediction demonstration

To demonstrate what the counterfactual prediction would look like, we applied the model
that performed best on the validation data to ten randomly selected patients, for whom we
used the model to predict counterfactual survival curves.

Missing data

All missing data in train and validation data were considered missing at random, and impu-
ted with a random forest imputation using the ‘missForest’ implementation for R.* Separate
imputations were performed for each treatment arm and for the train and validation data,
resulting in 4 different imputation rounds to prevent any type of dependency between treat-
ment arms and data sources.
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Results

Training data
In total, 5,170 patients were selected for the training data in the NCR before any exclusions.
Next, we excluded a total of 149 patients with WHO performance status 4 or cT0 to meet
the requirement of covariate balance (Table 2). A total of 5,021 patients, of whom 3,845
patients underwent neoadjuvant chemoradiotherapy (nCRT) and 1,176 patients underwent
definitive chemoradiotherapy (dCRT). After removal of the 98 percentiles of the propen-
sity score and removal of patients with a linearized propensity score of <-3, a total of 4,230
patients remained in the training data, of whom 3,300 patients underwent nCRT and 903
patients underwent dCRT.

After inverse propensity score weighting using the final model (Formula S1), we
obtained good multivariate (Figure S1) and univariate balance (Table 2). All standardized
mean differences after weighting were considered acceptable (SMD<0.1).

Model training and internal counterfactual validation

Two models were trained on the training data. The parametric survival model with a genera-
lized gamma baseline hazard function was fitted on the data, as this baseline hazard function
demonstrated the best fit (model parameters are reported in Table S1-S2). For the random
survival forest model a grid search was performed to find the optimal hyperparameters for
the number of trees and mtry. After 5-fold cross-validation, the random survival forest was
fitted to the data with mtry=1 and number of trees=50.

Internal validation demonstrated (i.e. fitting the model on the training data) that
the parametric survival model had a calibration intercept and slope close to the ideal values
in both the nCRT counterfactual treatment arm (intercept: 0.14 95%CI(0.08-0.20)) ; slope:
0.78 95%CI (0.66-0.90)) and in the dCRT counterfactual treatment arm (intercept: 0.14
95%CI (-0.08-0.36)) ; slope: 0.75 95%CI (0.35-1.14)) (Figure 1A-B). The random forest mo-
del showed a calibration slope and intercept that were more distant of the ideal diagonal line
for both nCRT (intercept: 0.33 95%CI (0.26-0.40) ; slope: 0.34 95%CI (0.24-0.45)) and dCRT
treatment (intercept: 0.34 95%CI (0.27-0.42); slope: 0.34 95%CI (0.23-0.45)). This is likely
caused by a large number of extreme values of exactly zero and one in the observed survival
probability, and could indicate overfitting on the training data.

In the counterfactual survival plots (Figure 1C-D) it can be seen that for both
nCRT and dCRT treatments the shape of the counterfactual Kaplan-Meier survival curve
was approximated well by both models until roughly 2.5 years post-diagnosis for the nCRT
model and 2 years post-diagnosis for the dCRT model.
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Development and validation of a counterfactual prediction model on real-world data

Table 2 (Continued). Patient characteristics in the training data after inverse propensity score weighting

Number of comor-

bidities (%) 0

2
Creatinine (mean (SD))
LDH (mean (SD))

Albumin (mean (SD))
Differentiation

Grade (%) Gl
G2
G3

Tumor sublocation

(%) Upper thoracic
Mid-thoracic
Lower thoracic
Junction
Overlapping lesion

Esophagus NOS

305 (30.8)
381 (38.4)
305 (30.8)
81.09 (28.23)
194.64 (51.19)

39.50 (5.02)

57( 5.8)
628 (63.4)

306 ( 30.9)

175 (17.7)
215(21.7)
496 (50.1)
49 ( 4.9)
21( 2.1)

35( 3.5

1809 ( 53.3)
1090 ( 32.1)
498 (14.7)
82.24 (20.27)
185.51 (40.12)

40.61 (4.05)

126 ( 3.7)
1797 (52.9)

1474 (43.4)

25(0.7)
358 (10.5)
2645 ( 77.9)
292 ( 8.6)
31(09)

46 ( 1.4)

0.468
-0.133
-0.392
0,047
-0,198

0,245

-0.096
-0.213

0.261

-0.612
-0.307
0.605
0.146
-0.099

-0.141

1955.3 (47.8)
14512 ( 35.5)
687.0 (16.8)
81.30 (22.86)
186.15 (43.74)

40.26 (4.29)

146.7 ( 3.6)
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Figure 1. Calibration and survival plots of the trained models on the training data. dCRT = Definitive
chemoradiotherapy, nCRT = Neoadjuvant chemoradiotherapy
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External counterfactual validation

In total, 1,693 patients were used as external-validation cohort, of whom 1,221 underwent
nCRT and 472 underwent dCRT. After removal of the 98" percentiles of the propensity sco-
re and removal of patients with a linearized propensity score of <-3 and >4, a total of 1,536
patients remained in the testing data, of whom 1,145 patients underwent nCRT and 418
patients underwent dCRT. After inverse propensity score weighting using the final model
(Formula S2), we obtained good multivariate (Figure S2) and univariate covariate balance
(Table 3).

External validation of the nCRT model showed calibration relatively close to the
ideal line for the parametric model (intercept: 0.09 95%CI (-0.04-0.23); slope: 0.91 95%CI
(0.64-1.17)), random forest (intercept: 0.12 95%CI (-0.01-0.26) ; slope: 0.79 95%CI (0.53-
1.05)) and SOURCE model (intercept: 0.21 95%CI (0.09-0.33) ; slope: 0.72 95%CI (0.49-
0.95)). For the dCRT model, the estimates for the parametric model (intercept: 0.23 95%CI
(0.00-0.46); slope: 0.53 95%CI (0.10-0.97)), random forest (intercept: 0.24 95%CI (0.09-0.39)
; slope: 0.42 95%CI (0.14-0.71)) and SOURCE model (intercept: 0.33 95%CI (0.18-0.49);
slope: 0.31 95%CI (0.01-0.62)) were lower than for the nCRT model.

Based on visual inspection of the counterfactual survival curves, the random forest
model seemed to overlap closest to the counterfactual Kaplan-Meier survival curve for the
nCRT model. For the dCRT model, all models performed relatively similar up until 2.5 years
post-diagnosis after which the parametric survival model underestimated survival.

Demonstration of individualized counterfactual predictions

The random forest model was used to apply ten randomly selected patients from the
validation data (Figure 3). The patient’s characteristics are displayed in the plots. The plots
demonstrate predicted survival probabilities up to 2.5 years post diagnosis. For eight out of
ten randomly selected patients nCRT was the superior treatment according to the model. It
can be observed that for two patients (71 years old, T3N1MO0, WHO performance status 1;
75 years old, T3AN1MO, WHO performance status 1) definitive chemoradiotherapy predicted
similar survival outcomes than for neoadjuvant chemoradiotherapy.
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Table 3 (Continued). Patient characteristics in the validation data after inverse propensity score weighting. * Level of covariate was removed after propen-

sity score trimming.
Number of co- 0
morbidities (%)

2
Creatinine (mean (SD))
LDH (mean (SD))
Albumin (mean (SD))
Differentiation Gl
Grade (%)
G2
G3
Tumor subloca- Upper thoracic
tion (%)
Mid-thoracic
Lower thoracic
Junction
Overlapping lesion

Esophagus NOS

152 (32.2)

169 (35.8)

151 (32.0)
81.30 (22.86)
186.15 (43.74)
40.26 (4.29)
25(5.3)

322 (68.2)
125 (26.5)
81(17.2)

113 (23.9)
236 (50.0)
30 (6.4)
2(0.4)

10 (2.1)

582 (47.7)

411 (33.7)
228 (18.7)
78.64 (26.24)
200.16 (51.85)
39.19 (4.39)
40 (3.3)

696 (57.0)
485 (39.7)
9(0.7)

139 (11.4)
943 (77.2)
123 (10.1)
1(0.1)
6(0.5)

0,320

-0,045
-0,310
0,119
-0,229
0,303
-0,100

-0,233
0,284
-0,601

-0,334
0,590
0,136
-0,068
-0,144

620.9 (39.4)

618.9 (39.3)
336.8 (21.4)
82.40 (24.56)
192.68 (37.20)
40.19 (4.51)
72.6 ( 4.6)

943.2 (59.8)
560.8 ( 35.6)
67.4( 4.3)

254.2 (16.1)
1097.6 (69.6)
1452 ( 9.2)
a

12.2( 0.8)

690.5 (42.0)

622.6 (37.9)
329.8 (20.1)
80.74 (22.85)
190.72 (42.61)
40.29 (4.48)
63.9 ( 3.9)

1009.1 ( 61.4)
569.9 (34.7)
94.6 ( 5.8)

251.9 (15.3)
1126.1 (68.5)
146.6 ( 8.9)
a

23.7( 1.4)

0,054

-0,028
-0,031
-0,071
-0,047
0,023

-0,036

0,033
-0,019
0,058

-0,021
-0,023
-0,010
a

0,065
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B: Counterfactual calibration dCRT
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Figure 2. Calibration and survival plots of the trained models on the validation data. dCRT = Defini-
tive chemoradiotherapy, nCRT = Neoadjuvant chemoradiotherapy
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Figure 3. Individual counterfactual predictions using the Random Forest model for ten randomly
selected patients from the validation data. Patients’ clinical characteristics (Age, WHO performance
status, cT, cN, Differentiation grade, and tumor sublocation) are reported in each panel.
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Discussion

This study demonstrated the development and validation of a counterfactual prediction
model that is clinically useful for assisting in the choice between neoadjuvant chemoradio-
therapy and definitive chemoradiotherapy among patients with esophageal cancer. To our
knowledge these are the first reported counterfactual prediction models in oncology.

Generally, the nCRT models exhibited better calibration, as indicated by inter-
cepts close to zero and slopes approaching one across the parametric, random forest, and
SOURCE models. The random forest model demonstrated the strongest alignment with the
counterfactual survival curves, suggesting that it provides more accurate long-term survival
predictions in this cohort. The high predictive performance of the random forest model may
be attributable to the model’s ability to capture complex, non-linear interactions between
covariates that were not modelled in the parametric and SOURCE models.” In contrast, the
dCRT models showed less reliable calibration, particularly in long-term survival predictions.
While model performance was relatively consistent up to 2.5 years post-diagnosis, beyond
this point, the parametric survival model underestimated survival rates. Therefore, we sug-
gest that both models could be employed for predicting treatment-specific survival until this
point in time.

It is important to note the discrepancy between the predictive performance of the
random forest model validated on the training data and on the validation data. The random
forest model seemed to under-perform on the training data compared to the validation data
in terms of calibration. However, we hypothesize that this could be explained by overfitting
of the random forest model on the training data. The calibration method we used involved
binning the predicted survival probabilities into ten equally sized bins (from lowest, to
highest predicted probabilities), after which in each bin the median survival was estimated
which served as the observed survival. We believe that the random forest model’s predicti-
ons stratified patients so efficiently to patients with low and high survival probabilities, that
their observed survival in corresponding bins was exactly zero or one. In the validation data,
we did not observe this effect, and the model performed well.

A surprising finding was that the SOURCE prediction model showed relatively
good calibration and alignment with the counterfactual survival plots, compared to the
models that were specifically designed for counterfactual prediction. The SOURCE model
is a Cox proportional hazards model published in 2021 and developed using real-wor-
1d observational data. Unlike the counterfactual parametric and random forest models
presented in this study, the development of the SOURCE model was focused on predicting
the outcome under the factual treatment and did not apply any additional causal inference
methodology to extrapolate predictions and model validation to the whole population. This
was achieved in the present study through inverse propensity score weighting. Furthermore,
the SOURCE model does not model individualized treatment effects (e.g. through including
treatment-covariate interactions) and instead includes the treatment as a main effect only.*!
As a Cox proportional hazards model it also made the assumption that the baseline hazard
does not depend on treatment. However, despite these limitations, SOURCE demonstrated
relatively good calibration and counterfactual survival estimation in the dCRT treatment
arm. This relative good predictive performance may have been facilitated by the absence of
strong treatment effect heterogeneity across covariates and baseline hazards It is important
to emphasize that SOURCE was developed on a different developed on a different patient
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population and we applied the baseline hazard estimated in the SOURCE study during
model validation. The baseline hazard was not re-estimated on the validation data and hence
there is no risk of our results being overly optimistic.

Taken together, these findings underscore that counterfactual prediction for this
patient population under these treatment strategies is possible until 2.5 years after treat-
ment. The presented counterfactual models could help to inform patients and physicians
on which potentially curable treatment to opt for. These models are clinically useful as both
neoadjuvant chemoradiotherapy and definitive chemoradiotherapy can be viable potentially
curable treatments strategies, but the choice for which treatment to undergo is not strictly
protocolized.?>* In such clinical cases, counterfactual prediction models are highly relevant
because there is an actual choice in treatment, which leads to sufficient covariate overlap
between treatment groups that is needed for valid causal inference. For highly protocolized
treatment strategies, where there is no real choice between treatment options, counterfactual
prediction models are less suitable.

In conclusion, this study provides evidence supporting the development and va-
lidation of counterfactual prediction models to aid in clinical decision-making for esopha-
geal cancer treatment. By presenting the first models to guide treatment decisions between
nCRT and dCRT, we offer a novel tool that could significantly impact personalized patient
care. Interestingly, the SOURCE model—despite its inherent limitations—demonstrated
better-than-expected calibration, suggesting that even conventional models may have value
in counterfactual prediction. In wider view, our study underscore the importance of using
counterfactual prediction models and validation. Importantly, our models may be used in
shared decision-making, particularly in scenarios where multiple curative treatment options
are available. Future work should focus on validating these models in more diverse populati-
ons and refining methods to address overfitting and interpretability challenges. Overall, this
study advocates for more personalized, data-driven treatment choices, which could improve
decision-making processes and ultimately lead to better patient outcomes in esophageal can-
cer care.
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Propensity score ~ sex+age2+creatinine3+albumin2+BMIN2+tumor histology+ WHO
performance status+cN+cT+number of comorbidities+ HB+LDH+differentiation grade+tumor
sublocation-+tumorhistology*tumor sublocation

Formula S1. Formula used to estimate the propensity score in the training data.

Propensity score ~ sex+age2+creatinine\3+albumin\2+BMIN2+tumor histology+WHO
performance status+cN+cT+number of comorbidities+ HB+LDH+differentiation grade+tumor
sublocation+tumorhistology*tumor sublocation+number of comborbidities*age+cT*age+tu-

mor sublocation*age

Formula S2. Formula used to estimate the propensity score in the validation data.
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Figure S1. Histograms of the linearized and non-linearized propensity scores after weigh-
ting of the training data.
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Table S1. Model parameters of the parametric survival model for the neoadjuvant chemoradiotherapy
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Other -0.07 (-0.51-0.37)

1 -0.23 (-0.31--0.16)

3 -1.59 (-1.99--1.2)

1 -0.18 (-0.26--0.1)

3 -0.58 (-0.8--0.35)

2 -0.27 (-0.65-0.11)

4 -0.51 (-0.97--0.05)

w
g

0.02 (0.01-0.02)

—

-0.13 (-0.21--0.05)

Creatinine 0.00 (0.00-0.00)

Albumin 0.03 (0.02-0.03)

G2 -0.17 (-0.35-0)

Tumor sublocation Lower thoracic REF

Mid-thoracic -0.41 (-0.53--0.28)

Upper thoracic -0.51 (-0.74--0.28)

29

~



Chapter 11

Table S2. Model parameters of the parametric survival model for the definitive chemoradiotherapy

treatment arm.

Parameter Coefficient (95%CI)
Baseline hazard function mu 7.44 (6.82-8.06)

sigma -0.1 (-0.13--0.08)

Q -0.15 (-0.25--0.04)
Sex Male REF

Female 0.01 (-0.09-0.06)
Age leeft 0.00 (-0.01-0)
Histology Adenocarcinoma REF

WHO performance status

cN

T

HB
BMI

Number of comorbidities

Creatinine
LDH
Albumin

Differentiation grade

Tumor sublocation

Squamous cell carcinoma
Other

0

1

W N = O W N

= W N

0
1

Two or more

Gl

G2

G3

Lower thoracic
Junction
Mid-thoracic
Upper thoracic
Esophagus NOS

0.20 (0.12-0.28)
-0.13 (-0.43-0.17)
REF

-0.02 (-0.09-0.04)
-0.11 (-0.23-0.01)
-0.21 (-0.62-0.2)
REF

-0.19 (-0.26--0.12)
-0.39 (-0.48--0.31)
-0.13 (-0.31-0.05)
REF

-0.49 (-0.86--0.11)
-0.91 (-1.28--0.54)
-0.69 (-1.13--0.25)
-0.01 (-0.04-0.02)
0.01 (0-0.01)

REF

0 (-0.07-0.07)
-0.09 (-0.18-0)
0.00 (0.00-0.00)
0.00 (0.00-0.00)
0.00 (-0.01-0.01)
REF

0.00 (-0.15-0.16)
-0.41 (-0.57--0.25)
REF

0.25 (0.12-0.37)
-0.08 (-0.17-0.01)
0.2 (0.01-0.39)
-0.02 (-0.24-0.21)
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Figure S2. Histograms of the linearized and non-linearized propensity scores after weighting of the

validation data.
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General discussion

The general aim of the research presented in this thesis was to apply statistical and machine
learning methods to real-world data from patients with esophageal and gastric cancer, to ad-
vance understanding on the application of these methods to real-world data and to advance
understanding of treatment outcomes for this patient population. In this discussion, we will
discuss findings presented in this thesis in broader context with a focus on the future.

Good Models and Representative Data in Health-Related Quality of Life

Research

Health-related quality of life research is a growing field with significant potential to make a
difference for patients. Models can help identify risk factors of health-related quality of life
and prediction models can, in turn, use these risk factors to develop health-related quality
of life prediction models. In Chapter 5, we presented the first health-related quality of life
prediction models for patients with esophageal and gastric cancer, demonstrating that it is
indeed possible to predict health-related quality of life using two distinct types of models.

Despite this positive conclusion, predictive performance of the models could gene-
rally be improved in the coming years. One area for improvement is the inclusion of addi-
tional predictive variables. With a subjective construct such as health-related quality of life,
it could be hypothesized that patients’ expectations about the potential effects of treatment
may influence the relationship between treatment and health-related quality of life. Different
studies have suggested that this relationship exists, generally finding that positive expectati-
ons about anticancer treatment correlate with higher post-treatment health-related quality
of life and, conversely, negative expectations correlate with poorer health-related quality of
life."* Given this relationship, it may be highly informative to have data on treatment expec-
tations as this is likely an important baseline factor in predicting post-treatment health-rela-
ted quality of life. A future consideration for the POCOP questionnaire may be the inclusion
of an item that measures patients’ expectations about the effects of treatment.

Alternatively, electronic health records (EHRs) could be used to this extend and is
potentially an existing avenue to be explored. Large language models, which have increased
in popularity recently, could be used to extract valuable insights from written physician
notes, capturing variables like patient expectations or longitudinal well-being data not
traditionally included in standardized datasets.’® This integration could potentially enhance
the precision and scope of health-related quality of life predictions, and could further our
understanding of how health-related quality of life and treatment are intertwined.

In addition, our novel approach to quantifying the representativeness of longitudi-
nal cohort samples, as demonstrated in Chapter 4, ensures that future health-related quality
of life models are built on data reflective of the real-world patient population. These me-
thods can also be extended to clinical trials, enabling the adjustment of trial results to better
represent real-world populations through calibration techniques.
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Future Perspectives on Real-World Data
While trial data from randomized controlled trials (RCTs) remains the gold standard for
assessing drug safety and efficacy, this thesis has demonstrated the growing potential of
real-world data in further our understanding of therapeutic outcomes in real-world clinical
populations. In Chapter 6, we utilized real-world data from the Netherlands Cancer Registry
to create a control group that could be matched to the single-arm DESTINY-Gastric02 trial.
This approach exemplifies how real-world data can generate comparative analyses in situati-
ons where traditional RCTs may be limited or infeasible.

Such analyses not only provide unique clinical insights that may be more reflective
of everyday patient experiences, but they also hold the potential to inform drug regulato-
ry policies and decision-making processes. Both the U.S. Food and Drug Administration
(FDA) and the European Medicines Agency (EMA) recognize the value of real-world
evidence and have begun to incorporate real-world data to complement evidence obtained
from clinical trials, in areas such as label expansions and post-market safety.!! A recent sys-
tematic review of FDA approval documents from January 2019 to June 2021 found that 116
approvals incorporated real-world evidence. Of these, 88 approvals used RWE for safety or
effectiveness, influencing the FDA’s decisions in 65 cases and being included in 38 product
labels, demonstrating the clear shift to the use of real-world evidence.’

With this shift, the reliability and credibility of real-world data studies must be
safeguarded. Despite the attractiveness of real-world data, it is also much more suscepti-
ble to different types of bias. Therefore, it is imperative that the methodological toolkit of
epidemiologist and clinical researchers keeps expanding. Fortunately, the new techniques
keep emerging and one of the more interesting developments in recent years has been
the introduction of the E-value (Evidence value) for sensitivity analyses in observational
research.'? The E-value, reflects the minimum strength of an association that an unmeasured
confounder would need to have with both the outcome and the selection mechanism to ex-
plain away the found association. It can serve as a sensitivity analyses to test the robustness
of an estimated association to unobserved confounding, as we demonstrated in Chapter 6
and 7. Higher E-values imply a higher robustness to unobserved confounding. Reporting of
the E-value can therefore improve the trustworthiness of estimated associations in real-wor-
1d data studies and could be essential for promoting the use of real-world evidence among
regulatory bodies.

The Need for Parametric Survival Modeling

Survival modeling has traditionally relied on Cox proportional hazards models due to their
simplicity, interpretability, and widespread availability in statistical software. These models
are highly effective for identifying associations between predictors and outcomes, such as
hazard ratios, which are crucial for understanding survival trends. However, their utility
for predicting survival probabilities is limited. The Cox model is semi-parametric, meaning
it does not estimate the baseline hazard function, a crucial component for making accu-
rate survival predictions. While methods like the Breslow estimator can approximate the
baseline hazard, this process can be cumbersome. This limitation became clear in Chapter 8
when we applied Steyerberg’s prediction model to data from the POLDER trial.'*'* Despite
having hazard ratios, the absence of baseline hazard estimates made it challenging to adapt
the model for new data.
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In contrast, parametric survival models offer a more robust alternative for predicti-
on. Unlike the Cox model, parametric models estimate the baseline hazard directly, pro-
viding a comprehensive framework for survival prediction. Chapter 11 demonstrated this
advantage through the development of a fully parametric survival prediction model. This
approach allowed for straightforward external validation, as other researchers could easily
use the reported baseline hazard estimates and model coefficients. By enabling better model
transferability and validation, parametric models are particularly well-suited for survival
prediction tasks.

Beyond prediction, parametric models have significant value in epidemiological
studies. For instance, Chapter 1 highlighted the use of parametric models in comparing sur-
vival rates between patients from the Netherlands and Belgium. By employing excess hazard
models, which are fully parametric, the analysis accounted for both population mortality
and case-mix differences. This flexibility allows for nuanced insights into survival data while
controlling for numerous population-level factors, offering substantial clinical relevance.

Given these strengths, future research should emphasize parametric survival mode-
ling over traditional Cox approaches. Parametric models provide greater flexibility, facilitate
external validation, and enhance the interpretability of survival data. They are valuable for
prediction and epidemiological research, offering a versatile tool for addressing complex
survival questions. By adopting parametric methods, researchers can overcome the limitati-
ons of Cox models.

Synthesis of Causality and Personalized Prediction: exploring the “what-
if” question

One of the most promising advancements in prediction modeling is the integration of causal
inference and personalized prediction. This approach addresses critical “what-if” questions,
such as, “For this specific patient, does treatment X or Y lead to better outcomes?” In Chapter
11, we presented a proof-of-concept study that developed and validated such a model, de-
monstrating its ability to predict survival outcomes under different treatments. This achieve-
ment is both methodologically and clinically significant, as it showcases the potential to use
real-world observational data to construct robust, patient-specific predictive models.

While our model focused on predicting survival under two treatments (neoadju-
vant chemoradiotherapy and definitive chemoradiotherapy), its applicability extends much
further. Expanding the model to include a broader range of treatment options could offer
clinicians a powerful tool for daily practice, enabling direct comparisons of interventions.
Such advancements have the potential to transform decision-making, offering a framework
for selecting the most effective and personalized treatment strategies. However, the method
that we have demonstrated is not easily generalizable to multiple treatments as it utilizes the
propensity score. For this to be possible, other, more novel methods will need to be applied
to the data.

One of those methods that could potentially transform personalized causal predic-
tion are digital twins. A digital twin is essentially a dynamic, virtual replica of a real-world
physical object, process or product that connects the real-world and the digital world."® Di-
gital twins have originally been developed in the engineering sciences for simulation, stress
testing and monitoring.'® Consider, for example, a particular mechanical engine for which a
digital twin has been created. Sensors on the physical machine can send real-time data about
its performance or condition to its digital twin. The digital twin uses this data to simulate,
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predict, or optimize the machine’s operation. If the virtual model identifies a potential issue
or an opportunity for improvement, it can send instructions back to the physical machine
to adjust its behavior. The digital twin uses this data to simulate, predict, or optimize the
machine’s operation. If the virtual model identifies a potential issue or an opportunity for
improvement, it can send instructions back to the physical machine to adjust its behavior.

Although its origins lie in engineering, digital twins have found their way into
many different areas including the medical sciences.'” Having a digital copy of an actual
patient in the same way you can have a digital copy of a mechanical engine, opens a gre-
at number of opportunities in the context of causal individualized predictions. It enables
physicians to perform different treatments on the virtual patient and observe the effects. For
example, in radiation oncology there are already developments in the application of digital
twins for treatment planning.'®*

By integrating diverse data sources such as electronic health records, imaging,
genomics, and real-time monitoring devices like wearables it can be imagined that digital
twins hold a very large promise for future personalized treatment in (esophagogastric)
oncology. Digital twins simulate a patient’s unique physiology and health status, allowing for
precise prediction of how an individual might respond to various treatments. Digital twins
offer the capacity to predict not only survival outcomes but also quality of life, treatment ris-
ks, and long-term impacts, providing a comprehensive view of potential clinical scenarios."”

While this would be very attractive, to realize the full potential of digital twins in
medicine the availability and quality of data are essential. It can be imagined that creating
a meaningful virtual copy of a human being is incredibly complex and requires vast array
of different data types such as imaging, multi-omics data, biometric and physiological data
(such as data from wearables) and historic and real-time clinical data.?*-??In addition to the
data, which would be a prerequisite for a digital twin, advanced computational techniques
and well-validated machine learning algorithms are required to manage the complexity of
human physiology and ensure reliable predictions. This is by no means an easy feat, but gi-
ven the increasing computation power this paints a hopeful picture for the future of compu-
ter driven personalized treatment.

To fully realize the potential of counterfactual models, they must be integrated
into user-friendly tools, such as the SOURCE platform. Studies have shown that SOURCE
enhances the precision of treatment information during simulated consultations. Incorpora-
ting future counterfactual models into tools like SOURCE would further advance personali-
zed treatment planning, making these innovative approaches more accessible and impactful
in clinical settings. By combining survival, quality-of-life predictions, and practical software
integration, these advancements can transform decision-making, empowering clinicians to
provide treatments aligned with both evidence and individual patient goals.

Concluding Remarks

This thesis highlights the potential of advanced statistical and machine learning approaches
in understanding and predicting treatment outcomes for esophageal and gastric cancer pa-
tients. The prediction tools we developed enable physicians to make personalized treatment
decisions, enhancing patient outcomes and quality of life. Looking ahead, integrating perso-
nalized tumor-related information, utilizing EHRs, and refining methodological approaches
will further improve the accuracy and applicability of prediction models. This progress
predicts a promising future for the personalized care of esophageal and gastric cancer.
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Summary

In this thesis, we explored the application of statistical and machine learning methods to
real-world data in esophagogastric oncology, with the overarching aim of advancing clinical
understanding of the disease and improve understanding on the application of statistical
and machine learning methods. By using diverse analytical techniques across multiple rese-
arch areas, this work contributes to bridging gaps in the use of real-world data and modern
statistical and machine learning methods to provide useful clinical insights.

Part I: Epidemiology of esophageal and gastric cancer

It is well-known that esophageal and gastric cancer are highly deadly diseases with he-
terogenous survival chances. This heterogeneity in survival is not only observed within
populations of patients, but also between populations of patients. To illustrate this, a study
performed in 2015, the EUROCARE-5 study, showed that there was a considerable diffe-
rence in survival between patients from the Netherlands and Belgium without there being

a clear explanation to account for this difference. In Chapter 1 of this thesis, we investigated
what this difference can be ascribed to by comparing survival from patients with esophageal
and gastric cancer in the Netherlands with Belgium in more detail. We employed parame-
tric survival models (relative survival and excess hazard models), where we controlled for
population mortality and investigated how treatment differences impact survival. Five-year
relative survival rates for gastric (GC) and esophageal cancer (EC) were lower in the Nether-
lands than in Belgium (GC: 20% vs. 27%, EC: 21% vs. 24%). These differences were present
across most tumor stages. Adjusting for treatment differences between both countries
explained survival differences in esophageal cancer and stage IV gastric cancer but not in
stage I-1II gastric cancer. The difference in survival in stage IV cases and esophageal cancer
was thus likely due to variations in treatment between both countries (in general a higher
percentage of ‘tumor directed’ treatment in Belgium). However, the reason for differences in
stage I-III gastric cancer remains unclear and will need further investigation.

In Chapter 2, we took a more detailed look at survival of patients with non-me-
tastatic esophageal and gastric cancer in the Netherlands. While traditional epidemiological
studies often only report the median overall survival (the 50" percentile on a survival cur-
ve), we went beyond the median and investigated survival across different points of the sur-
vival curve: survival scenarios. Using data from the Netherlands Cancer Registry, patients
with non-metastatic esophageal or gastric cancer diagnosed between 2006-2020 were in-
cluded. Survival scenarios were defined as best-case (20th percentile), upper-typical (40th),
median, lower-typical (60th), and worst-case (80th percentile). For esophageal cancer, the
best-case scenario showed the largest improvement, with survival increasing by 12 months
annually until 2011, followed by smaller increases of up to 1.5 months per year in other
scenarios. For gastric cancer, best-case survival did not change, while typical and worst-case
scenarios improved modestly, with annual improvements of up to 1.0 month (until 2018).
In addition, we observed survival improvements across patient subgroups, treatment types,
and cancer subtypes. These results highlight the benefits of treatment advancements, with
the most significant survival improvements seen in the best-case scenario for esophageal
cancer. This indicated that, while the large majority of patients generally improved with
respect to survival outcomes, the largest improvements were observed across the top 20%
percent of patients.
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Chapter 3 of this thesis also utilized non-traditional survival measures to better
understand survival outcomes and to better inform patients with esophageal and gastric
cancer. Conditional relative survival (CRS) is a useful tool for communicating prognosis, as
it estimates life expectancy based on survival for a certain period after treatment. In this stu-
dy, we examined 3-year CRS for patients with non-metastatic esophageal or gastric cancer
treated with curative intent between 2006 and 2020, using data from the Netherlands Cancer
Registry. We found that for patients with esophageal cancer, 3-year CRS improved from 62%
after the first year to 87% after the 5™ year post diagnosis. This implies that patients who
have survived up to 5 year after initial diagnosis have a 87% chance to also survive the next
3 years. For gastric cancer we found higher rates of 69% and 90% after 3 and 5 years post
diagnosis, respectively. These findings demonstrated that despite the generally poor progno-
ses of these cancer types, survival chances improve markedly over time, giving patients and
physicians a more realistic and hopeful outlook during follow-up discussions.

Part II: Health-related quality of life

In Part IT of this thesis, we dealt with a different, but highly relevant dimension of the
outcome of cancer treatment: health-related quality of life (HRQoL). Unlike survival data,
which in the Netherlands is obtainable for all oncological patients from the nationwide
Netherlands Cancer Registry, data collection on HRQoL primarily relies on prospective
observational cohort studies. Participation of patients in such prospective cohort studies

is voluntary and typically requires patients to fill out questionnaires about their HRQoL.
This voluntary component introduces the risk of selection-bias (i.e. some patients are more
likely to participate than others), through which the real-world representativeness of the
cohort studies and the external validity of analyses based on that could be affected. To this
end, in Chapter 4, we performed a study on the Prospective Observational Cohort Study of
Oesophageal-gastric cancer Patients (POCOP) to evaluate the real-world representativeness
of patients included cancer cohort studies compared to the total population of patients with
esophagogastric cancer in the Netherlands.

Using a novel method called Representativeness indicators (R-indicators), with

which the total representativeness of the sample can be expressed in one single number bet-
ween 0 (not representative) and 1.0 (completely representative), we found that the complete
POCOP study had an R-indicator of 0.72 95%CI (0.71-0.73), which indicated a generally
fair representativity. Palliative patients had a higher level of representativeness compared to
those with potentially curable disease, with R-indicators of 0.88 95%CI(0.85-0.90) and 0.70
95%CI(0.68-0.71), respectively. When stratified into clinically relevant subgroups based on
treatment, the R-indicators for each subgroup increased (=0.8 for all groups). After both
stratification and calibration weighting, survival estimates in the POCOP registry aligned
more closely with those from the NCR population. The study shows that real-world data
from a prospective esophagogastric cancer registry can be representative of the total popula-
tion of patients if differences in treatment types are accounted for. This supports the clinical
use of PROMs data, especially when corrected for selection bias through stratification or
statistical calibration.
Having established that the POCOP registry was fairly representative of the total patient po-
pulation, we continued building our understanding of HRQoL outcomes by focusing on the
clinical prediction of HRQoL outcomes. In Chapter 5 we developed prediction models that
predict post-treatment HRQoL for patients with esophagogastric cancer, based on HRQoL
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data from POCOP and the Netherlands Cancer Registry for clinical variables. The EORTC
QLQ-C30 functioning scales (including the Summary Score) were used as prediction outco-
mes. Risk-prediction models, based on logistic elastic-net regression, predicted the proba-
bility of clinically significant HRQoL deterioration at 3, 6, and 12 months post-treatment.

In addition, a machine-learning based sequential score model, using XGBoost regression,
predicted future HRQoL scores over time. We found that the risk-prediction models perfor-
med well, with ICI values between 0.03 and 0.08 and Brier scores ranging from 0.09 to 0.17,
effectively predicting declines in Summary Score, Physical Functioning, and Fatigue. The
sequential score models explained up to 40% of the variance in HRQoL scores. Results from
this study showed that both models accurately predicted HRQoL changes in esophagogastric
cancer patients, offering valuable tools to improve patient care and facilitate shared decisi-
on-making through HRQoL forecasting. Simultaneously, the results also highlight room for
improvement in terms of predictive power for a number of the functioning scales. Future
studies will need to be conducted to further refine clinical prediction models for HRQoL
and the potential of information extraction from electronic health-records to supplement
data from HRQoL cohorts will need to be explored.

Part III. Clinical trials and real-world data

In Part III of this thesis, we demonstrated how data from clinical trials and real-world sour-
ces can complement each other to explore treatment effects that have not (yet) been evalua-
ted in clinical trials. In these chapters, we focused on two relevant studies for which results
from a randomized controlled trial was not presented.

In Chapter 6, we used data from the single arm DESTINY-Gastric02 (DG-02) trial
in which HER2-positive unresectable or metastatic gastric or gastro-esophageal junction
adenocarcinoma were treated with Trastuzumab Deruxtecan (T-DXd), and we compared it
to a reference group treated with Ramucirumab and Paclitaxel (Ram+Pac) obtained from
the Netherlands Cancer Registry (NCR). Using propensity matching, we matched patients
from the DG-02 trial who received prior trastuzumab-based first-line therapy to similar
patients who received Ram+Pac from the NCR, based on relevant clinical factors associated
to treatment selection and survival. The resulting matched data was balanced (58 DG-02
patients and 78 real-world patients). Median overall survival was significantly longer in
the T-DXd group (11.6 months; 95% CI(9.0-20.5)) compared to the Ram+Pac group (6.2
months; 95% CI(4.5-10.0)), p-value < 0.0001. These findings suggest that T-DXd may offer
a survival advantage over standard second-line treatment in this patient population and also
presented a practical use case of single-armed trials being supplemented with real-world
data to emulate a randomized controlled trial.

Following the CheckMate-577 trial, which demonstrated a disease-free survival
benefit for adjuvant nivolumab in patients with esophageal or gastroesophageal junction
(GEJ) cancer after neoadjuvant chemoradiotherapy (nCRT) and resection, there remained
uncertainty regarding its effect on overall survival (OS), as final OS data from the trial were
not yet reported at the time of performing this study. To address this uncertainty, in Chap-
ter 7, we conducted a nationwide real-world study to evaluate OS in patients treated with or
without adjuvant nivolumab in routine clinical practice. Patients diagnosed with non-me-
tastatic esophageal or GEJ cancer between 2020 and 2023 and who had residual pathological
disease after nCRT and resection were identified from the Netherlands Cancer Registry.

A total of 333 patients who received adjuvant nivolumab were compared to 486 patients
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treated prior to the introduction of nivolumab who underwent nCRT and resection alone.
Propensity score trimming and nearest-neighbor matching on relevant clinical characteris-
tics resulted in two well-balanced cohorts of 311 patients each. Median follow-up was 24.4
months in the nivolumab group and 31.4 months in the control group. Two-year OS was
significantly higher among patients treated with nivolumab (66.8%, 95% CI(61.6-72.4%))
compared to those without (58.8%, 95% CI(53.5-64.5%)). The estimated hazard ratio was
0.75 (95% CI(0.60-0.97); p = 0.024). These findings represent the first piece of evidence
from the real-world of a potential OS benefit with adjuvant nivolumab in this setting. Howe-
ver, due to the ongoing follow-up and limited number of events, further analyses over time
are needed to confirm these results.

Part IV. Prediction of survival outcomes
In the final part of this thesis, we focused on the utility, development and assessment of
clinical prediction models in the field of esophageal and gastric cancer.

Beyond supporting shared decision-making between clinicians and patients,
prediction models could also serve as tools to guide patient selection in clinical trials. In
Chapter 8, we evaluated the potential utility of the SOURCE survival prediction model
(Stimulating evidence-based, personalized, and tailored information provision to improve
decision-making after an esophagogastric cancer diagnosis) alongside a widely used model
developed by Steyerberg and colleagues. This evaluation was conducted within the context
of the POLDER study, which assessed the effect of external beam radiotherapy for relieving
dysphagia in patients with esophageal cancer. Although POLDER trial inclusion required
an expected survival of at least three months, nearly one third of patients deceased within
3 months after being included in the trial. The two existing models were retrospectively
applied to the POLDER data to predict three-month survival. The SOURCE model outper-
formed the Steyerberg model, with higher accuracy (79% vs. 64%) and a significantly better
discriminative ability (AUC 0.76 vs. 0.60, p = 0.017). At optimal thresholds, the SOURCE
model would have led to less incorrect inclusions (16 vs. 34 out of 110 patients) into the
POLDER trial. These findings suggest that the SOURCE model could serve as a valuable
decision support tool alongside clinical judgment in the context of palliative care trials

After demonstrating the clinical utility of the existing SOURCE model, we conti-
nued the development of new clinical prediction models in Chapter 9. In this chapter, we
developed and internally validated the SOURCE Beyond First-Line model, a clinical predic-
tion tool developed to estimate survival for patients with metastatic esophagogastric aden-
ocarcinoma after failure of first-line palliative systemic therapy and thereby extending the
SOURCE family of prediction models. Using data from 1,067 patients in the Netherlands
Cancer Registry, we developed a Cox proportional hazards model based on 11 clinical and
treatment-related variables. The model demonstrated good performance, with a C-index of
0.75 (95% CI (0.73-0.78)), calibration slope of 1.01, and calibration intercept of 0.01. Inter-
nal cross-validation confirmed consistent performance on unseen data, with a C-index of
0.79 (95%CI (0.77-0.82)), slope of 0.93, and intercept of 0.02. These results indicate that the
SOURCE Beyond First-Line model offers fair discrimination and good calibration, making
it a promising tool to support clinical decision-making in the beyond-first-line treatment
setting.
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In Chapter 10, we explored the potential of enhancing the existing SOURCE survi-
val prediction model for patients with resectable esophageal adenocarcinoma by integrating
radiomics and circulating-free tumor DNA (cfDNA) metrics. Using a cohort of 111 patients
treated with neoadjuvant chemoradiation therapy, we developed models combining clinical
variables from the SOURCE model with radiomic features from PET-CT scans and cfD-
NA. The best-performing baseline models for OS and time to progression (TTP) showed
improved C-index scores when cfDNA was added to the SOURCE model (C-index 0.55 for
OS and 0.59 for T'TP, compared to 0.44-0.45 with SOURCE alone). Incorporating PET-CT
radiomics into the SOURCE model further improved predictions, achieving a C-index of
0.65 for OS and 0.60 for TTP. The combination models also demonstrated significant risk
stratification for both OS and TTP (log-rank P < 0.01). For predicting pathologic complete
response, the best model achieved an area under the curve of 0.61, compared to 0.47 with
clinical variables alone. These findings suggest that integrating radiomics and ¢fDNA into
the SOURCE model enhances its predictive accuracy, though external validation and further
optimization of radiomic pipelines are needed in future studies.

Although the prediction models that were applied and developed in the previous
chapters demonstrated good predictive performance and clinical relevance, from a metho-
dological point of view they did not address an important factor that is highly relevant for
clinical decision making in a clinical context: causality. When patients and physicians are fa-
ced with choosing a particular treatment, prediction models—such as the model applied and
developed in this thesis—can be used to aid in this. However, due to the fact that prediction
models are almost always developed in observational data, the predictions from the model
can usually not be causally interpreted. Therefore, in Chapter 11, we applied a novel ap-
proach to prediction called counterfactual prediction, which combines causal inference with
personalized survival prediction and allows causally interpretable personalized treatment
prediction. We applied this method in a proof-of-concept study for patients with non-me-
tastatic esophageal cancer, comparing two treatment strategies: neoadjuvant chemoradiothe-
rapy (nCRT) and definitive chemoradiotherapy (dCRT). Using data from the Netherlands
Cancer Registry (4,388 patients for training and 1,693 for validation), we developed two
different counterfactual survival models (parametric survival model and random forest
model) based on inverse propensity score weighting to control for confounding. The models
showed good calibration in the training and validation datasets, with the parametric model
performing well for nCRT and the random forest model aligning more closely with survival
predictions for dCRT. Additionally, we tested the existing SOURCE model in a counter-
factual context, which demonstrated relatively good calibration despite not being designed
for this purpose. This study highlights the potential of counterfactual prediction models to
improve personalized decision-making in clinical settings where multiple treatment options
are available, offering patients and clinicians a better understanding of individualized survi-
val probabilities.
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Conclusion

In conclusion, this thesis shows how statistical and machine learning methods can be used
to make better sense of real-world data in esophagogastric cancer. By looking at survival
outcomes, health-related quality of life, and prediction models, we gained insights that go
beyond traditional analyses. The findings in this thesis help improve clinical understanding,
can aid in shared decision making, and ultimately support more personalized care for pa-
tients with esophageal and gastric cancer.
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In dit proefschrift onderzochten we de toepassing van statistische en machine learning-me-
thoden op real-world data in de slokdarm en maag oncologie, met als overkoepelend doel
het verbeteren van het klinisch begrip van de ziekte en het vergroten van het inzicht in de
toepassing van statistische en machine learning-methoden. Door het gebruik van diverse
analysetechnieken over meerdere onderzoeksgebieden draagt dit werk bij aan het over-
bruggen van hiaten in het gebruik van real-world data en moderne statistische en machine
learning-methoden om bruikbare klinische inzichten te bieden.

Deel I: Epidemiologie van slokdarm- en maagkanker

Het is algemeen bekend dat slokdarm- en maagkanker zeer dodelijke ziekten zijn met uit-
eenlopende overlevingskansen. Deze heterogeniteit in overleving wordt niet alleen binnen
populaties van patiénten waargenomen, maar ook tussen populaties van patiénten. Ter
illustratie: een studie uitgevoerd in 2015, de EUROCARE-5 studie, toonde aan dat er een
aanzienlijk verschil in overleving was tussen patiénten uit Nederland en Belgié, zonder dat
daar een duidelijke verklaring voor werd gevonden. In Hoofdstuk 1 van dit proefschrift on-
derzochten we waaraan dit verschil mogelijk kan worden toegeschreven door de overleving
van patiénten met slokdarm- en maagkanker in Nederland te vergelijken met die in Belgié.
We gebruikten relatieve overleving en excess hazard-modellen, welke het mogelijk maakte,
om statistisch te controleren voor populatiesterfte. Met deze modellen onderzochten hoe
behandelverschillen van invloed zijn op de overleving. De relatieve overlevingspercentages
voor maag- (GC) en slokdarmkanker (EC) waren lager in Nederland dan in Belgié (GC:
20% vs. 27%, EC: 21% vs. 24%). Deze verschillen waren aanwezig over alle tumorstadia.
Correctie voor behandelverschillen tussen beide landen verklaarde de overlevingsverschillen
bij slokdarmkanker en stadium IV maagkanker, maar niet bij stadium I-IIT maagkanker.
Het verschil in overleving bij stadium IV en slokdarmkanker is dus waarschijnlijk toe te
schrijven aan variatie in behandeling tussen beide landen (over het algemeen een hoger per-
centage ‘agressieve’ behandeling in Belgié). De reden voor verschillen in potentieel curabele
maagkanker blijft echter onduidelijk en vereist verder onderzoek.

In Hoofdstuk 2 bekeken we de overleving van patiénten met niet-uitgezaaide
slokdarm- en maagkanker in Nederland in meer detail. Waar traditionele epidemiologische
studies vaak alleen de mediane overleving rapporteren (het 50e percentiel op een overle-
vingscurve), gingen wij verder en onderzochten we de overleving op verschillende punten
van de overlevingscurve: overlevingsscenarios. Met behulp van gegevens uit de Nederlandse
Kankerregistratie werden patiénten met niet-uitgezaaide slokdarm- of maagkanker gediag-
nosticeerd tussen 2006-2020 geincludeerd. Overlevingsscenarios werden gedefinieerd als
best-case (20e percentiel), upper-typical (40e), mediaan, lower-typical (60e), en worst-case
(80e percentiel). Voor slokdarmkanker liet het best-case scenario de grootste verbetering
zien, met een jaarlijkse toename van de overleving met 12 maanden tot 2011, gevolgd door
kleinere toenames tot 1,5 maand per jaar in andere scenario’s. Voor maagkanker veranderde
de best-case overleving niet, terwijl typische en worst-case scenario’s bescheiden verbeterden
met jaarlijkse toenames tot 1,0 maand (tot 2018). We observeerden ook verbeteringen in
overleving in patiéntensubgroepen, behandelingen en kankersubtypes. Deze resultaten be-
nadrukken de voordelen van verbetering in de behandelopties, waarbij de meest significante
overlevingswinst werd gezien in het best-case scenario voor slokdarmkanker. Dit geeft aan
dat, hoewel de grote meerderheid van patiénten in het algemeen verbeterde qua overlevings-
uitkomsten, de grootste verbeteringen werden waargenomen in de top 20% van patiénten.
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Hoofdstuk 3 van dit proefschrift maakte ook gebruik van niet-traditionele over-
levingsmaten om overlevingsuitkomsten beter te begrijpen en patiénten met slokdarm- en
maagkanker beter te informeren. Conditionele relatieve overleving (conditional relative
survival, CRS) is een nuttig hulpmiddel voor het communiceren van prognoses, omdat het
de levensverwachting schat op basis van overleving gedurende een bepaalde periode na
behandeling. In deze studie onderzochten we met behulp van gegevens uit de Nederlandse
Kankerregistratie de 3-jaar CRS voor patiénten met niet-uitgezaaide slokdarm- of maag-
kanker die tussen 2006 en 2020 met curatieve intentie zijn behandeld. We vonden dat voor
patiénten met slokdarmkanker de 3-jaar CRS toenam van 62% na het eerste jaar tot 87% na
het vijfde jaar na diagnose. Voor maagkanker vonden we hogere percentages van 69% en
90% na 3 en 5 jaar, respectievelijk. Deze bevindingen tonen aan dat ondanks de doorgaans
slechte prognose van deze kankertypes, de overlevingskansen in de loop van de tijd aan-
zienlijk verbeteren, wat patiénten en artsen een realistisch maar hoopvol perspectief biedt
tijdens follow-up gesprekken.

Deel I1: Gezondheidsgerelateerde kwaliteit van leven

In deel IT van dit proefschrift behandelden we een andere, maar zeer relevante dimensie van
de uitkomsten van kankerbehandeling: gezondheidsgerelateerde kwaliteit van leven (health
related-quality of life, HRQoL). In tegenstelling tot overlevingsdata, die in Nederland
beschikbaar zijn voor alle oncologische patiénten via de landelijke Nederlandse Kankerre-
gistratie, is gegevensverzameling over HRQoL voornamelijk athankelijk van prospectieve
observationele cohortstudies. Dit zijn studies waarin patiénten actief om deelname gevraagd
worden. Deelname van patiénten aan dergelijke studies is vrijwillig en vereist doorgaans dat
patiénten vragenlijsten invullen over hun HRQoL. Deze vrijwillige component introduceert
het risico van selectiebias (d.w.z. sommige patiénten zijn eerder geneigd deel te nemen dan
anderen), waardoor de representativiteit van deze cohorten en de externe validiteit van de
analyses beinvloed kunnen worden. Daarom voerden we in Hoofdstuk 4 een studie uit bin-
nen het Prospectief Observationeel Cohortonderzoek van Slokdarm-maagkankerpatiénten
(POCOP) om de representativiteit van patiénten in cohortstudies te evalueren ten opzichte
van de totale populatie patiénten met slokdarm en maagkanker in Nederland.

Met behulp van een nieuwe methode genaamd Representativiteitsindicatoren
(R-indicatoren), waarmee de totale representativiteit van een steekproef kan worden uitge-
drukt in één enkel getal tussen 0 (niet representatief) en 1,0 (volledig representatief), von-
den we dat de volledige POCOP-studie een R-indicator had van 0,72 (95%ClI (0,71- 0,73)),
wat wijst op een redelijke representativiteit. Patiénten in de palliatieve setting hadden een
hogere representativiteit dan patiénten met potentieel curatieve ziekte, met R-indicatoren
van respectievelijk 0,88 (95%CI (0,85-0,90)) en 0,70 (95%CI (0,68-0,71)). Wanneer gegroe-
peerd werd op klinisch relevante subgroepen op basis van behandeling, stegen de R-indica-
toren voor elke subgroep (=0,8 voor alle groepen). Na zowel stratificatie als kalibratieweging
kwamen de overlevingsschattingen van de patiénten uit het POCOP-cohort dichter in de
buurt van die uit de Nederlandse-populatie. Deze studie toont aan dat real-world data uit
een prospectieve slokdarm en maagkankerregistratie representatief kunnen zijn voor de
totale populatie patiénten, mits verschillen in behandelingen worden meegenomen. Dit
ondersteunt het klinisch gebruik van patiént gerapporteerde data, vooral wanneer deze
gecorrigeerd zijn voor selectiebias door middel van stratificatie of statistische kalibratie.
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Nadat we hadden vastgesteld dat het POCOP-register redelijk representatief was
voor de totale populatie, zijn we verder gegaan met het verdiepen van ons begrip van HR-
QoL-uitkomsten door ons te richten op de klinische voorspelling van HRQoL-uitkomsten.
In Hoofdstuk 5 ontwikkelden we predictiemodellen die de HRQoL na het ondergaan van
behandeling voorspellen voor patiénten met slokdarm en maagkanker kanker, gebaseerd
op HRQoL-gegevens uit POCOP en klinische variabelen uit de Nederlandse Kankerregis-
tratie. De EORTC QLQ-C30 functioneringsschalen (inclusief de gemiddelde score) werden
gebruikt als voorspellingsuitkomsten. Risicovoorspellingsmodellen, gebaseerd op logistische
elastic-net regressie, voorspelden de kans op klinisch significante HRQoL-verslechtering op
3, 6 en 12 maanden na de behandeling. Daarnaast werd een machine learning-gebaseerd
sequentieel scoremodel, met behulp van XGBoost regressie, ontwikkeld om toekomstige
HRQoL-scores in de tijd te voorspellen. We vonden dat de risicovoorspellingsmodellen
goed presteerden, met ICI-waarden tussen 0,03 en 0,08 en Brier-scores tussen 0,09 en 0,17,
waarmee effectief achteruitgang in de gemiddelde score, Fysiek functioneren en Vermoeid-
heid werd voorspeld. De sequentiéle scoremodellen verklaarden tot 40% van de variantie in
HRQoL-scores. De resultaten van deze studie toonden aan dat beide modellen de HR-
QoL-veranderingen voorspelden bij patiénten met slokdarm en maagkanker en waardevolle
instrumenten bieden om de patiéntenzorg te verbeteren en gezamenlijke besluitvorming te
ondersteunen via HRQoL-voorspellingen. Tegelijkertijd benadrukken de resultaten dat er
nog ruimte is voor verbetering wat betreft de voorspellende kracht voor een aantal functio-
neringsschalen. Toekomstige studies zullen nodig zijn om de klinische voorspellingsmodel-
len voor HRQoL verder te verfijnen en het potentieel van informatie-extractie uit elektroni-
sche patiéntendossiers om gegevens uit HRQoL-cohorten aan te vullen zal moeten worden
onderzocht.

Deel I1I: Klinische trials en real-world data

In Deel III van dit proefschrift lieten we zien hoe gegevens uit klinische trials en
real-world bronnen elkaar kunnen aanvullen om behandelings-effecten te onderzoeken die
(nog) niet in klinische trials zijn geévalueerd. In deze hoofdstukken richtten we ons op twee
relevante studies waarvoor geen volledige gerandomiseerde gecontroleerde trial werd uitge-
voerd.

In Hoofdstuk 6 gebruikten we gegevens uit de enkelarmige DESTINY-Gastric02
(DG-02) trial waarin HER2-positieve, niet-resectabele of uitgezaaide maag- of gastro-oeso-
fageale junctiekanker werd behandeld met Trastuzumab Deruxtecan (T-DXd), en vergeleken
we dit met een referentiegroep behandeld met Ramucirumab en Paclitaxel (Ram+Pac), ver-
kregen uit de Nederlandse Kankerregistratie (NCR). Met behulp van propensity matching
werden patiénten uit de DG-02 trial die eerder trastuzumab-gebaseerde eerstelijns therapie
hadden gekregen, gematcht aan patiénten die Ram+Pac ontvingen uit de NCR, gebaseerd op
relevante klinische factoren die verband houden met behandelkeuze en overleving. De resul-
terende gematchte gegevens waren in balans (58 DG-02-patiénten en 78 real-world patién-
ten). De mediane overleving was significant langer in de T-DXd-groep (11,6 maanden; 95%
CI(9,0-20,5)) vergeleken met de Ram+Pac-groep (6,2 maanden; 95CI (4,5-10,0)), p-waarde
< 0,0001. Deze bevindingen suggereren dat T-DXd een overlevingsvoordeel kan bieden ten
opzichte van standaard tweedelijnsbehandeling in deze patiéntengroep en illustreren tevens
het praktische gebruik van enkelarmige trials die worden aangevuld met real-world data om
een gerandomiseerde trial na te bootsen.
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Na de CheckMate-577 trial, die een voordeel in ziektevrije overleving aantoonde
voor adjuvante nivolumab bij patiénten met slokdarm- of gastro-oesofageale junctiekan-
ker (GEJ) na neoadjuvante chemoradiotherapie (nCRT) en resectie, bleef er onzekerheid
bestaan over het effect op algehele overleving (OS), aangezien de definitieve OS-gegevens
uit de trial op het moment van deze studie in dit hoofdstuk nog niet beschikbaar waren.
Om deze onzekerheid aan te pakken, voerden we in Hoofdstuk 7 een landelijke real-world
studie uit om OS te evalueren bij patiénten die in de klinische praktijk al dan niet werden
behandeld met adjuvante nivolumab. Patiénten met niet-gemetastaseerde slokdarm- of
GEJ-kanker die tussen 2020 en 2023 werden gediagnosticeerd en geen complete patholo-
gische response hadden na nCRT en resectie, werden geidentificeerd uit de Nederlandse
Kankerregistratie. In totaal werden 333 patiénten die adjuvante nivolumab kregen vergele-
ken met 486 patiénten die voor de introductie van nivolumab werden behandeld met alleen
nCRT en resectie. Propensity score trimming en nearest-neighbor matching op relevante
klinische kenmerken resulteerden in twee goed gebalanceerde cohorten van elk 311 patién-
ten. De mediane follow-up bedroeg 24,4 maanden in de nivolumabgroep en 31,4 maanden
in de controlegroep. De tweejaarsoverleving was significant hoger bij patiénten behandeld
met nivolumab (66,8%, 95% CI (61,6-72,4%)) vergeleken met degenen zonder (58,8%, 95%
CI (53,5-64,5%)). De geschatte hazard ratio was 0,75 (95% CI (0,60-0,97); p = 0,024). Deze
bevindingen vormen het eerste bewijs uit de dagelijkse praktijk van een mogelijk OS-voor-
deel met adjuvante nivolumab in deze setting. Vanwege de lopende follow-up en het beperk-
te aantal events zijn echter vervolganalyses over langere termijn nodig om deze resultaten te
bevestigen.

Deel IV. Voorspelling van overlevingsuitkomsten
In dit laatste deel van dit proefschrift richtten we ons op de implementatie, ontwikkeling en
beoordeling van klinische predictiemodellen binnen het veld van slokdarm- en maagkanker.
Naast het ondersteunen van gezamenlijke besluitvorming tussen artsen en patién-
ten, kunnen predictiemodellen ook dienen als hulpmiddel bij patiéntselectie voor klinische
trials. In Hoofdstuk 8 evalueerden we de potentiéle bruikbaarheid van het SOURCE-model
(Stimulating evidence based, personalized and tailored information provision to improve
decision making after Oesophagogastric Cancer diagnosis) en het veelgebruikte predictie-
model van Steyerberg en collegas, binnen de context van de POLDER-studie. Deze studie
onderzocht het effect van uitwendige radiotherapie (external beam radiotherapy, EBRT)
ter verlichting van dysfagie (moeite met slikken) bij patiénten met slokdarmkanker. Hoe-
wel inclusie voor deze trial gebaseerd was op een verwachte overleving van ten minste drie
maanden, bereikte bijna een derde van de patiénten deze drempel niet. Wij onderzochten of
het SOURCE-model en het model van Steyerberg artsen beter hadden kunnen ondersteu-
nen bij het selecteren van geschikte patiénten. Beide bestaande modellen werden retros-
pectief toegepast op de POLDER-data om de drie-maands overleving te voorspellen. Het
SOURCE-model presteerde beter dan het model van Steyerberg, met een hogere accuraat-
heid (79% vs. 64%) en een significant betere discriminatie (AUC 0.76 vs. 0.60, p = 0.017). Bij
optimale drempelwaarden zou het SOURCE-model geleid hebben tot minder foutieve in-
clusies (16 vs. 34 van de 110 patiénten) in de POLDER-studie. Deze bevindingen suggereren
dat het SOURCE-model waardevol kan zijn als beslisondersteuning naast klinisch oordeel
in palliatieve studies.
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Na het aantonen van de klinische waarde van het bestaande SOURCE-model,
zetten we de ontwikkeling van nieuwe klinische predictiemodellen voort in Hoofdstuk 9.
Hier ontwikkelden en valideerden we intern het SOURCE Beyond First-Line model, een
predictietool die de overleving inschat voor patiénten met uitgezaaid slokdarm adenocarci-
noom na falen van eerstelijns palliatieve systemische therapie, en daarmee een uitbreiding
vormt op de SOURCE-familie van predictiemodellen. Met gegevens van 1.067 patiénten uit
de Nederlandse Kankerregistratie ontwikkelden we een Cox proportionele hazardmodel
gebaseerd op 11 klinische en behandelingsgerelateerde variabelen. Het model liet goede
prestaties zien, met een C-index van 0.75 (95% CI (0.73-0.78)), een kalibratiehelling van
1.01 en een intercept van 0.01. Interne kruisvalidering bevestigde consistente prestaties op
ongeziene data, met een C-index van 0.79 (95% CI (0.77-0.82)), een helling van 0.93 en een
intercept van 0.02. Deze resultaten wijzen erop dat het SOURCE Beyond First-Line model
een betrouwbare voorspeller is met goede kalibratie, en daarmee een bruikbare tool vormt
ter ondersteuning van klinische besluitvorming in de beyond-first-line behandelsetting.

In Hoofdstuk 10 onderzochten we de mogelijkheid om het bestaande
SOURCE-model voor patiénten met resectabel slokdarm adenocarcinoom te verbeteren
door het integreren van radiomics en metingen van circulerend tumor-DNA (cfDNA). In
een cohort van 111 patiénten die behandeld werden met neoadjuvante chemoradiotherapie,
ontwikkelden we modellen die klinische variabelen uit het SOURCE-model combineerden
met radiomics kenmerken van PET-CT-scans en cfDNA. De best presterende modellen voor
algehele overleving (OS) en tijd tot progressie (TTP) toonden verbeterde C-indexscores
wanneer cfDNA werd toegevoegd aan het SOURCE-model (C-index 0.55 voor OS en 0.59
voor TTP, vergeleken met 0.44-0.45 met alleen het SOURCE-model). Het toevoegen van
PET-CT-radiomics aan het SOURCE-model verbeterde de voorspellingen verder, met een
C-index van 0.65 voor OS en 0.60 voor TTP. De gecombineerde modellen toonden ook een
significante risicostratificatie voor zowel OS als TTP (log-rank P < 0.01). Voor de voorspel-
ling van pathologische complete respons behaalde het beste model een AUC van 0.61, verge-
leken met 0.47 bij gebruik van alleen klinische variabelen. Deze bevindingen suggereren dat
het integreren van radiomics en cfDNA de voorspellende waarde van het SOURCE-model
vergroot, hoewel externe validatie en verdere optimalisatie van radiomic-pijplijnen nodig
zijn in toekomstig onderzoek.

Hoewel de predictiemodellen die in de voorgaande hoofdstukken zijn toegepast en
ontwikkeld goede prestaties en klinische relevantie toonden, werd er vanuit methodologisch
oogpunt een belangrijk aspect nog niet meegenomen: causaliteit. Wanneer patiénten en
artsen voor de keuze van een behandeling staan, kunnen predictiemodellen - zoals die in
dit proefschrift — hierbij ondersteunen. Echter, omdat deze modellen meestal zijn ontwik-
keld op observationele data, kunnen de voorspellingen niet causaal worden geinterpreteerd.
Daarom pasten we in Hoofdstuk 11 een nieuwe benadering toe, namelijk counterfactual
prediction. Deze methode combineert causale inferentie met gepersonaliseerde overlevings-
voorspellingen, en maakt het mogelijk om causale, persoonsgebonden behandelvoorspel-
lingen te doen. We pasten deze methode toe in een proof-of-concept studie bij patiénten
met niet-uitgezaaide slokdarmkanker, waarin twee behandelstrategieén werden vergeleken:
neoadjuvante chemoradiotherapie (nCRT) en definitieve chemoradiotherapie (dCRT). Met
data uit de Nederlandse Kankerregistratie (4.388 patiénten voor training en 1.693 voor
validatie) ontwikkelden we twee verschillende counterfactual overlevingsmodellen (een pa-
rametrisch overlevingsmodel en een random forest-model) gebaseerd op inverse propensity
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score-weighting om confounding te corrigeren. Beide modellen lieten goede kalibratie zien
in de trainings- en validatiesets, waarbij het parametrisch model goed presteerde voor nCRT
en het random forest-model beter aansloot bij de overlevingsvoorspellingen voor dCRT.
Daarnaast testten we het bestaande SOURCE-model in een counterfactual context, waarbij
het ondanks dat het daar niet voor was ontwikkeld, redelijk goed gekalibreerd bleek. Deze
studie laat zien dat counterfactual prediction-modellen potentie hebben om gepersonali-
seerde besluitvorming te verbeteren in klinische situaties met meerdere behandelopties. Dit
ondersteund artsen en patiénten in het inschatten van overlevingskansen.

Conclusie

Samenvattend laat dit proefschrift zien hoe statistische en machine learning-methoden
kunnen worden ingezet om beter gebruik te maken van real-world data bij slokdarm- en
maagkanker. Door te kijken naar overlevingsuitkomsten, gezondheidsgerelateerde kwaliteit
van leven en predictiemodellen, hebben we inzichten verkregen die verder gaan dan traditi-
onele analyses. De bevindingen in dit proefschrift dragen bij aan een beter klinisch inzicht,
kunnen gezamenlijke besluitvorming ondersteunen en leiden hopelijk tot meer gepersonali-
seerde zorg voor patiénten met slokdarm- en maagkanker.
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De totstandkoming van mijn proefschrift heb ik te danken aan veel mensen in mijn directe
en indirecte omgeving. In dit dankwoord wil ik, voor zover dat mogelijk is, iedereen per-
soonlijk bedanken die mij in de afgelopen jaren en in de jaren heeft bijgestaan.

Allereerst wil ik mijn dank uitspreken aan mijn promotores Hanneke van Laarhoven en Rob
Verhoeven. Hanneke, ik heb diepe bewondering voor jou als persoon en als wetenschapper.
Je hebt mij op persoonlijk vlak in een aantal cruciale momenten gedurende mijn promotie-
traject bijgestaan en geholpen en hebt mij ongelooflijk veel geleerd over wat het betekend
om een goede wetenschapper kunt zijn met het juiste moreel- en wetenschappelijk-ethisch
kompas. Dit zijn lessen die ik mijn hele carriére bij zullen blijven. Dank, dank, dank! Rob,
bij jou kon ik altijd voor alles en met alles terecht. Of het nu ging om wel of niet te impu-
teren of hoe het ging met de hond, je was altijd bereikbaar en in voor een praatje. Wat ik
ontzettend waardevol vond aan samenwerken met jou, was dat ik met jou heel informeel
kon sparren bij het koffieautomaat en dat je heel makkelijk benaderbaar was. Ook jij hebt
mij laten zien wat het betekend en wat er voor nodig is om een goed wetenschapper te zijn.
Bijzonder veel dank daarvoor.

Daarnaast wil ik al mijn lieve collega’s bedanken voor de samenwerkingsprojecten en de
lunch- en koffiemomentjes. Allereest mijn lieve Chicago-vrienden Benthe Doeve en Joris
Bos (Mr. ], zoals ik hem sinds dien noem). Benthe, ik vind het nog steeds niet te geloven dat
je geen COVID van mij hebt gekregen na het delen van de drinkwaterflesje, maar ben heel
blij dat het niet gebeurd is. Mr J., sorry dat ik je heb aangestoken met COVID, maar we heb-
ben flink plezier gemaakt daar in de US of A. Het was een feest om met jullie op pad te gaan
naar Chicago, ondanks COVID en het superspreader event wat ik daar heb veroorzaakt.
Hoewel mijn R-getal niet gemeten is, was deze erg hoog vermoed ik. Om verschillende rede-
nen was het een reis om nooit meer te vergeten.

Dan mijn San Fransisco buddies Marieke Pape, Tom van den Ende, Linde Veen en
Merel van Velzen. Marieke, ook met jou was de samenwerking ook dol-fijn. In zo'n beetje
alles waren wij elkaars tegenpolen, maar ik denk dat wij juist daarom zo goed samenwerkte
en het zo goed met elkaar konden vinden. Of het nou ging over een artikel of over het al dan
niet nemen van een hond, een stevige discussie zat er altijd wel in. Dank hiervoor! Tom, jij
was (en bent) voor mij een voorbeeld. Ik denk dat ik weinig mensen ken die al zo vroeg in
hun carriére zon goede wetenschapper zijn. Ik ben ervan overtuigd dat het niet een kwestie
is van “of”, maar meer “hoe lang” voordat jij hoogleraar wordt (onthoud deze voorspelling!).
Ook twijfel ik er niet aan dat je een fantastisch arts zal worden. Dit laatste geld ook voor Me-
rel. Merel, ik heb ontzettend bewondering voor de manier waarop jij je promotie hebt afge-
maakt en je begonnen bent aan de opleiding tot specialist. Ik weet zeker dat je een geweldige
arts zult zijn. Linde, jij was de creatieve geest van onze groep. Ik kijk er nog met plezier op
terug hoe ik met een Marieke-masker een filmpje voor haar promotie aan het opnemen was.
Dank voor alle koffiemomentjes en dank voor het lachen.

Ook dank aan Irene Cara (hope you don’t mind me thanking you in Dutch). Het
was super fijn om iemand op de afdeling te hebben met wie ik kon sparren over technische
machine learning en statistische modellen. Ook wij konden het super goed vinden met
elkaar en ik wens je het allerbeste toe! Sebastiaan! Ondanks wij maar relatief kort met elkaar
hebben gewerkt, hebben wij wel intensief samengewerkt aan de herintroductie van oxalipla-
tin-studie. Ik vind je een ontzettend fijne gast en ik wens je het allerbeste toe.
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Ook niet te vergeten, mijn vaste koffie-maatje Monique! Monique, jij was altijd wel
te porren voor een kop koflie en een praatje, ongeacht hoe druk je was. Ik heb jou denk ik
nog nooit gestrest gezien. Dank voor het lachen en de leuke tijd op kantoor!

Daarnaast wil ik ook al mijn andere onco-collega’s bedanken: Marjolein, Dionne,
Jelijn, Myrthe, Hylke, Sophie en Geerke. Passen jullie er wel op dat jullie nog genoeg koffie
drinken? En nog een aantal oud collega’s die eerder klaar waren dan ik: Charlotte, Lois en
Zoé. Dank iedereen voor de leuke tijd een mooie herinneringen.

Een bijzonder dank ook aan al mijn co-auteurs met wie ik het voorrecht had zoveel
mooie artikelen te schrijven. Zonder de hulp en medewerking van jullie allemaal, had ik het
niet kunnen doen.

Dan mijn paranimf to-be: Chevy. Chevy, naast een goede vriend ben jij een van de slimste
promotie altijd alles te relativeren, soms op het irritante af, maar ik heb dat altijd gewaar-
deerd. Dank voor je vriendschap en opdat wij nog maar naar veel concerten mogen gaan!

Mijn andere paranimf to-be: Frenk. Frenk, jij bent een van mijn oudste en beste
vrienden. Wij leerden elkaar kennen bij het debatclubje van onze middelbare school (ik
weet dat je zit te grinniken als je dit leest) en tot soms ergernis van ons beiden zijn we altijd
bevriend gebleven (grapje natuurlijk). Het was altijd heerlijk om de frustraties van ons werk
naar elkaar te spuien. Ik waardeer je eerlijk altijd en hoop dat wij altijd bevriend blijven (en
meer gaan golfen).

Daarnaast heb ik door mijn hele studietijd van de middelbare school tot aan nu een aantal
bijzondere mensen in mijn leven gehad die mij onder hun vleugel hebben genomen die ik
ontzettend wil bedanken. De eerste die dat heeft gedaan, is René Bok. René, ik was denk

ik 14 toen wij met bijlessen wiskunde begonnen aan de keukentafel. Urenlang hebben wij
wiskunde opdrachten en oefentoetsen gemaakt om ervoor te zorgen dat ik eerst de mavo en
later de havo zou halen. Later in ons leven zijn wij altijd bevriend gebleven en delen wij nog
steeds dezelfde liefde voor muziek en alle bourgondische dingen in het leven. Dank voor
alles! Zonder de kickstart aan het begin van mijn schooltijd had ik nooit geweest waar ik nu
ben.

Een ander sleutelfiguur voor mijn interesse in te wetenschap, is mijn oud natuur-
kunde leraar Paul Logman. Paul, ik kan mij nog zo herinneren dat ik op jouw promotiece-
remonie te gast was en dat jij tegen mij zei “als jij doorgaat op de manier waarop je nu bezig
bent, weet ik zeker dat jij ook ooit hier staat” Inmiddels zijn we heel wat jaren verder, ben ik
een andere studie gaan vervolgen, maar komt je voorspelling uit: ik promoveer (als alles op
de dag zelf goed gaat) bij dezelfde universiteit. Dank voor alles!

Toen ik eenmaal wist dat ik een carriére als onderzoeker ambieerde, liep ik als
stagestudent tijdens mijn bachelor binnen bij het Kohnstamm instituut, waar ik Joost Meijer
leerde kennen. Joost was een methodoloog pur sang en heeft mij ontzettend veel geleerd.
Onder anderen, dat af en toe een beetje tegendraads en recalcitrant geen slechte, maar een
goed eigenschap is in de onderzoekswereld. Joost, ontzettend bedank voor alles. Ik denk nog
met veel plezier terug aan alle uren programmeren (en vloeken) met Mplus.

In het staartje van mij studententijd heb ik ontzettend fijn samengewerkt met Peter
Hoffenaar, Hennie Bos, Geertjan Overbeek en Kees Jan Kan. Allemaal ontzettend bedankt
voor de fijne samenwerking en wijze lessen.
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Tot slot wil ik mijn lieve familie en schoonfamilie bedanken. Allereest mijn vader en moe-
der, Peter en Jenny. Ik denk dat het niet in woorden te vatten is wat jullie voor mij hebben
betekend (en betekenen). Ik schrijf mijn succes toe aan alles wat jullie mij hebben meege-
geven in het leven. Ik ben jullie onbeschrijfelijk dankbaar voor de liefde en steun die ik van
jullie in alles heb gekregen en ik kijk er ontzettend naar uit om jullie niet alleen als ouders
in mijn leven te hebben, maar ook als opa en oma. Pap, mam, dank voor alles; ik houd van
jullie! Dan mijn lieve broer Sam, mijn schoonzus Geena mijn bonusmoeder Ilse. Ik ben
ieder van jullie dankbaar voor wat jullie hebben betekend (en betekenen) in mijn leven. Ik
houd van jullie allemaal!

Dan mijn lieve schoonfamilie: Frank, Claudia, Jamie, Sep, Mick en Fabian. In-
middels kennen wij elkaar al 13 jaar en ben ik jullie ontzettend dankbaar voor alles! Sep,
ik ken jou al vanaf je 6°. Inmiddels ben je 19 (ik schrijf dit in augustus 2025) en studeer je
natuurkunde. Wie weet, misschien sta ik over heel wat jaren wel in het dankwoord van jouw
boekje. Wat je ook kiest, ik weet zeker dat je er succesvol in zal zijn.

Als allerlaatste wil ik mijn lieve Suus bedanken. Wij kennen elkaar al sinds de mid-
delbare school en nu, 13 jaar later, staan we op het punt om te trouwen en zijn wij de trotse
ouders van onze prachtige dochter Isabella. Ik ben je onwijs dankbaar voor alles en kan niet
wachten op de rest van ons leven. Ik houd van je!
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