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Methods and Materials: A cohort of 111 patients with resectable esophageal adenocarcinoma from 2 centers treated with
neoadjuvant chemoradiation therapy 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 vali-
dated 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 for pathologic complete response.

Results: The best-performing baseline models for OS and TTP were based on the combination of SOURCE-cfDNA that
reached a C-index of 0.55 and 0.59 compared with 0.44 to 0.45 with SOURCE alone. The addition of restaging positron emis-
sion tomography 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 TTP by combining SOURCE with radiomics or cfDNA, log-rank P <
.01. The best-performing combination model for the prediction of pathologic complete response reached an area under the
curve of 0.61 compared with 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. © 2024 The Author

(s). Published by Elsevier Inc. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

Introduction

Currently, personalized outcome predictions to guide treat-
ment for resectable esophageal adenocarcinoma (rEAC) are
lacking." One of the primary treatment modalities for rEAC
involves neoadjuvant carboplatin and paclitaxel-based che-
moradiation therapy (nCRT) according to CROSS and adju-
vant nivolumab for incomplete responders.”’ This
treatment regimen has shown improved survival compared
with 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 pre-
sented at ASCO 2024 compared FLOT with CROSS and
found superior survival results for FLOT.® However, poten-
tially the CROSS arm underperformed with a lower com-
plete response rate and less patients able to finish the full
protocol compared with historical data.” Moreover, periop-
erative chemotherapy is associated with more neutropenia
and diarrhea 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 health care costs and protect individuals from
potential complications or side effects associated with inef-
fective treatments. To fulfill this purpose, models that inte-
grate 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 capture the wealth of hidden information that is
invisible to the human eye. Radiomics, 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 enhance
our understanding of tumor biology, and develop prediction
models to inform clinical 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 computed tomography (CT) or 2-deoxy-2-
[ISF]ﬂuoro-D-glucose ([**F]FDG) positron emission tomogra-
phy (PET) radiomic features to clinical or biological variables
improved overall survival (OS) and 2-year time to progression
(TTP) 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 Epider-
mal growth factor Receptor 2 and CD44 to clinico-radiomic
models.”” Other promising biomarkers such as tumor-derived
cell-free DNA (cfDNA) from liquid biopsy can provide infor-
mation on cancer detection, prognosis, treatment response, and
targeted therapy.'”'® In patients with rEAC, it has already been
shown that 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 OS, using clinical variables
from 13,080 patients obtained from the Netherlands Cancer
Registry.”>** In this model, relevant baseline clinical parame-
ters were identified from electronic health records specific for
patients with esophageal cancer treated with curative intent.
To further enhance personalized treatment predictions, we
aim to explore the potential improvement in the SOURCE
model’s performance by integrating liquid biopsy and radio-
mics data. Therefore, in this exploratory retrospective study,
we investigate whether the addition of radiomic and/or
cfDNA features can enhance the predictive power of the
SOURCE model for survival and response prediction.

Materials and Methods

In total, 111 patients with stage II-IIT (MO) resectable esoph-
ageal or gastroesophageal junction adenocarcinoma were
included in this study treated consecutively between 2014
and 2019 in the Amsterdam UMC (n = 104) or UMC
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Utrecht (n = 7). Neoadjuvant treatment consisted in 40
patients of neoadjuvant chemoradiation therapy according
to CROSS (nCRT) combined with programmed death
ligand 1 immune checkpoint inhibition and in 71 patients
of nCRT only. The immune checkpoint inhibition-treated
patients were part of a prospective phase 2 nonrandomized
feasibility trial (PERFECT).” The patients who were
enrolled in the PERFECT trial received neoadjuvant immu-
notherapy intravenous atezolizumab (1200 mg) concurrent
with chemoradiation therapy in week 1 and week 4. Atezoli-
zumab monotherapy was administered after neoadjuvant
chemoradiation therapy in weeks 7, 10, and 13 before sur-
gery. The nCRT only patients were included from the pro-
spectively collected BIOES Amsterdam UMC biobank. All
patients provided written, informed consent before 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
coefficients. The following baseline clinical variables on
which the SOURCE model was based were extracted for the
whole cohort: body mass index, albumin, hemoglobin, lac-
tate dehydrogenase, age, clinical tumor stage, clinical nodal
stage, tumor topography, and differentiation grade.”

Image acquisition and reconstruction from CT
and ['®FIFDG-PET

From the complete cohort, baseline CT images used for
diagnostic or radiation therapy treatment planning with
comparable quality were available from 111 patients. Addi-
tionally, restaging CT scans after neoadjuvant treatment
were available from 109 patients. Posttreatment imaging
was performed with a median interval of 27 days (minimum
18 days to maximum 77 days) measured from the end of
chemoradiation. The EANM Research limited-compliant
['"®F]FDG-PET scans were available from 61 patients at
baseline and from 105 at restaging.”® The EANM Research
limited guidelines help to ensure uniform imaging standards
and enhance reproducibility. The scans were acquired and
reconstructed according to standard operating procedures
at the respective centers for diagnostic imaging.”® The ['*F]
FDG-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 and 11 mmol/L. Acqui-
sition of the PET scan was scheduled 60 £ 5 minutes after
administration of an intravenous ['*F]FDG bolus of approx-
imately 3 MBq/kg. Alongside the ['*F]JFDG-PET, diagnostic
CTs were made (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. Manufacturers and respective convolution
kernel reconstruction was from either Philips or Siemens
for CT and PET. Except for the baseline CT scans of 10
patients that were acquired on a Toshiba (n = 5) or GE
HealthCare scanner (n = 5). Additional information regard-
ing patient and imaging characteristics according to the
image biomarker standardization initiative reporting guide-
lines is given in Table E1.

Radiomic feature extraction and harmonization

For the CT images, manual delineation of the primary gross
tumor volume (GTV) in MIM Maestro (MIM software) was
performed by T.v.d.E. and peer-reviewed by Y.W. The GTV
delineation was adjusted according to the radiology or endo-
scopic ultrasound report. In cases with available ['*F]JFDG-
PET scans, they were used in conjunction to guide the delin-
eation. In total 105 radiomic features were extracted from
the GTV using the PyRadiomics Python package version
3.01.”” The extracted quantitative metrics were 14 shape fea-
tures from the region of interest, 18 intensity features, and
73 texture features (22 derived from the gray level co-occur-
rence matrix [glem], 16 from the gray level run length
matrix [glrlm], 16 from the gray level size zone matrix
[glszm], 14 from the gray level dependence matrix [gldm],
and 5 from the neighboring gray tone difference matrix
[ngtdm]). The radiomic feature “original_shape_VoxelVo-
lume” 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. The volume of interest
delineation 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 exclude surrounding ['*F]JFDG-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, cor-
rected 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 restaging, 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 x 4 x 4 mm’) for PET and
(1 x 1 x 1 mm®) for CT in PyRadiomics. The surrogate var-
iable analysis R package (version 3.38.0) was used for Com-
Bat post-processing harmonization to correct for the 2 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 vari-
ability of the convolution kernel and slice thickness due to
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different manufacturers was accounted for and removed any
unwanted variability that was not due to tumor-related dif-
ferences. This was done for CT baseline, CT posttreatment,
and PET posttreatment.

Liquid biopsy ¢fDNA 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 (1600 g for 10 minutes and 16,000 g
for 10 minutes) before storage at —80°C. Plasma cfDNA
was extracted using QIAGEN Kkits. Baseline liquid biopsy
data were derived from shallow whole-genome sequencing
<1 x depth of coverage on a NovaSeq 6000 and an esoph-
ageal adenocarcinoma ion-torrent amplicon targeted gene
panel (23 genes).'>”"”” 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 ¢fDNA samples was
10,524 x and for white blood cell samples 9647 x . The fol-
lowing cfDNA metrics were used to estimate tumor fraction
from shallow whole-genome sequencing: short fragments
(P20-150), somatic copy number aberrations (IchorCNA),
and fragment end sequence score 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: OS, 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 cutoff for OS and TTP was
January 14, 2022. pCR was a binary outcome comparing
complete responders with patients with residual disease
or pre-surgery progression. The SOURCE model, radio-
mic features, and cfDNA metrics served as input for the
different prediction models constructed for these 3 out-
comes (OS, TTP, and pCR) (Fig. 1A). Models were first
constructed to predict each outcome based on the single
input of SOURCE, baseline or restaging radiomics or
cfDNA. Thereafter, double parameter models were con-
structed by combining SOURCE with radiomics or
cfDNA. Finally, all 3 parameters were combined and
compared with the different radiomic combinations
(baseline CT, restaging CT, and restaging PET).

Statistical analysis

Before predictive modeling, for each timepoint (baseline and
follow-up) and scan-type (CT and 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).”® After removing the highly
correlated features, between 28 and 34 were left depending
on timepoint 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 com-
bines Lasso (L1) and Ridge (L2) penalties. It balances spar-
sity (zero coefficients) and shrinkage (small coefficients)
using 2 parameters, lambda and alpha, offering a flexible
approach to improve model performance and handle corre-
lated features. Consequently, elastic net also performs fea-
ture selection. OS and TTP were modeled using an elastic
net Cox regression and pCR was modeled using a logistic
elastic net regression. The lambda parameter and alpha pen-
alty mixing parameter were optimized using a 10-fold cross-
validation scheme (Fig. 1B). Across all models, feature selec-
tion was handled via elastic net modeling.

Predictors in each model included the redundancy fil-
tered radiomic features, a predefined set of 4 cfDNA metrics
reflective of tumor fraction: short fragments P20-150
(dichotomous; threshold 0.2), ichorCNA (dichotomous;
threshold 0.3), fragment end sequence score (continuous
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 and TTP), the linear predictor of the SOURCE predic-
tion model was used as a single predictor to reflect the clini-
cal 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 modeling pro-
cedure as the linear prediction was developed in the context
of a Cox regression model as opposed to a logistic regression
model. Additionally, an exploratory analysis was performed
for pCR by using the delta radiomic values from matched
baseline and restaging CT scans (restaging value—baseline
value).

For time-to-event models, the concordance (C-index)
was used to assess predictive performance and the area
under the curve (AUC)-Receiver Operator Curve (ROC) to
evaluate performance of the logistic models. In the context
for survival models, the C-index expresses whether the mod-
els can distinguish between patients with low-risk and high-
risk of an event.'' A C-index of 0.5 indicates poor
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Fig. 1. Study method for developing predictions for survival and pathologic response. (A) Treatment schedule of patients
included in this study. Patients were treated with neoadjuvant chemoradiation therapy (nCRT) and a subset of patients also
received neoadjuvant immune checkpoint inhibition (ICI). The predictions for survival and response are based on radiomics,
SOURCE, and cfDNA. (B) Elastic net regression analysis with cross-validation method. Abbreviation: cfDNA = cell-free DNA;
CT = computed tomography; PET = positron emission tomography; CV = Cross-Validation.
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discrimination and 1.0 indicates perfect discrimination. For
logistic models, the AUC expresses whether models can dis-

Table 1 Baseline characteristics and clinical response

from the 111 included patients

f:rlmmate between pat1eritzs with and w1th01.1t a patholog- Variable Absolute number, %
ically complete response.”™ An AUC of 0.5 indicates poor

discrimination and 1.0 indicates perfect discrimination. Age )

Both the C-index and AUC provide an indication of the Med o4 (35.75

model” ability to discriminate between patients with short edian (range) (35-75)

and long survival or detect a higher likelihood of pCR. -

Given the explorative nature of this study, these metrics Male 98 88.3
were chosen as the primary metric to evaluate all models on. Female 13 11.7

Bootstrapping (500 iterations) was used to empirically Body mass index*

. 0 . g
estimate 95% confidence intervals for t.he.performance met Median (range) 262 (17-40.3) i
rics. Furthermore, for every fitted prediction model, we per- Clinical .
formed an internal-external 5-fold cross-validation to assess Hhica’ fmor stage
performance of the model on data on which the model was €Ll 1 i
not trained (80% training and 20% validation). In each fold, cT2 24 216
the entire modeling pipeline was repeated. Finally, a random T3 83 74.8
permutation test of the outcomes was performed to investi- T4a 2 18
gate overfitting (Table E1).*’ The values obtained by cross- T " 00
validation were the primary outcome of this study, as these

s Clinical nodal stage
would better reflect the external reproducibility.

On the basis of the fitted models, we constructed Kaplan- R 3 2
Meier curves of the time-to-event models and ROC curves cN1 50 45
of the logistic models. For the Kaplan-Meier curves, patients N2 26 234
were classified into low-risk and high-risk groups based on N3 2 18
the linear predictor values of each patient from the fitted =

K A o . umor topography
model. The optimal cut point for the determination of high-
. . .. . . Proximal 1 0.9
risk and low-risk was optimized by finding the maximum
rank statistic (prognostic index).** A log-rank test was used ilie 3 27
to statistically test the 2 arms of the curve. For this study the Distal 85 76.6
TRIPOD statement (transparent reporting of multivariable GE]J 22 19.8
prediction model for individual prognosis or diignosis, ver- Differentiation
sion October 1, 2020) can be found in Table E2. Sl ) 5
Moderate 46 414
R It Poor 38 342
esults
Not recorded 23 20.7
.. . . Laboratory values'
Prediction models for survival and disease .
. Albumin (n = 75) 43 (29-49)
rogression
prog Hemoglobin (n = 110) 8.8 (5.7-10.7) -
Table 1 displays all clinical characteristics of patients il Gl i ’
included in this study. Survival models were constructed ez et dherpy
based on 3 different types of data: the linear predictor of nCRT 71 64
SOURCE, radiomics (CT or PET), and ¢fDNA data. The nCRT+anti-PD-L1 40 36
apparent C-indices derived from Cox regression analysis on Pathological response
the full dat'aset .(apparent) and 5-fold cross-validated est%— »CR p s
mates are given in Figure 2. Below we report the cross-vali- Non-bCR (ypT N9 8 203
dated results as these are most representative for external OnpLS P+ O YpRA ’
performance. The C-index of the clinical model (SOURCE) e = —
for OS was 0.45 (Fig. 2A). The addition of baseline CT No surgery (reason other) 3 2.7
radiomics or cfDNA to the clinical model improved the C- Abbreviations: cN = clinical nodal stage; cT = clinical tumor stage;
indices to 0.54 and 0.55, respectively. Combining all 3 base- GE] = gastroesophageal junction; LDH = lactate dehydrogenase;
line metrics did not lead to any additional improvement, as nCRT = neoadjuvant chemoradiation therapy; PD-L1 = programmed
SOURCE, CT radiomics, and ¢fDNA reached a C-index of it hgan,d BINE Stme: regression e, .
. . . A For 1 patient, there were no data available to calculate body mass index.
0.54. Baseline features selected in the CT radiomic mode!s T In brackets the number of patients is given from whom the baseline
were 2 features namely: gldm_SmallDependenceEmphasis value was available. Median and range are given for laboratory values.

and ngtdm_Strength. Additionally, we assessed if the
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restaging CT- or PET-derived radiomic features could be
used for OS prediction together with the clinical model and/
or cfDNA. The addition of restaging PET radiomics to the
clinical model improved the C-index for OS to 0.65 that was
better than the addition of restaging CT radiomics (C-index:
0.48). The addition of cfDNA to the clinico-radiomic restag-
ing PET model did not improve the C-index (0.62)
(Fig. 2A). The features selected in the PET models were 3
features namely: firstorder_Skewness, gldm_Dependence-
NonUniformity, and ngtdm_Contrast. The complete over-
view of selected features for each model and coefficients are
given in Table E3. These findings suggest that the addition
of radiomic features or ¢fDNA can improve the perfor-
mance of an established OS model such as SOURCE.

Next, we investigated the performance of different mod-
els for the prediction of TTP (Fig. 2B). Below we report the
5-fold cross-validated estimates. The C-index for the clinical
model (SOURCE) was 0.44 (Fig. 2B). The addition of base-
line CT radiomics or cfDNA to the clinical model improved
the C-indices to 0.55 and 0.59, respectively. Combining all 3
baseline metrics SOURCE, CT radiomics, and cfDNA
reached a C-index of 0.56 that was not better than the
SOURCE-cfDNA model (Fig. 2B). Baseline CT features
selected were glrlm_RunEntropy, gldm_SmallDependen-
ceEmphasis, ngtdm_Coarseness, and ngtdm_Strength.
Additionally, we assessed if the restaging CT- or PET-
derived radiomic features could be used for TTP prediction
together with the clinical model and/or cfDNA. The addi-
tion of restaging PET radiomics to the clinical model
improved the C-index for TTP to 0.60 that was better than
the addition of restaging CT radiomics (C-index: 0.45). The
addition of cfDNA to the clinico-radiomic restaging PET
model did not improve the C-index (0.59) (Fig. 2B). The
features selected in the PET models were firstorder_Skew-
ness, glem_Idmn, gldm_DependenceNonUniformity, and
ngtdm_Contrast. The complete overview of selected features
for each model and coefficients are given in Table E3. The
prediction of TTP could thus be enhanced by adding radio-
mics 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, and
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 achieved by the SOURCE-
radiomics (Fig. 3B) and SOURCE-radiomics-cfDNA model,
log-rank P = .0017 (Fig. 3D). For TTP, the SOURCE-radio-
mics-cfDNA model was able to provide the best separation
of the Kaplan-Meier curve, log-rank P = .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 classification based on SOURCE,
cfDNA, and radiomics from baseline or restaging imaging
(Fig. 4). Below we report the 5-fold cross-validated esti-
mates. First, we investigated if baseline CT-derived radio-
mics 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, whereas this was not seen with
the addition of cfDNA to SOURCE, AUC: 0.48. Combining
all 3 baseline metrics SOURCE, CT radiomics, and cfDNA
reached an AUC of 0.61. Baseline features in the CT radio-
mic models were among others: glrlm_ RunEntropy,
glszm_SizeZoneNonUniformity, gldm_DependenceEn-
tropy, gldm_SmallDependenceEmphasis, and ngtdm_Busy-
ness. Next, we assessed if the restaging CT- or PET-derived
radiomic features could be used for pCR prediction together
with the clinical variables and/or cfDNA. The addition of
restaging CT or PET radiomics to the SOURCE variables
did not lead to any meaningful improvement with AUCs of

(A)OS (B) TTP
SOURCE =—— o5 — o
Radiomics CT (Baseline) — ggﬁ —— 3?;
Radiomics CT (Follow-up) —— oss = o
Radiomics PET (Follow-up) ] os ——— 2%
CfDNA (Baseline) —t— ] — o
SOURCE + Radiomics CT (Baseline) = 9% —_—— 03
SOURCE + Radiomics CT (Follow-up) — oo — o8
SOURCE + Radiomics PET (Follow-up) — 0% — oo
SOURCE + cfDNA (Baseline) === 98 === 0%
SOURCE + Radiomics + ¢fDNA CT (Baseline) —_— 0 — o5
SOURCE + Radiomics + ¢fDNA CT (Follow-up) — o — 0%
SOURCE + Radiomics + ¢fDNA PET (Follow-up) —— b — 050
02 03 04 05 06 07 08 09 10 02 03 04 05 06 07 08 09 10

+ Apparent C-index

Fig. 2.

Cross-validated C-index (5x)

Prediction models for (A) OS and (B) TTP with in blue the apparent C-indices and in yellow the cross-validated esti-

mates. Abbreviations: (fDNA = cell-free DNA; CT = computed tomography; OS = overall survival; PET = positron emission

tomography; TTP = time to progression.
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Fig. 3.
OS = overall survival; TTP = time to progression.

0.49 and 0.42, respectively (Fig. 4). The combination of all 3,
SOURCE, restaging CT or PET, and cfDNA, was also of no
additional value with AUCs 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_ZoneEntropy. The complete overview of selected fea-
tures for each model and coefficients are given in Table E3.
In conclusion, the prediction of pCR improves after

Baseline risk stratification by Kaplan-Meier for OS (A-D) and TTP (E-H). Abbreviations: cfDNA = cell-free DNA;

combining the SOURCE variables, baseline CT radiomics,
and baseline cfDNA data compared with clinical variables
alone.

Discussion

This study evaluated whether integrating clinical variables,
radiomics, and tumor-derived cfDNA data can improve sur-
vival and response prediction for patients with rEAC treated
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Fig. 4. Classification of pCR with in blue the apparent AUCs and in yellow the cross-validated estimates. Abbreviations:
AUC = area under the curve; CT = computed tomography; pCR = pathologic complete response; PET = positron emission

tomography.

in the neoadjuvant setting compared with the clinical
SOURCE model alone. The addition of cfDNA or CT radio-
mics 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 prognos-
tic index of the regression models. Restaging 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 pre-
diction of pCR compared with clinical variables alone.
Several studies in different cancer types have found that
radiomics can improve upon conventional staging or clini-
cal variables.'”****” Most studies on radiomics use a select
number of clinical variables including among others the
American Joint Committee on Cancer staging system. In
our proof-of-concept study, we were able to improve the
performance of the clinical SOURCE model by adding
cfDNA or handcrafted radiomic features. Moreover, base-
line 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 valida-
tion and optimization in larger cohorts will be necessary.
Unfortunately, analyzing large datasets in radiomics is a
time-consuming process partly due to the manual delinea-
tion step. A potential solution to this problem is automatic
segmentation that 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 radia-
tion oncologist preferred the automated segmentation

compared with the manually delineated volume.”® Other
techniques that can improve radiomics performance are
combining handcrafted radiomics and deep learning algo-
rithms 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 prog-
nostic models such as SOURCE.” Future studies should
consider addressing certain aspects, such as enhancing pre-
processing techniques and incorporating additional harmo-
nization methods like ComBat, as utilized in our study.’
This study observed that baseline cfDNA biomarker data
were 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 biomarkers 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 patients with
metastatic 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 ¢fDNA was a marker for progression at
baseline or at later timepoints in rEAC.'”*>*>° Current
results do not support the integration of cfDNA into rEAC-
specific survival models as it is not yet sufficiently informa-
tive regarding OS prediction and TTP. Also, cfDNA analysis
is relatively expensive, whereas radiomics uses readily avail-
able diagnostic imaging. In our models we only used base-
line cfDNA data and used a tumor agnostic approach. To
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further improve the utility of cfDNA profiling, repeated
sampling or sequencing for methylation changes may
improve prognostication.”””” Several other biomarkers in
esophageal cancer detected in blood or tissue could be
included in predictive models.”®*” For example, the pres-
ence of tumor-associated immune cells in the tumor micro-
environment 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 restaging 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.®” Incorpo-
rating non-baseline measurements into these decision sys-
tems may nevertheless be of value to select patients for
surgery after restaging imaging in patients with rEAC. Put-
ting our results into context of current literature, longitudi-
nal 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.”” On the basis of our study, further exploration
of adding longitudinal imaging radiomics for personalized
outcome prediction seems more promising than only base-
line measurements, although the difference was small
between baseline and restaging models. Features from the
best-performing restaging PET model for OS were related to
voxel skewness, local intensity variation between neighbor-
ing voxels, and gray level homogeneity. Interestingly, a pre-
vious 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 immunotherapy.®® These
features could be related to the degree of tissue heterogene-
ity and need further biological validation.”” In conclusion,
our results support the further development of longitudinal
radiomic models in decision support systems.”*’"

In this study, there were several methodological limita-
tions worth considering. Because of the relatively small sam-
ple size of the cohort, the risk of overfitting was present.
Cross-validation was used to investigate this and revealed
that the cross-validated point estimates were generally sig-
nificantly lower than the apparent estimates. This suggests
that further external validation will be necessary. Another
limitation is the use of the linear predictor from SOURCE
for TTP, whereas it was originally developed for OS. This
was based on the assumption that the covariance structure
of the SOURCE model would also be valid for modeling
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.

Conclusions

Clinical survival prediction models such as SOURCE could
be improved by integrating radiomics or cfDNA measure-
ments. Moreover, the addition of restaging radiomic PET
features to a clinical model was promising to predict OS and
TTP. The prediction of pCR improved after adding baseline
CT radiomic features and ¢fDNA 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
radiomic pipelines, eg, integrating handcrafted and deep
radiomics, in personalized prognostic predictions or treat-
ment stratification for rEAC.
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