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Background and Purpose: Diffusion weighted magnetic resonance imaging (DW-MRI) can be prognostic for
response to neoadjuvant chemotherapy (nCRT) in patients with esophageal cancer. However, manual tumor
delineation is labor intensive and subjective. Furthermore, noise in DW-MRI images will propagate into the
corresponding apparent diffusion coefficient (ADC) signal. In this study a workflow is investigated that combines
a denoising algorithm with semi-automatic segmentation for quantifying ADC changes.

Materials and Methods: Twenty patients with esophageal cancer who underwent nCRT before esophagectomy
were included. One baseline and five weekly DW-MRI scans were acquired for every patient during nCRT. A self-
supervised learning denoising algorithm, Patch2Self, was used to denoise the DWI-MRI images. A semi-automatic
delineation workflow (SADW) was next developed and compared with a manually adjusted workflow (MAW).
The agreement between workflows was determined using the Dice coefficients and Brand Altman plots. The
prognostic value of ADCy,ean increases (%/week) for pathologic complete response (pCR) was assessed using c-
statistics.

Results: The median Dice coefficient between the SADW and MAW was 0.64 (interquartile range 0.20). For the
MAW, the c-statistic for predicting pCR was 0.80 (95% confidence interval (CI):0.56-1.00). The SADW showed a
c-statistic of 0.84 (95%CI:0.63-1.00) after denoising. No statistically significant differences in c-statistics were
observed between the workflows or after applying denoising.

Conclusions: The SADW resulted in non-inferior prognostic value for pCR compared to the more laborious MAW,
allowing broad scale applications. The effect of denoising on the prognostic value for pCR needs to be investi-
gated in larger cohorts.

specimen [5]. If these patients could be identified prior to surgery, a
wait-and-see approach might be considered, excluding them from the

1. Introduction

Esophageal cancer is the 8th most common cancer type in the world
and it is associated with a poor five year overall survival rate of 35%
[1,2]. Currently, neoadjuvant chemoradiotherapy (nCRT) followed by
esophagectomy is the standard of curative care for locally advanced,
resectable esophageal cancer without distant metastases [3,4].

Pathologic complete response (pCR) occurs in 16-30% of the pa-
tients, which means no viable tumor cells are observed in the resection

considerable risks associated with an esophagectomy. Preoperative im-
aging techniques to diagnose pCR are yet unsatisfactory. For instance,
FDG-PET scanning demonstrates a sensitivity and specificity of around
60-70%, which is deemed insufficient to alter treatment strategy [6].
Endoscopic biopsy is a specific but not sensitive method to assess pCR
(sensitivity 35%, specificity 91%) [7].

Diffusion weighted MRI (DW-MRI) is an imaging technique that

* Corresponding author at: Heidelberglaan 100, 3584 CX Utrecht, The Netherlands.

E-mail address: G.j.meijer@umcutrecht.nl (G. Meijer).
1 Both authors contributed equally.

https://doi.org/10.1016/j.phro.2023.100489

Received 21 April 2023; Received in revised form 24 August 2023; Accepted 25 August 2023

Available online 30 August 2023

2405-6316/© 2023 Published by Elsevier B.V. on behalf of European Society of Radiotherapy & Oncology. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:G.j.meijer@umcutrecht.nl
www.sciencedirect.com/science/journal/24056316
https://www.sciencedirect.com/journal/physics-and-imaging-in-radiation-oncology
https://doi.org/10.1016/j.phro.2023.100489
https://doi.org/10.1016/j.phro.2023.100489
https://doi.org/10.1016/j.phro.2023.100489
http://crossmark.crossref.org/dialog/?doi=10.1016/j.phro.2023.100489&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

R. den Boer et al.

measures variation of diffusion of water molecules in different tissues.
Tumor tissue is generally denser than healthy tissue due to the high
density of tumor cells, which results in a more restricted diffusion of
water molecules [8]. The apparent diffusion coefficient (ADC) is utilized
as a quantitative measure for assessing the extent of water diffusion
motion within tissue. Administration of chemoradiotherapy can result in
the loss of cell membrane integrity and apoptosis and thereby increase
the diffusion of water molecules, which can be detected as an increase in
the mean tumor ADC [9]. Various previous studies demonstrated that
ADC changes (e.g. between prior and during treatment) are prognostic
for pCR in patients with esophageal cancer with area under the receiver
operating characteristic curve (AUC) ranging from 0.71 to 1.00 [10-14].

Delineation of the region of interest is necessary to extract ADC
values from the tumor. Manual tumor delineation on high b-value DW-
MRI scans is labor intensive, time consuming, and is often subject to
interpretation, especially at later intervals where signal intensities might
have dropped. This in turn affects delineation accuracy and ADC read-
ings. Semi-automatic delineation could potentially mitigate these issues,
which facilitates the use of ADC as a biomarker in clinical decision-
making.

Furthermore, fluctuations from multiple sources (e.g. breathing, BO
inhomogeneity, gradient artefacts) can create significant additive noise
in DW-MRI scans especially in the thoracic region, which complicates
tumor delineations and are also propagated in the resulting ADC values
[15]. Denoising algorithms have been shown to reduce the additive
noise in DW-MRI scans, e.g. for brain imaging [16]. The effect of
denoising on ADC values, obtained using a semi-automatic workflow of
DW-MRI scans of patients with esophageal cancer is however, yet
unknown.

The aim of this study was to present the application of a denoising
algorithm and our own developed semi-automated delineation work-
flow (SADW) for delineating and analyzing the DW-MRI signal of
esophageal tumors during nCRT. The resulting ADC measurements and
subsequent prognostic values are benchmarked against the results from
a manually adjusted workflow (MAW) of a previous study [10].

2. Material and methods
2.1. Study population

This study was approved by the institutional review board of the
University Medical Center Utrecht (protocol ID 15-340). All participants
gave informed consent. Included patients corresponded with a previous
publication of our department using manually adjusted tumor de-
lineations [10]. Patients underwent one pre-nCRT baseline DW-MRI
scan around 5 days before the start of nCRT and five weekly DW-MRI
scans during the course of nCRT.

Patients diagnosed with squamous cell carcinoma or adenocarci-
noma of the esophagus or gastroesophageal junction, who were sched-
uled for nCRT followed by esophagectomy from December 2015 to April
2018, were eligible for inclusion. Exclusion criteria for the study were
patients under 18 years of age, previous thoracic surgery or radio-
therapy, and contraindications for MRI. The current analysis excluded
patients with unexpected distant metastatic disease after nCRT (n = 2),
poor tumor visibility on DW-MRI (n = 3), initial small tumor volume <
7 mL (n = 3), tumor histology other than adenoacarcinoma or squamous
cell carcinoma based on the resection specimen (n = 1), or those who
withdrew from the study (n = 1).

2.2. Image acquisition

All DW-MRI scans were acquired on a 1.5-T Philips Ingenia (Best,
The Netherlands). This included respiratory-triggered transversal T2-
weighted scans (tT2W) and DW-MRI scans. All patients were scanned
with 13b-values between 0 and 800 s/mm? (0, 10, 20, 30, 40, 50, 75,
100, 200, 350, 500, 650, 800 s/mm?). Image acquisition details are
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provided in Table S1.
2.3. Denoising of DW-MRI images

A self-supervised denoising method (Patch2Self) was used to
improve signal to noise ratio without having to calibrate a noise model
[15]. Patch2Self uses the entire volume to learn a full-rank locally linear
denoiser for that volume. By taking advantage of the oversampled DW-
MRI data (13b-values), this algorithm can separate structure from noise
without requiring an explicit model for either. For each voxel we
employed a 3D-patch of all neighbouring voxels and itself (27 voxels) to
train the denoiser.

2.4. Manually adjusted delineation workflow

In the MAW, the primary tumor, excluding the lumen, was identified
using baseline DW-MRI scans with a b-value of 800 s/mm?. This was
done using ITK-SNAP software, with a semi-automated delineation
method. Two readers reviewed extensively and made manual edits to
reach a consensus. The initial contouring was then rigidly propagated to
subsequent weeks, with further adjustments made by one reader based
on signal reduction and tumor regression on b = 800 s/mm? DW-MRI
and tT2W scans, respectively. The contouring was performed
cautiously to avoid unreliable boundaries due to motion or image dis-
tortions. The tT2W images were used to verify the apparent tumor bed.
The readers were unaware of patient characteristics and clinical out-
comes regarding pathological response.

2.5. Semi-automatic delineation and propagation tool

Semi-automatic delineation of the baseline DW-MRI scans was per-
formed in MIM version 7.0.1. (MIM Software Inc., Cleveland, Ohio,
USA) by a clinical PhD student (RdB). Here, the PET Edge® function-
ality, an active contour algorithm based on intensity and gradient in-
formation was used to semi-automatically delineate the tumor on the b
= 500 s/mm? denoised images. The rationale behind the use of b = 500
s/mm? scans for delineation was to achieve better signal to noise ratio
and improved performance of PET Edge®. No manual editing was per-
formed afterwards. This delineation was propagated to the DW-MRI
scans in subsequent weeks by using deformable registration tech-
niques of VoxAlign Deformation Engine® in MIM version 7.0.1. Here,
the deformation vector fields extracted from the b0-bO registrations
were used, as these images contained most anatomical information. To
avoid the edges of the tumor boundaries and to remove possible inclu-
sion of surrounding structures, a 3-mm isotropic shrinkage margin of the
delineation was applied (Fig. 1).

ADC maps were generated based on a mono-exponential model fitted
on b-values of 0, 200 and 800 s/mm?, as commonly used in literature
[101217]. For each ADC map the average ADC value was calculated
within both the semi-automatic segmentation and the manually adjusted
segmentation [10]. To separate the impact of the denoising, ADC values
were calculated both for the raw and the denoised data.

2.6. Statistical analysis

Differences between median tumor volumes of the SADW and MAW
delineations were assessed using the Wilcoxon signed-rank test. More-
over, the overlap of the SADW and MAW delineations was quantified
using Dice coefficients. The Hausdorff distance was used to indicate the
largest distance between the annotations of the two workflows. Mean
tumor ADC values were extracted from the DW-MRI volumes of interest.
The relative changes in mean ADC values between the baseline scans
and the scans during nCRT were calculated and included in the analyses,
as based on previous literature: AADC(%) = [mean ADCyyeek(n) — mean
ADChaseline] / mean ADCpaseline * 100% [12]. For each patient the
ADCean increase (%/week) was assessed by applying a linear regression
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manually adjusted workflow

Fig. 1. Schematic overview of the denoised (den) semi-automatic delineation workflow (SADW, left) with b0-bO deformable image registration (DIR) and of the
manually adjusted workflow (right) to obtained apparent diffusion coefficient (ADC) values. The narrow columns are used to analyse the effect of denoising.

fit through all AADCpean data points for the SADW and the MAW
method. Bland Altman analysis and the Pearson correlation coefficient

were used to compare ADC values of the SADW and MAW.

The ability to discriminate between pCR and non-pCR was quantified

using logistic regression for both delineation methods based on the
variable of ADCpean increase (%/week). To study the impact of

Fig. 2. DW-MRI (b = 500 s/mm?) images of two of the included patients without denoising (left) and with denoising (right) in the coronal plane. The tumour is

indicated with an arrow.
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denoising, the c-statistic of the logistic regression models for prediction
of pCR of ADCpean increase (%/week) during nCRT was calculated for
both the raw and the denoised data. To calculate the 95% confidence
interval (CI) for the difference in the c-statistics, the DeLong method was
used. The c-statistics of the prediction models were compared using de
one-sided Delong test for non-inferiority. Statistical analyses were per-
formed using SPSS version 25.0 (IBM, Armonk, New York, USA) and R
software for statistical computing version 1.4.1106 (‘glmnet’, ‘pROC’,
and ‘Hmisc’ packages, https://www.R-project.org). P values < 0.05
were deemed statistically significant. Data visualisation was performed
using GraphPad Prism version 6.04 (GraphPad Software, La Jolla, Cal-
ifornia, USA).

3. Results
3.1. Patients

Patient characteristics are presented in the supplementary material
Table S2. A total of 119 DW-MRI scans were analysed. Baseline DW-MRI
scans were available in all of the included patients. However, one DW-
MRI scan during nCRT at week 4 was missing due to the patient’s
refusal.
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3.2. Denoising of the DW-MRI images

Denoising was applied to all DW-MRI scans and visual results before
and after denoising are displayed in Fig. 2. Denoising resulted in visually
superior images, compared with the raw DW-MRI scans. Additionally,
ADC maps before and after denoising of two included patients are dis-
played in Figure S1.

3.3. Comparison of delineations of the SADW and MAW

Median volumes of the delineations were 11.4 mL and 10.8 mL for
the SADW and MAW, respectively (Wilcoxon signed-rank test, p <
0.001). Median Dice coefficient between the SADW and MAW de-
lineations was 0.64 (interquartile range (IQR) 0.20, Table S3). The
median Hausdorff distance between the two workflows was 13.37 mm
(IQR 12.98). An example of SADW and MAW delineations on the b =
500 s/mm? DW-MRI scans is displayed in Fig. 3, which shows compa-
rable tumor delineations.

3.4. ADC changes during nCRT using the SADW and the MAW

Pearson regression analysis showed high accordance between ADC
values obtained from the SADW and MAW in all included patients (r =

Fig. 3. Example of a semi-automatic delineation workflow (red) and manually adjusted delineation (yellow), on the b = 500 s/mm? DW-MRI scans in coronal plane
of week 0, 1, 2, 3, 4, and 5 for a single patient. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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0.90, Fig. 4). Bland Altman analysis demonstrated that absolute mean
ADC values were systematically higher for the SADW, compared with
the MAW (mean difference in mean ADC 220 * 10°° rnrnz/s, p < 0.001).
The contours of the two most evident outliers, labled as number 1 and 2
in Fig. 4, are presented in the supplementary material Figure S2.
Relative changes in ADC values for the SADW and MAW are dis-
played in Fig. 5, including a linear regression line fitted through the
mean AADC values for pCR and non-pCR patients. SADW and MAW
showed similar trends for identifying pCR patients. A larger increase in
mean AADC(%) per week during nCRT for patients having pCR was
observed for SADW compared with MAW (16.6% vs. 12.4% per week).

3.5. Prognostic value for pCR of ADCmean increase using SADW and the
effect of denoising

For the MAW with raw data, the c-statistic for predicting pCR with
ADCean increase (%/week) was 0.80 (95% confidence interval (CI):
0.56 — 1.00). After denoising, the MAW c-statistic improved to 0.83
(95% CL: 0.61 — 1.00). Similarly, the SADW with raw data had a c-sta-
tistic of 0.77 (95% CI: 0.49 — 1.00), which increased to 0.84 (95% CI
0.62 — 1.00) after denoising. The effect of denoising for the SADW and
MAW is displayed in Fig. 6. There were no statistically significant dif-
ferences observed between the two delineation workflows or after
applying the denoising procedure (Table S4).

4. Discussion

DW-MRI appears to have prognostic value for identifying patients
with a pCR after nCRT for esophageal cancer. However, significant ad-
ditive noise in DW-MRI scans may complicate tumor delineation in DW-
MRI workflows and this will affect the corresponding ADC signal.
Moreover, manual tumor delineation on high b-value DW-MRI scans is
labor intensive and often subject to interpretations. This study presents
the use of a denoising algorithm and a SADW for the assessment of ADC
and its prognostic value for pCR, using weekly DW-MRI scans during
nCRT in patients with esophageal cancer. The use of a SADW can in-
crease general applicability in larger studies and in clinical settings [13].
The SADW presents a more standardized way to determine tumor seg-
mentations for ADC analysis compared with manual delineation. Semi-
automatic delineations are less likely to be dependent on interobserver
variations [18,19].

Semi-automated and manually adjusted tumor delineations showed
a moderate overlap with a median Dice coefficient of 0.64. It is
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important to note that comparing the two delineation approaches is
challenging due to the lack of a reference standard. Additionally, Dice
coefficients tend to be moderate or low for small structures, such as
esophageal carcinomas. The volume of the SADW was found to be
significantly larger than the MAW (median volume 11.4 mL vs. 10.8
mL). Possibly, the manual corrections made for tumor response was the
reason for the smaller volumes. It should be noted that these differences
in volume may not have a substantial impact, as relative changes in
mean ADC values are used to identify patients with pCR.

Bland Altman analysis showed that the SADW exhibited higher ab-
solute mean ADC values compared to the MAW, potentially due to the
larger delineations, containing tissue with higher apparent diffusion.
Variation in mean ADC values between the MAW and SADW were more
pronounced during the final week of nCRT, when tumors may be less
visible on DW-MRI. Ultimately, relative ADC changes per week during
nCRT using the SADW demonstrated a prognostic value for pCR com-
parable to the MAW (c-statistic of 0.84 vs. 0.80, p = 0.69). Denoising
showed improved tumor visualisation compared with the original DW-
MRI images. No significant improvement in prognostic value of pCR
was observed for denoising in the SADW and MAW groups. While
improved tumor visualization was observed, the impact of denoising on
prognostic accuracy for pCR is not strongly substantiated here using the
mean ADC values. Nonetheless, the potential augmentation from
denoising in assessing treatment response remains promising and should
be studied using larger cohorts.

As the sample size in this study was small, the difference in the
prognostic value between the SADW and MAW is best illustrated by
comparing the fitted ADC increases per week for the pCR and the non-
PCR patients (Fig. 6). Smaller datasets may exhibit larger variations in
the c-statistic, making it challenging to draw definitive conclusions.
Minor changes in c-statistics were observed comparing the MAW and
SADW, including a slight decrease in c-statistic from 0.80 to 0.77 in the
raw data using the SADW. The uncertainty is highlighted by the wide
confidence intervals and superiority of any workflow cannot be claimed.
However, the SADW and MAW showed comparable results concerning
the prognostication of pathologic complete response in this study
cohort.

In this study, we reported the use of a semi-automatic delineation
method and the effect of using denoised DW-MRI scans for the assess-
ment of ADC changes and its prognostic value for response to nCRT for
esophageal cancer. Studies evaluating (semi-)automatic delineations of
DW-MRI scans are published for other cancer subtypes, for example
rectal malignancies [18]. One study in rectal cancer patients found that
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Fig. 5. Relative changes in apparent diffusion coefficient (ADC) values between baseline scans and weekly scans during neoadjuvant chemoradiotherapy between
pathologic complete responders and non-pathologic complete responders (pCR in red, non-pCR in blue) using semi-automatic workflow (above) and manually
adjusted delineation (below). The group mean per week for pCR and non-pCR is indicated as a solid and dashed horizontal line, respectively. A linear regression line
is fitted through the points for both pCR (green) and non-pCR (black) separately. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

DW-MRI volumetry using a semi-automated delineation approach is
promising and a potentially time-saving alternative to manual tumor
delineation, particularly for assessing primary tumor volumetry [20].
Another study concluded that deep learning can perform an accurate
automated localisation and delineation of rectal cancer on MRI [21].
Semi-automatic contouring based on gradient is shown to have consis-
tent results for target volume contouring in thorax regions [22].
Denoised images have also been found to improve delineation perfor-
mance of deep learning algorithms in breast cancer radiotherapy

planning [23]. To our best knowledge, this is the first study that in-
dicates that semi-automatic segmentations of DW-MRI can result in non-
inferior prediction of treatment response.

Strengths of this study include consistent usage of the same nCRT
regimens in all included patients. Only one DW-MRI scan during treat-
ment was missing, which resulted in a nearly complete study cohort with
a large number of DW-MRI scans. An important limitation is the rela-
tively small number of patients included in the study, especially with
regard to analysis of pCR, more reliable conclusions can be expected in
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larger patient cohorts. At last, uncertainty may remain in this workflow
due to the semi-automatic contouring and the deformable registration
strategy, introducing potential sources of variability.

Future research should aim at larger patient cohorts to validate the
effect of denoising and the SADW. The role of intravoxel incoherent
motion (IVIM) MRI in evaluating treatment response must be investi-
gated as well. Also, the prognostic value for DW-MRI in combination
with other imaging modality parameters must be assessed, preferably in
a comparable semi-automatic manner. The choice of delineation strat-
egy, including the selection of the appropriate b value for tumor anno-
tation, can significantly impact the calculated apparent diffusion
coefficient (ADC) values. Therefore, it is essential to report the standards
for delineation on DWI to ensure more consistent comparisons in future
studies [24].

Results of the PRIDE study, a multicentre observational cohort study
in the Netherlands, will provide further insight of the prognostic value of
DW-MRI for pCR in a larger cohort [13]. The aim of the PRIDE study is to
develop a prediction model for pCR to nCRT in esophageal cancer, based
on DW-MRI, dynamic contrast-enhanced magnetic resonance imaging
(DCE-MRI), and positron emission tomography with computed tomog-
raphy (PET-CT). Also, the PRIDE study will give an opportunity to
investigate the current SADW in a larger cohort.

In conclusion, in this study a simple SADW and a denoising algorithm
of DW-MRI scans to assess relative ADC values was applied. The SADW

showed non-inferior prognostic accuracy for pCR compared with
manually adjusted delineations, is less labour intensive and possibly less
operator dependent. Denoising can improve tumor visualisation, but its
effect on ADC values to predict pCR needs to be further explored. This
allows for widespread application of the SADW in larger patient cohorts
and in centers with limited experience with DW-MRI.
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