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Introduction: Hydrogel spacers (HS) are designed to minimise the radiation doses to the rectum in prostate cancer
radiation therapy (RT) by creating a physical gap between the rectum and the target treatment volume inclusive
of the prostate and seminal vesicles (SV). This study aims to determine the feasibility of incorporating diagnostic
MRI (dMRI) information in statistical machine learning (SML) models developed with planning CT (pCT)
anatomy for dose and rectal toxicity prediction. The SML models aim to support HS insertion decision-making
prior to RT planning procedures.

Methods: Regions of interest (ROIs) were retrospectively contoured on the pCT and registered dMRI scans for 20
patients. ROI Dice and Hausdorff distance (HD) comparison metrics were calculated. The ROI and patient clinical
risk factors (CRFs) variables were inputted into three SML models and then pCT and dMRI-based dose and
toxicity model performance compared through confusion matrices, AUC curves, accuracy performance metric
results and observed patient outcomes.

Results: Average Dice values comparing dMRI and pCT ROIs were 0.81, 0.47 and 0.71 for the prostate, SV, and
rectum respectively. Average Hausdorff distances were 2.15, 2.75 and 2.75 mm for the prostate, SV, and rectum
respectively. The average accuracy metric across all models was 0.83 when using dMRI ROIs and 0.85 when
using pCT ROIs.

Conclusion: Differences between pCT and dMRI anatomical ROI variables did not impact SML model performance
in this study, demonstrating the feasibility of using dMRI images. Due to the limited sample size further training
of the predictive models including dMRI anatomy is recommended.

Introduction the rectum and prostate [5], thus minimising radiation dose to the

rectum. HS are either a saline inflated balloon or a liquid gel that so-

Radiation therapy (RT) is widely used in the treatment of prostate
cancer to improve local tumour control [1]. Despite the development of
highly conformal treatment techniques and image guided radiotherapy,
the rectum is still a dose-limiting structure due to its proximity to the
prostate [1-3]. In addition to the received radiation dose, clinical risk
factors (CRFs) such as diabetes, previous abdominal surgery, haemor-
rhoids, or use of anticoagulant drugs have been associated with post-RT
rectal toxicities [4].

Hydrogel spacers (HS) are designed to create a physical gap between

lidifies [5,6]. Some non-randomised controlled trials provide predicted
values of HS decreasing rectal complications in 20 % of patients [7], and
others estimate that a HS reduces grade 2+ toxicity from 10.1 % to 3.8 %
[8]. However, some men have a natural space between the rectum and
prostate and may not gain any dosimetric benefit from the invasive and
costly procedure [4,9,10]. Caine et al have previously shown that an
individual’s anatomy can influence dosimetric protocol compliance for
prostate radiation therapy [11]. Fischer-Valuck et al developed a sym-
metry score utilising MRI simulation to evaluate HS distribution and
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rectal dose reduction due to the clarity of the biomaterial of the HS on
diagnostic magnetic resonance imaging (AMRI) scans [12]. Grossman et
al also developed a quality metric for HS insertion based on prostate-
rectal interspace to be more relevant to rectal dosimetry in treatment
planning [13]. To assist in HS decision making, investigations into HS
benefit based on individual patient anatomy and CRFs have been con-
ducted using predictive modelling [4,9,10].

While there are studies that use planning CT (pCT) data with a
calculated plan or planning target volume (PTV) to assess the need for
HS or use dMRI scans for assessing HS placement, to date, there are no
current studies addressing rectal toxicity and dose prediction solely from
the dMRI data. Studies that use predictive modelling on pCT data occur
too late in the clinical process. If HS is indicated for the patient, the
treatment planning process including the pCT needs to be repeated after
HS insertion. Jones et al’s [9] study has a unique approach of a model
incorporating anatomical regions of interest (ROIs) from the pCT and
patient CRFs to predict rectal toxicity. These models introduce the
possibility of applying their predictive models to diagnostic images
obtained prior to any RT procedures [9]. Use of dMRI scans acquired
prior to pCT to determine anatomical ROIs as predictive model input
variables could minimise resources such as repeat pCT imaging after HS
insertions as well as time expenditure in the current HS decision-making
process. Uncertainties involving the use of MRI in RT include registra-
tion accuracy with the pCT, contouring variability and anatomical
spatial relationship due to reduced interobserver variability and volume
size disagreements attributable to variations in bladder and bowel
preparation [7,14]. As a result, this study aimed to investigate the
feasibility of incorporating dMRI data in dose and toxicity statistical
machine learning (SML) models previously developed by Jones et al
[9,10] and evaluated the similarity of the pCT and dMRI-based ROIs and
the model outputs.

Methods
Patient data for dMRI-based model evaluation

Institutional ethics approval was granted for the current study. Jones
et al’s [9,10] previous study involved 176 prostate cancer patients with
the inclusion criteria of males over the age of 18, radical treatment
intent, complete and standard fractionation external beam radiation
therapy treatment to a prescription dose of 74-78 Gy in 37-39 fractions,
intact prostate +/- nodal involvement, intensity modulated radiation
therapy (IMRT) or volumetric modulated arc therapy (VMAT) dose
techniques and registered dMRI scans. The 20 most recently treated of
these patients were retrospectively selected for the current study.

Description of model variables and development

The ROIs used in the development of Jones et al’s [9] SML models are
described in Table 1. The three SML models that were investigated to
predict toxicity and dose outcomes were random forest (RF), logistic
regression (LR) and classification and regression tree (CART), which are
common methods for binary classification [15]. The ROIs, dosimetric
profiles (See Table 2) and the recorded patient rectal toxicity data (using
colonoscopy status as a Grade 2 toxicity surrogate), were used to
develop the predictive models for Jones et al’s [9] study.

Generation of dMRI ROIs

Patient treatment plans and their pCT were restored from the
Pinnacle Version 16.2 (Philips Healthcare, Fitchburg, WI) treatment
planning system archive. The T2 weighted dMRI scans were either
already registered with a patient’s plan or imported from the picture
archiving and communication system and registered with the restored
plan. To ensure consistency regardless of bowel and bladder variations,
the prostate and rectal wall interface were prioritised in the scan fusions,
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Table 1
Description of ROI variables developed by Jones et al. [9].
Description Abbreviation Source
Prostate PROS_VOL Prostate
Proximal Seminal Vesicle SV_VOL Proximal Seminal Vesicle
Rectum REC_SOL_VOL Solid Rectum
High Dose Rectum truncated HD_REC_VOL Solid Rectum truncated at
to prostate limits superior & inferior limits of
Prostate
High Dose Rectum as a HD_REC_PERC Solid Rectum truncated at

percentage of the whole superior & inferior limits of
rectum truncated to prostate Prostate, as a percentage of
limits the whole Solid Rectum
High Dose Rectum truncated HD_REC_VOL_SV Solid Rectum truncated at
to prostate and Proximal superior limit of Proximal
Seminal Vesicle limits Seminal Vesicle & inferior
limit of Prostate
Solid Rectum truncated at
superior limit of Proximal
Seminal Vesicle & inferior
limit of Prostate, as a
percentage of whole Solid
Rectum
The overlap between
Prostate expanded 5 mm in
all directions and the Solid
Rectum
The overlap between

High Dose Rectum as a
percentage of the whole
Rectum truncated to
Prostate and Proximal

HD_SV_REC_PERC

Seminal Vesicle limits

Overlap between Prostate
expanded 5 mm in all
directions and Solid Rectum

PROS_EXP_RECT

Overlap between Prostate PROS_EXP_PERC

expanded 5 mm in all
directions and Rectum as a
percentage of the Solid

Rectum
Overlap between combined

Prostate and Proximal
Seminal Vesicles expanded
5 mm in all directions and
Solid Rectum

Overlap between Prostate and

Proximal Seminal Vesicle
expanded 5 mm in all
directions and Rectum as a
percentage of the Solid

Rectum

PSV_EXP_RECT

PSV_EXP_PERC

Prostate expanded 5 mm in
all directions and the Solid
Rectum, as a percentage of
the Solid Rectum

The overlap between
Prostate and Proximal
Seminal Vesicle expanded 5
mm in all directions and the
Solid Rectum

The overlap between
Prostate & Proximal Seminal
Vesicle expanded 5 mm in all
directions and the Solid
Rectum, as a percentage of
the Solid Rectum

Table 2
Relative rectal dose levels and classification categories used by Jones et al. [9].

Dose Volume Threshold Tolerance Volume Threshold Breach
Level Achieved (classification = Y) (classification = N)

V50 <35 % volume >35 % volume

V83 <17 % volume >17 % volume

Vo6 <7 % volume >7 % volume

as per standard image matching protocols in the department where data
was acquired [16].

The prostate, SV, and rectum on the dMRI scans were contoured and
scripts were used to replicate the generation of the overlap and high dose
rectal ROIs (Table 1). The dMRI contours were created by the same
investigator and checked by at least one other investigator. The SV ROIs
were typically contoured 1 cm proximal to the prostate, as per the
clinical protocol at the time for the department where data was ob-
tained. The dMRI SV number of slices contoured were selected to match
pCT SV contour length. As the dMRI scans were generally shorter in
length than the pCT, the dMRI rectum was extrapolated past the dMRI
scan to match the contoured pCT length. All contours were cleaned using
the ROI clean tool in Pinnacle V16.2 to remove small islands less than
0.1 cc, produced from the Boolean operations for contour development,
before scripts were run to create predictor ROIs.
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dMRI and pCT ROI comparison

The dMRI and pCT scans as well as their associated ROIs were
exported from Pinnacle as Digital Imaging and Communications in
Medicine (DICOM) RT files and imported into 3D slicer (https://slicer.
org/). To compare volume differences between the dMRI and pCT
anatomy, the volume, Dice and Hausdorff distance (HD) metrics were
calculated for each ROI [17,18]. The ROI data was tested for normal
distribution, and then either a paired t-test or Wilcoxen signed rank test
was used to compare the means of dMRI and pCT ROIs with p < 0.05
considered statistically significant. The extrapolation of the rectum
dMRI ROIs was not considered in the statistical testing or comparison of
volume differences and may influence the accuracy of these results.

Model performance with dMRI data

The dMRI and pCT ROI volume information for the 20 patients as
well as the CRFs, treatment plan rectal dose levels and toxicity outcomes
collected in Jones et al’s [9,10] study were collated. The rectal dose
levels included the volume receiving 50 %, 83 % and 96 % (V50, V83
and V96 respectively). The CRFs included for the modelling comprised
of whether the patient had surgery, classified into yes (A) or no (B),
diabetes which was divided as yes — type 2 (A), yes — type 1 (B) or no
(C), and the use of anticoagulants was answered as yes (A), low dose
aspirin (B) or no (C). The toxicity outcome surrogate used in the SML
models was whether the patient had a symptom-induced colonoscopy
(equivalent to grade 2 toxicity of rectal bleeding [19]) and was grouped
as yes (Y) or no (N). First, the pCT ROI data and CRF data was inputted
into the previously created predictive models using R statistical soft-
ware. Then, the dMRI ROIs and CRFs were used as variable inputs in the
models.

A confusion matrix used to calculate accuracy, sensitivity, speci-
ficity, negative predictive value, and positive predictive values was
generated to analyse model performance. The accuracy performance
metric compares the Y or N class prediction of whether a colonoscopy
was performed between the SML prediction and actual patient out-
comes. Sensitivity and specificity depend on a single cut point used to
classify a test result as positive [20]. The model performance metric of
the area under the receiver operator characteristic curve (AUC) was also
calculated and plotted. The perfect model prediction is denoted by a
result of 1, however, the value associated with clinical significance
within the literature and deemed as performing better than random
chance was selected as >0.7 for the study [20].

Results
dMRI and pCT ROI comparison

For the total 20 patients included in this feasibility study, the mean
prostate, seminal vesicle, and solid rectum volumes for the dMRI ROIs
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were 35.6 cm®, 7.91 ecm® and 51.27 cm? respectively and the pCT ROIs
were 36.65 cmg, 8.14 cm® and 57.32 cm3, respectively. The ROI vol-
umes for the two imaging modalities were similar (Fig. 1). The greatest
discrepancy of volumes was observed in the rectal volumes. For a single
patient, there was a difference in contour size of 61.69 cm® which was an
increase of 47.79 % from their dMRI to pCT. However, overall, only a
small 10.55 % difference was observed for the average across all pa-
tients. The high dose rectum variables and expanded overlap variables
(Fig. 1) also did not show considerable differences between dMRI and
pCT scans.

An average Dice of 0.81 was recorded for all prostate dMRI and pCT
ROI comparisons. The rectum ROI generated an average Dice of 0.71,
whilst the seminal vesicles produced an average Dice value of 0.47
(Fig. 2). The PROS_EXP_RECT generated an average Dice of 0.33 which
indicates a low degree of similarity for these contours. The range of the
average and maximum HD results are depicted in Fig. 2. The greatest
difference in average HD values was observed for the PSV_EXP_RECT
with 3.58 mm. In the calculation of the maximum HD results, the
PSV_EXP_RECT produced a result of 16.00 mm as the greatest discrep-
ancy between dMRI and pCT scans.

In all ROI mean comparisons, only the HD_RECPERC and
HD_SV_REC_PERC ROIs produced statistically significant results (p <
0.05) between dMRI and pCT of p = 0.001 and p = 0.009 respectively
(Supporting Information).

Although the SV dMRI and pCT means and statistical significance
testing did not indicate large differences in their volume, it was observed
during data collection that the location of this organ could change
drastically between the two imaging modalities (Fig. 3).

Model performance with dMRI data

The AUC curves for all rectal toxicity and dose level SML models are
depicted in Fig. 4 for both dMRI and pCT scans. In Table 3, the model
performance metrics are demonstrated across all SML prediction
models. On average, the accuracy for dMRI toxicity predictions was 0.83
across all three SML models and the pCT average was a comparable 0.85.
The dMRI results for the three dose levels of V50, V83 and V96 were
averaged as 0.65, 0.27 and 0.38 respectively with pCT values of 0.78,
0.33 and 0.40. The average for dMRI toxicity AUC outcome produced a
result of 0.59, with the pCT generating a result of 0.65. The AUC for the
rectal levels of V50, V83 and V96 for dMRI were 0.55, 0.62 and 0.52
with pCT results of 0.70, 0.61 and 0.55, respectively. There were no
large discrepancies observed between the sensitivity, specificity, posi-
tive predictive value, and negative predictive values and the individual
predictions were similar between imaging modalities (Supporting In-
formation). In comparison of the specific models, RF performed best for
the toxicity predictions for both dMRI and pCT. The CART SML model
generated the most accurate results for the V50 dose level and LR SML
model for the V96 dose level for both imaging modalities. For the V83
dose level, CART produced the best results for dMRI and RF performed
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Fig. 2. Boxplots of Dice and Hausdorf distance values for pCT and dMRI ROIs. A. Dice boxplots, B. Maximum HD (mm) boxplots, C. Average HD (mm) boxplots.

Fig. 3. Example of similar seminal vesical volume with minimal overlap. 3D Slicer Image of SV location in dMRI (pink) and pCT (green) scans on transverse, sagittal
and coronal medical imaging planes, and 3D generated image. Abbreviations: SV = seminal vesicle, AMRI = diagnostic magnetic reasonance imaging, pCT = planning CT. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

best for the pCT scans.

As depicted in Table 3, some of the positive and negative predictive
metrics generated values of NA. These correspond to when multiple
zeros are reported in the confusion matrices for the predictions
(Supporting Information) and therefore the ratios cannot be mathe-
matically calculated.

Discussion

This study aimed to determine the feasibility of incorporating dMRI
anatomical variables in Jones et al’s [9,10] previously developed

predictive models to assess individual patient HS benefit. In the evalu-
ation of the similarity between dMRI and pCT ROIs, few had statistically
significant differences. The model performance metrics indicated a trend
that the pCT data performed slightly better than the dMRI overall,
however, results interchanged depending on model type and the out-
comes of interest. On average this ranged from a 0-0.25 difference in
accuracy results to predict actual patient outcomes. The results indicate
that further prospective studies and re-tuning of the model with dMRI
anatomical information is worth investigation.

Only slight differences were observed between the dMRI and pCT
ROI variables. The prostate Dice value of 0.81 comparing pCT to dMRI
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Fig. 4. ROC Plots for dMRI and pCT Toxicity and Dose Level Predictions. a-d: dMRI ROC curves, e-f: pCT ROC curves. Abbreviations: ROC = receiver operator curves,

dMRI = diagnostic magnetic reasonance imaging, pCT = planning CT.

across all patients indicated a high degree of overlap, comparable to a
Dice of 0.83 from an interobserver contouring study for male pelvic
structures [21]. This was similar to the rectum ROI results which
generated a Dice of 0.71. This is a clinically relevant result, however, is
lower than the mentioned interobserver study’s 0.93 value [21]. The
lower Dice in this study may be attributed to variability in rectal filling
between the dMRI and pCT rather than differences in multiple observers
contouring the rectum on the same images. Conversely, a low degree of
overlap was observed for the SV ROIs, with a Dice of 0.47. In the total 20
patients, two generated an SV Dice of 0. While it is reported in literature
that smaller organs typically receive lower Dice scores [22] variable
bladder and rectal filling between the dMRI and pCT images may have
also contributed to the Dice for the SVs. The SV contours generated by
radiation oncologists are influenced by extent or grade of disease. This
was addressed by investigators contouring the same number of slices on
the dMRI as pCT starting from the inferior aspect of the SVs. Although
there were discrepancies between SV spatial location, only 0.23 cm®
difference was perceived between the dMRI and pCT mean volumes of
the organ across all patients.

As stated in the results, minimal differences in the prediction per-
formance metrics of the models were observed between the dMRI and
pCT images used. The average for the model performance metric of
accuracy across all models indicated that there was a trend of pCT
performing slightly better than dMRI. The same trend was also wit-
nessed for the AUC performance metric with pCT resulting in higher
clinical values (>0.7). However, the development of the models has a
strong dependency on the data that is included in the training data set,
and as the training dataset for the models was pCT data, it can explain
the marginally lower accuracies and AUCs of dMRI predictions. General
scrutiny of the results indicates the direction that the models produced
(either Y or N to colonoscopy) was the same for both imaging modalities.
Overall, the SML model that performed best for dMRI information was
RF across all toxicity and dose predictions. This is comparable to the
results of Jones et al’s study [9]. This is a sub topic in need of more in-
depth research to validate this outcome, however, whilst the same
cohort of patients has been used for this study as the original research
that developed the SML models and therefore this analysis cannot be
classified as an external method of validation, it is an interesting finding



Table 3

Model performance metric outcomes for toxicity and dose level predictions across both dMRI and pCT scans.

Toxicity Dose Levels
Prediction
V50 V83 V96
Imaging Model Random Forest Logistic CART Random Forest Logistic Regression CART Random Forest Logistic CART Random Forest Logistic CART
Modality Performance Regression Regression Regression

Metrics

Diagnostic MRI
Accuracy 0.85 0.85 0.80 0.60 0.50 0.85 0.30 0.15 0.35 0.15 0.85 0.15
Sensitivity 0.94 1.00 0.94 0.65 0.53 1.00 0.24 0.00 0.24 0.06 1.00 0.00
Specificity 0.33 0.00 0.00 0.33 0.33 0.00 0.67 1.00 1.00 0.67 0.00 1.00
Lower CI 0.62 0.62 0.56 0.36 0.27 0.62 0.12 0.03 0.15 0.03 0.62 0.03
Upper CI 0.97 0.97 0.94 0.81 0.73 0.97 0.54 0.38 0.59 0.38 0.97 0.38
Pos Predictive 0.89 0.85 0.84 0.85 0.82 0.85 0.80 NA 1.00 0.50 0.85 NA
Neg Predictive 0.50 NA 0.00 0.14 0.11 NA 0.13 0.15 0.19 0.11 NA 0.15
AUC 0.55 0.73 0.50 0.65 0.51 0.50 0.61 0.63 0.62 0.57 0.50 0.50

Planning CT
Accuracy 0.95 0.85 0.75 0.75 0.75 0.85 0.45 0.30 0.25 0.20 0.85 0.15
Sensitivity 1.00 1.00 0.82 0.76 0.71 1.00 0.41 0.18 0.12 0.06 1.00 0.00
Specificity 0.67 0.00 0.33 0.67 1.00 0.00 0.67 1.00 1.00 1.00 0.00 1.00
Lower CI 0.75 0.62 0.51 0.51 0.51 0.62 0.23 0.12 0.09 0.06 0.62 0.03
Upper CI 0.10 0.97 0.91 0.91 0.91 0.97 0.68 0.54 0.49 0.44 0.97 0.38
Pos Predictive 0.94 0.85 0.88 0.93 1.00 0.85 0.88 1.00 1.00 1.00 0.85 NA
Neg Predictive 1.00 NA 0.25 0.33 0.38 NA 0.17 0.18 0.17 0.16 NA 0.15
AUC 0.84 0.47 0.65 0.78 0.82 0.50 0.57 0.69 0.56 0.58 0.59 0.50

Abbreviations: MRI, CT, CI, V50, V83, V96, AU.
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nonetheless that dMRI toxicity and dose predictions did not drastically
differ to the pCT data. This outcome highlights the potential general-
isability of Jones et al’s [9] developed models and the possibility of
achieving good predictive outcomes if re-tuning of the models were
applied on the dMRI data [23]. Current trends in SML development have
shown the value of re-tuning pre-trained models on new but smaller data
sets to achieve good model performance in a process known as transfer
learning [23]. This is an area worth exploring for this scenario, or for the
external application of the models in a different department where the
patient cohort distribution is likely to be varied.

Overall, the outcomes observed are encouraging, but not without the
caveats of being a pilot study. The data underpinning the models were
based on a small cohort of patients collected across several years of
clinical practice, potentially introducing variations in inter-plan quality,
clinical goals, and differences in PTV margins. In the current pilot study
investigating the feasibility of using dMRI to generate the ROI variables
20 of the 176 patients whose data was used to develop the models was
included. On a number of occasions NA values were calculated in the
confusion matrices due to class imbalance. The class imbalance on a
larger sample size can be managed using a synthetic minority over-
sampling technique (SMOTE) but is more challenging in small sample
sizes. The variation in bladder and bowel preparation between the two
image modalities was mitigated by using overlap ROIs that represented
spatial relationships in Jones et al’s study [9]. The bowel preparation
differences likely contributed to the statistical significance between ROI
overlap and Dice scores. The excellent soft tissue delineation in dMRI
scans may have impacted prostate contours and subsequent perfor-
mance in the statistical models. Additionally, the dMRI scan length did
not often image the full length of rectum which is contoured in treat-
ment planning and used for dosimetric volume histograms. Using dMRI
scans that include all the pelvic anatomy is an important consideration
in future studies. Alternatively, altering the variable ROIs to only
include the rectum truncated at the superior and inferior ends of the
prostate (or clinical target volume) could acquire more accurate data for
use in dMRI modelling. This illustrates the importance of re-training the
model with dMRI data. Ideally, the model should be retrained with dMRI
data or re-tuned to the dMRI data if using a transfer learning approach
and externally validated using data not included in re-training [24]. The
results of this study are encouraging and indicate that it is worth
retraining these models with dMRI anatomy for more accurate clinical
implementation and with contemporary data to meet regulatory and
governing body guidelines.

Conclusion

This study evaluated the feasibility of incorporating dMRI data in
Jones et al’s’ SML models as a decision support tool for the selective use
of HS in radiation therapy treatments for prostate cancer patients. The
ROI comparison indicated insignificant variations in size and distance
metrics between the dMRI and pCT scans. The dMRI prediction results
indicated good discriminative ability for predicting class outcomes and
all results were comparable to the CT outputs, albeit performing slightly
worse overall. Further retraining of the current predictive models on
dMRI anatomy and ensuring consistent scan protocols could assist in the
routine implementation of this process in radiation therapy to facilitate
HS clinical decisions.
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