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Ari ﬁc{e history: Introduction: To investigate the predictive value of the pre-treatment diffusion parameters of diffusion-
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antigen (PSA) response in patients with low- and intermediate-risk prostate cancer (PCa) treated with
stereotactic ablative radiotherapy (SABR).

Methods: Retrospective evaluation was performed for 30 patients using pre-treatment multi-parametric
MR image datasets between 2017 and 2021. MR-based mean- and minimum apparent diffusion co-
efficients (ADCmean, ADCmin) Were calculated for the intraprostatic dominant lesion. Therapeutic response

ﬁg’c"v ords: was assessed using PSA levels. Predictive performance was assessed by the receiver operating charac-
Machine learning teristic (ROC) analysis. Statistics performed with a significance level of p < 0.05.

Multiparametric Results: No biochemical relapse was detected after a median follow-up of twenty-three months (range: 3
Predictive —50), with a median PSA of 0.01 ng/ml (range: 0.006—2.8) at the last examination. Significant differences
Prostate cancer were observed between the pre-treatment ADCpean, ADCmin parameters, and the group averages of
Prediction models patients with low and high 1-year-PSA measurements (p < 0.0001, p < 0.0001). In prediction, the random
SABR forest (RF) model outperformed the decision tree (DT) and support vector machine (SVM) models by

yielding area under the curves (AUC), with 0.722, 0.685, and 0.5, respectively.

Conclusion: Our findings suggest that pre-treatment MR diffusion data may predict therapeutic response

using the novel approach of machine learning in PCa patients treated with SABR.

Implications for practice: Clinicians shall measure and implement the evaluation of the suggested pa-

rameters (ADCpjin, ADCmean) to provide the most accurate therapy for the patient.

© 2024 The Authors. Published by Elsevier Ltd on behalf of The College of Radiographers. This is an open
access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Abbreviations: Al, artificial Intelligence; ADC, apparent diffusion coefficient; DT, decision tree; AUC, area under the curves; DW-MRI, diffusion-weighted magnetic
resonance imaging; PCa, prostate cancer; PSA, prostate specific antigen; RF - [not related to coil radiofrequency], random forest; ROC, receiver operating characteristic; SABR,
(prostate) stereotaxic ablative radiotherapy.
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Introduction

Prostate cancer (PCa) is still the most prevalent and second-
deadliest disease among males in the United States, with an inci-
dence of 117 cases per 100,000 men and 19 deaths per 100,000 men,
both age-standardized to the US standard population of 2000.!

The final treatment options for prostate cancer are determined
by a patient's risk, which is determined by prostate-specific antigen
(PSA) level, clinical T-stage, Gleason pattern, and the number of
cores positive, according to risk stratification.>> While it would
take more time to evaluate the long-term outcomes of PSA follow-
up, studies on early responses have been conducted, which could
provide valuable insights into the kinetics of prostate cancer and
alternative treatment approaches.*>

The technical development of radiation therapy has enabled
prostate stereotaxic ablative radiotherapy (SABR), which delivers
high doses with high precision, in a low (<10) fraction number,
with targeted inhomogeneity to target volumes.®~® As a result, the
number and indications of SABR treatments constantly expand
worldwide.” !

In patients with PCa, the use of SABR has been connected to
improved progression-free survival and overall survival,'' "> might
yield less local failure than multifraction, costs less,'®!” and
appeared to result in a satisfactory quality of life (QOL).'®~2°
Furthermore, compared to focal-cryoablation, SABR is associated
with equivalent oncologic and functional results.”! These findings
highlight the value of SABR in treating PCa with low-to intermedi-
ate-risk.

For the detection and characterization of PCa, diffusion-
weighted magnetic resonance imaging (DW-MRI) is a viable im-
aging biomarker.>>?> Additionally, it has been demonstrated that
the use of DW imaging (DWI) and its measurement using the
apparent diffusion coefficient (ADC) increases the sensitivity of PCa
detection.”*?> In PCa, cancerous cells tend to exhibit a more
restricted diffusion of water molecules compared to normal pros-
tate tissue, leading to lower ADC values in tumor-affected regions.
Overall, ADC plays a crucial role in the modern diagnosis, charac-
terization, and prognostication of PCa, contributing to improved
patient management and treatment decisions. However, it is still
unknown whether pre-treatment ADC can be used to predict short-
term outcomes following SABR in PCa.

The complexity and non-linearity of biological systems are
inherent.”® Thus, artificial intelligence (Al) based non-linear pre-
dictions in patients treated with various indications?’~?° and in
PCa?#3%931 are widely used among researchers.

Al includes a branch called machine learning (ML) in which
computers are programmed to recognize patterns in data. The
learning process is based on mathematical guidelines and statistical
presumptions.®? In addition, the medical industry has quickly
developed and applied it, particularly when creating predictive
models.>® As a result, it would be practical and promising to
develop PCa prediction models using machine learning.

The use of tree models*® and random forests-which are
computationally quick- are frequently used as effective and efficient
solutions for feature selection in assessing the preoperative status
and further diagnosis of PCa,>® predicting lymph node involve-
ment>® or even for drunk driving recognition.’” Additionally, alter-
native prediction techniques, such as the support vector machine
(SVM), could work effectively on a sample with fewer elements.>®

This study aimed to determine the best predictors for the
biochemical response of patients diagnosed with MR-DWI using
supervised machine learning methods. Additionally, this study
sought to assess the relationship between the potential variables
that turned out to be the most accurate predictors of the outcome
of PCa.
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Materials and methods
Patients

Between January 2017 and December 2021, 40 low- and
intermediate-risk PCa (National Comprehensive Cancer Network
criteria [NCNN], [IRPCa]) patients were treated with SABR in
“Moritz Kaposi” Teaching Hospital, Dr. J6zsef Baka Diagnostic, Ra-
diation Oncology, Research and Teaching Center, Kaposvadr,
Hungary and enrolled to our study.

Patient characteristics are summarized in Table 1. Serum total
prostate-specific antigen (tPSA) > 4 ng/ml, abnormal digital rectal
exam, or imaging findings suggestive of suspected prostate cancer
were all reasons for prostate biopsy. The histopathology review
consisted of 10—12 cores of systematic biopsy performed on all
patients for staging. Ineligibility criteria were the following: (1) a
high (>18) International Prostate Symptom Score (IPSS), (2) pros-
tate volume >100 cc, (3) inflammatory bowel disease. Patients with
image artefacts, especially DWI sequences, or those unable to
complete the therapy for any reason were excluded from the study.

Treatment

Prostate SABR was introduced after national and local ethical
committee approvals (OGYEI: 5838/2017, 66793/2018, 69293/
2017), and informed consent was obtained from all subjects and/or
their legal guardian(s). Low-risk (LR) and intermediate-risk (IR)
patients were treated with VMAT-based SABR monotherapy, with a
total dose of 36.25 Gy in five fractions (fx).

For each patient before treatment, three gold seeds
(1 mm x 3 mm, [CP Medical, Portland, USA]) were implanted into
the prostate. Treatment verification consisted of pre-and post ra-
diation therapy (RT) cone-beam computed tomographies (CBCT),
with online gold marker-based triggered kilovoltage imaging with
auto beam hold. In case of >3 mm displacement, the treatment was
interrupted, and an imaging-based correction was performed.>°

Imaging

Examinations were performed using a 3.0 T MRI scanner (Bio-
graph mMR, Siemens Healthcare GmbH., Erlangen, Germany).

Table 1
Patient and tumor characteristics. *initial prostate-specific antigen (iPSA) * ISUP
International Society of Urological Pathology.

Characteristics Value (%/range)

30 (100%)
68 + 7.4 (48—83)

Number of patients
Median age (year)

T stage,” N
1c 20 (66.6%)
2a 6 (20%)
2b 4(13%)

iPSA, ng/ml, mean
1-year-PSA, ng/ml, mean
Gleason Score, mean
Mean gland volume (cm?)

8.52 + 3.57 (1.2—17)

0.53 + 0.58 (<0.003—1.91)
6.35 + 0.53 (5-7)

41.72 + 18.34 (8-92)

Risk group
Low risk 12 (40%)
Intermediate risk 18 (60%)
ISUP grade
1 18 (60%)
2 11 (36.6%)
3 1(3.4%)
Follow-up (month) 23 (3-50)

2 Based on clinical (American Joint Committee on Cancer Staging System, 8th
edition) and pelvic MRI stage *pts patients.
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After a localizer, T2-weighted turbo spin echo (TSE) sagittal (TR/
TE/FA 4200/133 ms/120°, FOV: 240 mm, slice thickness: 3 mm,
256 x 256) and T2-weighted TSE transversal (TR/TE/FA 6500/
106 ms/149°, FOV: 240 mm, slice thickness: 3 mm, 320 x 320)
images. In addition, T2-weighted TSE coronal (TR/TE/FA 3700/
133 ms/120°, FOV: 240 mm, slice thickness: 3 mm, 256 x 256) and
T1 TSE transversal (TR/TE/FA 700/9.3 ms/110°, FOV: 200 mm, slice
thickness: 3 mm, 256 x 256) images were acquired.

DW MRI measurement was done as part of a routine examina-
tion. In this case, a 2D spin-echo DWI echo-planar (EP) sequence
(FOV: 315 mm, TR: 5000 ms, TE minimum: 72 ms, TI 200 ms, FA: 90°,
slice thickness: 3 mm) was used. First, the implemented software
automatically generated an ADC map from the DWI pictures. Then,
the restricted diffusion rate was quantified by calculating the
apparent diffusion coefficient. A 100 s/mm2 “b” value was used as
the first measurement (the other b values were 800 s/mm?, 1500 s/
mm?, and 2000 s/mm?) to reduce the perfusion effect on the ADC
calculation.

Furthermore, a T1-weighted TSE axial sequence (TR/TE/FA 700/
9.3 ms/85°, FOV: 200 mm, slice thickness: 3 mm, 256 x 256) and a
T1-weighted TSE StarVIBE FS transversal sequence (TR/TE/FA 3.83/
1.75 ms/9°, FOV: 200 mm, slice thickness: 3 mm, 320 x 320, with an
isotropic resolution of 1 mm?>) were conducted after 0.1 mmol per
kg of bodyweight contrast material (Gadovist© Bayer Healthcare,
Leverkusen, Germany) was injected into the patient. Despite the
fact that dynamic contrast-enhanced and T1-weighted images
were created for clinical assessments, this study only checked for
false positive cases.

Using the eRAD PACS Desktop Viewer 8.0 program, the location
of lesions was evaluated on the ADC map. We selected the tumor's
prominent and most homogeneous part as a benchmark for all en-
tities in this investigation, which used the single-slice measuring
approach.“’ The Region of Interest (ROI) was manually placed on the
most solid part of the tumor, which has the highest signal intensity
on DWI pictures (hyperintense), the lowest signal intensity on the
ADC map,**? and T1-weighted imaging can be used to prevent
false-positive T2-weighted imaging results.*>** (Fig. 1). ADCmean
and ADCyjp were used as standard measurement units to reduce the
impact of tumor heterogeneity in all lesions. In the case of ADCmean
we used the average ADC of the overall area included in the ROI
which is calculated automatically by the software, where “Avg”
represents the average ADC values for all voxels within the ROI and
“Dev” Represents the standard deviation. These were also the
standard units to be used as a reliable parameter because they re-
flected the tumor heterogeneity in the given slice and allowed the
researcher to distinguish the various entities in the same image.*>*
ROI measurements were performed by a trained radiographer.

Clinical evaluation

We aimed to evaluate the 1-year PSA response, meaning that we
looked at 1-year outcomes for all patients. Thus, based on the
median value, two patient groups were created by normalizing the
ratio of the 1-year measured PSA value to the baseline PSA, which
reflects the rate of decline. Accordingly, a “low PSA group” and a
“high PSA group” were established.

A radiation oncologist evaluated and recorded IPSS, and
measured PSA levels throughout follow-up to illustrate kinetics,
and other patient-related data were collected.

Model development, statistical analysis
Python scripts and in-house machine learning models (decision

tree [DT], random forest [RF], and SVM) based on the Python soft-
ware environment for statistical computing (version 3.8; Python
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Software Foundation, Beaverton, OR) were used following the
guidelines of NumPy, SciPy, seaborn, and scikit-learn software
packages for statistical analyses carried out. Circos scripts developed
in Matlab software environment (MATLAB. [2022]. Version R2022a.
Natick, Massachusetts: The MathWorks Inc.) using schemaball add-
on.

For the DT our code uses the DecisionTreeClassifier class from
scikit-learn to create a decision tree classifier object. The fit()
method is then used to train the classifier on the input data. Finally,
the predict() method is used to predict the response to new obser-
vations. In the case of RF, Scikit-learn's RandomForestClassifier class
was used to generate a random forest classifier object. The classifier
is then trained using the fit() function on the input data. Finally, the
predict() technique is employed to forecast the outcome of fresh
observations. In the instance of SVM, code uses the SVC class from
scikit-learn to create a support vector machine classifier object with
a linear kernel and regularization parameter. The fit() method is
then used to train the classifier on the input data. Finally, the pre-
dict() method is used to predict the response to new observations.

In all of our models, scaling (via “StandardScaler”) and cross-
validation (via “cross_val_score”) were done for the raw data.
Because of using binary outputs, DT and RF classifier methods have
been chosen (“DecisionTreeClassifier” and “RandomTreeClassifier,”
respectively). “sklearn.tree” has been split and utilized for training
for the DT model. The RF model was trained and separated using
the “sklearn.ensemble” function. SVM model performed via
“sklearn.svm”. Model filtered by radial basis function (RBF), setting
the two hyperparameters, cost (C) and gamma, to 1 and 0.1,
respectively. Models have been developed to determine the relative
importance of each predictor candidate in the therapy response
classification as measured by the Gini index.

Data analysis

A receiver operating characteristic (ROC) curve was made for the
primary tumor ADC values to assess the predictive value of recur-
rence at any time with the maximum sensitivity and specificity. The
area under the curve (AUC) was calculated during the ROC curve
analysis. AUC must be at least 0.70 to be deemed fair.*®

To check whether the measured ADCpin, ADCmean, age, the vol-
ume of the prostate (volume), initial PSA (iPSA), and 1-year-PSA
values were the normally distributed, the Shapiro—Wilks test*’ was
utilized. The Wilcoxon rank-sum test was used to compare groups
because these tests revealed non-normality distributions of the
ADCin, ADCean, Age, iPSA, Volume, and 1-year-PSA (p < 0.0001,
p < 0.0001, p = 0.0001, p < 0.0001, p < 0.0001, p < 0.0001, respec-
tively) in the population. Spearman'’s correlation coefficient was
used to describe the strength of the correlation between the data
pairs. Statistical significance was defined as p values less than 0.05.

Results

A total of 30 patients were enrolled in this study. The patients'
characteristics are summarized in Table 1. There was no visible
lesion for the remaining patients, or MRI was not evaluable due to
previous neoadjuvant ADT or a contraindication for MRI. The mean
ADCmean (+standard deviation [SD]) and ADCmin values were
78134 + 5615 107 mm?/s (range, 605.66—905.85), and

771.33 + 45.15 10 mm?/s (range, 602.82—898.41), respectively.
Correlation analysis
After a median follow-up of twenty-three months (range:

3-50), the median PSA nadir was 0.01 ng/ml (range: 0.006—2.8).
No biochemical relapse has been detected so far. Although, 45% of
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Figure 1. Axial T1-weighted TSE sequence (A) and axial T2-weighted TSE sequence (B) were used as an anatomical map. On the corresponding ADC map (C), the area of low signal
intensity is shown and measured by the ellipsoid ROI (blue ellipse). The tumor is located in the right posterior transitional zone of the prostate on the right side. The 11 mm
elongated proliferation with irregular borders (blue arrow) shows diffusion restriction (ADCmean: 891.51+-125.30 10-6 s/mm?). *region of interest (ROI) * turbo spin echo (TSE) *

apparent diffusion coefficient (ADC).

Comparison of PSA and IPSS kinetics

0.7 4

0.6

0.5

Value

Baseline Treatment 6-weeks 3-months

6-months
Time

12-months 18-months 24-months 36-months 48-months

Figure 2. Plots represent rescaled average PSA values for patients 2 years after therapy (orange), while the blue color represents rescaled average IPSS values up to 42 months. The
colored ribbons indicate standard deviations. *prostate-specific antigen (PSA) *International Prostate Symptom Score (IPSS).

patients have not yet reached their PSA nadir. The median time to
PSA nadir was 17.6 months (range: 2—34).

The 3-month PSA value, PSA kinetics, and ADC values do not
show significant correlations (p > 0.05). Rescaled average PSA
values 2 years after the therapy and rescaled average IPSS values up
to 42 months showed an overall decreasing trendline in PSA ki-
netics. Due to a lack of data, the PSA values are represented as zero
after 24 months (Fig. 2).

Not statistically significant, but moderate negative correlations
were found between ADCmean and age, and ADCmin and age
(r = —0.4412, p = —0.3762 and r = —0.4728, p = —0.3701). Other-
wise, no further relations were noted between age, iPSA, Volume,
ADCmin, and the ADCmean. The results of the correlation analysis
are summarized in Figs. 3—4, and Supplementary figure 1.

Via the Wilcoxon rank-sum test, the volume did not prove to be
significant (p = 0.1428) (Supplementary figure 2), however group
averages of subjects with low and high 1-year-PSA values showed
statistically significant differences (p < 0.0001, p < 0.0001,
respectively) (Fig. 5), without any further significance for the other
parameters (p > 0.05).

Measured parameters, machine learning, and response

Due to the relatively low number of patients, the ML data of PC
patients were classified into a training (70%) and a validation set
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Figure 3. Circos based on the Spearman correlation coefficients matrix shows the
correlation between the pre-treatment parameters. *Minimum Apparent Diffusion
Coefficient (ADCn) *Pre-treatment/Initial Prostate Specific Antigen (iPSA) *Mean
Apparent Diffusion Coefficient (ADCpnean). *prostate-specific antigen (PSA).
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Correlation plots
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Figure 4. Correlation plots (linear regression along with 95% CI - lower triangle) with Spearman correlation coefficients and histograms (diagonal) are shown in the plot matrix of
pre-treatment data. *Minimum Apparent Diffusion Coefficient (ADCp,n) *Pre-treatment/Initial Prostate Specific Antigen (iPSA) *Mean Apparent Diffusion Coefficient (ADCean)-

*prostate-specific antigen (PSA) *confidence interval (CI).

(30%). As a result, the developed random forest model out-
performed the decision tree and the support vector machine model
in prediction, with corresponding areas under the curves (AUC) of
0.722, 0.685, and 0.5, respectively. Table 2 shows the performance
of the RF model. The relative importance ranks of the features are in
Fig. 6, whereas ADCpj, ranked third. The process is visualized in
Fig. 7.

Discussion

Overall, this study mainly focused on DWI imaging parameters’
combined role in predicting biochemical response to therapy in PCa
patients. After a 2-year median follow-up, no biochemical relapse
was detected in our study, which compares favourably with the
literature.*®*° This retrospective analysis demonstrates correla-
tions between baseline MRI-DWI-based measures (ADCpin, ADC-
mean) and cancer-specific characteristics (iPSA, Volume) and
emphasizes their influence on the therapeutic response (low 1-
year-PSA- and high 1-year-PSA group). As an outcome of this
study, we found that machine learning can be utilized to forecast
the response of prostate cancer treated with SABR using MRI-DWI
values.
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Risk stratification is essential for selecting the best PCa treat-
ment plan and forecasting patient outcomes. The most crucial
prognostic markers for predicting the success of the therapy (e.g.,
biochemical failure [BF]) in patients after radical prostatectomy are
pre-treatment PSA levels, clinical stage, and GS.°° However, addi-
tional elements like RT dose, irradiation fields, and ADT were
discovered to be connected to BF in patients who undergo defini-
tive RT.°™°2 Thus, a detailed evaluation of the entire prostate is
necessary before performing definitive RT, in which the staging is
based on clinical and radiologic findings, and the histological
evaluation is based primarily on prostate biopsy results. Therefore,
non-invasive techniques may be a good alternative for assessing the
whole prostate and tumor biology before RT. These were areas
where DWI-MRI shows promise since it allows for examination of
the entire prostate gland, significantly decreasing the chance of
sampling error during a biopsy.

The quantification of tumors is made possible by DW-MRI cal-
culations generated from ADC. A measure known as the apparent
diffusion coefficient is a quantitative metric employed in MRI to
assess the microstructure of tissue, particularly in the context of
malignant prostate cancer. ADC measurements can be used to
evaluate the aggressiveness of PCa, as higher ADC values are typi-
cally associated with lower tumor grade and a more favorable
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Figure 5. Violin-plots show the distributions of ADCmin (upper) and ADCmean
(lower) parameters in the therapy response-based subgroups, patients who achieve
low PSA group and high PSA group. The sample mean is indicated by the colored dot.
The significant p-value of the Wilcoxon rank-sum test is denoted by a star. *Minimum
Apparent Diffusion Coefficient (ADCp,in) *Mean Apparent Diffusion Coefficient
*(ADCmean) Prostate Specific Antigen.

prognosis. The presence of more cells, larger nuclei, more macro-
molecular proteins, and less extracellular space in malignant tu-
mors may result in lower ADC readings.”® In PCa patients, earlier
research showed a negative correlation between ADC values and
tumor aggressiveness,”*>> which was also confirmed in our study.
In addition, Chatterjee et al. discovered a negative correlation be-
tween GS and ADC values and lower ADC values in patients with
high-risk characteristics such as a high serum PSA level, stage, or
tumor grade, implying that ADC values could be used to predict
prognosis.”® Despite this earlier study, we found no relevant

Table 2
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Feature importance
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Figure 6. Feature importance plot of all relevant parameters (relative importance).
Classification using a random forest identification of the features that could have the
most significant effect on differentiating the study groups ordered according to their
Gini coefficient. *Minimum Apparent Diffusion Coefficient (ADCpin) *Mean Apparent
Diffusion Coefficient (ADCpean). *Gleason score (GS), *Pre-treatment/Initial Prostate
Specific Antigen (iPSA) *prostate-specific antigen (PSA).

connection between tumor ADC values and early elevated blood
iPSA levels in our SABR patient group; we only found a significant
correlation with the 1-year post-therapy PSA. Onal et al. noted that
patients who progressed had a lower mean ADC value than those
who did not, with a considerably larger patient population
(n = 503).%* In our single-institute study, there was no progression.
ADC plays a fundamental role in contemporary PCa diagnosis,
characterization, and prognostication, contributing to enhanced
patient management and treatment selection.

In our case, we had higher and lower 1-year PSA level groups.
Interestingly, we observed a significant difference in ADC values
between the two groups in our early, only after 1-year follow-up
setting. Its predictive value needs to be confirmed by long-term
clinical results. Utilizing them as a guide, we recognized a pattern
that helped us identify the therapy result for our IRPCa patients
throughout the shorter follow-up. Besides, not statistically signifi-
cant, but moderate negative correlations were found between ADC
and age, which is probably due to alteration in the cellular water
with advancing age.

The ROC analysis in our study proved the clinical utility of the RF
model, which outperforms the DT and SVM models. Dutta et al.
found that the RF model can be used well to predict biochemical
recurrence. In their study, they investigated different segmentation
methods (manual, automatic) based radiomics and found that
manual segmentation based features best predicted the biochem-
ical recurrence.”’ We can also strengthen the role of RF. Never-
theless, researchers are still divided over which model performs
better. Chen et al. found that predicting SVM models was the best,

Confusion matrix and classification report for random forest. Classification report for a machine learning model. Table shows the precision, recall, f1-score and support for
each class in the dataset. The precision is the ratio of correctly predicted positive observations to the total predicted positive observations. Recall is the ratio of correctly
predicted positive observations to the all observations in actual class. F1-score is the harmonic mean of precision and recall. Support is the number of samples of the true
response that lie in that class. The accuracy is the ratio of correctly predicted observations to the total observations. Macro average is the unweighted mean of precision, recall
and f1-score. Weighted average is the weighted mean of precision, recall and f1-score. The last two rows show how many samples were mislabeled in the training and test sets.

Precision Recall f1-score Support Number

Test dataset 0.77 0.60 0.67 4

Training dataset 0.70 0.75 0.77 4

Accuracy - - 0.72 8

Macro average 0.73 0.72 0.72 8

Weighted average 0.73 0.72 0.72 8
Mislabeled in the training set 1
Mislabeled in the test set 2
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Figure 7. Flow chart of machine learning used for prediction. *prostate-specific antigen (PSA).

followed by RT and DT. Regarding prediction, the researchers
discovered that SVM models performed the best, with RT and DT
following.”® Even though SVM may perform better with smaller
samples, the low number of elements in our analysis may cause this
mismatch.

PSA kinetics are unlikely to be related to baseline ADC values.
The curve's trendline indicates a downward trend, but after 12—18
months, a new peak may be visible, followed by a tendency for
values to become zero. It is indeed probably because of the effects
of androgen therapy, but further research is still needed. Greci et al.
found that 3-month PSA density and 3—6 months PSA slope are
predictive of long-term freedom from biochemical relapse. How-
ever, in our case, we do not find any evidence of the short-term
predictive value of these values, nor do we find a correlation be-
tween these and 1-year-PSA values.”*

Several limitations must be acknowledged. The limited number
of cases, along with the retrospective nature of the imaging study,
represents the main restriction. Although we analyzed the associ-
ation between pre-treatment DWI and 1-year-PSA values, in SABR
the PSA decline is relatively slow. In large series’” it took a median
of 22.6 months. Therefore a repeated analysis of a larger number of
patients including PSA kinetics at different time points and the
reached lowest value of PSA is warranted. For some machine
learning techniques, more than the sample size might be required.
Second, the training and test datasets came from the same hospital,
necessitating further external validation at different institutions to
support the results. Third, our models should be empowered by
other possible predictors or variables. Such as positron emission
tomography-based uptake values (e.g., metabolic tumor volume
[MTV], total lesion glycolysis [TLG]) and their ratios with ADC
values might have been included, altogether the dynamic contrast-
enhanced magnetic resonance imaging (DCE-MRI) derived volume
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transfer constant (K"3"%), Based on our pilot study, we would then
broaden our research to examine multicenter data as well as the
International Stereotactic Radiosurgery Society (ISRS) European
database of SABR patients for additional analysis.

In the future, a larger and more diverse patient cohort can be
investigated. The study included a relatively small sample size of 30
patients. A larger and more diverse cohort would provide more
robust evidence for the predictive value of diffusion parameters for
PSA response in PCa patients treated with SABR. Moreover, vali-
dation of independent data would be a great option for future
research. To further strengthen the findings, the predictive per-
formance of the machine learning models should be validated on
an independent dataset of patients with PCa treated with SABR.
This would help to ensure that the results are not specific to the
patient population in the original study. The study provided pre-
liminary evidence for the potential of using machine learning to
predict PSA response in PCa patients treated with SABR. Future
research should focus on developing clinical decision support tools
that can incorporate machine learning predictions into patient care.

The first assessment examining a homogeneous group of pa-
tients (low-intermediate risk patients treated with SABR) while
using DWI was carried out in this study. In addition, as mentioned
earlier, the predictive value of the group using machine learning is
also being investigated for the first time in this study.

Conclusion

Using our developed, validated, and compared machine learning
methods, pre-treatment MRI-DWI values may predict short-term
biotherapeutic response in PCa patients treated successfully
(without biochemical relapse) with SABR.
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The strength of this study is the use of an MRI-DWI parameter,
which includes diffusion evaluations. Moreover, ADCp,j, and ADC-
mean Values significantly predicted the clinical outcome; thus, their
inclusion in risk stratification may be of additional value for pre-
dicting patient treatment outcomes.
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