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Abstract

Accurate prediction of inter-fractional tumor volume changes may improve the
efficiency and personalization of magnetic resonance-guided adaptive radiotherapy
in prostate cancer (PCa). This study investigates the feasibility of using machine
learning algorithms to predict inter-fraction gross tumor volume (GTV) changes in
PCa during adaptive radiotherapy (ART), aiming to identify the optimal similarity
coefficient and model to improve ART decision-making. Retrospective magnetic
resonance images from 22 PCa patients treated using the ViewRay MRIdian LINAC
system were analyzed.The GTV of each patient was recorded before treatment (GTV,)
and during five fractions (GTV, ). Four different similarity coefficients—dice, Jaccard,
Tanimoto, and Ochiai similarity coefficients (DSC, JSC, TSC,and OSC)—were calculated
to evaluate inter-fractional GTV variations. Machine learning models—artificial neural
networks (ANNs), extreme gradient boosting machine, random forests, classification
and regression trees, and k-nearest neighbors—were trained with appropriate
hyperparameters to predict tumor volume changes between fractions. Their
predictive performances were compared to determine the most effective algorithm.
The ANN model demonstrated superior performance in predicting GTV variations
across treatment fractions. Among the similarity coefficients, DSC contributed most
to predicting inter-fractional tumor volume changes, while OSC had the least impact.
The ANN model achieved the highest predictive performance on the independent
test dataset (R? = 0.822). These findings indicate that ANN models can successfully
predict inter-fractional GTV variations in PCa, thereby providing valuable support for
ART decision-making. Incorporating DSC-based similarity analysis may facilitate ART
planning and improve clinical outcomes. The study supports integrating Al-based
methods into the ART workflow.

Keywords: Prostate cancer; Adaptive radiotherapy; MRIdian LINAG; Gross tumor volume;
Machine learning; Similarity coefficients
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1. Introduction

Prostate cancer is the second most common cancer in men
and a leading cause of cancer-related deaths worldwide.!
Radiotherapy remains a primary treatment modality for
prostate cancer, offering effective tumor treatment while
minimizing damage to surrounding healthy tissues.”
Several studies have detected changes in tumor volume
and in peripheral organs at risk during radiotherapy,
leading to the development of adaptive radiotherapy
(ART).>*? ART is an effective method for detecting and
evaluating radiation-induced changes in the gross tumor
volume (GTV) and organs at risk. This method involves
re-imaging and re-optimization of the treatment plan,
particularly focusing on the GTV, prior to each treatment
fraction.

Recent advances in machine learning and artificial
intelligence (AI) have provided new opportunities for ART
decision-making. Various Al-driven models have been
developed to predict GTV changes, optimize treatment
planning, and automate segmentation processes.”**
Machine learning algorithms have demonstrated their
potential in predicting when ART is required, reducing
unnecessary plan modifications while ensuring precise
dose delivery.®* Studies have utilized machine learning
algorithms to predict the need for ART. Rachi et al.?®
developed a machine learning-based framework for ART
decision-making in head and neck cancer, achieving an
accuracy of over 90% in predicting ART requirements.
Similarly, Nasief et al.* developed a machine learning
model that uses data from the magnetic resonance (MR)-
linear accelerator (LINAC) device to decide whether
online ART is necessary for pancreatic cancer. Parchur et
al? developed a machine learning model to predict the
need for daily online ART in pancreatic cancer, using the
similarity index measure and entropy changes, achieving
an area under the curve (AUC) of 0.93. However, machine
learning-based studiesaimed at predicting the need for ART
in prostate cancer remain limited. Most existing research
focuses on head and neck, lung, and pancreatic cancers,
and there is currently no sufficiently comprehensive model
for predicting ART necessity in prostate cancer.

Existing studies primarily focus on tumor volume
tracking and segmentation rather than directly predicting
the need for ART. In the present study, we evaluated the
performance of five different machine learning algorithms
(artificial neural networks [ANNs], extreme gradient
boosting machine [XGBM], random forests, classification
and regression trees [CART], and k-nearest neighbors
[KNNs]) in predicting GTV changes in prostate cancer
patients undergoing ART. In addition, we determined
which of the dice, Jaccard, Tanimoto, and Ochiai similarity

coefficients (DSC, JSC, TSC, and OSC) is most effective in
assessing inter-fractional GTV change in prostate cancer.

Although ART applications for prostate cancer have
significantly advanced in recent years, accurately and
reliably modeling inter-fractional changes in tumor
volume remains an unmet clinical need. While the
literature contains several machine learning-based
predictive frameworks for head and neck, lung, and
pancreatic cancers, comprehensive approaches directly
addressing tumor volume variations in prostate cancer are
scarce. Most existing studies have primarily focused on
tumor volume tracking or image segmentation, rather than
on establishing predictive decision-support mechanisms
capable of proactively identifying the necessity of ART. The
originality of our study lies in the quantitative evaluation
of volumetric parameters derived from retrospective MR
images using multiple similarity coefficients (DSC, JSC,
TSC, and OSC), and in the systematic assessment of these
features across five different machine learning algorithms
(ANN, XGBM, random forest, CART, and KNN).
By employing volume-based numerical dissimilarity
measures instead of relying solely on complex image-
processing methodologies, our study introduces a novel
and streamlined approach to modeling inter-fractional
variations.

The central hypothesis of this research is that ANNS,
particularly when trained with DSC-based similarity
metrics, can outperform other algorithms in predicting
prostate cancer tumor volume changes across treatment
fractions, thereby offeringa moreaccurate and generalizable
framework for ART decision-making. This predictive
capability has the potential to minimize unnecessary
replanning, optimize personalized dose distribution, and
ultimately enhance treatment efficiency for individual
patients. In this context, our work contributes not only
by comparing algorithmic performances and similarity
measures but also by proposing a clinically applicable
model that integrates Al directly into ART workflows.
Thus, the present study provides radiation oncologists
and medical physicists with a new perspective on ART
planning, emphasizing a predictive and patient-specific
strategy that may significantly improve treatment precision
and clinical outcomes.

The aim of this study is to compare the performance
of different similarity coefficients and machine learning
algorithms in predicting potential inter-fractional GTV
changes in ART for prostate cancer.

2. Materials and methods

This study analyzed retrospective MR images of 22 prostate
cancer patients, each image treated in five fractions, using
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an MRIdian LINAC system (ViewRay, United States [US])
(Table 1). MR images were acquired using the integrated
0.35-T MRI unit of the ViewRay MRIdian LINAC system
and were retrieved retrospectively from the MRIdian
treatment planning system (Department of Radiation
Oncology, Faculty of Medicine, Actbadem Mehmet Ali
Aydinlar University, Istanbul, Tiirkiye).

2.1. Calculation of similarity values

Dice similarity coefficient, JSC, TSC, and OSC were used
to analyze the change between volumes. Their calculations
are as follows:

(i) Dice similarity coeflicient” is used to measure the
level of agreement between two segmentations. Let A
and B be the target regions for the DSC calculation.
Criterion of similarity between target regions:

2(ANB)

A+B m

DSC(4,B)=

(ii) Jaccard similarity coefficient®® expresses the
intersection of two sets divided by their union. Its
mathematical representation is:

ANB _ ANB

S4B =208~ A% B-NB)

(2)

(iii) Tanimoto similarity coefficient™ is formalized using
statistical decision theory, measuring true positive
(TP), true negative (TN), false positive (FP), and false
negative (FN):

P |ANB]

TSC(4,B) = -
TP+FP+FN |A—B|+|B—A|+(ANB)

(3)

(iv) Ochiai similarity coefficient (also known as Ochiai
Otsuka similarity)* is calculated as follows:

[4NB]

OSC(A4,B) =
|4 B|

(4)
Here, |ANB| represents the intersection of two sets, and
JI4|-| B| represents the square root of the product of the
two sets. DSC, JSC, TSC, and OSC take values between 0
and 1. When the value is close to zero, the similarity is low;
when it is close to one, the similarity is high.

In this study, GTV was defined as the entire prostate
gland contoured on MR images within the MRIdian LINAC
treatment planning system. All analyses were conducted
based on whole-prostate volumes. All prostate contours
were delineated using a single experienced radiation
oncologist in accordance with institutional contouring
protocols. No multiple independent contour sets were
generated, and no contour averaging was performed. All
prostate delineations and inter-fraction comparisons were
performed on T2-weighted MR images acquired with

the MRIdian LINAC system (0.35 Tesla). Imaging was
conducted using the system’s integrated MR imaging unit
with a standard abdominal surface coil configuration. No
endorectal coil was used during image acquisition. The
same imaging protocol was applied for baseline and all
treatment fractions to ensure consistency in volumetric
comparisons.

The models were not designed to predict GTV, using
the similarity between GTV and GTV,. Each fraction
was analyzed independently, and the similarity coefficient
between GTV, and the corresponding fraction was used
to model the volume change of that specific fraction. All
patients were treated with a five-fraction stereotactic body
radiotherapy protocol using the MRIdian LINAC system.
Therefore, analyses were performed based on five treatment
fractions in accordance with the clinical treatment scheme.
Initially, GTV, was plotted and recorded in the MRIdian
LINAC treatment planning system before treatment.
Then, the GTV, in the first fraction, GTV, in the second
fraction, GTV, in the third fraction, GTV , in the fourth
fraction, and GTV, in the fifth fraction were plotted for
each patient and recorded in the system. The intersection
volumes of GTVONGTV1, GTVONGTV2, GTVONGTV3,
GTVONGTV4, and GTVONGTV5 were generated for the
intersection values using Equations 1-4. GTVs recorded
in the treatment planning system for each patient were
used to calculate DSC, JSC, TSC, and OSC, based on the
volumes of the intersection and union.

2.2. Development of machine learning models

This study employed several machine learning algorithms,
including ANN, XGBM, random forest, CART, and KNN.

2.2.1. Machine learning pipeline and training
procedure

All analyses were performed using Python (version 3.9;
Python Software Foundation, US) with the scikit-learn and
XGBoost libraries. For each patient, intersection volumes
between baseline GTV  and fraction-specific GTV, _ were
extracted from the treatment planning system. These
intersection volumes were used to compute four similarity
coeflicients (DSC, JSC, TSC, and OSC).

The similarity coefficients, together with the
corresponding GTV volumetric measurements, were
used as input features for the machine learning models.
Continuous variables were standardized prior to modeling
using StandardScaler, and no missing data were present in
the dataset.

The dataset was divided into training (85%) and test
(15%) subsets using patient-level splitting to prevent intra-
patient data leakage. All models were trained exclusively on
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the training dataset using the predefined hyperparameters
reported in Table 2. Hyperparameters were selected based
on preliminary experiments and prior literature to achieve
stable model performance.

Model performance was evaluated on the independent
test dataset using regression metrics, including the
coefficient of determination (R?). These metrics were
calculated for both the training and independent test
datasets to assess model performance and generalization.
Overfitting was assessed by comparing training and test
performance metrics and by analyzing learning curves
describing model performance across varying training set
sizes. Feature importance analysis, where applicable, was
used to assess the relative contribution of the similarity
coefficients (DSC, JSC, TSC, and OSC) to the predictive
models. The entire analytical workflow was implemented
using a consistent and reproducible pipeline.

2.2.2. Data splitting and leakage prevention

To minimize the risk of data leakage and ensure statistical
validity, dataset splitting was performed at the patient level
rather than the observation level. All fraction-specific
measurements belonging to a single patient were assigned
exclusively to either the training or the test set, preventing
information from the same patient from appearing in both
subsets and eliminating intra-patient dependency leakage.

The dataset was divided into 85% for the training set
and 15% for the test set using patient-level splitting. All
preprocessing steps, including feature calculation and
normalization, were performed after the train-test split
and applied independently to each dataset. The test set was
strictly held out and used only for final model evaluation.

2.3. Model validation strategy and prediction task
definition

Model validation was performed at the patient level to
ensure that model evaluation reflected performance on
previously unseen patients. The predictive modeling
task was formulated as a regression problem in which
continuous inter-fractional GTV changes were estimated.
The target variable for the regression models was defined
as the inter-fractional GTV change relative to the baseline
volume (AGTV).

3. Results

All DSC, JSC, TSC, and OSC were calculated using the
GTV change values obtained in each treatment fraction.
Using these similarity coeflicients and inter-fraction GTV
change values for prostate cancer, five machine learning
models were developed, including ANN, XGBM, random
forest, CART, and KNN.

In this study, the performance of different machine
learning algorithms was analyzed. The relationship
between training and test performance was examined to
evaluate the generalization ability of the models. Therefore,
both the training and test performances were examined to
determine whether the five models used in the study were
appropriately trained and how well they performed on new
data.

As shown in Table 3, the training R? values of the five
models ranged from 0.948 to 0.985, indicating that all
machinelearningalgorithms performed well on the training
sets. Random forest achieved the highest training R* value
(0.985) but showed a lower performance on the test dataset
(R* = 0.696) compared to other models. These results
indicate that random forest may perform weaker than
the other algorithms when applied to new data. A notable
difference between the training and test performances of
the random forest model was observed compared to the
other algorithms. This discrepancy suggests the model may
be overfitting, given its high training performance.

The ANN model had the lowest training R* value
(0.948) but achieved the highest test R* value (0.822). It was
also observed that the difference between the training and
test performances of the ANN was smaller than that of the
other algorithms. When the training and test performances
were considered together, the ANN model appeared to be
effectively trained, as the results across both datasets were
relatively close. The ANN model, therefore, demonstrated
better generalization performance than the other models.
In contrast, the XGBM model achieved a high training R?
value (0.977), while its performance on the test dataset was
comparatively lower.

The KNN and CART models demonstrated lower
predictive performance compared with other algorithms.
Their performance on the training and test sets was similar.
The performance of the models, measured by R2 score,
across different training set sizes is shown in Figure 1.
The R? learning curve illustrates how model performance
changes as the amount of training data increases. The
results indicate that although the XGBM model performed
well on the training set, the ANN model achieved the best
predictive performance on the test set. Furthermore, the
R? curve shows that the ANN maintained relatively stable
predictive performance across the range of training set
sizes. This suggests that while some algorithms become
more susceptible to overfitting as the training set size
increases, the ANN model provides stable predictive
capability.

A model feature importance analysis was performed to
determine which of DSC, JSC, TSC, and OSC contributed
most to the predictive models. DSC showed the greatest
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contribution among the similarity features, exerting a
greater influence on the algorithms than other similarity
coeflicients (Figure 2). Among the models, ANN was the
most prominent model. In addition, OSC had the lowest
contribution. Therefore, the OSC values were removed

from the dataset, and the models were rebuilt. However,
Figure 3 shows a slight decrease in OSC prediction
performance. Although OSC had a lower importance
score, removing it from the dataset slightly reduced the
predictive performance, indicating that it still contributed
to the model.

Figure 1. Success rates for machine learning algorithms as the training size changes
Abbreviations: ANN: Artificial neural network; CART: Classification and regression trees; KNN: K-nearest neighbor; XGBM: Extreme gradient boosting

machine.

Figure 2. Feature importance for machine learning algorithms

Abbreviations: ANN: Artificial neural network; CART: Classification and regression trees; DSC: Dice similarity coeflicient; JSC: Jaccard similarity
coeflicient; KNN: K-nearest neighbor; OSC: Ochiai similarity coefficient; TSC: Tanimoto similarity coefficient; XGBM: Extreme gradient boosting machine.
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Figure 3. The performance of machine learning algorithms after removing the Ochiai similarity coefficient from the dataset
Abbreviations: ANN: Artificial neural network; CART: Classification and regression trees; KNN: K-nearest neighbor; XGBM: Extreme gradient boosting

machine.

Table 1. Summary of baseline and inter-fractional GTV variations in prostate cancer

Fraction Mean GTV (cm?®) AGTV (cm?)? Relative change (%)® SD (cm?)
GTV, (Baseline) 61.61 - 21.81
GTV, 60.75 -0.86 -1.40 21.07
GTV, 61.29 -0.32 -0.52 20.98
GTV, 61.89 +0.28 +0.45 20.60
GTV, 62.38 +0.77 +1.25 21.59
GTV, 62.20 +0.59 +0.96 20.86
GTVn-GTV0

Notes: *AGTV = Mean GTV, — Mean GTV ; "Relative change (%) =

the GTV, mean (61.61 cm®) using fraction means.
Abbreviation: GTV: Gross tumor volume.

4, Discussion

According to the study results, among the five
machine learning algorithms trained with appropriate
hyperparameters, ANN achieved the highest performance.
The evaluation metrics demonstrate that ANN
outperformed the other models in terms of predictive
performance and generalization, making it the most
effective model in this study. As a result, ANN appeared
to be the most suitable algorithm among the evaluated
models. In this study, where similarity measures were
compared, DSC showed the strongest contribution among
the evaluated metrics. This indicates that DSC is important
for reliable predictions in treatment planning and that it

GTVO0

x 100; AGTV and relative change values were calculated relative to

may serve as a valuable parameter in clinical applications.
As a result, by estimating GTV changes in each treatment
fraction in prostate cancer, this approach may help
determine which treatment fractions could benefit from
ART at the beginning of treatment.

Such approaches may provide practical support for
radiation oncologists and medical physicists during the
treatment planning process. In addition, understanding
the radiotherapy response of GTV (tumor shrinkage,
growth, displacement, etc.) may facilitate adaptation of
the radiotherapy plan at different treatment stages and
improve treatment delivery. In this way, this approach may
improve radiotherapy response and treatment efficacy
when potential GTV changes occur.
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Table 2. Hyperparameters used in machine learning algorithms

Machine learning models Hyperparameters Values
alpha 0.1
ANN
hidden layer sizes 300, 200, 150
colsample_bytree 0.5
learning_rate 0.01
XGBM &
max_depth 2
n_estimators 1000
max_depth 6
Random forest max_features 3
n_estimators 500
max_leaf_nodes 11
CART
min_samples_split 5
KNN n_neighbors 3

Abbreviations: ANN: Artificial neural network; CART: Classification and regression trees; KNN: K-nearest neighbor; XGBM: Extreme gradient boosting

machine.

Table 3. Training and testing R” values of machine learning algorithms

Machine learning models Training R? Testing R*
ANN 0.948 0.822
XGBM 0.976 0.725
Random forest 0.985 0.696
CART 0.964 0.703
KNN 0.957 0.766

Abbreviations: ANN: Artificial neural network; CART: Classification and regression trees; KNN: K-nearest neighbor; XGBM: Extreme gradient boosting

machine.

The findings of this study align with previous research
highlighting the potential of machine learning applications
in ART. In the literature, various machine learning-based
modeling approaches have been proposed to enhance
decision-support processes in ART.?"*?"* For example,
Thomas et al.* employed ANN models to predict intra-
fraction dose distributions in MR-guided therapy and
reported consistent performance across fractions. Similarly,
the superior predictive performance of the ANN algorithm
on the test set observed in this study is consistent with prior
findings by Kai et al** and Khalifa et al.,"”” which emphasize
the high generalization capability of ANNs. In this context,
ANN models appear to be a promising tool for modeling
complex structural variations in radiotherapy planning.

Unlike previous studies using image processing
techniques, this study focuses on geometric and
morphological changes and uses only volume-based
numerical similarity coefficients. This numerical approach
enabled the prediction of GTV changes without complex

image processing. The ANN model demonstrated strong
predictive performance when applied to this simplified data
structure. Consequently, the study offers a streamlined,
interpretable, and practically applicable modeling strategy
as an alternative to image-based methods.

The findings of this study provide evidence that
ANN demonstrates superior performance in predicting
inter-fractional GTV changes in prostate cancer patients
undergoing ART. Compared with other machine learning
algorithms tested, including XGBM, random forest, CART,
and KNN, ANN exhibited the highest test performance
and the most balanced generalization between training and
test sets, thereby minimizing the risk of overfitting. This
outcome highlights the robustness of ANNs in handling
the complex and nonlinear dynamics of tumor volume
during radiotherapy. Importantly, the results also revealed
that among the evaluated similarity coefficients, the DSC
contributed most to predicting inter-fractional variations,
whereas the OSC contributed least. These findings are
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consistent with prior literature emphasizing the relevance
of DSC in volumetric comparison and its clinical utility in
treatment planning. Unlike several previous investigations
that primarily focused on segmentation accuracy or
geometric tracking, our study proposed a simplified and
interpretable framework based on numerical similarity
measures, thereby reducing reliance on computationally
intensive image processing techniques.

Thesuperior performance ofthe ANN model observedin
this study may be explained by its ability to capture complex
and nonlinear relationships between similarity coefficients
and inter-fractional GTV variations. Tumor volume
dynamics during ART are influenced by multifactorial
geometric and anatomical changes that are unlikely to
follow strictly linear or rule-based patterns. ANNs are
universal function approximators capable of modeling
nonlinear feature interactions and subtle dependencies
among input variables. In our dataset, the similarity
coeflicients (DSC, JSC, TSC, and OSC) are mathematically
related yet not identical, and their combined effects on
volumetric variation may involve nonlinear interactions.
The ANN architecture, with multiple hidden layers,
is well-suited to learn such interaction effects without
requiring explicit feature engineering. In contrast, tree-
based models, such as random forests and CART, although
flexible, tend to overfit, as reflected by larger discrepancies
between training and test performance. This behavior may
be attributable to the relatively limited sample size and the
structured nature of the input features, which can lead to
excessive model flexibility and increased variance. The
ANN model, in comparison, exhibited a more balanced
bias-variance trade-off and more stable generalization
across varying training set sizes. These findings suggest
that, under the present data structure, ANN provides a
more robust modeling framework for capturing inter-
fractional tumor volume dynamics in prostate ART.

The comparative analysis of different machine learning
algorithms, the evaluation of model generalizability
through overfitting assessment, the combined examination
of various similarity coefficients, modeling based on real
patient data, and the proposal of an approach that can
directly contribute to clinical decision-making represent
the main strengths of this study. This methodological
novelty strengthens the translational potential of our
results, as the predictive models can be more easily
integrated into existing ART workflows. Nevertheless,
certain limitations warrant consideration. Limitations of
this study include the retrospective and single-institution
design, the relatively small sample size of 22 patients,
and the exclusive reliance on GTV changes without
accounting for organs-at-risk dynamics, restricting the
generalizability of the findings. Although patient-level

data splitting was used to reduce data leakage risk, the
absence of external validation limits the strength of the
conclusions. Furthermore, although the machine learning
models used offer several advantages, they have inherent
limitations such as overfitting, poor generalization, and
computational inefficiency in large datasets. Additionally,
only four similarity measures (DSC, JSC, TSC, and
OSC) were evaluated; other potential measures were
excluded. For these reasons, more comprehensive and
multicenter studies are needed in the future. Moreover,
while ANN outperformed other algorithms in this study,
future investigations with larger and more heterogeneous
patient cohorts are necessary to validate the scalability and
clinical robustness of the model. Despite these limitations,
the present study underscores the promise of machine
learning-driven decision-support systems for personalized
ART in prostate cancer, potentially enabling more efficient
allocation of clinical resources, reducing unnecessary
replanning, and improving treatment precision.

5. Conclusion

This study will serve as an important guide for future
similar studies and for improving medical treatment
processes. In addition, tumor volume changes can
be predicted by machine learning algorithms during
prolonged treatments such as hyperfractionation. This
will provide significant practical benefits from the use of
machine learning algorithms in long-term treatments and
in situations where ART is difficult to apply. This study has
been a source of inspiration for improving the treatment
process. In our future studies, we plan to contribute to the
treatment of diverse patient populations using machine
learning algorithms by adding tumor volumes from the
abdomen and thorax to the dataset.
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