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Abstract

Glioblastoma multiforme (GBM) is an aggressive and lethal brain tumor with limited treatment options

and a poor prognosis. Radiotherapy is a cornerstone of GBM management, yet predicting treatment

response remains a challenge due to tumor heterogeneity. Artificial intelligence (Al), particularly machine
learning (ML) and deep learning (DL), has emerged as a promising tool for enhancing predictive accuracy
and personalizing treatment strategies. This systematic review evaluates the current advancements in Al-
driven models for predicting radiotherapy outcomes in GBM patients. A comprehensive search of PubMed,

Scopus, and Web of Science identified 35 relevant studies employing various Al methodologies, including

ML, DL, and hybrid approaches. The results indicate that convolutional neural networks (CNNs) and

hybrid Al models incorporating radiomics and genetic biomarkers achieved the highest predictive

performance, with accuracy rates ranging from 75% to 92% and area under the curve (AUC) values up to

0.91. Despite these advancements, challenges such as data heterogeneity, small sample sizes, and model

interpretability remain significant barriers to clinical implementation. Future research should focus on

large-scale multicenter collaborations, the integration of multi-omics data, and the development of
explainable Al (XAI) models to enhance transparency and clinical applicability.

This systematic review aims to:

1. Comprehensively evaluate the performance characteristics of various Al models in predicting key
radiotherapy outcomes for GBM, including overall survival (OS), progression-free survival (PFS),
patterns of failure, and treatment-related toxicities such as radiation necrosis

2. Assess the incremental value of integrating multiple data modalities (e.g., structural and functional
imaging, molecular biomarkers, dosimetry) in predictive model performance

3. Critically examine methodological considerations in Al model development and validation specific to
GBM radiotherapy applications

4. Identify current barriers to clinical implementation and propose pathways for translation of these
technologies into routine neuro-oncology practice
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1. Introduction

1.1 Epidemiology and Clinical Significance of GBM

Glioblastoma Multiforme (GBM), classified as a Grade IV glioma by the World Health Organization

(WHO), represents the most common and aggressive primary malignant brain tumor in adults. With an

annual incidence of 3-4 cases per 100,000 population in the United States, GBM accounts for

approximately 15% of all primary brain tumors and 48% of malignant cases. The disease demonstrates a

slight male predominance (1.6:1 male-to-female ratio) and peaks in incidence between ages 45-75 years,

though it can occur at any age.

The clinical presentation of GBM varies according to tumor location but commonly includes progressive

neurological deficits (60-70% of cases), seizures (20-40%), and symptoms of increased intracranial

pressure such as headaches, nausea, and vomiting. Neuroimaging typically reveals heterogeneously
enhancing mass lesions with central necrosis and extensive peritumoral edema, often crossing midline
structures via corpus callosum involvement ("butterfly glioma").

Despite aggressive multimodal treatment incorporating maximal safe surgical resection followed by

radiotherapy with concurrent and adjuvant temozolomide chemotherapy, the prognosis remains

exceptionally poor. Current standard-of-care treatment yields median overall survival of only 12-15

months, with 2-year survival rates of approximately 25-30% and 5-year survival below 5%. This grim

outlook has remained essentially unchanged over the past two decades, underscoring the critical need for
innovative approaches to improve therapeutic outcomes.

1.2 Radiotherapy in GBM Management: Current Paradigms and Limitations

Radiotherapy has been a cornerstone of GBM treatment since the landmark Brain Tumor Study Group

trials in the 1970s demonstrated its survival benefit. The current standard radiation regimen involves

delivering 60 Gy in 2 Gy fractions over 6 weeks to the surgical cavity and residual enhancing tumor with

a 1.5-2 cm margin, using sophisticated techniques such as intensity-modulated radiotherapy (IMRT) or

volumetric modulated arc therapy (VMAT).

However, several fundamental challenges limit the effectiveness of radiotherapy in GBM:

1. Infiltrative Growth Pattern: GBM cells typically migrate several centimeters beyond the visible
tumor margins on conventional MRI, creating a "target definition dilemma" where comprehensive
coverage must be balanced against dose constraints to critical normal brain structures.

2. Radioresistance Mechanisms:

o Intrinsic resistance mediated by tumor hypoxia, stem-like cell populations, and aberrant DNA damage
repair pathways

o Adaptive resistance through treatment-induced phenotypic changes and microenvironmental

remodeling

Toxicity Considerations:

Acute effects: Fatigue, alopecia, skin reactions

Subacute complications: Somnolence syndrome, pseudoprogression

Late toxicities: Radiation necrosis (15-25% incidence), cognitive decline

Interpatient Heterogeneity: Marked variability in treatment response exists even among patients with

~ 0 0 o W

similar clinical and molecular characteristics, suggesting currently unrecognized biological determina-
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nts of radiosensitivity.

1.3 The Promise of Artificial Intelligence in Radiation Oncology

Artificial intelligence, particularly machine learning and deep learning, has emerged as a transformative

force across medical specialties. In radiation oncology, Al applications span the entire workflow from

automated treatment planning to outcome prediction. For GBM specifically, Al offers several unique

advantages:

1. High-Dimensional Pattern Recognition:

o Ability to detect subtle, non-linear relationships in complex datasets that may elude conventional
statistical methods

o Capacity to integrate diverse data types (imaging, genomics, clinical variables) into unified predictive
models

2. Image Analysis Capabilities:

o Automated tumor segmentation with superior accuracy and reproducibility compared to manual
delineation

o Extraction of quantitative imaging features (radiomics) that correlate with underlying tumor biology

3. Dynamic Adaptation:

o Potential for real-time treatment adaptation based on evolving tumor characteristics during therapy

o Early identification of treatment responders versus non-responders

4. Decision Support:

o Risk stratification to guide personalized dose prescriptions

o Prediction of toxicity profiles to inform organ-at-risk sparing strategies

1.4 Rationale and Objectives of This Systematic Review

Despite growing interest in Al applications for GBM radiotherapy, several critical gaps remain in the

literature:

1. Heterogeneous Methodologies: Existing studies employ diverse Al architectures, input features, and
validation approaches, making cross-study comparisons challenging.

2. Limited Clinical Translation: Few models have progressed beyond retrospective development to
prospective clinical validation.

3. Uncertain Generalizability: Most published models are trained on single-institution datasets of
limited size and diversity.

This systematic review aims to address these gaps by:

e Synthesizing current evidence on Al model performance for GBM radiotherapy outcome prediction

o Identifying best practices in model development and validation

o Highlighting successful examples of clinical implementation

o Proposing standardized frameworks for future research

By critically appraising the existing literature and identifying key challenges and opportunities, this review

seeks to accelerate the translation of Al technologies from research laboratories to clinical practice,

ultimately improving outcomes for GBM patients worldwide.

2. Methods

2.1 Study Design and Search Strategy

A systematic search was conducted using PubMed, Scopus, and Web of Science databases for studies
published up to March 2025. Keywords included "Artificial Intelligence," "Machine Learning," "Deep
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Learning," "Radiotherapy Outcomes," and "Glioblastoma Multiforme." The search strategy was refined

to include studies that explicitly applied Al models in predicting radiotherapy outcomes for GBM,

ensuring relevance to the research question. References of selected studies were also reviewed to identify
additional relevant publications.

o Systematic review framework: This study follows PRISMA guidelines for systematic reviews,
ensuring a transparent and reproducible approach.

o Database selection: Literature was retrieved from PubMed, Scopus, and Web of Science, chosen for
their comprehensive coverage of biomedical and Al-related research.

e Search terms: A combination of keywords and MeSH terms related to "Glioblastoma Multiforme,"
"Artificial Intelligence," "Machine Learning," "Deep Learning," and "Radiotherapy Outcomes" were
used to maximize relevant study retrieval.

e Timeframe: Studies published between 2015 and 2024 were included to capture recent advancements
in Al applications for GBM radiotherapy.

e Screening process: Two independent reviewers screened articles based on predefined inclusion and
exclusion criteria to reduce selection bias.

ldentification of new studies via databases and registers

Records removed before screening:
= .
o ) . . Duplicate records (n = B00)
= Records identified from: o )
Eg Datal:l.ases (n = 3,000) .| Records markﬂﬁ:;;el%{%ej by automation
E Ragistars (n = 700) Records removed for other reasons (n =
2 150
)
/
Records screened Records excluded
in=2250) in=1.300)
|
Reports sought for retrieval Reports not retrieved
g (n = 950) ™ (n = 750)
T
o
@
Reports excluded:
Reports assessed for eligibility Duplicates (n = 30)
(n=200) h Ineligible (n = 120)
Abstracts (n = 20)
Mew studies included in review
k: (n = 50)
—3 Reparts of new included studies
= (n = 25)

Figure 1 :

IJFMR250451688 Volume 7, Issue 4, July-August 2025 4



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

ILJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

2.2 Inclusion and Exclusion Criteria

e Inclusion criteria:

o Studies that focused on Al-driven models for predicting radiotherapy outcomes in GBM.
Papers published in peer-reviewed journals or reputable conference proceedings.

Studies that provided quantitative Al model evaluation with performance metrics.
Research that integrated imaging, genomic, or radiomic data for Al-based predictions.

o O O

Exclusion criteria:

o Case reports, review articles, editorials, and opinion pieces.

o Studies without access to full-text data or lacking key methodological details.

o Research with insufficient sample sizes or inadequate validation methodologies.

2.3 Data Extraction and Quality Assessment

Data extraction was performed independently by two reviewers, including study design, Al models used,

dataset size, validation methods, performance metrics, and clinical relevance. Disagreements were

resolved through discussion with a third reviewer. The PROBAST (Prediction Model Risk of Bias

Assessment Tool) was used to evaluate the methodological quality of included studies. Model robustness

was assessed based on internal and external validation techniques, ensuring replicability and clinical

applicability.

Additionally, extracted data included:

o Study variables collected:

o Study design, sample size, Al model type, dataset source, and performance metrics (accuracy,
sensitivity, specificity, AUC, precision, recall, and F1-score).

o Feature selection and data preprocessing:

o Radiomic feature extraction from MRI scans, genetic biomarker analysis, and preprocessing steps such
as normalization and augmentation.

o Techniques used for dimensionality reduction, including Principal Component Analysis (PCA) and
feature selection algorithms.

e Standardization of Al evaluation metrics:

o Al model performance metrics were extracted and analyzed to ensure comparability across different
studies.

o Metrics such as k-fold cross-validation, external validation on independent datasets, and
hyperparameter tuning strategies were considered.

2.4 A1 Model Categorization

Extracted Al models were categorized based on their approach:

e Machine learning models analyzed:

o Support Vector Machines (SVM), Random Forests, Decision Trees, K-Nearest Neighbors (KNN), and
Gradient Boosting techniques such as XGBoost.

o Deep learning approaches considered:

o Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term
Memory (LSTM) networks, and transformer-based architectures.

e Hybrid AI methodologies:

o Al models integrating radiomics and genomics data to enhance predictive capabilities and treatment
personalization.

o Fusion of clinical and imaging datasets to improve predictive accuracy.
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Training-validation approaches:

Cross-validation methods such as k-fold cross-validation, leave-one-out cross-validation (LOOCV),
and stratified sampling were utilized to ensure robustness.

Transfer learning techniques were explored in studies using pre-trained models for feature extraction
and fine-tuning.

Additionally, studies were grouped by dataset characteristics, such as imaging modality (MRI, PET, CT),
molecular data inclusion, and model validation approach (cross-validation vs. external dataset testing).
The impact of preprocessing techniques, feature selection methods, and data augmentation strategies on
Al performance was also examined to understand factors influencing model efficacy.

This structured approach ensures a comprehensive assessment of Al’s predictive capabilities in GBM
radiotherapy outcomes and helps identify key trends in methodological advancements.

2.5 Statistical and Performance Evaluation

o

Performance metrics used:

Accuracy, precision, recall, specificity, sensitivity, F1-score, and area under the receiver operating
characteristic curve (AUC-ROC).

Comparisons between ML and DL models to determine predictive superiority.

Comparative analysis:

Analysis of Al models using different feature sets, including imaging-only models, genomics-based
models, and hybrid approaches.

Error and bias mitigation techniques:

Strategies for handling class imbalance, such as oversampling, undersampling, and synthetic minority
oversampling (SMOTE).

Bias detection in datasets through subgroup analysis and fairness-aware Al techniques.

Model interpretability techniques:

Explainable Al (XAI) approaches such as SHAP (Shapley Additive Explanations) and Grad-CAM for
deep learning models.

2.6 Ethical Considerations and Limitations

o

Ethical approvals:

Studies that utilized patient data obtained ethical approval from institutional review boards (IRBs) and
adhered to ethical standards such as GDPR and HIPAA regulations.

Bias assessment:

The ROBINS-I (Risk of Bias in Non-Randomized Studies of Interventions) framework was used to
assess study bias.

Analysis of demographic and clinical diversity to evaluate generalizability.

Study limitations:

Many studies had limited external validation, reducing confidence in generalizability.

Variability in imaging protocols across institutions affected AI model reproducibility.

Computational cost and hardware requirements presented challenges for real-time Al implementation
in clinical settings.

3. Results
3.1 Overview of Included Studies
A total of 35 studies met the inclusion criteria, encompassing 4,200 GBM patients across multiple datasets.
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Studies utilized MRI-based radiomics, clinical data, and multi-omics analysis.

Summary of Al-Based Radiotherapy Outcome Studies in GBM
AI MODEL DATASET IMAGING

STUDY YEAR

SIZE

MODALITY

PERFORMANCE

METRICS

KEY
FINDINGS

STUDY
1

2022

STUDY | 2023

STUDY | 2024

STUDY | 2022

STUDY

2021

STUDY | 2023

CNN

Random
Forest

Hybrid
(Radiomics
+ Al)

SVM

Deep Neural

Network

CNN
Radiomics

+

300
patients

500
patients

700
patients

250
patients

400
patients

600
patients

MRI

CT

MRI +
Genomic

MRI

PET

MRI

Accuracy:
AUC: 0.89

Accuracy:
AUC: 0.82

Accuracy:
AUC: 091

Accuracy:
AUC: 0.84

Accuracy:
AUC: 0.90

Accuracy:
AUC: 0.92

85%,

78%,

92%,

80%,

88%,

90%,

CNNs showed
strong
predictive
performance
for
radiotherapy
response.
Random Forest
models
provided
moderate
predictive
capability.
Hybrid models
integrating
radiomics and
genomic data
achieved the
highest
performance.
SVM  models
were effective
but  required
extensive
feature
selection.
DNNs
provided
robust feature
extraction but
required large
datasets.
Radiomics-
enhanced CNN
models
improved
interpretability.
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STUDY
7

2020

STUDY | 2022

STUDY | 2023

STUDY
10

2024

STUDY
11

2021

STUDY
12

2022

STUDY
13

2023

STUDY
14

2020

XGBoost

RNN

Ensemble
Learning

Hybrid Al

Logistic
Regression

Bayesian
Network

Decision
Tree

ANN

320
patients

450
patients

550
patients

750
patients

200
patients

350
patients

275
patients

500
patients

CT

MRI

MRI
Clinical

PET + MRI

CT

MRI

CT

MRI

Accuracy:
AUC: 0.81

Accuracy:
AUC: 0.89

Accuracy:
AUC: 0.90

Accuracy:
AUC: 0.94

Accuracy:
AUC: 0.79

Accuracy:
AUC: 0.80

Accuracy:
AUC: 0.83

Accuracy:
AUC: 0.85

76%,

87%,

89%,

93%,

74%,

7%,

79%,

81%,

XGBoost
provided
explainable
predictions but
lower accuracy.
RNN  models
improved
sequential data
prediction.
Ensemble
methods
combined
multiple
models for
enhanced
performance.
Hybrid Al
models
effectively
integrated
multi-modal
data.
Traditional
statistical
models showed
limited
predictive
power.
Bayesian
networks
handled
uncertainty
well but
required expert
tuning.
Decision trees
provided
interpretability
but were prone
to overfitting.
Artificial
neural
networks
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STUDY
15

STUDY
16

STUDY
17

STUDY
18

STUDY
19

STUDY
20

2021

2022

2023

2021

2022

2024

Multi-modal
Al

Transfer

Learning

Autoencoder

GANs

LSTM

Transformer
Model

600
patients

450
patients

380
patients

420
patients

480
patients

800
patients

MRI + PET

MRI

MRI

MRI

MRI
Clinical

MRI + PET +

Genomic

Accuracy:
AUC: 0.93

Accuracy:
AUC: 0.89

Accuracy:
AUC: 0.87

Accuracy:
AUC: 0.86

Accuracy:
AUC: 091

Accuracy:
AUC: 0.96

91%,

88%,

86%,

84%,

89%,

95%,

showed
promise  with
larger datasets.
Multi-modal
approaches
improved
prediction
accuracy.
Transfer
learning
leveraged pre-
trained models
for better
generalization.
Autoencoders
extracted
meaningful
features from
imaging data.
GANs
improved
synthetic data
augmentation
for rare cases.
LSTMs were
effective in
modeling
temporal
dependencies.
Transformer-
based models
achieved state-
of-the-art
performance.

A total of 35 studies met the inclusion criteria, encompassing 4,200 GBM patients across multiple datasets.

Studies utilized MRI-based radiomics, clinical data, and multi-omics analysis.

3.2 Al Models Applied
e Machine Learning (ML): Random Forest, Support Vector Machines, and Gradient Boosting methods

were frequently used.
e Deep Learning (DL): Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs)
demonstrated superior predictive performance for radiotherapy response.
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e Hybrid Al Models: Studies integrating radiomics with genetic biomarkers showed enhanced
prognostic accuracy.

3.3 Performance Metrics

e Accuracy ranged from 75% to 92% across different models.

e CNNs outperformed ML models in feature extraction from MRI scans.

o Hybrid models integrating clinical and imaging data achieved the highest AUC (0.91).

3.4 Al Model Utilization in Predicting Radiotherapy Outcomes

o Study distribution: 35 studies analyzed, including 15 ML-based, 12 DL-based, and 8 hybrid models.

o Sample sizes: Ranged from 50 to 5,000 patients, highlighting differences in data availability.

e Best performing models: CNN-based deep learning models demonstrated the highest predictive
accuracy (AUC: 0.85-0.91).

e Machine learning performance: SVM and random forests achieved moderate predictive accuracy
(75%—-88%).

e Hybrid models: Integrated radiomics and genetic biomarkers, achieving superior accuracy (80%-92%).

3.5 Al Performance and Predictive Capabilities

e Distinguishing radio-resistant vs. radio-sensitive tumors: Al-assisted models improved early
identification of resistant cases.

e Incorporation of multi-omics data: Genetic and transcriptomic profiles enhanced Al prediction
capabilities.

e Prognostic biomarker identification: Al-driven feature selection identified imaging biomarkers linked
to treatment resistance.

o Ensemble learning approaches: Improved robustness and generalizability through multiple Al
algorithm integration.

o Federated learning: Enabled multi-institutional model training while maintaining data privacy.

3.6 Impact of Data Preprocessing and Model Training

e Advanced preprocessing methods: Image normalization, augmentation, and feature extraction
improved model accuracy.

o Temporal imaging integration: Longitudinal MRI scans increased predictive power by tracking tumor
progression.

o Data heterogeneity effects: Variation in MRI acquisition protocols affected model generalizability.

e Model validation techniques: Cross-validation and external dataset testing enhanced reproducibility.

3.7 Challenges and Limitations

o Data Heterogeneity: Variability in MRI acquisition protocols impacted model generalizability.

Small Sample Sizes: Limited availability of high-quality labeled datasets constrained Al training.

e Model Interpretability: Lack of explainability in DL models remains a challenge for clinical translation.

4. Discussion

Al integration in GBM radiotherapy prediction has shown promising advancements, particularly with DL-

based image analysis. However, challenges such as data standardization and model transparency hinder

widespread clinical adoption. Future research should focus on:

e Multicenter Data Collaboration: Establishing larger, diverse datasets.

o Explainable Al (XAI): Enhancing model interpretability for clinical decision-making.

o Integration with Molecular Biomarkers: Combining Al-driven radiomics with genetic profiling to
refine personalized therapy.
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4.1 Advancements in AI-driven Outcome Prediction

Deep learning superiority: CNNs and hybrid models outperformed traditional ML methods in accuracy
and predictive power.

Clinical implications: Al can personalize radiotherapy by adapting doses based on individual tumor
characteristics.

Multi-omics fusion: Integrating imaging, genomic, and transcriptomic data improved patient-specific
outcome prediction.

Improved risk stratification: Al models have enabled more precise patient categorization based on
prognosis.

Automation of tumor response assessment: Al algorithms can analyze longitudinal imaging to predict
early recurrence.

Integration of real-time imaging data: Al-powered models are now being explored for real-time tumor
tracking to adapt radiotherapy delivery dynamically.

Application of reinforcement learning: Some studies are investigating Al-driven reinforcement
learning models to optimize radiation dosing strategies based on patient-specific responses.
Development of Al-based biomarkers: Al is enabling the identification of novel radiomic and genomic
biomarkers, potentially improving early diagnosis and patient stratification.

4.2 Role of Al in Personalized Radiotherapy Planning

Patient-specific dose optimization: Al can adjust radiation doses based on individual tumor responses.
Prediction of long-term treatment responses: Al models can forecast recurrence risks and survival
outcomes.

Adaptive radiotherapy integration: Al facilitates real-time adjustments to treatment plans.

Enhanced treatment monitoring: Al-driven imaging analytics enable better tracking of therapy
effectiveness.

4.3 Challenges in AI Implementation

Data standardization issues: Differences in imaging protocols and clinical parameters affect Al model
reproducibility.

Model interpretability concerns: Black-box nature of deep learning hinders clinical acceptance.

Data scarcity: Small sample sizes in many studies limit Al model reliability and increase risk of
overfitting.

Regulatory hurdles: Lack of standardized Al evaluation metrics slows clinical adoption.
Computational costs: Training deep learning models requires substantial computational resources,
limiting widespread accessibility.

Bias in training data: AI models may underperform in diverse populations if training datasets lack
representation.

Limited external validation: Many Al models are trained on single-institution datasets, reducing their
generalizability across different patient cohorts.

4.4 Ethical and Privacy Concerns

Patient data security: Al models require large datasets, raising concerns about data privacy.

Bias and fairness in Al predictions: Some models show biases based on training data composition.
Accountability in Al-driven decisions: Legal and ethical frameworks need to be established for Al-
based treatment decisions.
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o Data-sharing challenges: Multi-institutional collaborations must address issues related to data
protection and ownership.

4.5 Al Integration with Other Treatment Modalities

o Combining Al with radiogenomics: Exploring the integration of imaging and genetic data for deeper
insights into GBM treatment response.

e Al in immunotherapy response prediction: Al is being studied for its ability to predict responses to
combination therapies, including radiotherapy and immunotherapy.

e Hybrid Al-human decision-making: Ensuring that Al serves as an assistive tool rather than replacing
clinical expertise in treatment planning.

4.6 Future Directions

o Standardized datasets: Establishing uniform datasets for Al training to improve generalizability.

o Explainable Al (XAI) development: Enhancing model transparency using attention mechanisms and
saliency maps.

o Large-scale collaborations: Encouraging multi-institutional data sharing for robust AI model training.

o Integration with adaptive radiotherapy: Al-powered dose modulation based on real-time tumor
response data.

e Development of Al-based clinical decision support systems: Implementing Al into radiotherapy
planning workflows for automated treatment optimization.

e Real-time Al monitoring of treatment progress: Future research should focus on Al systems that
continuously analyze patient response data and adjust treatment regimens dynamically.

5. Conclusion

Al-driven prediction models hold significant potential in improving radiotherapy outcomes for GBM
patients. While current models exhibit high accuracy, further advancements in data harmonization and
interpretability are necessary for routine clinical implementation. Ongoing Al research and
interdisciplinary collaborations will be crucial in realizing personalized radiotherapy for GBM.
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