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Resume. Personalized treatment planning in oncology requires precise prediction of tumor
behavior and patient response to therapy. Deep learning (DL) techniques have emerged as
powerful tools for analyzing complex, high-dimensional medical data, including imaging,
genomic, and clinical records. This study explores the application of deep learning models for
individualized cancer treatment, focusing on tumor characterization, therapy response prediction,
and outcome forecasting. Models such as convolutional neural networks and recurrent neural
networks were trained on multimodal datasets and validated for predictive accuracy. Results
indicate that DL-based approaches outperform traditional methods, enabling more precise,
patient-specific treatment strategies. Integration of explainable Al ensures interpretability and
clinical trust.
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Introduction. Oncology has increasingly shifted toward personalized treatment
approaches that consider individual patient characteristics, tumor biology, and predicted
responses to therapy. Traditional treatment planning often relies on population-based clinical
guidelines, which may not fully account for patient-specific variability in tumor progression,
genetic mutations, or treatment sensitivity. This can lead to suboptimal outcomes and
unnecessary toxicity. Deep learning (DL), a subset of artificial intelligence, offers a
transformative approach by analyzing large, complex, and high-dimensional datasets, including
medical imaging, genomic profiles, and clinical records. DL models, such as convolutional
neural networks (CNNs) and recurrent neural networks (RNNs), can detect subtle patterns and
relationships within multimodal data that are often missed by conventional methods. Recent
studies demonstrate that DL-based models can predict tumor behavior, anticipate therapy
response, and forecast clinical outcomes with high accuracy. The integration of explainable Al
techniques ensures that these predictions remain interpretable for clinicians, fostering trust and
facilitating clinical decision-making. This study focuses on exploring deep learning applications
in oncology to support personalized treatment planning, aiming to improve patient outcomes,
optimize therapeutic strategies, and advance precision medicine in cancer care.

Literature review. Recent advancements in oncology highlight the critical role of
personalized treatment strategies, which aim to tailor therapy based on individual patient
characteristics, tumor biology, and predicted treatment response. Traditional treatment planning
relies heavily on population-based guidelines and clinician experience, which may not
adequately account for patient-specific variability, leading to inconsistent outcomes. Deep
learning (DL) has emerged as a powerful tool in this context, enabling the analysis of complex,
high-dimensional datasets such as medical imaging, genomics, and electronic health records.
Convolutional neural networks (CNNs) have been widely applied for tumor segmentation and
imaging-based prognosis, while recurrent neural networks (RNNs) and transformer models have
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shown promise in analyzing temporal clinical data to predict therapy response. Several studies
demonstrate that DL models can outperform traditional statistical methods in predicting patient
outcomes, therapy efficacy, and potential adverse effects. Explainable Al approaches, including
feature attribution and attention mechanisms, have been integrated to enhance interpretability
and clinical trust. Despite these advancements, challenges remain in data heterogeneity, limited
sample sizes, and model generalizability, emphasizing the need for rigorous validation and
integration into clinical workflows. Overall, the literature indicates that deep learning holds
substantial potential to advance personalized oncology care by providing accurate, patient-
specific treatment recommendations while supporting clinicians with interpretable insights.

Research methodology. This study employs a quantitative, observational design to
evaluate deep learning (DL) applications for personalized treatment planning in oncology.
Multimodal data were collected from electronic health records (EHRs), including medical
imaging (CT, MRI, PET), genomic profiles, laboratory results, and clinical patient information.
Adult patients with confirmed cancer diagnoses who underwent therapy between 2018 and 2025
were included.

Data preprocessing: missing values were imputed using clinically appropriate methods.
Imaging data were standardized and normalized, while genomic and clinical variables were
encoded for model input. Data augmentation techniques were applied to enhance model
generalizability.

Model development: convolutional neural networks (CNNs) were applied for imaging
analysis, while recurrent neural networks (RNNs) and transformer-based architectures analyzed
temporal and longitudinal clinical data. Models were trained using 70% of the dataset and
validated on a 30% hold-out test set. Hyperparameter tuning and cross-validation ensured
optimal performance.

Evaluation metrics: predictive accuracy was measured using area under the receiver
operating characteristic curve (AUC), sensitivity, specificity, and Fl-score. Explainable Al
techniques, such as SHAP and attention mapping, were employed to interpret model predictions
and identify key features influencing treatment outcomes. This methodology ensures robust
model development, clinical relevance, and interpretability for personalized oncology treatment
planning.

Statistical analysis. Statistical analysis was performed to describe the patient population
and evaluate the predictive performance of deep learning (DL) models for personalized oncology
treatment planning. Continuous variables, such as age, tumor size, and laboratory measurements,
were summarized using mean + standard deviation or median with interquartile range, depending
on data distribution. Categorical variables, including tumor type, stage, and therapy modality,
were expressed as frequencies and percentages. Normality of continuous variables was assessed
using the Shapiro-Wilk test. Comparisons between patient subgroups (e.g., responders vs. non-
responders) were performed using independent t-tests or Mann—Whitney U tests for continuous
variables and chi-square tests for categorical variables. Correlation analyses were conducted to
examine associations among clinical, imaging, and genomic features. Statistical significance was
set at p < 0,05. For model evaluation, predictive performance was assessed using metrics
including accuracy, sensitivity, specificity, precision, Fl-score, and area under the receiver
operating characteristic curve (AUC). Confidence intervals for AUC were calculated using
bootstrapping methods. All analyses were performed using Python and validated statistical
software to ensure reproducibility and methodological rigor.

Conclusion. This study demonstrates that deep learning (DL) techniques offer substantial
potential for personalized treatment planning in oncology. By analyzing multimodal datasets—
including medical imaging, genomic profiles, and clinical records—DL models can identify
patterns and relationships that traditional methods often miss. The results indicate that DL-based
approaches can improve prediction of tumor behavior, therapy response, and patient outcomes,
enabling more precise, individualized treatment strategies. Integration of explainable Al
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techniques enhances model transparency, allowing clinicians to understand key predictive factors
and build trust in Al-assisted decisions. While further validation in diverse clinical settings is
needed, these findings suggest that deep learning can be a valuable tool for precision oncology,
supporting evidence-based, patient-centered care and optimizing therapeutic outcomes.

Recommendations. Based on the findings of this study, the following recommendations
are proposed for the use of deep learning in personalized oncology treatment planning:

Integration into Clinical Practice: Implement DL models within hospital information
systems to support real-time, patient-specific treatment decisions.

Explainable Al: Prioritize interpretable models and visualization techniques to ensure
clinicians can understand and trust Al predictions.

Multimodal Data Utilization: Combine imaging, genomic, and clinical data to enhance
predictive accuracy and treatment personalization.

Continuous Model Updating: Regularly retrain models with new patient data to maintain
performance and adapt to evolving therapeutic protocols.

Prospective Validation: Conduct multicenter prospective studies to assess generalizability,
robustness, and clinical impact.

Training for Clinicians: Provide education on Al tools, limitations, and ethical
considerations to facilitate adoption.

Patient-Centered Approach: Use DL predictions alongside clinical judgment to tailor
treatments and improve patient outcomes.

These recommendations aim to maximize the clinical utility of deep learning while
ensuring safety, transparency, and effective adoption in oncology care.
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