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Abstract

Background
Prostate cancer is a leading malignancy in men, with rising incidence and suboptimal outcomes due to
limitations in conventional treatment approaches based mainly on staging and PSA levels. Recent advances in
artificial intelligence (AI) offer opportunities for personalised oncology care. The study aims to develop
multimodal artificial intelligence-based clinical decision support system (AI-CDSS) tools by integrating clinical,
demographic, genomic, and imaging data to enhance personalised treatment for prostate cancer patients in
Brunei.

Method
In this retrospective cohort study (2018–2024), conducted in accordance with the TRIPOD-AI checklist, 82
demographic, clinical, laboratory, genomic, treatment and imaging variables were extracted and integrated into a
standardized database. Data preprocessing and analysis were performed using R and Python, including
imputation with Extremely Randomized Tree-based iterative imputation method, encoding and normalization.
Sequential longitudinal patterns were captured using a recurrent autoencoder, while unsupervised learning
(DTWI-HAC) explored latent structures. Supervised models incorporated SMOTE, LSTM-based representation
learning, and ensemble and deep learning approaches, evaluated using discrimination metrics and SHAP
interpretability.The best-performing tabular and CNN-based imaging models were combined using late-stage
fusion methods (weighted averaging, majority voting, and stacking).

Results
The study analysed 212 patients over 6-year (478 observation) demonstrate the unsupervised machine learning
model demonstrated a homogeneous structure with a small number of atypical or extreme cases, reflecting the
intrinsic clinical similarity of the cohort. The hybrid LSTM–Random Forest architecture demonstrated robust
treatment classification performance (overall AUC = 0.75, sensitivity of 32%, and specificity of 83%), effectively
capturing temporal PSA dynamics and longitudinal laboratory trends through the LSTM encoder, while leveraging
Random Forest for nonlinear decision boundaries. Multimodal late-stage fusion further improved predictive
performance; stacking achieved the highest overall AUC with balanced sensitivity, outperforming weighted
averaging (0.964).

Conclusion
The study findings and the developed multimodal AI-CDSS models were presented opportunity for prostate
cancer treatment prediction. Despite limitations such as small sample size and low sensitivity, these models
show promise as clinical decision support tools, requiring further validation in larger prospective studies.

1. Background
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Prostate cancer (PCa) was the fourth most common cancer in men, and 1 in 8 men will be diagnosed with it
during their lifetime with increasing incidence in Asia [1, 2, 3]. Several risk factors, including advancing age,
obesity, genetics, ethnicity, lifestyle and environmental factors, are reported to be associated with prostate
cancer risk, but prostate cancer prevention strategies remain challenging and mortality high among Asia,
Caribbean and African descents [4–8]. Prostate-specific antigen (PSA) testing is essential for prostate cancer
screening and diagnosis but no single PSA level that definitively indicates prostate cancer [8–10]. The diverse
treatment modalities ranging from active surveillance to targeted therapy depend on the stages, grades and
natural history of disease progression along with the age of the patients along with the benefit and side effect
which based on frequency, durability and seriousness of the disease [4, 11–16] Even though several important
guidelines such as NCCN offer recommendations for selecting most appropriate treatment strategies for
prostate cancer, clinical decision making in prostate cancer remains highly variable among oncologists [4, 14,
15].

Personalised medicine seeks to address the challenge by tailoring treatment approaches to individual patients’
profiles, integrating comprehensive information, including complete clinical history, genomic, and imaging data
[17, 18]. Recent advancements in artificial intelligence (AI) offer significant potential in achieving personalised
medical care, especially in the field of oncology, as AI algorithms can process and analyse large heterogeneous
multi-modal datasets to extract insights that may not be readily apparent to human clinicians [18–25]. In contrast
to unimodal AI models that only use a single data source, multimodal AI system, which developed based on
multiple data input can integrate the complex interrelationships across varied information sources and enabling
a robust output [26, 27]. A systematic review on AI tool performance for prostate cancer care continuum,
concerns have been raised about their real-world applicability and need for human-centric design with equity-
focused evaluations to ensure robust, ethical, scalable AI deployments in prostate cancer care [28].

The study aims to fill the gaps in the existing clinical practice for oncologist in treatment of prostate cancer by
developing and advancing the application of multimodal artificial intelligence based clinical support decision
tools (AI-CDSS) to optimize personalized prostate cancer treatment in Brunei Darussalam. Utilizing a developed
robust dataset that integrates clinical records, genomic profiles, and imaging data, the study seeks to create
sophisticated AI tools capable of accurately predicting disease progression, identifying the most effective
treatment strategies, and monitoring therapeutic responses. This research aspires to transform prostate cancer
management by delivering precise, individualized treatment recommendations, ultimately improving patient
outcomes. Furthermore, it aims to establish a framework for the widespread adoption of AI-CDSS.

2.Method

2.1. Study Design, Population, and Sample
This is a retrospective cohort study designed to analyse prostate cancer patients treated between January 2018
and December 2024 at the Brunei Cancer Centre (TBCC) at Jerudong Park Medical Centre (JPMC). We used
TRIPOD-AI (Supplementary Table I) [29]. The inclusion criteria for the study were male patients diagnosed with
prostate cancer who had undergone at least one treatment modality, such as hormonal therapy, surgery, radiation
therapy, chemotherapy, or surveillance at the TBCC. Patients with secondary metastatic prostate cancer or those
with multiple primary tumours were excluded from the study through discussion with the oncologist. 212 eligible
prostate cancer patients were selected in the study without sampling.
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2.2. Data structure, integration, and preprocessing
Data collection was conducted through systematic extraction and anonymization of participant data. The
collected study data were described in the flow chart, which is illustrated in Fig. 1. Out of the 213 patients, 1
patient (ID-004) was excluded from the study due to recurrence prostate cancer with another primary tumour, Ca
rectum. Two tabular datasets were developed for the study ; case-structured information, including demographic,
survival, clinical and NGS information of 212 observations and cohort structure dataset, expanding initial case
structure information with additional time-dependent variables such as treatment, laboratory information,
resulting in a final observation of 478.A total of 160 whole-body PSMA PET/CT scans in PNG format, obtained
from 121 patients, were included in this study following correspondence with the treatment selection.

The primary outcome (dependent variables) of the study is treatment category. Missing value in both static and
longitudinal variables were imputed using Extremely Randomized Trees-based iterative imputation, a non-
parametric, iterative imputation technique based on Random Forest algorithm that accommodates mixed type
data and non-linear interaction [30]. Initial preprocessing includes data cleaning, harmonization of tumor staging
and Gleason Garde Groups, removal of duplicate records and sequence construction of each patient. We
performed univariable and multivariable analyses to identify key variable associations, which informed and
supported the development of machine learning–based models.

1. Machine Learning Model Development

1. Unsupervised Machine Learning Models

To explore natural groupings among prostate cancer patients and uncover hidden treatment response clusters
and latent patterns within the dimensional dataset, we applied multiple unsupervised machine learning
techniques with a time-independent approach and a time-dependent approach, as described in (Supplementary
Figure I to VI) [31–42].

1. Supervised Machine Learning Models

a) Longitudinal Representation Learning via Autoencoders with Synthetic Minority Oversampling Technique
(SMOTE) for supervised machine learning models

1. Data splitting and Missing data handling
The supervised machine learning models were implemented following the analytical workflow illustrated in Fig. 2.
Patient-level data were first sorted chronologically using the date of treatment variables, and train-test splitting
was performed at the patient level with stratification on treatment outcome to ensure independence between
cohorts. The dataset was split into patient-level into training (80%) and testing (20%) cohorts using a group-
based split to prevent information leakage [43]. Missing data across both static and longitudinal features were
handled using an Extremely Randomized Trees–based iterative imputation approach, which accommodates non-
linear relationships and mixed distributions, which categorical variables were encoded using label encoding fitted
exclusively on training set [30]. Categorical predictors were encoded using one-hot encoding, while continuous
variables were standardized via Z-score normalization to ensure scale comparability. For longitudinal modelling,
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patient-specific sequences were constructed by aggregating time-ordered clinical, laboratory and treatment
variables with zero-padding applied to achieve uniform sequence length cross patients.

2.Longitudinal Representation learning and class balancing
A recurrent autoencoder based on stacked gated recurrent units (GRUs) was trained on the training cohort to
model temporal patterns in laboratory measures and treatment trajectories, with the referencing treatment
categories. Laboratory variables (excluding PSA, which was included at both baseline and one year post
treatment) were incorporated as baseline inputs, and the resulting latent embeddings were concatenated with
static clinical. Model training restricted to the training set to prevent leakage. To address class imbalance in
treatment outcome while preserving the longitudinal structure, SMOTE was applied exclusively to the training
embedding, thereby avoiding distortion of temporal structure and preventing test-set leakage [44, 45]. The t-SNE
(t-Distributed Stochastic Neighbor Embedding) is illustrated in Supplementary Figure II with the distribution of
classes in the latent space (embeddings) before and after applying SMOTE.

3. Classical Machine Learning Model
Firstly, the logistic regression model was performed with L2(ridge) penalty and regularization parameter C = 1.0
with balanced weight on class. Then, K–Nearest Neighbours (KNN) model (k = 7, Minkowshi distance p = 2),
Support Vector Machine (SVM) was performed with both RBF kernel for non-linear boundaries (C = 5, gamma = 
0.05) and Polynomial kerel (degree = 2, C = 0.5), Random Forest (RF) was trained using bootstrap aggregation,
and grid search was conducted for decision tree, extreme Gradient Boosting (XGBoost), LightGBM, Decision Tree,
Random Forest (RF) and CatBoost model to identify best hyperparameter.

b) Other deep neural network-based architectures with SMOTE for supervised machine learning models

1. Data Handling and preprocessing
The analytical workflow for various neural network architectures based on longitudinal representation for
supervised machine learning models was illustrated in Fig. 3. Similar pre-processing was conducted except at
the phase of longitudinal representation.

2. Longitudinal representation-based supervised machine learning models
Supervised deep learning models were developed to explicitly model longitudinal clinical trajectories alongside
static patient features. Firstly, the Bidirectional Long-Short Term Memory (BiLSTM) model was designed to
capture both past and future temporal dependencies by processing sequences in an architecture with masking
layers to handle padded values, dropout for regularisation, and late fusion with static covariates before
classification. Hyperparameter tuning was performed using systematic search strategies, including optimisation
of the number of hidden units (64–256), dropout rates (0.2–0.5), batch size, learning rate and the Adam
optimiser with an epoch of 100, and class-weighting schemes to address class imbalance [49, 50].

Page 5/25



Secondly, a Temporal Convolutional Network (TCN) was implemented using dilated convolutions and residual
connections, which enable efficient modelling of long-range temporal dependencies with fewer parameters.
Hyperparameters were tuned, including kernel size, dilation depth, number of filters, dropout rate, and learning
rate using the Adam optimiser to balance expressiveness and generalisation. Early stopping was applied to
mitigate overfitting [51]. Thirdly, a transformer-based architecture was implemented using multi-head self-
attention mechanisms, allowing the model to capture global temporal dependencies without the sequential
constraints inherent to recurrent networks. The model consisted of an initial dense projection layer, stacked
transformer encoder blocks with multi-head attention and a layer normalisation, followed by global average
pooling and fusion with static features. Hyperparameters such as the number of attention heads, embedding
dimension, feed-forward network size, dropout rate and learning rate were tuned to improve stability and
performance [52–54].

Lastly, end-to-end deep learning approaches, a hybrid LSTM autoencoder with a Random Forest framework was
developed to decouple temporal representation learning from classification. The LSTM autoencoder served as a
temporal " summarizer" with 64 dimensions of latent representation, while a decoder reconstructed the input to
ensure meaningful embedding learning. These latent embeddings were then concatenated with static features
and used as inputs to a Random Forest classifier. Hyperparameter tuning was conducted using a grid search
approach for the Random Forest model, and the best model was configured with 100 trees, a maximum depth of
10, a minimum split of 5 and the Gini impurity criterion [50, 55].

3. Model Evaluation and Explainability
Model performance was evaluated using a unified patient-level framework across all deep learning and hybrid
models to ensure that no data leakage occurred between training and testing sets. A comprehensive set of
metrics was computed to capture both overall discrimination and class-balanced performance, including
Accuracy, Precision, Recall, and F1-score (reported as weighted averages), along with the Area Under the
Receiver Operating Characteristic Curve (AUC) calculated using a one-vs-rest strategy with weighted averaging.
Confusion matrices were used to derive clinically meaningful measures, Sensitivity, Specificity, and Negative
Predictive Value (NPV), which were calculated on a per-class basis and then averaged to account for class
imbalance. In addition, multi-class ROC curve analysis was conducted by binarizing true labels in a one-vs-rest
manner, generating class-specific ROC curves and macro-average AUC values for each model.

To enhance interpretability, Shapley Additive exPlanations (SHAP) were applied to the best-performing model
characterised by the evaluated indicator especially AUC. SHAP summary, dependence, and force plots were used
to visualise time-dependent effects of key static and time varying clinical variables. Furthermore, the individual
patient was assessed using SHAP to support transparent, clinically interpretable decision-making consistent with
prior methodological frameworks [46, 47, 48]. Additionally, the aggregated models on the time features using
mean of all numeric variable were conducted in order to explore the time varying features that can describe the
treatment pattern for the patient.

2.4. Late-stage Fusion Pipeline from Tabular and Imaging Best
Performing Models
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The late-stage fusion model, also known as decision-level fusion, was conducted by integrating the independent
final prediction from the best performing model from tabular dataset (comprising of sequential laboratory,
clinical information) with prediction from Simple Convolutional Neural Network (CNN) Architecture on image data
set (PSMA PET/CT scan image), as illustrated in Fig. 4 [56, 57]. Three decision-level ensemble approach was
applied: 1) weighting averaging which average the probabilities of outcome from each model 2) majority voting
merging 3) Stacking meta classifier that explore best way to combine prediction. Furthermore, to learn optimal
combination of output from each modality, the model will be fined tunned on labelled validation when using
staking or weight scoring [56, 57]. The fusion model evaluation was conducted by comparing against its
individual models and comparing different benchmark fusion technique (e.g., weighting vs average voting). All
evaluation metrics such as accuracy, precision, sensitivity, specificity, recall and AUC are calculated as weighted
(calculates each class metrics and weights the average by the average by the number of true instances for each
class.

3.Results

3.1. Study Participant Characteristics
A total of 212 patients at the case level and 478 observations over the 6 years were included in the study, and the
differences between treatment groups were reported in Supplementary Table II. Age groups, survival status, NGS
testing, comorbidities (including hepatitis), relapse status, and care setting (inpatient vs outpatient) were all
significantly associated with treatment modalities (p < 0.05). Tumour-related characteristics showed strong
differentiation, with advanced disease more frequently managed using ARPI-based therapy or chemotherapy,
while localised disease was treated with local therapy or active surveillance. Key laboratory markers, including
sodium, potassium, PSA (baseline and post-treatment), haemoglobin, and neutrophil count, varied across
treatment groups (p < 0.05). Additionally, multinomial logistic regression further identified age group, NGS status,
family history, comorbidities, relapse, tumour characteristics, and laboratory variables (K, Ca, RBC, WBC,
eosinophils, and weight) as significant predictors of treatment selection (Supplementary table III). Extreme odds
ratios were observed due to the data sparsity.

3.2. Unsupervised Machine Learning
Multiple time-independent unsupervised machine learning models were applied to explore latent structures,
patient subgroups, and intervariable relationships within the dataset, without imposing a predefined outcome
level, as described in Supplementary Figure III. Despite achieving some degree of separation, all unsupervised
learning approach demonstrated with the clustering was dominated by a single large cluster, with most variables
and patients concentrated within it, limiting the model’s interpretability and reducing its utility for meaningful
feature discrimination or clinical stratification.

1. 3.3. Supervised Machine Learning

1. a) Longitudinal Representation Learning via Autoencoders with Synthetic Minority Oversampling Technique
(SMOTE) for supervised machine learning models
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Table 1
Performance comparison of supervised machine learning models following Longitudinal Representation

Learning with SMOTE application for multiclass prostate cancer treatment prediction
Models Accuracy Precision Recall F1 Score Sensitivity Specificity AUC

Decision Tree 0.328 0.366 0.328 0.320 0.265 0.818 0.553

Random Forest
(RF)

0.344 0.446 0.344 0.328 0.238 0.822 0.616

Extreme Gradient
Boosting

(XGBoost)

0.281 0.385 0.281 0.263 0.233 0.806 0.613

LightGBM 0.297 0.364 0.297 0.285 0.207 0.806 0.600

CatBoost 0.297 0.346 0.297 0.274 0.210 0.808 0.601

Logistic Regression 0.141 0.182 0.141 0.122 0.180 0.803 0.536

K–Nearest
Neighbours (KNN)

0.156 0.196 0.156 0.161 0.109 0.782 0.534

Support Vector
Machine (SVM)

with RBF

0.109 0.193 0.109 0.097 0.318 0.804 0.542

SVM with
Polynomial

0.094 0.246 0.094 0.113 0.108 0.795 0.512

The multiple supervised machine learning models following longitudinal representation learning using
autoencoders with class balancing using SMOTE were illustrated in Table 1 to evaluate the ability to predict
prostate cancer treatment selection using clinical, laboratory and treatment information. The Random Forest (RF)
model achieved the highest overall performance, with an accuracy of 0.344, precision of 0.446, F1 score of 0.328,
and the highest area under the ROC curve (AUC = 0.616), indicating the superior discriminative ability. Similarly,
LightGBM, and CatBoost models demonstrated competitive performance. In contrast, traditional models such as
logistic regression, KNN and SVM exhibited lower performance with accuracies below 0.160 and AUC values
close to random classification (0.512 to 0.542), suggesting limited capacity to capture nonlinear interaction
inherent in the dataset. ROC illustrated in Fig. 5 demonstrate the supervised machine learning model’s
performance varies across treatment categories, reflecting the differences in how well each algorithm
discriminates specific therapeutic pathways.

b) Other deep neural network-based architectures with SMOTE for supervised machine learning models

The hybrid LSTM encoder with a Random Forest Model demonstrated the strongest overall performance,
achieving the highest Accuracy (0.418), Precision (0.412), F1-score (0.390), and AUC (0.749), as well as the
highest Sensitivity (0.326) and Specificity (0.326), as illustrated in Table 2. In contrast, the purely deep learning
models demonstrate modest discriminative ability, with TCN outperforming the Bilateral LSTM and Transformer
in terms of Accuracy (0.348 vs. 0.325 and 0.279, respectively) and precision (0.427 vs. 0.334 and 0.326). While
the specificity of the model reached more than 80% for most models, sensitivity remained relatively low (the
highest LSTM encoder with Random Forest Model with 32%) across all models.
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Table 2
Comparative Performance of different deep neural network-based architectures with SMOTE for supervised

machine learning models for multiclass prostate cancer treatment prediction
Models Accuracy Precision Recall F1 Score Sensitivity Specificity AUC

Bilateral LSTM 0.325 0.334 0.325 0.312 0.304 0.828 0.656

Temporal
Convolutional
Network (TCN)

0.348 0.427 0.348 0.296 0.238 0.815 0.619

Transformer 0.279 0.326 0.279 0.271 0.268 0.816 0.594

LSTM encoder with
Random Forest
Model

0.418 0.412 0.418 0.390 0.326 0.837 0.749

The best performing model was demonstrated for Chemotherapy combined with ADT/ARPI, captured by an
LSTM encoder, with the Random Forest model (AUC = 0.85), illustrated in Fig. 6. Similarly, the hybrid model
achieved a moderate discriminative ability for local therapy (AUC = 0.64), while the TCN model provided better
performance. Despite better discriminative performance for other treatment categories, the hybrid model
performed with lower discriminative ability for ADT monotherapy (AUC = 0.51) compared to transformer-based
model (AUC = 0.76). Collectively, the hybrid model with the LSTM encoder, with the Random Forest Classifier,
offers the most consistent and highest discriminative ability across all prostate cancer treatment categories in
our cohort.

c) Model Explainability using SHAP

SHAP based interpretability results derived from the overall best performing model, namely the hybrid
architecture combining an LSTM encoder with a Random Forest Classifier, illustrated in Fig. 7 (A-D). Similarly, the
global importance of time varying information encoded as latent time-series features and the best features,
aggregates longitudinal laboratory and clinical measures into summary statistics, revealing PSA-related metrics
(mean PSA and post-treatment PSA change), hemoglobin, phosphate, and inflammatory markers as dominant
drivers (Fig. 7C). Furthermore, Fig. 7D provides the patient-level explanation through a SHAP waterfall plot of
patient 13, who was classified as receiving ARPI-based hormonal/targeted combination therapy might offer
clinical interpretability.

3.4. Late-stage Fusion Pipeline from Tabular and Imaging Best
Performing Models
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Table 3
Comparative Performance of best tabular and imaging models after alignment for test set with late-stage fusion

models for multiclass prostate cancer treatment prediction
Models Accuracy Precision Recall F1 Score Sensitivity Specificity AUC

Model tabular

LSTMen + RF

0.286 0.243 0.286 0.219 0.286 0.798 0.801

Model Image

CNN fusion

0.429 0.619 0.429 0.429 0.429 0.952 0.857

Late-Stage Fusion Model

Weighted
Averaging

0.286 0.179 0.286 0.200 0.286 0.929 0.964

Majority Voting 0.143 0.024 0.143 0.041 0.143 0.881 NA*

Stacking

(Meta-Learner)

0.429 0.184 0.429 0.257 0.429 0.571 0.971

*Majority voting model provide hard prediction as a category

All evaluation metrics are reported as weighted metrics (calculate each class and weights by the number of
true instances)

The best performing model, the LSTM encoder combined with Random Forest classifier (LSTMen + RF) for a
sequential tabular dataset machine learning model and CNN-based classifier imaging models from PSMA
PET/CT scan image was selected for prediction of the fusion model. Due to the alignment of the tabular test set
with available imaging cases, the overall AUC of tabular model and imaging model changed after data
harmonization, AUC of 0.801 and 0.857 respectively. Table 3 describe late-stage fusion strategies that
demonstrated improved predictive discrimination compared to single-modality approaches. The stacking(meta-
learner) model achieved the highest overall AUC (0.971) and maintained an accuracy of 0.429 with a sensitivity of
0.429, highlighting the complementary contribution of sequential clinical embeddings and imaging-derived
features. Similarly, weighting averaging improve AUC of 0.964 and achieved high specificity (0.929) with accuracy
remaining 0.286. In contrast, majority voting showed inferior performance (accuracy = 0.143) and provided hard
class prediction. Despite the strongest discriminative capacity for the stacking model due to the limited dataset
weighted averaging provided a more conservative and potentially less overfitted solution.

4.Discussion
The findings of this study highlight the progressive value of increasingly complex machine learning paradigms in
prostate cancer treatment prediction. Supervised machine learning models incorporating longitudinal
representation learning substantially improved predictive performance, with ensemble-based methods
outperforming traditional classifiers [58–64]. The hybrid model with LSTM encoder combined with a Random
Forest classifier achieved the strongest results across all evaluation metrics, with an AUC of 75%, sensitivity of
32%, and specificity of 83%. Among treatment categories, the model provides the discriminative performance for
Active Surveillance (AUC = 0.92), ARPI-based hormonal/targeted combination therapy (AUC = 0.92) and
Chemotherapy combined with ADT/ARPI(AUC = 0.85). Building upon this, the multimodal late-stage fusion
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framework further enhanced discriminative ability by integrating tabular and imaging modalities, where stacking
achieved the highest AUC (0.971) with balanced sensitivity (0.429), reinforcing the complementary value of
multimodal data integration and probabilistic fusion strategies in complex oncological decision-making contexts
[56, 57].

The limited sample in the study constrain the formation of stable, well-separated clusters mentioned as the curse
of dimensionality by prior studies for all unsupervised learning models including DTWI-HAC [65–72]. Low
sensitivity from all supervised learned models indicates higher risk of under-identifying patients who may benefit
from specific treatment modalities, reported similarly in previous prostate cancer risk stratification and treatment
allocation studies [72, 73].Despite the class balancing with SMOTE, the model result in high specificity with low
sensitivity, reflecting the complexity and heterogeneity of treatment decision-making and existing guidelines in
real-world clinical settings [74]. The study model demonstrates that the role of modelling the longitudinal nature
of prostate cancer progression and management is essential for identifying the evolving biomarkers such as PSA
trajectories, laboratory and biochemical response to therapy, which are poorly represented by cross-sectional
models [74–87].

However, caution is warranted when interpreting model outputs, as the hybrid architecture employed in this study,
integrating deep representation learning with ensemble-based classification, was specifically designed to
mitigate overfitting risks commonly encountered in small to medium-sized cohorts, thereby enhancing
generalizability rather than maximizing apparent performance [80–83]. Treatment specific ROC analysis revealed
that ARPI-based hormonal/targeted combination therapy and active surveillance were consistently better
discriminated than ADT monotherapy. This finding likely reflects clear clinical decision rules and biomarker
thresholds guiding these treatments in clinical practice [4, 84, 85]. In contrast ADT monotherapy showed
substantial overlap with other treatment categories, reflecting real world clinical ambiguity in deciding treatment
selection [4, 84]. Additional analysis with SHAP on best model demonstrated global and patient level
interpretability with tumor stage and risk group emerged as dominant static predictors, which consistent with
established prostate cancer treatment guidelines [86–88].

From the LSTM encoder, the time varying variables features were demonstrated as time series features rather
than original variables, as the currently SHAP model has limited ability to extract the information from latent
features [86, 87]. Further analysis using aggregated longitudinal features with mean of original variables
demonstrated as mean PSA, PSA post treatment change, hemoglobin, phosphate and inflammatory markers
indicate highly influential, supporting prior evidence such as PSA dynamic, anemia and metabolic alteration with
disease burden and treatment selection [88–93]. Moreover, the SHAP waterfall plot of individual patients
illustrate how individual level characteristics cumulatively contributed to the treatment selection, which enable
model interpretability that can enhance clinical applicability [86, 87].

Multimodal integration strategies include early (feature-level), intermediate (representation-level) and late
(decision-level) fusion [94–96]. Early fusion concatenates raw features prior to modeling, enabling joint learning
but often suffering from dimensional imbalance, scale heterogeneity and missing data issues [95, 98].
Intermediate fusion integrates modality-specific embeddings within a shared network, allowing cross modal
interaction while increasing architectural complexity and data requirement [94, 97, 98]. In this study due to the
relatively small and partially aligned cohort, late-stage fusion was most appropriate as it minimized overfitting
risk, allowed independent optimization of sequential tabular and imaging pipeline, and preserved clinical
interpretability of each developed model [96, 99, 100]. The strong AUC observed from stacking fusion model
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aligns with the prior studies demonstrating meta learning approaches can enhance multimodal discrimination in
oncology prediction tasks [101–108].

The study has several limitations that need to be considered. Firstly, the relatively small sample size limited the
ability to generalize the predicting models and performance estimates are likely optimistic due to limited counts.
Secondly, the retrospective nature of the study might introduce bias due to the factors that are not measured in
the study dataset. Thirdly, the supervised model can learn only from existing practice patterns rather than optimal
treatment strategies, patient preference, clinical judgment and healthcare system factors. Fourthly, the reliance
on 2D PNG-derived images limits generalizability and may inflate the performance estimates, particularly for
stacking late-stage fusion model which are prone to overfitting in small datasets [95, 108]. Lastly, late-stage
fusion does not explicitly model cross-modal feature interactions, which intermediate fusion or attention-based
architectures could potentially capture [94, 98]. Future studies should provide external validation using multi-
institutional cohorts, and evaluation through nested cross-validation or cost-sensitive learning are recommended
to enhance robustness and clinical translation.

5.Conclusion
In our study cohort of 212 patients over 478 observations, integrating longitudinal representation learning with
multimodal machine learning approaches offers a promising strategy for improving prostate cancer treatment
prediction. While unsupervised methods provided limited clinical utility due to constraints related to small sample
size, high feature correlation, class imbalance, and irregular follow up intervals, which collectively hindered the
formation of stable and interpretable clusters. Supervised models particularly the hybrid LSTM encoder Random
Forest effectively captured temporal and nonlinear relationships within complex clinical data, achieving improved
predictive performance. The addition of multimodal late-stage fusion further enhanced discriminative ability,
highlighting the complementary value of combining sequential clinical information with image-derived features.
Despite such as low sensitivity, small sample size and the study highlight the importance of modeling temporal
diseases progression and leveraging explainable AI techniques such as SHAP to support clinical interpretability.
Overall, these findings support the role of multimodal AI frameworks as clinical decision support tools rather than
replacements for clinician judgment, with future work needed to validate and refine these models in larger,
prospective, and multi-institutional settings for robust clinical implementation.
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The multimodal AI models were developed in Python using PyTorch, with image processing, tabular analysis,
survival modeling, ensemble learning, and interpretability performed using standard libraries including MONAI,
scikit-learn, pycox, XGBoost, CatBoost, and SHAP. All experiments were conducted in a controlled environment to
ensure reproducibility, and the full source code is available at:
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Figure 1

Data Flow Diagram of the Study Cohort with selected sources

Figure 2

Graphical Demonstration for Longitudinal Representation Learning via Autoencoders with Synthetic Minority
Oversampling Technique (SMOTE) for a Supervised Machine Learning Pipeline for Prostate Cancer Treatment
Selection
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Figure 3

Graphical Representation for Time-Series–Aware Supervised Machine Learning Framework for Prostate Cancer
Treatment Selection

Figure 4

Schematic of the late-stage fusion pipeline utilised for the best-performing multimodal data integration,
combining optimised tabular and imaging data
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Figure 5

Receiver operating characteristic (ROC) curves for supervised machine learning models following Longitudinal
Representation Learning with SMOTE application for predicting prostate cancer treatment categories for Brunei
Cancer Centre (TBCC) from Jan 18 to Dec 24
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Figure 6

Class-specific Receiver operating characteristic (ROC) curves across prostate cancer treatment categories for
different deep neural network-based architectures with SMOTE for supervised machine learning models
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Figure 7

SHAP-Based Interpretation of the Hybrid LSTM Encoder and Random Forest Model: A) Bar plot on Static
Variables, B) Bar plot on Time varying variables as Time series features, C) Bar plot on aggregated features
using mean for demonstrating time varying variable in model, D) SHAP Waterfall plot for random patient (index
13) top 10 features Prediction Explanation.
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