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Prostate cancer (PCa) is the most prevalent malignant tumor in males, and many patients remain at 
risk of biochemical recurrence (BCR) following initial treatment. Accurate prediction of BCR is vital 
for effective clinical management and treatment planning. This study evaluates the effectiveness of 
machine learning (ML) models in predicting BCR among prostate cancer patients, comparing their 
performance to traditional prognostic methods. We systematically searched four databases (PubMed, 
Web of Science, Embase, and Cochrane) for studies employing ML techniques to predict prostate 
cancer BCR. Data extraction included model type, sample size, and the area under the curve (AUC). 
A meta-analysis was conducted using AUC as the primary performance metric to assess predictive 
accuracy and heterogeneity across models. Sixteen studies comprising a total of 17,316 prostate 
cancer patients were included. The pooled AUC for ML models was 0.82 (95% CI: 0.81–0.84). Deep 
learning and hybrid models outperformed traditional models (AUC = 0.83). Models using imaging data 
showed improved performance (AUC = 0.82). ML models were most effective in predicting 1-year BCR 
(AUC = 0.86), with performance slightly decreasing for longer time intervals. ML models outperform 
traditional methods in predicting BCR, especially in the short term. Incorporating multimodal data, 
such as imaging, enhances predictive accuracy. Future studies should optimize and validate these 
models through large-scale clinical trials.

Prostate cancer (PCa) is one of the most common malignancies in men, with its incidence continually rising 
worldwide1. It has become the second most common cancer and the fifth leading cause of cancer-related deaths 
among men2.Despite significant advancements in early diagnosis and treatment, many patients still experience 
biochemical recurrence (BCR) after definitive therapies such as prostatectomy or radiation therapy, marked by 
a rise in prostate-specific antigen (PSA) levels3. BCR often indicates local or distant recurrence of the cancer, 
adversely affecting patient prognosis and reducing overall survival4,5.

Accurately predicting BCR is important for urologists in their clinical management and treatment planning6. 
Early recognition of high-risk BCR patients enables the prompt initiation of secondary treatments, which can 
delay disease progression, control metastasis, and enhance survival rates7. Predicting the BCR of PCa involves 
multiple factors, such as the patient’s clinical data and tumor characteristics8. Traditional prediction methods 
mainly rely on laboratory, imaging, and pathological data, using conventional statistical models such as CAPRA 
nomograms for comprehensive analysis9,10. These traditional methods often rely on single parameters, such as 
the Prostate Imaging Reporting and Data System (PI-RADS) score for MRI-based tumor characterization or 
shear wave elastography for measuring tissue stiffness. While these methods contribute to predictive accuracy, 
they suffer from several key limitations11.

The PI-RADS score, for instance, is heavily reliant on the interpretation of MRI images by radiologists, leading 
to potential subjectivity and inter-reader variability. Additionally, the shear wave elastography technique, while 
effective in assessing tissue stiffness, cannot fully capture the complex, multi-dimensional nature of prostate 
cancer and may miss subtle biomarkers indicative of BCR. These traditional approaches also tend to focus on 
limited, static datasets and may not dynamically adjust to changes in the patient’s condition over time, further 
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limiting their predictive power12. These methods struggle to fully address the high heterogeneity and complexity 
of PCa, thus constraining their clinical applicability.

With the advancement of technology, the application of ML in disease prediction and diagnosis has become 
increasingly widespread13,14. Compared to traditional methods, ML can handle more complex data and uncover 
hidden nonlinear relationships, thereby improving predictive accuracy and stability. In predicting BCR, ML 
offers distinct advantages, including comprehensive multi-factor analysis, dynamic updates, and automated 
learning with parameter optimization15,16.

In recent years, numerous studies have explored the use of ML for BCR prediction in prostate cancer, 
demonstrating its potential in processing diverse data sources and enhancing model stability17,18. The 
performance of ML models is typically evaluated through cross-validation and external validation, with 
commonly used metrics including AUC, accuracy, sensitivity, and specificity19.

However, the results of different studies vary significantly, and a systematic comprehensive evaluation is 
lacking. Therefore, we conducted a systematic review and meta-analysis to thoroughly assess the effectiveness of 
ML models in predicting BCR in PCa. The results are expected to facilitate their application in prostate cancer 
management, improving patient treatment outcomes and quality of life.

Methods
Search strategy
Our study’s systematic review followed the PRISMA guidelines for systematic reviews and meta-analyses20. 
The detailed search strategy and review protocol are available on Prospero (CRD42024553291). We performed 
a systematic literature search in four databases—PubMed, Web of Science, Embase, and Cochrane using the 
search strategy: “prostate cancer” AND “machine learning” AND “biochemical recurrence.” Additional terms 
related to biochemical recurrence include biochemical failure, PSA recurrence, and PSA failure.

Inclusion criteria
We included studies that reported the performance of ML in predicting the BCR of PCa and compared them 
with traditional models as a reference test. All types of original research (prospective and retrospective) that 
provided data on the validation, development, and validation of ML were included. Reviews, editorial materials, 
books, and commentaries were excluded.

After the automatic duplication check, Ling and Yao removed duplicates manually. Subsequently, they 
conducted a title review, excluding inappropriate publications such as reviews, case reports, editorial materials, 
books, and commentaries. They also excluded studies that focused on radiomics. This exclusion was based on 
the fact that the primary focus of this research is on ML models for predicting BCR of PCa, and radiomics-based 
approaches were outside the scope of this study. Furthermore, studies that employed ML models for predicting 
non-BCR outcomes or involved other malignancies were also excluded. Ling and Yao independently reviewed 
abstracts according to the specified inclusion and exclusion criteria, eliminating studies that used biomarkers 
for predicting BCR and those without data or with inaccessible full texts. At this stage, any disagreements led to 
the inclusion of the article for further full-text review. Finally, Ling and Yao independently performed a full-text 
review, excluding articles that did not provide AUC data for both ML models and traditional statistical models. 
Disagreements were resolved through discussion, and if consensus could not be reached, Li made the final 
decision (Fig. 1).

Data extraction
Data extraction was independently conducted by Ling and Yao. They extracted and tabulated the following 
information from the articles: the first author, year of publication, treatment modalities such as radical 
prostatectomy (RP), radiotherapy (RT), and aobot-assisted radical prostatectomy (RARP), source data for 
testing the ML models, types of source data, various ML models used (including logistic regression, support 
vector machine, decision tree, random forest, eXtreme Gradient Boosting, and Neural Network), types of ML 
models, the sample size of the validation set, and the AUC of the validation set.

Additionally, since 14 out of 16 articles (87.5%) mentioned the time to BCR prediction, we included this 
data in the table as well. At the end of data extraction, Ling and Yao compared their results and discussed any 
discrepancies. The scope of ML applications and their AUC in predicting the BCR of PCa was the primary 
conclusion of the study. Additional results examined how ML models and conventional models performed 
differently for BCR prediction, as well as the differences between the various ML models.

Each study’s level of evidence was assessed using the Oxford Centre for Evidence-Based Medicine scale, and 
the risk of bias was evaluated using the QUADAS-2 tool (SI Fig. 1)21,22.

Data synthesis
Due to the variety of metrics used to measure model performance in the field of ML, no single metric can provide 
a complete picture. AUC, a combined measure of sensitivity and specificity, has become a standard in the field 
of diagnostic test accuracy. Since all 16 articles reported AUC, we chose it as the primary performance metric. 
As AUC is restricted to the interval between 0.5 and 1.0, we converted and linearized them to a continuous scale 
using the logit transformation formula (AUC/

0.5 − 1)23.
At this stage, we used the chi-squared test and the heterogeneity index I² to assess the statistical heterogeneity 

of the results included in the meta-analysis. A I² value less than 25% indicates low heterogeneity; an I² between 
25% and 75% indicates moderate heterogeneity; and an I² greater than 75% indicates high heterogeneity. Since 
we anticipated moderate heterogeneity, a random-effects model was applied. Additionally, if high heterogeneity 
was observed, subgroup analyses were planned.
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Meta-analysis methods
We used R and Stata 15 to aggregate the AUCs of all ML models. We tested the generalized point estimates of 
the effects and their credibility. To visualize the results of this analysis, we employed forest plots and funnel plots. 
Data processing tools included RevMan 5.3, Stata 15, and R.

Fig. 1.  Literature screening process.
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Results
Search of study
After the initial search, we collected 1,095 relevant articles. Following screening and quality assessment, 16 
articles published between 2007 and 2024 were ultimately included. All studies were prospective or retrospective 
cohort studies, encompassing data from approximately 17,316 cases of radical treatment for PCa. These studies 
included data from multiple institutions and countries. Only two articles did not specify the time interval for 
predicting the BCR of PCa.

Study characteristics
The basic characteristics of these included studies comprised the first author, year of publication, treatment 
modalities (RP, RT, RARP), source data for training and testing the ML models, types of source data, various ML 
models used, types of ML models, sample size of the validation set, and the AUC of the validation set.

A total of 82 distinct models, spanning 25 different types, These 25 types refer to the different categories or 
methodologies of models used, such as logistic regression (LR), support vector machines (SVM), random forests 
(RF), and others. Each type may have been applied with different datasets, resulting in unique models. Since 
deep learning models are a subset of ML models24we categorized these 25 model categories into deep learning 
models, non-deep learning models (traditional ML models), and hybrid models (ML + DL models). Among the 
82 included models, there were 15 deep learning models25–30accounting for approximately 18.3% of the total; 63 
non-deep learning models26–29,31−40, making up about 76.8% of the total; and 4 hybrid models39,40representing 
4.9% of the total (Fig. 2a).

In terms of the source data for the ML models, we categorized the source data used in the included literature 
into single data and hybrid data. Single data includes clinical laboratory data (CLD), imaging data (ID), and 
pathological data (PD). Hybrid data refers to the combination of any two or all three types of single data.

Seventy (85.4%) of the 82 models that were included used hybrid data25–35,37−40. Of these, 58 models (70.7%) 
used a combination of ID + PD + CLD26–30,34,35,37,38,408 models (9.8%) used PD + CLD31,33,39and 2 models (2.4%) 
used either ID + CLD or ID + PD25,30,32,34. Only 12 models (14.6%) used single data25,30,32,34,36,39with 4 models 
(4.9%) using clinical laboratory data25,30,32,346 models (7.3%) using imaging data30,32,34,36,39and 2 models (2.4%) 
using pathological data30,34.

We noticed that a significant portion of the literature reported using imaging data as the source data for 
predictive models. A total of 68 models (82.9%) used ID25–30,32,34–40with the model in Lee et al. performing the 
best (AUC = 0.971)25. Only 14 models (17.1%) did not use ID25,30–34,39(Fig. 2-b).

Of the 16 included studies, 14 specified the time intervals for predicting BCR in PCa. Tan et al., Park et 
al., Wong et al., and Hou et al. mentioned 1-year BCR27,35,37,40; Leo et al., Lee et al., Lu et al., and Hou et al. 
mentioned 2-year BCR25,31,33,40; Hu et al., Tan et al., Lee et al., Sargos et al., Shiradkar et al., and Hou et al. 
mentioned 3-year BCR26,28,30,34,35,40; and Bourbonne et al., Tan et al., Lee et al., Cordon-Cardo et al., and Kim et 
al. conducted studies on 5-year BCR26,29,32,35,38. These studies included 78 different models (95.1%).

The number of predictive models for 1-year, 2-year, 3-year, and 5-year BCR was 13 (15.9%), 12 (14.6%), 29 
(35.4%), and 24 (29.3%). Among all 82 models, only 4 models (4.9%) did not predict the BCR of PCa within a 
specified time interval36,39(Fig. 2-c).

Thirteen studies focused on patients who underwent radical prostatectomy (RP) for PCa25,27,28,30–36,38,40; 
three studies reported on robot-assisted radical prostatectomy (RARP)29,35,37; and two studies used radical 
radiotherapy (RT) as the treatment method25,39. Additionally, three studies compared the ML models with 
traditional clinical models30,35,40.

Fig. 2.  (a) The chart shows the prevalence of different model types, with Non-Deep Learning Models at 76.8%, 
Deep Learning Models at 18.3%, and ML + DL Models at 4.9%. (b) This chart highlights data type usage, with 
Hybrid data types at 85.4%, Single data types at 14.6%, and a mix of other types. (c) The chart displays time 
intervals used in the study, with 1-Year at 15.9%, 2-Year at 14.6%, 3-Year at 35.4%, 5-Year at 29.3%, and NA at 
4.9%. ID imaging data, CLD clinical data, PD pathological data.
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Main results
Our study indicates that ML models exhibit high performance in predicting the BCR of PCa. The meta-analysis 
revealed a pooled AUC of 0.82 (95% CI 0.81–0.84) with an I² of 49.5% (Fig. 3). The results suggest that ML 
models are reliable for predicting BCR in PCa. The I² value indicates moderate heterogeneity between studies, 
enhancing the credibility of the pooled results.

Fig. 3.  This figure shows the predictive performance (AUC) of machine learning models from various studies. 
The table lists the study details, and the forest plot on the right illustrates the AUC values with 95% confidence 
intervals.
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Subgroup analysis
LR and RF were the most commonly utilized models among the 16 included studies. The pooled effect size for 
AUC was 0.84 (95% CI 0.79–0.88) for LR and 0.84 (95% CI 0.80–0.87) for RF. Although the number of other 
models was relatively limited, these also demonstrated good predictive performance (SI Fig. 2).

We also analyzed the types of source data (Fig. 4), categorizing them into single data and hybrid data. The 
pooled AUC for single data and hybrid data were 0.82 (95% CI: 0.74–0.90) and 0.82 (95% CI: 0.81–0.84), 

Fig. 4.  This figure shows the summarized area under the curve (AUC) values with 95% confidence intervals 
for single and hybrid data types across various studies.
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respectively. These results suggest that hybrid data models may exhibit more stable predictive performance 
compared to single data models.

Since most studies used imaging data to build their models, we compared models with imaging data to those 
without it (Fig. 5). The pooled AUC were 0.82 for models with imaging data and 0.78 for those without. The 
results suggest that models utilizing imaging data may perform better. The higher AUC observed for models with 

Fig. 5.  This figure shows the summarized area under the curve (AUC) values with 95% confidence intervals 
for studies using imaging data compared to other data types.
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imaging data highlights the potential benefit of imaging data in predicting the BCR of PCa, with the integration 
of multimodal data possibly enhancing model performance.

We also analyzed the types of ML models (Fig. 6), categorizing them into non-deep learning models, deep 
learning (DL) models, and ML + DL models. The AUC for the non-deep learning model group was 0.81 (95% 
CI 0.79–0.83), for the deep learning model group was 0.83 (95% CI 0.80–0.86), and for the ML + DL model 

Fig. 6.  This figure shows the analysis results of the area under the curve (AUC) values with 95% confidence 
intervals for non-deep learning models, deep learning models, and ML + DL models across various studies.
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group was 0.83 (95% CI 0.81–0.84). These results suggest that deep learning models and ML + DL models may 
outperform non-deep learning models in predicting BCR.

The elevated AUC for deep learning and ML + DL models could reflect their enhanced ability to identify 
complex patterns and nonlinear relationships within the data, leading to improved predictive performance. 
Moreover, ML + DL models may demonstrate more stable performance compared to deep learning models alone.

Finally, we conducted a subgroup analysis of the predictive ability of ML models for BCR across different 
post-treatment time intervals (Fig. 7). The AUC was 0.86 (95% CI 0.82–0.90) for 1-year BCR, 0.82 (95% CI 
0.78–0.85) for 2-year BCR, 0.80 (95% CI 0.77–0.82) for 3-year BCR, and 0.82 (95% CI 0.80–0.83) for 5-year 
BCR. These findings suggest that ML models’ predictive capacity may vary over time, with the 1-year forecast 
demonstrating the best performance.

Thus, it can be suggested that ML models may be reliable in predicting BCR in PCa, particularly in the short-
term (1-year), but caution should be taken in making definitive conclusions regarding long-term prediction 
without further statistical validation.

In this meta-analysis, we also used a funnel plot to assess for the presence of publication bias. As shown in 
Fig. 8, the data points in the funnel plot are roughly symmetrically distributed, with most points clustered near 
the center line, indicating minimal publication bias in this analysis. The majority of the studies fall within the 
pseudo-95% confidence limits indicated by the dashed lines, suggesting that the effect estimates are consistent 
with the overall effect. The data points spread outward with increasing standard error, which aligns with the 
expected shape of a funnel plot, further validating the reliability of the study results.

Our analysis indicates that the impact of publication bias appears minimal, and the overall results show high 
consistency and reliability.

Noteworthy studies
It is worth mentioning that Lee et al.26Hou et al.40and Tan et al.35 used ML models to predict the BCR of PCa 
over different time intervals.

Lee et al.26 conducted long-term follow-up validation at 3-year and 5-year post-radical treatment, with AUCs 
of 0.82 and 0.79. Hou et al.40 reported results for 1-year, 2-year, and 3-year BCR, with AUCs of 0.84, 0.81, and 
0.78. In Tan’s study35ML models predicted the BCR of PCa at 1-year, 3-year, and 5-year intervals, achieving 
AUCs of 0.86, 0.86, and 0.88. Their studies all indicate that ML models exhibit high reliability in mid-to-long-
term predictions of BCR in PCa.

Hou et al.40 aimed to provide a non-invasive method for predicting BCR by combining MRI data with AI 
models, reducing the reliance on biopsies. This approach allows patients to receive accurate predictions without 
undergoing invasive procedures, thereby decreasing the consumption of medical resources and lowering 
healthcare costs. Additionally, it reduces the risks of infection and complications associated with biopsies, 
making the patient experience more comfortable.

The study was based on extensive MRI imaging data for model training. Among the studies we included, 
14 utilized imaging data for model training25–30,32,34–40. These models consistently demonstrated excellent 
performance, underscoring the significant role of imaging data in predicting BCR.

They also compared their AI model with nomograms (CAPRA, CAPRA-S) in predicting 5-year BCR. The 
results showed that the ML model outperformed traditional models in terms of net benefit and predictive 
performance.

Tan et al.35 compared their ML model with traditional nomograms used clinically to predict prostate BCR. 
Their model outperformed the nomograms in predicting the BCR of PCa. Shiradkar et al.30 compared their 
models with CAPRA and CAPRA-S, using deep learning techniques including convolutional neural networks 
(CNN) and radiomics analysis. They developed single-modality models and multimodality models. The 
multimodality model achieved an AUC of 0.860 in the test set, significantly higher than CAPRA (AUC = 0.684) 
and CAPRA-S (AUC = 0.705).

Additionally, they compared their models with CAPRA and CAPRA-S, using deep learning techniques 
including convolutional neural networks (CNN) and radiomics analysis. They developed single-modality models 
and multimodality models. The multimodality model achieved an AUC of 0.860 in the test set, significantly 
higher than CAPRA (AUC = 0.684) and CAPRA-S (AUC = 0.705).

Discussion
Our meta-analysis showed that ML models had good predictive performance in predicting PCa BCR with 
a pooled AUC of 0.82 (95% CI 0.81–0.84). And the I² value of 49.5% among the included studies suggests 
moderate heterogeneity, which supports the credibility of the results.

Within the included studies, deep learning models and ML + DL models outperformed non-deep learning 
models, achieving AUC of 0.83 compared to 0.81 for non-deep learning models. This suggests that more complex 
and diverse model structures have an advantage in handling patient data, as they can better capture complex 
patterns and nonlinear relationships within the data, thereby improving predictive performance41. Our data 
indicates that ML + DL models exhibit more stable performance than deep learning models alone, reflecting the 
potential superiority of multi-model ensemble approaches in handling large datasets42.

Our analysis further shows models using hybrid data are more stable in performance compared to single data 
models. It suggests that multimodal data fusion can more comprehensively reflect the clinical characteristics of 
patients43 The potential of integrating multiple types of source data is demonstrated by significantly improving 
the models’ predictive capabilities through combining different data types44therefore current research trends 
towards using hybrid data for predicting BCR.

This study also pointed out that models using imaging data performed better in predicting the BCR of 
PCa compared to those not using imaging data45. This underscores the critical role of imaging data in BCR 
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prediction. Imaging data provides rich information about disease characteristics, revealing features such as 
tumor size, location, and its relationship with surrounding anatomical structures to identify potential tumor 
progression45,46. Combining imaging data with other types of data can form multimodal data fusion, providing 
more comprehensive information and enhancing the predictive power of the models47. This allows ML models 
to capture disease characteristics and progression more quickly and thoroughly48.

Fig. 7.  This figure shows the predictive performance (AUC with 95% CI) of various models across different 
time intervals (1-year, 2-year, 3-year, and 5-year).
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Meanwhile, we also evaluated the performance of ML in predicting BCR over different time intervals (1-
year, 2-year, 3-year, and 5-year). The pooled AUC values for these time intervals were 0.86, 0.82, 0.80, and 
0.82. These results indicate that ML models are the best at predicting BCR within 1-year. The predictive ability 
of the models shows some variation across different time intervals. While the AUC values for the 2-year and 
3-year intervals are slightly lower, they remain above 0.8, suggesting that the models still demonstrate strong 
predictive performance. The AUC value for the 5-year interval is 0.82, which is similar to that of the 1-year 
interval, indicating that the models continue to perform well even for long-term predictions.

Although the predictive ability of ML models varies across different time intervals, they generally demonstrate 
good predictive performance49,50. Particularly in the short term (1-year). As time progresses, the prediction 
accuracy of the models decreases somewhat, but it improves again over the longer term (5-year), indicating the 
stability of ML models in long-term predictions. This further demonstrates their reliable dynamic predictive 
capabilities51.

Research has shown that ML models outperform traditional nomogram models in predicting the BCR of 
PCa. In Tan et al.‘s study35the AUCs for ML models were 0.86 or 0.88 at 1-year, 3-year, and 5-year intervals, 
higher than the AUCs of the Kattan, JHH, and CAPSURE nomograms. Hou et al.40 also showed that AI models 
outperform the D’Amico, CAPRA, and CAPRA-S nomograms in predictive performance. Shiradkar et al.30 
further demonstrated that the multimodal models constructed using deep learning techniques achieved an 
AUC of 0.860, significantly higher than the AUCs of the CAPRA and CAPRA-S models, which were 0.684 and 
0.705. Sargos et al.28 also demonstrated that AI models have stronger predictive capabilities for the BCR of PCa 
compared to traditional CAPRA nomograms.

They applied deep neural networks (DNN) to predict BCR in PCa. Compared to other predictive models 
such as CAPRA score, LR, k-nearest neighbors (KNN), RF, and Cox regression, the study found that DNN 
exhibited higher accuracy in predicting 3-year BCR, with an AUC of 0.84, significantly outperforming the other 
models. This indicates that deep learning models have good potential for complex medical prediction tasks28.

Therefore, by integrating multiple types of source data and adopting complex model structures, predictive 
performance can be significantly enhanced, providing strong support for clinical decisions52.

In our meta-analysis on ML predictions of BCR in PCa, the results show that ML models exhibit reliable 
performance in this field, with a pooled AUC of 0.82 (95% CI 0.81–0.84). To further explore the significance of 
these results, we compared them with the study by Lorent et al.53which thoroughly assessed the performance of 

Fig. 8.  This funnel plot visualizes the distribution of studies included in the meta-analysis.
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the CAPRA nomogram in predicting BCR in PCa, with a pooled AUC of 0.73 (95% CI 0.67–0.79). Evidently, ML 
models surpass the CAPRA scoring system in terms of predictive performance.

Lorent et al.53 used traditional statistical methods to evaluate the predictive ability and calibration of the 
CAPRA scoring system. They found that although the CAPRA nomogram performed well in terms of calibration 
and discrimination, its application showed certain limitations across different patient populations. Lorent et al.53 
further explored the clinical utility of the CAPRA nomogram and found that its practicality in stratified medical 
decision-making was limited.

In contrast, ML models have the potential to assist clinicians in formulating more personalized treatment 
plans through more accurate predictions, thereby improving patient prognosis and quality of life. Because 
ML models possess strong adaptability and data processing capabilities, they excel at handling large-scale and 
complex data and demonstrate good generalization across different clinical settings54.

These findings have important implications for the clinical practice of urology. Efficient modern ML models 
can help clinicians more accurately predict the BCR of PCa, thereby improving patient prognosis.

Limitation
Despite the promising results, there are several limitations to this analysis. The heterogeneity between studies, 
including differences in patient populations and model types, may affect the generalizability of the findings. 
Additionally, most of the studies relied on retrospective data, which could introduce biases. The potential 
overfitting of deep learning models and the lack of standardization in data collection across studies are other 
factors that may limit the applicability of these models in clinical practice.

Outlook
With the increasing application of ML in clinical settings, research has confirmed its effectiveness and reliability 
in medical predictions55. Specifically, in low- and middle-income countries, ML models have the potential 
to provide cost-effective and timely predictions by integrating existing clinical data, reducing the need for 
expensive or invasive procedures, lowering patient risks, and overall healthcare costs. In these settings, ML can 
serve as an important tool for early diagnosis and treatment planning. Moreover, ML can guide clinicians by 
offering real-time predictions and recommendations, assisting them in making more accurate, personalized 
treatment decisions. However, the integration of AI into clinical practice also presents challenges, such as data 
quality, algorithm transparency, and the need for clinician training. AI should complement, not replace, clinical 
expertise. Future research should focus on optimizing these models to ensure their effective implementation in 
diverse healthcare environments.

Future research should optimize and validate these models and develop multimodal models that integrate 
various types of data. More advanced models can better understand the complexity of PCa recurrence, provide 
more accurate predictions, and aid in the early detection of disease progression. Non-invasive prediction 
methods help reduce the risk of infection, consumption of materials, and patient expenses, as well as alleviate 
patient suffering. Promoting and validating the effectiveness of these methods will improve healthcare efficiency 
and patient experience40. Moreover, as more data becomes available in the future, such as PSMA-PET/CT, 
ML can integrate this additional information, which will further enhance its predictive performance. Existing 
prediction methods should be updated to integrate multimodal data and ML techniques. The effectiveness and 
stability of new models should also be validated through multicenter clinical trials to enhance clinical trust56.
Advancing the application of ML in PCa prediction involves optimizing models and integrating multimodal 
data. This approach can provide precise, personalized healthcare, improving prognosis and quality of life57.We 
believe that as technology and clinical practice advance, ML will play an increasingly significant role in precision 
medicine and personalized treatment.

Conclusion
Our research highlights the promising performance and reliability of ML models in predicting the BCR of PCa. 
However, further large-scale prospective clinical validation is needed to confirm these findings. Future studies 
should focus on optimizing and validating these models. In doing so, existing prediction tools may be refined, 
or more robust models could be developed, ultimately advancing healthcare and improving patient outcomes 
and quality of life.
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