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Diagnostic systematic review
and meta-analysis of machine
learning in predicting biochemical
recurrence of prostate cancer

Chenyang Ling¥%*, Ning Tao%3*, Abudukeyoumu Maimaitiyimin'?, Yifan Zhang?®3,
Miao Yao'?2, Hongyu Pu'?, Xiaodong Li****, Yujie Wang?** & Hengqing An%?**

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% Cl: 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
worldwide!. It has become the second most common cancer and the fifth leading cause of cancer-related deaths
among men?.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) levels®. BCR often indicates local or distant recurrence of the cancer,
adversely affecting patient prognosis and reducing overall survival*>.

Accurately predicting BCR is important for urologists in their clinical management and treatment planning®.
Early recognition of high-risk BCR patients enables the prompt initiation of secondary treatments, which can
delay disease progression, control metastasis, and enhance survival rates’. Predicting the BCR of PCa involves
multiple factors, such as the patient’s clinical data and tumor characteristics®. Traditional prediction methods
mainly rely on laboratory, imaging, and pathological data, using conventional statistical models such as CAPRA
nomograms for comprehensive analysis™!°. 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 limitations!®.

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 power!2. 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 widespread'>!4. 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 optimization!>1®.

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 stability!”!%. The
performance of ML models is typically evaluated through cross-validation and external validation, with
commonly used metrics including AUC, accuracy, sensitivity, and specificity'®.

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-analyses®.
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)>122,

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 / 05— D¥

At this stage, we used the chi-squared test and the heterogeneity index I” to assess the statistical heterogeneity
of the results included in the meta-analysis. A I” value less than 25% indicates low heterogeneity; an I between
25% and 75% indicates moderate heterogeneity; and an I? 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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Fig. 1. Literature screening process.

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.
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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 models?*we 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 models**~*%accounting for approximately 18.3% of the total; 63
non-deep learning models?®~2*31-4% making up about 76.8% of the total; and 4 hybrid models***’representing
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 data?>-3>37-%0, Of these, 58 models (70.7%)
used a combination of ID + PD + CLD?6-30:3435.37.38:408 models (9.8%) used PD + CLD?"**3and 2 models (2.4%)
used either ID +CLD or ID +PD?*30:3234 Only 12 models (14.6%) used single data>30-3%3436-39ith 4 models
(4.9%) using clinical laboratory data?>3%32346 models (7.3%) using imaging data®*-3234363and 2 models (2.4%)
using pathological data®®3*.

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 ID?>-30:3234-40with the model in Lee et al. performing the
best (AUC=0.971)%. Only 14 models (17.1%) did not use ID*>30-3439(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 BCR?7*>374%; Leo et al., Lee et al., Lu et al., and Hou et al.
mentioned 2-year BCR?>31:3340; Hy et al,, Tan et al,, Lee et al., Sargos et al., Shiradkar et al., and Hou et al.
mentioned 3-year BCR?6:28:30.34.3540; and Bourbonne et al., Tan et al,, Lee et al., Cordon-Cardo et al., and Kim et
al. conducted studies on 5-year BCR?62%323538 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 interval®>3°(Fig. 2-c).

Thirteen studies focused on patients who underwent radical prostatectomy (RP) for PCa
three studies reported on robot-assisted radical prostatectomy (RARP)?*2>%7; and two studies used radical
radiotherapy (RT) as the treatment method?>*°. Additionally, three studies compared the ML models with
traditional clinical models3®3>.
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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 I* of 49.5% (Fig. 3). The results suggest that ML
models are reliable for predicting BCR in PCa. The I? value indicates moderate heterogeneity between studies,
enhancing the credibility of the pooled results.

Author Year  Timelnterval Treatment Datatype D Sourcedata  Model type Model AUC (85%C)

Yu Guang Tan 02 1 RRRARP  Hybrid Using imaging data ID+PDYCLD  Non-Deep Learning Model N8 340 ——e—— 088(082,095)
Yu Guang Tan 02 1 RPRARP  Hybrid Using imaging data IDVPDACLD  Non-Deep Learing Model RF 340 e 1085(066,100)
Yu Guang Tan 02 1 RRRARP  Hybrid Using imaging data. ID+PDYCLD  Non-Deep Leaming Model SVM 340 »—%—4 084 (065,1.00)
Yu Guang Tan 02 1 RPRARP  Hybrid Using imaging data ID+PDSCLD  Non-Deep Learning Model LR 340 —_———— 080 (0.65,0.94)
Seongkeun Park 200 1 P Hybrid Using imaging data. ID+PDICLD  Non-Deep Learning Model  KNN a7 - 060 (0.28,091)
Seongkeun Park 200 1 RP Hybrid Using imaging data IDWPDYCLD  Deep Learning Model  MLP a7 - 061(029,092)
Seongkeun Park 200 1 P Hybrid Using imaging data ID+PDYCLD  Non-Deep Leaming Model DT a7 - 053(0.21,086)
Nathan C. Wong 2021 1 RARP Hybrid Using imaging data ID+PDICLD  Non-Deep Learning Model KNN 101 ————e———1090(0.79, 1.00)
Nathan C. Wong 2021 1 RARP Hybrid Using imaging data ID+PDSCLD  Non-Deep Learning Model RF 101 ————e———1002(062,100)
Nathan C. Wong 221 1 RARP Hybrid Using imaging data ID*PDACLD  Non-Deep Leaming Model LR 101 | 094 (085,100)
Ying Hou 2028 1 RP. Hybrid Using imaging data ID+PDICLD  Non-Deep Leaming Model Cox-GBM 116 »—%-0—4 084(0.72,095)
Ying Hou 203 1 P Hybrid Using imaging data ID+PDYCLD  ML+DL Model Cox-DL 116 ———te—————  083(072,095)
Ying Hou 2023 1 P Hybrid Using imaging data ID+PDYCLD  Non-Deep Learning Model  Cox 116 ————te—————1 084(072,095)
Patrck Leo 018 2 P Hybrid Without using imaging data  PD+CLD Non-Deep Learning Model  LDA 2 - 064 (0.23,1.00)
Jong Jin Lee 2020 2 RPRT Hybrid Using imaging data ID+CLD Deep Learning Model CNN 268 | —————1007(086,1.00)
Jong JinLee 200 2 RPRT Single Without using imaging data  CLD Deep Learning Model CNN 268 S — 070 (050, 0.90)
Wenhao Lu 004 2 RP Hybrid Without using imaging data  PD+CLD Non-Deep Learning Model  RF 162 e 08507509
Wenhao Lu 004 2 RP Hybrid Without using imaging data  PD+CLD Non-Deep Learning Model ~sTree 162 —_— 076 (063,0.88)
Wenhao Lu 2004 2 P Hybrid Without using imaging data  PD+CLO Non-Deep Learning Model  GBM 162 — 082(0.72,092)
Wenhao Lu 004 2 P Hybrid Without using imaging data  PD+CLD Non-Deep Learing Model  XGB 162 —_— 079(068,091)
Wenhao Lu 2024 2 RP Hybrid Without using imaging data  PD+CLD. Non-Deep Learning Model  Cox 162 e —Y 0.81(0.70,091)
Ying Hou 08 2 RP Hybrid Using imaging data ID+PDYCLD  Non-Deep Leaming Model Cox-GBM 116 —_——— 080 (068, 0.92)
Ying Hou 0 2 RP Hybrid Using imaging data IDVPDACLD  MLYDL Model Cox-DL 116 —_— 082(0.71,0.94)
Ying Hou 03 2 RP Hybrid Using imaging data ID+PDYCLD  Non-Deep Learning Model  Cox 116 S — 080(067,092)
Chenhan Hu 204 3 P Single Using imaging data D Non-Deep Learning Model LASSO Cox 109 »—o—%—< 074 (0.55,0.94)
Ghenhan Hu 2004 3 RP Single Without using imaging data  PD. Non-Deep Learning Model LASSO Cox 109 - 073(052,094)
Chenhan Hu 2004 3 P Single Without using imaging data  CLD. Non-Deep Learning Model LASSO Cox 109 - 070(0.48,093)
Chenhan Hu 2024 3 RP Hybrid Using imaging data ID+PD Non-Deep Leaming Model LASSO Cox 109 ———————————— 1 0.80(062,099)
Chenhan Hu 2004 3 RP Hybrid Using imaging data ID+PDSCLD  Non-Deep Learning Model LASSO Cox 109 ———e———  086(076,09)
Yu Guang Tan 022 3 RPRARP  Hybrid Using imaging data ID*PDSCLD  Non-Deep Learing Model  NB 270 1 088(076,100)
Yu Guang Tan 02 3 RRRARP  Hybrid Using imaging data ID+PDYCLD  Non-Deep Learning Model RF 270 e 088(077,088)
Yu Guang Tan 02 3 RRRARP  Hybrid Using imaging data ID+PD+CLD  Non-Deep Learning Model  SVM 270 »—%—0—4 085 (0.73,097)
Yu Guang Tan 02 3 RRRARP  Hybrid Using imaging data ID+PDYCLD  Non-Deep Learning Model LR 270 e 085(073,087)
Sun Jung Lee 200 3 P Hybrid Using imaging data ID+PDYCLD  Non-Deep Learing Model DT 1023 e 082(0.77,087)
Sun Jung Lee 20200 3 RP Hybrid Using imaging data ID+PD+CLD  Non-Deep Learing Model RF 1023 —o—i 0.84 (0.79, 0.88)
Sun Jung Lee 200 3 RP Hybrid Using imaging data ID+PD+CLD  Deep Learning Model NN 1023 —a—it 0.80(0.76, 0.85)
Sun Jung Lee 200 3 RP Hybri Using imaging data ID+PD+CLD  Non-Deep Learning Model Cox 1023 —— 079(0.74,0.84)
Sun Jung Lee 200 3 RP Hybrid Using imaging data ID'PDCLD  Non-Deep Learning Model RR 1023 ——i 083(0.78, 0.88)
Sun Jung Lee 200 3 RP Hybrid Using imaging data ID+PDICLD  Non-Deep Learning Model LASSO Cox 1023 ._.:,_4 083(0.79,0.88)
Sun Jung Lee 200 3 RP Hybrid Using imaging data ID+PDYCLD  Non-Deep Leaming Model GBC 1023 ——— 084 (080, 0:89)
Paul Sargos 201 3 P Hybrid Using imaging data ID+PDYCLD  Deep Learning Model ~ DNN 849 e 084(0.79,089)
Paul Sargos 2021 3 RP Hybrid Using imaging data ID+PD+CLD  Non-Deep Leaming Model LR 849 —— 0.77 (0.71,0.83)
Paul Sargos 2021 3 RP Hybrid Using imaging data ID+PD+CLD  Non-Deep Learing Model KNN 849 —— ‘ 058 (0.51,065)
Paul Sargos 201 3 RP Hybrid Using imaging data. ID+PDYCLD  Non-Deep Learing Model RF 849 — 074 (068, 0.80)
Paul Sargos 001 3 RP Hybrid Using imaging data ID+PDACLD  Non-Deep Learning Model  Cox 849 — 075069, 081)
Rakesh Shiradkar 02 3 RP Single Without using imaging data  CLD. Deep Learning Model  CNN 62 . 070(047,093)
Rakesh Shiradkar 022 3 P Single Without using imaging data  PD. Deep Learning Model  CNN &2 - 073(051,095)
Rakesh Shiradkar 02 3 P Hybrid Using imaging data 1D+PD Deep Learning Model  CNN &2 ———— e 1080(061,1.00)
Rakesh Shiradkar 02 3 RP Hybrid Using imaging data ID+PDICLD  DeepLearning Model  CNN. &2 —— e 1086(068,100)
Ying Hou 2023 3 RP Hybri Using imaging data ID+PDSCLD  Non-Deep Learning Model Cox-GBM 116 —_————— 0.77 (065, 0.90)
Ying Hou 028 3 RP Hybrid Using imaging data IDPDACLD  ML+DL Model Cox-DL 116 L —— 079(067,092)
Ying Hou 023 3 RP Hybrid Using imaging data IDPDICLD  Non-Deep Learning Model  Cox 116 —_— 077 064,090)
Vincent Bourbonne 200 5 RP Single Using imaging data D Non-Deep Learning Model LR 88 >—+—< 082066, 0.98)
Vincent Bourbonne 200 5 P Single Without using imaging data  CLD. Non-Deep Learning Model LR 88 —_— 068 (049, 0.87)
Vincent Bourbonne 2020 5 RP Hybrid Using imaging data ID+CLD Non-Deep Leaming Model LR 88 —————————————0:86(0.72,1.00)
Yu Guang Tan 02 5 RRRARP  Hybrid Using imaging data ID+PDYCLD  Non-Deep Learning Model N8 210 H———e———— 089(080,099)
Yu Guang Tan 202 5 RPRARP  Hybrid Using imaging data ID+PD+CLD  Non-Deep Leaming Model RF 210 ————e——————1 0,89 (0.78, 0.99)
Yu Guang Tan 02 5 RRRARP  Hybrid Using imaging data ID+PDYCLD  Non-Deep Leaming Model SVM 210 ————————— 086(0.74,097)
Yu Guang Tan 022 5 RPRARP  Hybrid Using imaging data ID+PDICLD  Non-Deep Leaming Model LR 210 e 086(075.098)
Sun Jung Lee 200 5 P Hybrid Using imaging data ID+PDYCLD  Non-Deep Learning Model DT 1023 — 076 (0.70,081)
Sun Jung Lee 200 5 RP Hybrid Using imaging data ID+PDSCLD  Non-Deep Learning Model RF 1023 >—0—A:—4 081(0.76,085)
Sun Jung Lee 200 5 P Hybrid Using imaging data IDWPDYCLD  Deep Learning Model NN 1023 —o——t 080(0.75,0.84)
Sun Jung Lee 2020 5 RP Hybrid Using imaging data ID+PD+CLD  Non-Deep Leaming Model  Cox 1023 —— 0.78 (0.73, 0.83)
Sun Jung Lee 20200 5 RP Hybrid Using imaging data ID+PD+CLD  Non-Deep Learing Model RR 1023 —— 0.81(0.76, 0.86)
Sun Jung Lee 200 5 RP Hybrid Using imaging data ID+PDSCLD  Non-Deep Leaming Model LASSO Cox 1023 ——t 080(0.75, 0.85)
Sun Jung Lee 200 5 RP Hybrid Using imaging data ID¥PDACLD  Non-Deep Learning Model GBC 1023 ———t 080(0.75,085)
Carlos Cordon-Cardo. 2000 5 RP Hybrid Using imaging data ID+PDYCLD  Non-Deep Leaming Model SVM 340 —— 077 (068, 0.86)
Jae-Kwon Kim 203 5 RARP Hybrid Using imaging data ID+PDSCLD  Non-Deep Learning Model  SVM 7 >—A:-Q—a 083 (0.75,091)
Jae-Kwon Kim 203 5 RARP Hybrid Using imaging data ID+PDYCLD  Non-Deep Learning Model BN 47 — 084(0.76,091)
Jae-Kwon Kim 208 5 RARP Hybrid Using imaging data ID+PDACLD  Non-Deep Leaming Model RF 7 i 087 (080, 0.94)
Jae-Kwon Kim 08 5 RARP Hybrid Using imaging data ID+PDICLD  Non-Deep Leaming Model LR a7 ——— 086(0.79,0.93)
Jae-Kwon Kim 2023 5 RARP Hybrid Using imaging data ID+PD+CLD  Non-Deep Leaming Model DT 347 —_——— 087 (0.80,094)
Jae-Kwon Kim 023 5 RARP Hybrid Using imaging data ID*PDSCLD  Deep Learning Model NN a7 —_— 082(0.74,090)
Jae-Kwon Kim 208 5 RARP Hybrid Using imaging data ID+PDYCLD  DeepLearning Model ~ RNN 247 — 082(0.74,090)
Jae-Kwon Kim 203 5 RARP Hybrid Using imaging data ID'PDICLD  Deep Learning Model  LSTM 7 >—A:—o—c 085(0.77,092)
Jae-Kwon Kim 03 5 RARP Hybrid Using imaging data ID*PDYCLD  Deep Learning Model  PONN a7 —_—— 087 (080,0.94)
L. Pepp 2020 NA P Single Using imaging data [ Non-Deep Learning Model  RF 5 - 090 (0.54,1.00)
Huihui Wang 2004 NA RTHT Hybrid Without using imaging data  PD+CLD Non-Deep Learing Model  XGB 38 - 072(027,1.00)
Huihui Wang 2024 NA RTHT Single. Using imaging data D Non-Deep Learning Model  XGB 38 ! 0.77 (0.4, 1.00)
Huihui Wang 204 NA RTHT Single Using imaging data D MLYDL Model XGB-DL 38 | ————e——095(085,100)

Overall (I-squared = 49.5%, p = 0.000) < 082(081,084)
r T T T T 1
4 02 04 06 08 1

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 RE 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),

Author Year  Time Interval Treatment
Hybrid

‘Seongkeun Park 200 1 RP

Jong Jin Lee 200 2 RPRT
Sun Jung Lee 200 3 RP

Paul Sargos 2021 3 RP
Rakesh Shiradkar 02 3 RP
Rakesh Shiradkar 02 3 RP

Sun Jung Lee 200 5 RP
Jae-Kwon Kim 2028 5 RARP.
Jae-Kwon Kim 202 5 RARP.
Jae-Kwon Kim 2028 5 RARP
Jae-Kwon Kim 202 5 RARP

Yu Guang Tan 202 1 RRRARP
Yu Guang Tan 02 1 RPRARP
Yu Guang Tan 202 1 RPRARP
Yu Guang Tan 202 1 RPRARP
‘Seongkeun Park 200 1 RP
‘Seongkeun Park 200 1 RP
Nathan C. Wong 021 1 RARP.
Nathan C. Wong 202 1 RARP
Nathan C. Wong 2021 1 RARP.
Ying Hou 202 1 RP

Ying Hou 2028 1 RP

Ying Hou 03 2 RP

Ying Hou 028 2 RP
Chenhan Hu 20 3 RP
Chenhan Hu 204 3 RP

Yu Guang Tan 02 3 RRRARP
Yu Guang Tan 202 3 RPRARP
Yu Guang Tan 202 3 RPRARP
Yu Guang Tan 02 3 RRRARP
Sun Jung Lee 200 3 RP

Sun Jung Lee 200 3 RP

Sun Jung Lee 200 3 RP

Sun Jung Lee 200 3 RP

Sun Jung Lee 200 3 RP

Sun Jung Lee 200 3 RP

Paul Sargos 021 3 RP

Paul Sargos 021 3 RP

Paul Sargos 201 3 RP

Paul Sargos 2021 3 RP

Ying Hou 02 3 RP

Ying Hou 2028 3 RP.
Vincent Bourbonne 200 5 RP

Yu Guang Tan 202 5 RPRARP
Yu Guang Tan 202 5 RRRARP
Yu Guang Tan 202 5 RPRARP
Yu Guang Tan 202 5 RPRARP
Sun Jung Lee 200 5 RP

Sun Jung Lee 200 5 RP

Sun Jung Lee 200 5 RP

Sun Jung Lee 200 5 RP

Sun Jung Lee 200 5 RP

Sun Jung Lee 200 5 RP
Carlos Cordon-Cardo 2007 5 RP
Jae-Kwon Kim 2028 5 RARP.
Jae-Kwon Kim 2028 5 RARP.
Jae-Kwon Kim 2028 5 RARP.
Jae-Kwon Kim 208 5 RARP.
Jae-Kwon Kim 2028 5 RARP.
Ying Hou 202 1 RP

Ying Hou 208 2 RP

Ying Hou 2028 3 RP
Patrick Leo 018 2 RP
Wenhao Lu 20 2 RP
Wenhao Lu 204 2 RP
Wenhao Lu 204 2 RP
Wenhao Lu 20 2 RP
Wenhao Lu 204 2 RP
Wenhao Lu 0% 2 RP
Huihui Wang 2024 NA RTHT
‘Sublotal (1-squared = 52.2%, p = 0.000)

Single

Rakesh Shiradkar 202 3 RP
Chenhan Hu 20 3 RP
Vincent Bourbonne 200 5 RP

L. Papp 2020 NA RP
Huihui Wang 204 NA RTHT
Huihui Wang 202 NA RTHT
Jong Jin Lee: 200 2 RPRT
Rakesh Shiradkar 02 3 RP
Rakesh Shiradkar 202 3 RP
Chenhan Hu 204 3 RP
Chenhan Hu 204 3 RP
Vincent Bourbonne 200 5 RP

‘Subtotal (1-squared = 19.9%, p = 0.272)
Overall (I-squared = 49.5%, p = 0.000)

» Source data  Model type Model  N_validation AUC (95%Ch
Using imaging data IDPDICLD  DeepLearingModel  MLP o : 061(029,052)
Using imaging data D«CLD DeepLoaminghodel NN 28  ——e—097(086,100)
Using imaging data ID+PDICLD  DeepLearming Model NN 1023 e 080 (076, 0.85)
Using imaging data IDPDICLD  Deep Learning Model ONN 849 ——— 084 (0.79, 0.89)
Using imaging data 1D+PD. Deep Learning Model NN &2 e 080(061,100)
Using imaging data ID+PDICLD  Deep Learning Model  CNN &2 >—1_.—‘ 086 (063, 1.00)
Using imaging data ID+PDHCLD  Deep Leaming Model NN 1023 ——— 080075, 084)
Using imaging data ID+PDICLD  DeepLearning Model NN 347 —_— 082(074,090)
Using imaging data ID+PDICLD  DeepLeamning Model  RNN a7 — 082(0.74,090)
Using imaging data ID+PD+CLD  Deep Learning Model LSTM 347 —_— 085(0.77,092)
Using imaging data ID+PDHCLD  Decp Leaming Model  PONN 47 —e——  087(080,094)
Using imaging data ID+PDSCLD  Non-Deep Learning Model N8 340 —e——  088(082,095)
Using imaging data ID*PDACLD  Non-Deep Leaming Model RF 340 — e 1085(066.100)
Using imaging data ID+PDHCLD  Non-Deep Learming Model  SVM 340 »—L.—< 084 (065, 1.00)
Using imaging data ID+PDICLD  Non-Deep Learming Model LR 390 et 080(065,080)
Using imaging data ID+PD+CLD  Non-Deep Leaming Model KNN. 37 0 060 (0.28,0.91)
Using imaging data IDVPDACLD  NonDeep Leaming Model DT o : 053021,086)
Using imaging data IDPD+CLD  Non-Deep Learning Model KNN 101 ————e—————1090(0.79, 1.00)
Using imaging data ID+PDHCLD  Non-Deep Leaming Model RF 101 ————e———1052(082,1.00)
Using imaging data ID+PDCLD  Non-Deep Learming Model LR 101 | 094 (085,100
Using imaging data IDIPDYCLD  Non-Decp Leaming Model Cox-GBM 116 e os@m.089
Using imaging data ID+PDICLD  Non-Deep Leaming Model Cox-GBM 116 —_— 080 (068, 092)
Using imaging data ID+PD+CLD  Non-Deep Leaming Model Cox 116 —_———— 0.80 (0.67,0.92)
Using imaging data 1D+PD Non-Deep Learning Model LASSO Cox 109 ——— e 080(062,0.99)
Using imaging data ID*PD+CLD  Non-Deep Leaming Model LASSO Cox 109 ———e———— 086(076,06)
Using imaging data ID+PDHCLD  Non-Deep Learing Model NG 270 ————————088(076.100)
Using imaging data ID+PDICLD  Non-Deep Leaming Model RF 270 e 088077099
Using imaging deta ID*PDACLD  Non-Deep Leaming Model  SVM 270 »—5—o—< 085(0.73,097)
Using imaging data ID*PD+CLD  Non-Deep Leaming Model LR 270 ———t e 0850073,097)
Using imaging data ID+PDYCLD  Non-Desp Learming Model DT 102 —t— 082(077,087)
Using imaging data ID+PD+CLD  Non-Deep Learing Model RF 1023 — 0.84(0.79,088)
Using imaging data ID+PDICLD  Non-Deep Leaming Model Cox 1023 —— 079 (0.74,084)
Using imaging data ID*PD+CLD  Non-Deep Leaming Model RR 1023 ——i 083 (0.78, 0.88)
Using imaging data ID'PDICLD  Non-Deep Learming Model LASSO Cox 1023 ——t 083(0.79,088)
Using imaging data ID+PDCLD  Non-Deep Leaming Model  GBC 1023 »—_—o—< 084 (080, 0:89)
Using imaging deta ID+PDACLD  Non-Deep Leaming Model LR 849 —_— 077(071,083)
Using imaging data ID+PD+CLD  Non-Deep Leaming Model  KNN 840 — ! 058051, 065)
Using imaging data ID+PD+CLD  Non-Deep Learning Model RF 849 — 0.74 (0.68, 0.80)
Using imaging data ID+PD+CLD  Non-Deep Leaming Model Cox 849 — 075 (069, 081)
Using imaging data ID*PDCLD  Non-Deep Leaming Model Cox-GBM 116 —_—— 077 (0565,0.90)
Using imaging data ID+PD+CLD  Non-Deep Leaming Model  Cox 116 —_— 077 (0:64,090)
Using imaging data ID/CLD Non-Deep Leaming Model LR o ——e————os0n2100
Using imaging data ID+PDICLD  Non-Deep Learning Model N8 210 ———e——— 089(080,099)
Using imaging data ID+PD+CLD  Non-Deep Learning Model  RF 210 e 089(075,099)
Using imaging data ID+PD+CLD  Non-Deep Leaming Model - SVM 210 ——————————  0.86(0.74,097)
Using imaging data ID+PD+CLD  Non-Deep Leaming Model LR 210 ————e—————— 086(0.75,0.98)
Using imaging data ID+PD+CLD  Non-Deep Learning Model DT 1023 — 076 (070, 081)
Using imaging data ID+PDHCLD  Non-Deep Leaming Model RF 1023 ——t 081(076,085)
Using imaging data IDSPDICLD  Non-Deep Leaming Model Cox 1023 ——n 078(073,083)
Using imaging deta ID+PDICLD  Non-Deep Learning Model  RR 1023 »—o:—¢ 081(076, 086)
Using imaging data ID*PD+CLD  Non-Deep Leaming Model LASSO Cox 1023 e 080 (0.75,085)
Using imaging data ID+PD4CLD  Non-Deep Learning Model  GBC 1023 —t 080 (0.75,085)
Using imaging data ID+PD+CLD  Non-Deep Learning Model SVM 340 ———— 0.7 (0.68, 0.86)
Using imaging data IDPD+CLD  Non-Deep Learning Model SVM 27 — 083 (0.75,0.91)
Using imaging data ID+PD+CLD  Non-Deep Leaming Model BN 47 ——— 084 (076, 091)
Using imaging data ID+PD4CLD  Non-Deep Learning Model  RF 47 ——— 087 (0:80,094)
Using imaging data ID+PDCLD  Non-Deep Leaming Model LR 347 »—%—c—< 086(0.79,093)
Using imaging deta ID+PDICLD  Non-Deep Learming Model DT a7 —_——— 07 (0:80,0.94)
Using imaging data ID+PDCLD  ML+DL Model Cox-DL 116 ——te———— 0830072095
Using imaging data ID+PDICLD  MLADL Model cocDl 116 —————— omom0%m
Using imaging data ID+PD+CLD  ML+DL Model Cox-DL 116 —_— 079 (0567,092)
PDYCLD LoA 21 r 064 (023, 1.00)
PDACLD RF 162 ——e———— 085(075,094)
PDACLD svm 162 U — 077 (065, 090)
PDICLD sTree 162 »—o—%—« 076063, 088)
PDICLD = 162 —_— 082(0.72,092)
POICLD xc8 162 —_— 079(068,091)
PDICLD cox 162 —_— 081(070,091)
PDICLD xc8 38 . 072(027,1.00)
= 082 (081, 084)
Using imaging deta D Non-Deep Leaming Model LASSO Cox 109 —_— 074 (055, 0.94)
Using imaging data D Non-Deep Learming Model LR 8 —_— . os2066.09)
Using imaging data ) Non-Deep Leaming Model RF s - 090 (054, 1.00)
Using imaging data [ Non-Deep Leaming Model ~ XGB 3 - 077 044, 1.00)
Using imaging data o MLYDL Model xGB-DL 3 | ————e——095(085,100)
oo DeepL o 268 S — 070 (050, 0.90)
Without using imaging data  PD. Deep Leaming Model  CNN 3 : 073(051,095)
D LASSOCox 109 —_— e 073(052,094)
co LASSOCox 109 - 070 (0.48, 0.93)
co R 88 —_— e 068 (0.49,087)
_— 082(0.74,090)
<> 082(081,084)

o 02 04 ) 08 1

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

Author Year  Timelnterval Treatment  Datatype  Sourcedata  Model type Model  N_validation AUC (85%Ch
Using imaging data

Seongheun Park 220 1 Re Hpbid  IDIPDSCLD  DeepLeamingModel  MLP 7 1 061(020,092)
Jong Jin Lee. 2020 2 RPRT Hybrid ID+CLD Deep Learning Model CNN 268 | 097 (0.86,1.00)
Sun Jung Lee 2020 3 RP Hybrid IDWPD+CLD  Deep Learning Model NN 1023 ——t 080 (0.76, 0.85)
Paul Sargos 01 3 RP Hybrid ID'PDICLD  Deep Learning Model DN 849 ———it 0:84(0.79,0.89)
Rakesh Shiradkar 02 3 RP single 0 Deep Learning Model NN 62 . 074(052,096)
Rakesh Shiradkar 02 3 RP Hybrid 1D+PD Deep Learning Model NN 62 —— e i 080061,100)
Rakesh Shiradkar 02 3 RP Hybrid ID*PDICLD  Deep Learning Model ~ CNN 3 »—;—.—< 0.86 (068, 1.00)
Sun Jung Lee 200 5 RP Hybrid ID+PDSCLD  Deep Learning Model NN 1023 —e——t 080(0.75,0.84)
Jae-Kwon Kim 2023 5 RARP Hybrid ID+PD+CLD  Deep Learning Model NN 347 —_— 0.82(0.74,090)
Jae-Kwon Kim 203 5 RARP. Hybrid ID+PD+CLD  Deep Learning Model RNN 347 e 0.82(0.74,090)
Jae-Kwon Kim 2023 5 RARP Hybrid ID+PD+CLD  Deep Learning Model LSTM 347 ——— 0.85(0.77,092)
Jae-Kwon Kim 208 5 RARP. Hybrid ID'PDICLD  Deep Learning Model  PCNN u7 ——— 087 (0,80, 0.94)
Yu Guang Tan 022 1 RRRARP  Hybrid ID+PDICLD  Non-Deep Learning Model  NB 340 e 088(082,095)
Yu Guang Tan 02 1 RRRARP  Hybrid ID+PDICLD  Non-Deep Learning Model  RF 340 »—}—o—< 085 (066, 1.00)
Yu Guang Tan 022 1 RRRARP  Hybrid ID+PDICLD  Non-Deep Learning Model  SVM 340 1084 (065,1.00)
Yu Guang Tan 02 1 RPRARP  Hybrid ID*PDSCLD  Non-Deep Learning Model LR 240 —_— 080 (0.65,0.94)
‘Seongkeun Park 200 1 RP Hybrid ID+PDICLD  Non-Deep Learning Model  KNN a7 + 060(028,091)
‘Seongkeun Park 2020 1 RP Hybrid ID+PDSCLD  Non-Deep Leaming Model DT a7 ; 053 (021, 0.86)
Nathan C. Wong 001 1 RARP Hybrid ID+PDACLD  Non-Deep Learning Model  KNN 101 ————e—————020(079, 1.00)
Nathan C. Wong 221 1 RARP Hybid  IDIPDICLD  Non-Deep Leaming Model RF 101 0520082100
Nathan C. Wong 01 1 RARP Hybrid ID+PDICLD  Non-Deep Learning Model LR 101 % ————e——1094/(0:85,1.00)
Ying Hou 08 1 RP Hybrid ID*PDHCLD  Non-Deep Learning Model Cox-GBM 116 ———te————— 084072095
Ying Hou 08 1 RP Hybrid ID+PDHCLD  Non-Deep Learning Model  Cox 116 e 084(072,095)
Ying Hou 023 2 RP Hybrid ID*PDICLD  Non-Deep Learning Model  Cox-GBM 116 — 080(068,092)
Ying Hou 2023 2 RP Hybrid ID+PD+CLD  Non-Deep Learning Model ~ Cox 116 B E— 0.80(0.67,092)
Chenhan Hu 2024 3 RP single. ) Non-Deep Leaming Model LASSO Cox 109 —_— e 074 (055, 0.94)
Chenhan Hu 04 3 RP Hyprid DD Non-Deep Learning Model LASSO Cox 109 —— e 080(062,099)
Chenhan Hu 24 3 rP Hybid  IDIPDACLD  Non-Deep Leaming Model LASSOCox 109 e 085(076,0%)
Yu Guang Tan 02 3 RRRARP  Hybrid ID+PDICLD  Non-Deep Learning Model  NB 270 »—:—o—< 0:88(0.76,1.00)
Yu Guang Tan 02 3 RRRARP  Hybrid ID+PD+CLD  Non-Deep Learning Model  RF. 270 —l—e———— 083(077,099)
Yo Guang Tan 22 3 RPRARP  Hybid  IDSPDACLD  Non-Deep Learing Model SVM 210 e ossE7.09)
Yu Guang Tan 02 3 RRRARP  Hybrid ID+PDICLD  Non-Deep Learning Model LR 270 ——— e 085(073,097)
Sun Jung Lee 00 3 RP Hybrid ID+PD+CLO  Non-Deep Learning Model DT 1023 —— 082(077,087)
Sun Jung Lee 20 3 RP Hybid  IDIPDICLD  Non-Deep Leaming Model RF 102 —e—i 084079, 088)
SunJung Lee 200 3 3 Hybrid  ID#PDICLD  Non-Desp Leaming Model Cox 1023 ——m 079(0.74,084)
Sun Jung Lee 00 3 RP Hybrid ID+PD+CLD  Non-Deep Leaming Model RR 1023 '_5°_' 083(0.78,0.88)
Sun Jung Lee 00 3 RP Hybrid ID+PDHCLD  Non-Deep Learning Model LASSO Cox 1023 —te—i 083(0.79,0.88)
Sun Jung Lee 200 3 RP Hybrid ID*PD+CLD  Non-Deep Leamning Model GBC. 1023 e 084 (0,80, 0:89)
Paul Sargos 21 3 RP Hybrid  IDWPDSCLD  Non-Deep Leaming Model LR 840 — 077(071,083)
Paul Sargos 2021 3 RP Hybrid ID+PD+CLD  Non-Deep Leamning Model KNN 849 — i 058(051,065)
Paul Sargos 2021 3 RP Hybrid ID'PDICLD  Non-Deep Learning Model  RF 849 —— 074 (068, 0.80)
Paul Sargos 2 3 rP Hybid  IDWPDCLD  Non-Deep Leaming Model Cox 849 — 075(069,081)
Ying Hou 2023 3 RP Hybrid ID+PD+CLD  Non-Deep Leaming Model  Cox-GBM 116 ’—'—:‘—‘ 0.77 (0.65, 0.90)
Ying Hou 03 3 RP Hybrid ID+PD+CLD  Non-Deep Learming Model ~ Cox 116 —_—— 077 (064,090)
Vincent Bourbonne 2020 5 RP Single o Non-Deep Learning Model LR 8 ——— 1 082(066,098)
Vincent Bourbonne 2020 5 RP Hybrid ID+CLD Non-Deep Leaming Model LR 88 ———————————————10.86(0.72,1.00)
Yu Guang Tan 202 5 RPRARP  Hybrid ID+PD+CLD  Non-Deep Leaming Model N8 210 ———e————— 0.89(0.80,0.99)
Yu Guang Tan 02 5 RPRARP  Hybrid ID+PD+CLD  Non-Deep Learning Model  RF. 210 e 089(078,099)
Yu Guang Tan 222 s RPRARP  Hybrid  ID#PDICLD  NonDeep Leaming Model SVM 210 e 086(074,097)
Yu Guang Tan 02 5 RPRARP  Hybrid ID+PDICLD  Non-Deep Learning Model LR 210 e 08s(075.089)
Sun Jung Lee 200 5 RP Hybrid ID+PDHCLD  Non-Deep Learning Model DT 1023 ——— 3 076(0.70,081)
Sun Jung Lee 200 5 RP Hybrid ID*PDHCLD  Non-Deep Learning Model  RF 1023 —i 081(0.76,085)
Sun Jung Lee 00 5 RP Hybrid ID+PDICLD  Non-Deep Learning Model  Cox 1023 — 078(073,083)
Sun Jung Lee 2020 5 RP Hybrid ID+PD+CLD  Non-Deep Leaming Model RR 1023 ——— 0.81(0.76, 0.86)
Sun Jung Lee 2020 5 RP Hybrid ID+PD+CLD  Non-Deep Learing Model LASSO Cox 1023 ——— 0.80(0.75,085)
Sun Jung Lee 20 5 3 Hybid  IDIPDICLD  Non-Deep Leaming Model GEC 1023 —er—i 080075, 085)
Carlos Cordon-Cardo w07 5 rP Hybid  IDWPDICLD  Non-Deep Leaming Model SVM 40 —— 077 068, 06)
Jae-Kwon Kim m s RARP  Hyid  IDWDICLD  NonDespLeaming Model SVM ur — 083(075,091)
Jae-Kwon Kim 08 5 RARP Hybrid ID+PDHCLD  Non-Deep Learning Model BN a7 e 084(0.76,091)
Jae-Kwon Kim 08 5 RARP Hybrid ID*PD+CLD  Non-Deep Leaming Model RF 247 e 087 (0,80, 0.94)
Jae-Kwon Kim 2028 5 RARP Hybrid ID+PD+CLD  Non-Deep Leamning Model LR 347 ——e———1 0.86(0.79, 0.93)
Jae-Kwon Kim 203 5 RARP. Hybrid ID+PD+CLD  Non-Deep Learing Model DT 347 ———— 0.87 (0.80, 0.94)
L Papp 2020 NA RP Single. 0 Non-Deep Learning Model RF 5 r 090 (054, 1.00)
Huihui Wang 204 NA RTHT single 0 Non-Deep Learning Model  XGB 38 . 0.77(044,1.00)
Ying Hou 08 1 RP Hybrid ID+PDSCLD  MLYDL Model Cox-DL 116 e 0830072089
Ying Hou 028 3 RP Hybrid ID+PDSCLD  MLYDL Mode! Cox-DL 116 —_—— 079 (067,092)
Huihui Wang 2024 NA RTHT single D MLDL Model XGB-DL 38 | ————e——095(085, 1.00)
‘Subtotal (1-squared = 50.4%, p = 0.000) & 0.82(0.81,084)
Without using imaging data H

Jong JinLee 00 2 RRRT single cw Desp Learning Model  CNN 268 . 070(050,0.90)
Rakesh Shiradkar 02 3 RP Single cw Deep Learning Model  CNN 62 1 070(047,093)
Rakesh Shiradkar 02 3 RP Single PD Deep Learning Model  CNN &2 : 073(051,095)
Patrick Leo 2018 2 RP Hybrid PD+CLD. Non-Deep Learning Model  LDA 21 L 064 (0.23,1.00)
Wenhao Lu 04 2 RP Hybrid PDICLD Non-Deep Learning Model  RF 162 —_— 085(0.75,094)
Wenhao Lu 04 2 RP Hybrid PD+CLD Non-Deep Learning Model  SVM 162 —_— 077 (065,090)
Wenhao Lu 004 2 RP Hybrid PD+CLD Non-Deep Learning Model _sTree 162 —_— 076 (063, 0.88)
Wenhso Lu 04 2 RP Hybid  PDsCLD  Non-DeepLeaming Model GBM 162 —_— 082(0.72,092)
Wenhao Lu 04 2 RP Hybrid PD+CLD Non-Deep Learning Model  XGB 162 »—o—:—< 079 (068,091)
Wenhao Lu 04 2 RP Hybrid PDICLD Non-Deep Learning Model Cox 162 —_—— 081(0.70,091)
Chenhan Hu 04 3 RP single PD Non-Deep Learning Model LASSO Cox 109 —_—— 073(052,094)
Chenhan Hu 2024 3 RP Single oo Non-Deep Leaming Model LASSO Cox 109 0 070(048,0.93)
Vincent Bourbonne 00 5 RP single cw Non-Deep Learning Model LR 88 —_— 068 (049,0.87)
Huihui Wang 2024 NA RTHT Hybrid PDICLD. Non-Deep Leaming Model  XGB 38 u 072(027,1.00)
Subtotal (-squared = 0.0%, p = 0.937) _ 078(074,082)
Overall(1-squared = 49.5%, p = 0.000) &>

082(081,084)
1

0 02 04 08 08 1

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

Author Year  Timelnterval Treatments Datatype 1D Sourcedata  Model  N_validation AU (95%Cl)
Deep Learning Model

Seongleun Park 220 1 rP Hybrid Using imaging data ID+PDICLO  MLP 7 . 061(029,092)
Jong dinLee. 20 2 RPRT Hybrid Using imaging data 1D+CLD o 28 2 1097086, 100)
Jong dinLee w0 2 RPRT Single Without using imaging data  CLD o 268 070(050,090)
Sun ung Lee 2020 3 R Hybrid Using imaging data IDWPDICLO NN 1023 080(076,085)
Paul Sargos w21 3 ®P Hybrid Using imaging data IDIPDICLD DN 849 084 (079,089)
Rakesh Shiradkar 22 3 RP Single Without using imaging data  CLD o 02 070(047,093)
Rakesh Shiradkar w2 3 RP Single Using imaging data [ o 02 - 074 (052,096)
Rakesh Shiradkar w2 3 ®P Single Without using imaging data  PD o 02 —— e omOsto®)
Rakesh Shiradkar w2 3 RP Hybrid Using imaging data IDWPDICLD  CNN 02 e 085(068,100)
Sun Jung Lee 220 5 RP Hybrid Using imaging data IDWPDICLO NN 102 080(075,084)
Jae-Kvon Kim w2 s RARP. Hybrid Using imaging data IDIPDICLD NN 7 082(074,090)
Jae-Kuion Kim 03 s RARP Hybrid Using imaging data IDWPDICLO RN u7 082(074,090)
Jas-Kuion Kim w2 s RARP Hybrid Using imaging data IDIPDICLD  LSTM a7 085(077,092)
Jae-Kvion Kim w3 s RARP Hybrid Using imaging data IDWPDICLD  PCNN 7 087 (080,094)
Subtotal (1-squared = 36.2%, p =0.118) 083 (080, 086)
NonDesp Learing Model

Yo Guang Tan w2 1 RPRARP  Hybrid Using imaging data IDWPDICLD  NB 340 085 (052,095)
Yo Guang Tan w2 1 RPRARP  Hybrid Using imaging data IDWPDICLD  RF 40 e 085(066,100)
Vo Guang Tan 02 1 RPRARP  Hybrid Using imaging data IDWPOICLO  SVM 40 e 1084(065,100)
Yu Guang Tan 02 1 RPRARP  Hybrid Using imaging data IDWPDICLD LR 340 S — 0580 (0.65,094)
Seongleun Park 2020 1 ®P Hybrid Using imaging data IDWPDICLO KN a7 . 060(028,091)
Seongheun Park 20 1 ®P Hybrid Using imaging data ID+PDICLD DT a7 053(021,086)
Nathan C. Wong w2 1 RARP Hybrid Using imaging data IDWPDICLD KN 101 e 10500079, 100)
Nathan . Wong P RARP Wi Usigimaging data DePocLo R o1 e 002082100
Nathan C. Wong 2021 1 RARP Hybrid Using imaging data ID+PDSCLD LR 101 | ———e——1094(0385,1.00)
Ying Hou 208 1 RP Hybrid Using imaging data ID|PDICLD  Cox-GBM 116 ————e—————  084(072,095)
Ying Hou 2008 1 RrP Hybrid Using imaging data ID*PDACLD  Cox 116 ———e————— 084(072,095)
Patrick Leo w8 2 RP Wprid  Winoutusingimagingdata  PDSCLO LDA 2 . 064 (023, 1.00)
Wenhao Lu 204 2 ®P Wpid  Wihoutusingimegng dala  PDICLD  RF 162 . 085 (075,094)
Wenho Lu 024 2 RP Wprid  Winoutusingimagng data  PDSCLD SV 102 077 (065,090)
Wenhso Lu 024 2 ®P Wpid  Winoutusingimagingdata  PDSCLO  sTree 162 076 (063,088)
Wenhso Lu w24 2 rP Hyprid  Wihoutusing imagingdata  PDSCLD  GBM 162 082(072,092)
WenhaoLu 224 2 ®P Wypid  Winoutusingimaging data  PDSCLD  XGB 162 079 (068, 091)
Wenhao Lu 024 2 ®P Wprid  Wihoutusingimaging data  PDSCLD  Cox 162 081(070,091)
Ying Hou w3 2 ®P Hybrid Using imaging data IDWPDICLD  Cox-GBM 116 080(068,092)
Ying Hou 22 2 RP Hybrid Using imaging data 1D+PDSCLD  Cox 116 080(067,092)
Chenhan Hu 024 3 ®P Single Using imaging data D LASSO Cox 109 074 (055,094)
Chenhan Hu 024 3 RP Single Without using imaging data PO LASSOCox 109 073(052,094)
Chenhan Hu 024 3 ®P Single Without using imaging data  CLD LASSO Cox 109 070 (0.48,093)
Chenhan Hu 024 3 ®P Hybrid Using imaging data 10+PD LASSO Cox 109 080(062,099)
Chenhan Hu 024 3 ®P Hybrid Using imaging data IDIPDICLD  LASSOCox 109 086 (0.76,096)
Yo Guang Tan 22 3 RPRARP  Hybrid Using imaging data ID+PDICLD  NB 210 088 (076, 1.00)
Yo Guang Tan 22 3 RPRARP  Hybrid Using imaging data ID+PDICLO  RF 270 088 (077,098)
Yo Guang Tan w2 3 RPRARP  Hybrid Using imaging data IDWPDICLD VM 210 085(073,097)
Yo Guang Tan w2 3 RPRARP  Hybrid Using imaging data IDPDICLD LR 210 085(073,097)
Sun Jung Lee 220 3 RP Hybrid Using imaging data ID+PDICLO DT 102 082(077,087)
Sun Jung Lee 20 3 ®P Hybrid Using imaging data 1D+DICLO  RF 102 084079, 088)
Sun Jung Lee w0 3 RP Hybrid Using imaging data IDWPDICLD  Cox 102 079 (074,084)
Sun Jung Lee 020 3 &P Hybrid Using imaging data IDWPDICLD  RR 1023 083 (078, 088)
Sun dung Lee w0 3 RP Hybria Using imaging data IDIPDICLD  LASSOCox 1023 083 (079, 088)
Sun dung Lee 220 3 ®P Hybrid Using imaging data ID+PDICLO  GBC 102 084(080,089)
Paul Sargos. 21 3 RP Hybrid Using imaging data IDPDICLD LR 849 077(071,083)
Paul Sargos 021 3 ®P Hybrid Using imaging data IDSPDICLD KN 849 058 (051,065)
Paul Sargos. 021 3 RP Hybrid Using imaging data ID+PDICLO  RF 840 074 (068, 080)
Paul Sargos w21 3 RP Hybrid Using imaging data IDWPDICLD  Cox 849 075(069,081)
Ying Hou 22 3 RP Hybrid Using imaging data IDIPDICLD  Cox-GBM 116 077 (065,090)
Ying Hou 025 3 RP Hybrid Using imaging data IDWPDICLD  Cox 116 077 (064,090)
Vincent Bourbonne 220 s ®P Single Using imaging data D =R 5 082(066,098)
Vincent Bourbonne 220 s &P Single Without using imaging data  CLD =R & - 065 (0.49,087)
Vincent Bourbonne 20 5 rP Hybria Using imaging data iD+CLD =R ) —— e 08072100
Yo Guang Tan 22 s RPRARP  Hybrid Using imaging data ID+PDICLO  NB 210 e 089(080,099)
Y Guang Tan w2 s RPRARP  Hybrid Using imaging data IDWPDICLD  RF 210 e 089(075,099)
Yu Guang Tan 202 s RPRARP  Hybrid Using imaging data ID+PDICLD  SVM 210 —————————  086(074,097)
Yu Guang Tan w2 s RPRARP  Hybrid Using imaging data IDPDICLD LR 210 ———e————— 085(075,098)
Sun Jung Lee 20 s ®P Hybrid Using imaging data ID+PDICLD DT 102 — 076(070,081)
Sun Jung Lee 20 s rP Hybrid Using imaging data IDWPDICLD  Cox 102 e 078(073,083)
Sun Jung Lee 220 5 ®P Hybrid Using imaging data ID+PDICLO  RR 102 — 081(076,086)
Sun Jung Lee 2020 5 RP Hybrid Using imaging data ID+PDACLD  LASSO Cox 1023 —o— 080(0.75,0.85)
Sun Jung Lee. 200 5 RP Hybrid Using imaging data ID+PDSCLD  GBC 1023 ——t 080 (0.75, 0.85)
Carlos Cordon-Cardo 07 5 R Hybrid Using imaging data ID+PDICLD  SVM 390 — 077 (068, 086)
Jae-Kuion Kim w23 s RARP. Hybrid Using imaging data IDWPDICLD  SVM u7 — 083(075,091)
Jae-Kwon Kim 0 s RARP Hybrid Using imaging data ID#DICLD BN 47 —— 084 (076,091)
Jae-Kuion Kim 22 s RARP Hybrid Using imaging data IDFDICLO LR u7 —— 086(079,093)
Jae-Kvon Kim w2 s RARP Hybria Using imaging data ID+PDICLD DT 7 e 087(050,094)
L Papp 220 NA rP Single Using imaging data D R 5 090 (054, 1.00)
Huihui Wang 224 NA RTHT Wprid  Winoutusingimaging data  PDSCLD X8 3 072(027,100)
Huihui Wang 2020 NA RTHT Single Using imaging data D xc8 3 . 077 (0.44,1.00)
Subtota (1-squared = 56.3%, p =0.000) < 081(079,083)
MLSDL Model :

Ying Hou 02 1 ®P Hybrid Using imaging data IDPDICLD  CorDL 116 ——te————— 0830072095
Ying Hou 2023 2 RP Hybrid Using imaging data ID+PDSCLD  Cox-DL 116 S —1 082(0.71,094)
Ying Hou s 3 R Hybrid Using imaging data ID#PDICLD  Cox-DL 116 —_— 079 (067,092)
Huihui Wang 024 NA RTHT Single Using imaging data D xee-0L 3% 1095 (085, 1.00)
Subtota (1-squared = 0.0%,p = 047) 083 (081,084)

Overall (I-squared = 49.5%, p = 0.000) 082(0:81,084)
)

1

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**Hou et al.*%and Tan et al.*® used ML models to predict the BCR of PCa
over different time intervals.

Lee et al.?® 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.%0 reported results for 1-year, 2-year, and 3-year BCR, with AUCs of 0.84, 0.81, and
0.78. In Tan’s study** ML models predicted the BCR of PCa at 1-year, 3-year, and 5-year intervals, achieving
AUC:s 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.** aimed to provide a non-invasive method for predicting BCR by combining MRI data with Al
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 training?>-3%3234-40_ 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.*® 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.’** 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 I* 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 performance®!. 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 datasets*.

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
patients®> The potential of integrating multiple types of source data is demonstrated by significantly improving
the models’ predictive capabilities through combining different data types*therefore 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 data®. This underscores the critical role of imaging data in BCR
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Author Year Treatment  Datatype
4-Year

Seongkeun Park 2020 RP Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Yu Guang Tan 202 RPRARP  Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Seongkeun Park 2020 RP Hybrid
Seongkeun Park 2020 RP Hybrid
Nathan C. Wong 2021 RARP Hybrid
Nathan C. Wong 2021 RARP Hybrid
Nathan C. Wong 2021 RARP Hybrid
Ying Hou 2023 RP Hybrid
Ying Hou 2023 RP Hybrid
Ying Hou 2023 RP Hybrid
Subtotal (I-squared = 22.7%, p = 0214)

2:Year

Jong Jin Lee: 2020 RRRT Hybrid
Ying Hou 2023 RP Hybrid
Ying Hou 2023 RP Hybrid
Ying Hou 2023 RP Hybrid
Patrick Leo 2018 RP Hybrid
Wenhao Lu 2024 RP Hybrid
Wenhao Lu 2024 RP Hybrid
Wenhao Lu 204 RP Hybrid
Wenhao Lu 2024 RP Hybrid
Wenhao Lu 2024 RP Hybrid
Wenhao Lu 2024 RP Hybrid
Jong Jin Lee 2020 RPRT Single
Subtotal (I-squared = 0.0%, p = 0.452)

3vear

Sun Jung Lee. 2020 RP Hybrid
Paul Sargos 2021 RP Hybrid
Rakesh Shiradkar 022 RP Hybrid
Rakesh Shiradkar 2022 RP Hybrid
Chenhan Hu 2024 RP Hybrid
Chenhan Hu 2024 RP Hybrid
Yu Guang Tan 202 RPRARP  Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Sun Jung Lee 2020 RP Hybrid
Sun Jung Lee. 2020 RP Hybrid
Sun Jung Lee 2020 RP Hybrid
Sun Jung Lee 2020 RP Hybrid
Sun Jung Lee 2020 RP Hybrid
Sun Jung Lee 2020 RP Hybrid
Paul Sargos 2021 RP Hybrid
Paul Sargos 2021 RP Hybrid
Paul Sargos 2021 RP Hybrid
Paul Sargos 2021 RP Hybrid
Ying Hou 2023 RP Hybrid
Ying Hou 2023 RP Hybrid
Ying Hou 2023 RP Hybrid
Rakesh Shiradkar 2022 RP Single
Chenhan Hu 2024 RP Single.
Rakesh Shiradkar 2022 RP Single
Rakesh Shiradkar 202 RP Single.
Chenhan Hu 2024 RP Single
Chenhan Hu 2024 RP Single
Subtotal(1-squared = 61.3%, p = 0000)

5-vear

Sun Jung Lee. 2020 RP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Vincent Bourbonne 2020 RP Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Yu Guang Tan 2022 RPRARP  Hybrid
Sun Jung Lee 2020 RP Hybrid
Sun Jung Lee. 2020 RP Hybrid
Sun Jung Lee. 2020 RP Hybrid
Sun Jung Lee 2020 RP Hybrid
Sun Jung Lee. 2020 RP Hybrid
Sun Jung Lee 2020 RP Hybrid
Carlos Cordon-Cardo 2007 RP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Jae-Kwon Kim 2023 RARP Hybrid
Vincent Bourbonne 2020  RP single
Vincent Bourbonne 2020 RP Single

‘Subtotal (I-squared = 12.1%, p = 0293)
Overall (I-squared = 43.9%, p = 0.000)

L} Sourcedata  Model type Model  N_validation
Using imaging data IDHPDACLD  Deep Learning Model MLP a7
Using imaging data. ID#PDSCLD  Non-Deep Learning Model N8 340
Using imaging data. IDSPDSCLD  Non-Deep Learning Model  RF 340
Using imaging data. ID$PDSCLD  Non-Deep Learning Model  SVM 340
Using imaging data. ID#PDICLD  Non-Deep Learning Model LR 340
Using imaging data. IDSPDSCLD  Non-Deep Learning Model  KNN a7
Using imaging data. IDSPDSCLD  Non-Deep Learning Model DT a7
Using imaging data. IDSPDSCLD  Non-Deep Learning Model  KNN 101
Using imaging data IDSPDSCLD  Non-Deep Learning Model  RF 101
Using imaging data. IDSPDSCLD  Non-Deep Learning Model LR 101

Using imaging data IDHPDICLD  Non-Deep Learning Model  Cox-GBM 116

Using imaging data. IDSPDSCLD  Non-Deep Learning Model  Cox 116
Using imaging data. ID+PDSCLD  ML+DL Model Cox-DL 116
Using imaging data 1D+CLO Deep Learning Model oNN 268

Using imaging data. ID'PDACLD  Non-Deep Learning Model Cox-GBM 116

Using imaging data ID+PD+CLO  Non-Deep Learning Model ~ Cox 116
Using imaging data ID*PDSCLD  ML+DL Model Cox-DL 116
Without using imaging data  PD+CLD. Non-Deep Learning Model  LDA 21

Without using imaging data  PD+CLD. Non-Deep Learning Model  RF 162
Without using imaging data  PDACLD. Non-Deep Learning Model  SVM 162
Without using imaging data  PD+CLD. Non-Deep Learning Model  sTree 162
Without using imaging data  PD+CLD. Non-Deep Learning Model  GBM 162
Without using imaging data  PD+CLD. Non-Deep Learning Model - XGB 162
Without using imaging data  PDACLD. Non-Deep Learning Model  Cox 162
Without using imaging data  CLD. DeepLearning Model  CNN 268
Using imaging data IDWPD+CLD  DeepLearningModel NN 1023
Using imaging data IDWPD+CLD  DeepLearningModel  DNN 849
Using imaging data 10+PD DeepLearning Model  CNN 62

Using imaging data IDWPD+CLD  DeepLearningModel  CNN 62

Using imaging data. 1D+PD Non-Deep Learning Model LASSO Cox 109

Using imaging data. IDSPDSCLD  Non-Deep Learning Model LASSO Cox 109

Using imaging data ID#PDICLO  Non-Deep Learning Model N8 210
Using imaging data ID#PDICLD  Non-Deep Learning Model R 210
Using imaging data ID+PDSCLD  Non-Deep Learning Model  SVM 210
Using imaging data ID#PDICLO  Non-Deep Learning Model LR 210
Using imaging data ID+PD+CLD  Non-Deep Learning Model DT 1023
Using imaging data ID#PDICLD  Non-Deep Learning Model R 1023
Using imaging data ID+PD+CLO  Non-Deep Learning Model  Cox 1023
Using imaging data ID*PD+CLD  Non-Deep Learning Model  RR 1023

Using imaging data. IDSPDSCLD  Non-Deep Learning Model  LASSO Cox 1023

Using imaging data IDWPD+CLD  Non-Deep Learning Model GBC 1023
Using imaging data ID+PD+CLD  Non-Deep Learning Model LR 849
Using imaging data ID'PD+CLD  Non-Deep Learning Model  KNN 849
Using imaging data IDVPD+CLD  Non-Deep Learning Model  RF 849
Using imaging data IDWPD+CLD  Non-Deep Learning Model  Cox 849

Using imaging data. IDSPDSCLD  Non-Deep Learning Model Cox-GBM 116

Using imaging data IDPDICLD  Non-Deep Learning Model  Cox 16
Using imaging data IDYPDICLD  MLYDL Model Cox-DL 116
Using imaging data o DeepLearning Model ~ CNN 3
Using imaging data [ Non-Deep Learning Model LASSO Cox 109
Without using imaging data  CLD DeepLearning Model  CNN &2
Without using imaging data  PD. DeepLearning Model  CNN &2

Without using imaging data  PD. Non-Deep Learning Model LASSO Cox 109

Without using imaging data  CLD. Non-Deep Learning Model LASSO Cox 109

Using imaging data IDIPDICLO  DeepLearning Model NN 1023
Using imaging data IDWPDSCLO  DeepLearningModel NN w7
Using imaging data IDIPDICLD  DeeplearmingModel  RNN 347
Using imaging data IDIPDICLO  DeeplearningModel  LSTM a7
Using imaging data IDWPDSCLD  DeepLearning Model  PCNN 7
Using imaging data 1D+CLO Non-Deep Learning Model LR 8

Using imaging data ID+PD+CLO  Non-Deep Learning Model NE. 210
Using imaging data ID+PD+CLD  Non-Deep Learning Model  RF 210
Using imaging data ID+PD+CLO  Non-Deep Learning Model  SVM 210
Using imaging data ID#PDICLD  Non-Deep Learning Model LR 210
Using imaging data ID#PDICLD  Non-Deep Learning Model DT 1023
Using imaging data ID#PDICLD  Non-Deep Learning Model R 1023
Using imaging data ID+PDSCLD  Non-Deep Learning Model ~ Cox 1023
Using imaging data ID#PDICLO  Non-Deep Leamning Model R 1023

Using imaging data. IDSPDICLD  Non-Deep Learning Model  LASSO Cox 1023

Using imaging data ID+PDICLD  Non-Deep Learning Model  GBC 1023
Using imaging data IDIPDACLD  Non-Deep Learing Model  SVM 30
Using imaging data IDIPDACLD  Non-Deep Learning Model  SVM w7
Using imaging data ID{PDACLD  Non-Deep Learing Model BN w7
Using imaging data IDIPDACLD  Non-Deep Learing Model RF w7
Using imaging data IDIPDACLD  Non-Deep Learing Model LR w7
Using imaging data ID+PDICLD  Non-Deep Learning Model DT w7
Using imaging data [3 Non-Deep Learing Model LR o

Without using imaging data  CLD. Non-Deep Learning Model LR 88
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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).

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
progression*>#. Combining imaging data with other types of data can form multimodal data fusion, providing
more comprehensive information and enhancing the predictive power of the models?’. This allows ML models
to capture disease characteristics and progression more quickly and thoroughly*®.
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Fig. 8. This funnel plot visualizes the distribution of studies included in the meta-analysis.

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 performance*. 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
capabilities®!.

Research has shown that ML models outperform traditional nomogram models in predicting the BCR of
PCa. In Tan et al.‘s study**the 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.** also showed that AT models
outperform the D’Amico, CAPRA, and CAPRA-S nomograms in predictive performance. Shiradkar et al.*’
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.”® 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), RE, 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 tasks®.

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

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.>*which thoroughly assessed the performance of
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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.>® 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.>
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 settings>*.

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 predictions®. 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 Al into clinical practice also presents challenges, such as data
quality, algorithm transparency, and the need for clinician training. Al 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 experience‘“’. 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 trust®.
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 life’”.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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