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Abstract: Objective: To investigate the conditional predictive value of prebiopsy clinical variables and magnetic 
resonance imaging (MRI) features for maximum cancer involvement of >50% in a single biopsy core among patients 
diagnosed with prostate cancer at initial systematic biopsy and to compare the internally validated performance of 
different machine learning models. Methods: This retrospective study included patients diagnosed with prostate 
cancer at initial systematic biopsy at the First Affiliated Hospital of Dali University between April 2023 and February 
2026. Clinical, imaging, and combined models were developed to predict maximum cancer involvement of >50% 
in a single biopsy core using age, body mass index, total prostate-specific antigen (tPSA), prostate volume, Prostate 
Imaging Reporting and Data System (PI-RADS) score, and MRI features related to tumor extent. Logistic regression, 
elastic net, random forest, and extreme gradient boosting (XGBoost) were compared using the combined predictors. 
Discrimination, calibration, and overall prediction error were evaluated using five repeats of stratified five-fold cross-
validation and bootstrap resampling. Results: Among 127 patients, 85 (66.9%) had maximum cancer involvement 
of >50% in a single biopsy core. The areas under the receiver operating characteristic curve (AUROCs) of the clinical, 
imaging, and combined models were 0.822, 0.773, and 0.823, respectively. The combined model showed no clear 
incremental discrimination over the clinical model but had a lower overall prediction error than the imaging model. 
Among the four algorithms using the combined predictors, elastic net achieved the highest AUROC (0.823), whereas 
XGBoost achieved the highest average precision (0.878), the lowest Brier score (0.151), and favorable calibration. 
tPSA and PI-RADS score showed relatively consistent predictive contributions across models. Sensitivity analyses 
yielded generally similar AUROCs, although Brier scores and calibration slopes varied. Conclusion: Prebiopsy clini-
cal variables and MRI features enabled risk stratification for maximum cancer involvement of >50% in a single 
biopsy core among patients diagnosed with prostate cancer at initial systematic biopsy. Elastic net and XGBoost 
demonstrated favorable overall predictive performance, while tPSA and PI-RADS score showed relatively consistent 
contributions. External validation in independent cohorts is required.
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Introduction

Prostate cancer is characterized by substantial 
molecular, morphological, and clinical hetero-
geneity. Even among patients with similar pros-
tate-specific antigen (PSA) levels or pathologi-
cal grades, tumor extent and biological behav-
ior may differ considerably [1]. Prostate biopsy 
not only establishes the diagnosis and Gleason 
grade but also quantifies tumor burden through 

measures such as the number and propor- 
tion of positive cores and the extent of can- 
cer involvement in individual biopsy cores. The 
extent of cancer involvement in biopsy cores is 
an important quantitative component of pros-
tate biopsy pathology reporting and risk assess-
ment [2].

The maximum percentage of cancer involve-
ment in a single biopsy core reflects the great-
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est extent of tumor involvement within locally 
sampled tissue and is not equivalent to the  
histological aggressiveness represented by pa- 
thological grade. Previous active surveillance 
studies have commonly used cancer involve-
ment of no more than 50% in any individual 
biopsy core as a reference criterion for low 
tumor burden, whereas maximum cancer in- 
volvement exceeding 50% generally indicates 
greater tumor extent and may affect the ass- 
essment of pathological progression or risk 
reclassification [3]. Therefore, evaluating the 
ability of prebiopsy clinical variables and mag-
netic resonance imaging (MRI) features to pre-
dict a maximum cancer involvement of >50% in 
a single biopsy core may help identify patients 
with potentially higher tumor burden on biopsy 
pathology.

Total PSA (tPSA), prostate volume, and MRI are 
important sources of information in the prebi-
opsy evaluation of prostate cancer. The Pro- 
state Imaging Reporting and Data System 
(PI-RADS) standardizes the acquisition, inter-
pretation, and reporting of prostate MRI and 
stratifies the likelihood of clinically significant 
prostate cancer [4]; MRI findings such as extra-
prostatic extension and seminal vesicle inva-
sion may also provide information on local tu- 
mor extent and stage [5]. However, individual 
clinical or imaging variables may not adequate-
ly capture the heterogeneity of prostate cancer. 
Integrating multidimensional clinical variables 
with MRI features may therefore improve risk 
assessment.

In recent years, machine learning has been 
used to integrate tPSA, prostate volume, PI- 
RADS score, and other MRI features to predict 
prostate biopsy outcomes or clinically signifi-
cant prostate cancer, demonstrating potential 
value for risk stratification [6-8]. However, pre-
vious studies have primarily focused on the 
detection of prostate cancer or clinically signifi-
cant prostate cancer, whereas relatively few 
have investigated the prebiopsy prediction of 
the maximum extent of cancer involvement in  
a single biopsy core. Therefore, this study 
included patients who underwent initial sys-
tematic biopsy and were diagnosed with pros-
tate cancer on that biopsy. Prebiopsy clinical 
variables and MRI features were integrated to 
develop clinical, imaging, and combined mod-
els. The conditional predictive performance of 
logistic regression, elastic net, random forest, 

and extreme gradient boosting (XGBoost) for  
a maximum cancer involvement of >50% in a 
single biopsy core was compared, and model 
calibration, stability, and interpretability were 
evaluated to determine the potential value of 
prebiopsy information for stratifying tumor bur-
den on biopsy pathology.

Materials and methods

Study design and data source

This single-center retrospective study includ- 
ed patients who underwent initial systematic 
prostate biopsy at the First Affiliated Hospital  
of Dali University between April 2023 and 
February 2026 and were diagnosed with pros-
tate cancer on that biopsy. All candidate pre-
dictors were obtained from prebiopsy clinical 
and MRI examinations, whereas the study out-
come was determined from the pathological 
findings of the index systematic biopsy. The 
study was restricted to patients diagnosed 
with prostate cancer at initial systematic biop-
sy, and the models were developed to evaluate 
the conditional predictive value of prebiopsy 
information for a maximum percentage of can-
cer involvement of >50% in a single biopsy 
core in this population.

The inclusion criteria were as follows: (1) initial 
prostate biopsy with a pathological diagnosis 
of prostate cancer on that biopsy; (2) transrec-
tal or transperineal systematic biopsy without 
MRI-targeted biopsy; (3) completion of prostate 
MRI within 15 days before biopsy; (4) no endo-
crine therapy, radiotherapy, chemotherapy, or 
other prostate cancer-related treatment before 
biopsy; and (5) complete clinical, MRI, and biop-
sy pathology data.

The exclusion criteria were as follows: (1) a his-
tory of previous prostate biopsy; (2) inability to 
accurately determine the number of positive 
biopsy cores, total number of biopsy cores, or 
maximum percentage of cancer involvement in 
a single biopsy core; and (3) missing key clini-
cal, MRI, or pathological data that could not be 
verified.

The study was approved by the Ethics Com- 
mittee of the First Affiliated Hospital of Dali 
University, which waived the requirement for 
informed consent (approval No. DFY2026- 
0205001).
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Collection of clinical, MRI, and pathological 
data

Prebiopsy data included age, body mass in- 
dex (BMI), tPSA, free prostate-specific antigen 
(fPSA), three orthogonal prostate diameters, 
PI-RADS score, MRI findings of extraprostatic 
extension and seminal vesicle invasion, lesion 
location, bilateral lesions, and multifocal le- 
sions. Biopsy route and total number of cores 
were also recorded. Pathological data included 
the number of positive cores, highest Gleason 
score, International Society of Urological Pa- 
thology (ISUP) grade group, and maximum can-
cer involvement in a single core. Prostate vol-
ume was calculated as anteroposterior diame-
ter × transverse diameter × longitudinal diam-
eter × 0.52.

All patients underwent MRI using a 3.0-T 
Toshiba system. Images were independently 
assessed by two radiologists, each with more 
than 10 years of experience in prostate MRI 
interpretation, who were blinded to the biopsy 
findings and the maximum cancer involvement 
in a single core. The highest PI-RADS score 
across all lesions was recorded, and other MRI 
findings were determined by consensus. Ex- 
traprostatic extension and seminal vesicle in- 
vasion were assessed and coded independent-
ly. When seminal vesicle invasion was present 
without definite extraprostatic extension, the 
former was recorded as present and the latter 
as absent.

Outcome definition, candidate predictors, and 
feature processing

The primary outcome was maximum cancer 
involvement of >50% in a single biopsy core 
among patients diagnosed with prostate can-
cer on the index systematic biopsy. Each core 
was examined separately, and cancer involve-
ment was calculated as the percentage of eval-
uable tissue occupied by cancer. Fragmented 
cores and cores with discontinuous cancer 
involvement were measured according to stan-
dardized institutional procedures. The highest 
value across all positive cores was recorded; 
patients with exactly 50% involvement were 
assigned to the ≤50% group.

Prespecified predictors included age, BMI, 
tPSA, prostate volume, PI-RADS score, MRI 

signs of local tumor extension, and extensive 
lesion involvement. Local tumor extension was 
defined as extraprostatic extension or seminal 
vesicle invasion, whereas extensive lesion in- 
volvement was defined as bilateral or multifo-
cal lesions. No predictor selection based on 
univariable P values or stepwise regression 
was performed. For tPSA values reported as 
“>100 ng/mL”, the models included both 
log[min(tPSA, 100)] and an indicator for tPSA 
>100 ng/mL. Prostate volume was natural log-
transformed. Continuous predictors in the log- 
istic regression and elastic net models were 
standardized within the corresponding train-
ing sets, and PI-RADS score was modeled as 
an ordinal variable.

Because fPSA values were also subject to an 
upper reporting limit, fPSA was used only in the 
descriptive analyses. MRI lesion location was 
excluded from the primary models because of 
multiple categories, small subgroups, and in- 
consistent reporting. Biopsy route and total 
number of cores were examined only in sensi-
tivity analyses. Postbiopsy pathological vari-
ables were used descriptively and excluded 
from the prediction models to prevent informa-
tion leakage.

Model development

Elastic net logistic regression was used to 
develop the clinical, imaging, and combined 
models. The clinical model included age, BMI, 
log-transformed capped tPSA, an indicator for 
tPSA >100 ng/mL, and log-transformed pros-
tate volume. The imaging model included PI- 
RADS score, MRI signs of local tumor exten-
sion, and extensive lesion involvement. The 
combined model included all clinical and MRI 
predictors. Its performance was compared 
with that of the clinical and imaging models  
to assess the incremental predictive value of 
combining both sources of information.

Using the same combined predictors, multivari-
able logistic regression, elastic net logistic re- 
gression, random forest, and XGBoost models 
were developed and compared. Logistic re- 
gression served as the reference model, elastic 
net provided coefficient shrinkage, and random 
forest and XGBoost explored potential nonlin-
ear relationships and interactions.
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Model validation, hyperparameter selection, 
and performance evaluation

Stratified five-fold cross-validation repeated 
five times was used for model development 
and internal validation, with identical data 
splits across models. Elastic net and random 
forest hyperparameters were selected by stra- 
tified three-fold inner cross-validation within 
each outer training set. All preprocessing, mo- 
del fitting, and hyperparameter selection were 
confined to the training data, and out-of-fold 
predictions were generated for the correspond-
ing validation folds. Given the limited sample 
size, XGBoost used prespecified shallow trees 
and strong regularization without extensive 
hyperparameter tuning. For each patient, pre-
dictions from the five repeats were averaged  
to obtain a patient-level mean out-of-fold pro- 
bability.

For the final models fitted to the full cohort, 
elastic net used C=0.5 and l1_ratio=1, where-
as random forest used 250 trees, a maximum 
depth of 2, a minimum of 5 samples per leaf, 
and max_features set to “sqrt”. The XGBoost 
parameters were 80 boosting rounds, a learn-
ing rate of 0.05, a maximum depth of 2, a mini-
mum child weight of 5, row and column sub-
sampling ratios of 0.8, an L2 regularization 
coefficient of 10, and an L1 regularization coef-
ficient of 0.5.

Discrimination was assessed using the area 
under the receiver operating characteristic cu- 
rve (AUROC) and average precision (AP), overall 
prediction error using the Brier score, and cali-
bration using calibration curves, intercepts, 
and slopes. Based on patient-level mean out-
of-fold probabilities, 2,000 patient-level boot-
strap resamples were used to estimate AUROC, 
AP, and Brier scores with 95% confidence inter-
vals (CIs), and 2,000 paired bootstrap resam-
ples were used to estimate between-model 
differences and their 95% CIs. Comparisons 
included the combined model versus the clini-
cal and imaging models and each machine 
learning model versus logistic regression. Per- 
formance was evaluated by jointly considering 
discrimination, calibration, and overall predic-
tion error.

Model interpretability, stability, and sensitivity 
analyses

The stability of the elastic net regression coef-
ficients was evaluated using 500 patient-level 

bootstrap resamples. The median standard-
ized regression coefficients, 95% empirical in- 
tervals, and directional consistency rates were 
reported. Permutation importance was calcu-
lated in the outer validation folds to evaluate 
the predictive contribution of each variable in 
the random forest model. SHapley Additive 
exPlanations (SHAP) were used to interpret pre-
dictions from the final XGBoost model fitted to 
the full cohort. These analyses were used 
solely to interpret the contributions of individu-
al variables to model predictions and were not 
intended to support causal inference.

Sensitivity analyses comprised: (1) redefining 
the outcome as maximum cancer involvement 
of ≥50% or ≥70% in a single core; (2) excluding 
patients with tPSA >100 ng/mL; (3) restricting 
the analysis to transrectal systematic biopsy; 
and (4) adding biopsy route and total number 
of cores to the combined model. All analyses 
used the same elastic net modeling and cross-
validation procedures as the primary analysis.

Statistical analysis

Continuous variables were summarized as 
medians and interquartile ranges (IQRs) and 
compared using the Mann-Whitney U test. 
Categorical variables were summarized as co- 
unts and percentages. Binary variables were 
compared using the two-sided Fisher exact 
test, and multicategory variables using a Monte 
Carlo exact test with fixed margins and the 
Pearson χ2 statistic, based on 1,000,000 ran-
dom samples. Baseline comparisons were de- 
scriptive and were not used for predictor se- 
lection. All tests were two-sided, with P<0.05 
indicating statistical significance.

Analyses were performed using Python 3.13.5. 
Logistic regression, elastic net, random forest, 
and cross-validation were implemented primar-
ily using scikit-learn 1.8.0; XGBoost models 
used XGBoost 3.1.3, and model interpretation 
used SHAP 0.50.0. NumPy 2.3.5, pandas 2.2.3, 
SciPy 1.17.0, statsmodels 0.14.6, and Mat- 
plotlib 3.10.8 were used for data processing, 
statistical analysis, and visualization.

Results

Patient characteristics

Patients who underwent initial systematic biop-
sy during the study period were consecutively 
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screened. After excluding those who did not 
meet the eligibility criteria or had incomplete 
key data, 127 patients diagnosed with prostate 
cancer on the index biopsy were included. Of 
these, 85 (66.9%) had a maximum percentage 
of cancer involvement of >50% in a single biop-
sy core, whereas 42 (33.1%) had a value of 
≤50%. The median age was 72.0 years (IQR, 
68.0-76.0 years). The median capped tPSA and 
fPSA levels were 36.8 ng/mL (IQR, 14.0-100.0 
ng/mL) and 3.6 ng/mL (IQR, 1.8-12.6 ng/mL), 
respectively. Overall, 36 patients (28.3%) had 
tPSA >100 ng/mL, and 16 (12.6%) had fPSA 
>50 ng/mL.

Compared with the ≤50% group, the >50% 
group had higher tPSA and fPSA levels and 
higher proportions of patients with values 
above the corresponding upper reporting li- 
mits (all P<0.05). Age, BMI, and prostate vol-
ume did not differ significantly between the 
groups. Regarding MRI characteristics, the 
overall distribution of PI-RADS scores differed 
between the groups (P<0.001), with a higher 
proportion of PI-RADS 5 scores in the >50% 
group. Extraprostatic extension, seminal vesi-
cle invasion, bilateral lesions, and multifocal 
lesions were also more frequent in this group 
(all P<0.05). The overall distribution of MRI le- 
sion location differed between the groups 
(P=0.009), with concurrent peripheral-zone 
and transition-zone involvement being more 
frequent in the >50% group.

Transrectal biopsy was performed in 99 pa- 
tients (78.0%), whereas transperineal biopsy 
was performed in 28 (22.0%). Neither biopsy 
route nor the total number of biopsy cores dif-
fered significantly between the groups. Re- 
garding pathological characteristics, the num-
ber and proportion of positive biopsy cores 
were markedly higher in the >50% group. The 
overall distributions of the highest Gleason 
score and ISUP grade group also differed 
between the groups (both P<0.001), with the 
>50% group showing a shift toward higher 
pathological grades. The proportions of ISUP 
grade group 5 were 64.7% in the >50% group 
and 11.9% in the ≤50% group. Detailed base-
line characteristics are presented in Table 1. 
The distribution of the maximum percentage of 
cancer involvement in a single biopsy core and 
the outcome composition across PI-RADS stra-
ta are shown in Figure 1.

Performance comparison among the clinical, 
imaging, and combined models

The AUROCs of the clinical, imaging, and com-
bined models were 0.822 (95% CI, 0.730-
0.905), 0.773 (95% CI, 0.681-0.851), and 
0.823 (95% CI, 0.732-0.901), respectively. The 
corresponding AP values were 0.846, 0.875, 
and 0.867, and the corresponding Brier scores 
were 0.157, 0.179, and 0.156. The combined 
model had the numerically highest AUROC and 
the lowest Brier score, with a calibration inter-
cept of -0.314 and a calibration slope of 1.580. 
Detailed performance estimates are present-
ed in Table 2, and the receiver operating  
characteristic (ROC) and calibration curves are 
shown in Figure 2A and 2B.

Paired bootstrap analysis showed that, com-
pared with the clinical model, the combined 
model had an increase of 0.001 in AUROC 
(95% CI, -0.027 to 0.031), an increase of 0.021 
in AP (95% CI, -0.045 to 0.079), and a de- 
crease of 0.002 in Brier score (95% CI, -0.008 
to 0.005); none of these differences were sta-
tistically significant. Compared with the imag-
ing model, the combined model had an increase 
of 0.050 in AUROC (95% CI, -0.016 to 0.120) 
and a decrease of 0.008 in AP (95% CI, -0.048 
to 0.033), neither of which was statistically sig-
nificant. The Brier score decreased by 0.024 
(95% CI, -0.045 to -0.002), with the 95% CI 
excluding 0, indicating that adding clinical vari-
ables reduced the overall prediction error of  
the imaging model. Between-model differenc-
es in performance are presented in Table 2 
and Figure 2C.

Performance comparison of four algorithms 
using the combined predictors

Using the same combined set of predictors, 
the AUROCs of logistic regression, elastic net, 
random forest, and XGBoost were 0.800 (95% 
CI, 0.694-0.888), 0.823 (95% CI, 0.732-0.901), 
0.815 (95% CI, 0.723-0.897), and 0.822 (95% 
CI, 0.733-0.897), respectively. Elastic net ach- 
ieved the numerically highest AUROC. XGBoost 
achieved the highest AP of 0.878 (95% CI, 
0.790-0.948) and the lowest Brier score of 
0.151 (95% CI, 0.117-0.190). Its calibration 
intercept and slope were 0.029 and 1.042, 
respectively, which were numerically closest to 
the ideal values. Detailed performance esti-
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Table 1. Baseline clinical, MRI, procedural, and biopsy pathological characteristics according to the 
maximum percentage of cancer involvement in a single biopsy core

Variable Overall (n=127) Maximum involvement 
≤50% (n=42)

Maximum involvement 
>50% (n=85) P value

Pre-biopsy clinical characteristics

    Age, years 72.0 [68.0-76.0] 71.0 [67.0-74.0] 73.0 [68.0-77.0] 0.086

    Capped tPSA, ng/mL 36.8 [14.0-100.0] 11.5 [7.3-22.0] 61.2 [26.7-100.0] <0.001

    tPSA >100 ng/mL 36 (28.3) 3 (7.1) 33 (38.8) <0.001

    Capped fPSA, ng/mL 3.6 [1.8-12.6] 1.8 [1.0-2.6] 8.2 [2.8-20.2] <0.001

    fPSA >50 ng/mL 16 (12.6) 1 (2.4) 15 (17.6) 0.02

    BMI, kg/m2 21.9 [20.1-24.4] 21.6 [20.6-24.0] 22.4 [20.0-24.8] 0.65

    Prostate volume, mL 47.3 [32.3-64.0] 47.3 [30.5-64.8] 47.3 [32.5-61.3] 0.794

MRI characteristics

    PI-RADS category <0.001

        1 3 (2.4) 2 (4.8) 1 (1.2)

        2 11 (8.7) 8 (19.0) 3 (3.5)

        3 22 (17.3) 11 (26.2) 11 (12.9)

        4 30 (23.6) 12 (28.6) 18 (21.2)

        5 61 (48.0) 9 (21.4) 52 (61.2)

    MRI extraprostatic extension 49 (38.6) 6 (14.3) 43 (50.6) <0.001

    MRI seminal vesicle invasion 26 (20.5) 1 (2.4) 25 (29.4) <0.001

    MRI lesion location 0.009

        No MRI-visible lesion 6 (4.7) 4 (9.5) 2 (2.4)

        Peripheral zone only 58 (45.7) 24 (57.1) 34 (40.0)

        Transition zone only 16 (12.6) 7 (16.7) 9 (10.6)

        Peripheral and transition zones 33 (26.0) 4 (9.5) 29 (34.1)

        Central-zone involvement 14 (11.0) 3 (7.1) 11 (12.9)

        Bilateral lesions 48 (37.8) 9 (21.4) 39 (45.9) 0.011

        Multifocal lesions 62 (48.8) 13 (31.0) 49 (57.6) 0.005

Biopsy procedural characteristics

    Biopsy route 1.000

        Transrectal 99 (78.0) 33 (78.6) 66 (77.6)

        Transperineal 28 (22.0) 9 (21.4) 19 (22.4)

        Total biopsy cores 13 [12-14] 13 [12-16] 13 [12-14] 0.106

    Biopsy pathological characteristics

        Positive biopsy cores 9 [4-12] 2 [1-5] 10 [8-12] <0.001

        Positive-core rate, % 58.3 [26.8-92.0] 17.0 [9.0-33.3] 83.3 [55.6-100.0] <0.001

    Highest biopsy Gleason score <0.001

        6 (3+3) 23 (18.1) 22 (52.4) 1 (1.2)

        7 (3+4) 8 (6.3) 4 (9.5) 4 (4.7)

        7 (4+3) 6 (4.7) 2 (4.8) 4 (4.7)

        8 30 (23.6) 9 (21.4) 21 (24.7)

        9 29 (22.8) 4 (9.5) 25 (29.4)

        10 31 (24.4) 1 (2.4) 30 (35.3)

    ISUP grade group <0.001

        1 23 (18.1) 22 (52.4) 1 (1.2)

        2 8 (6.3) 4 (9.5) 4 (4.7)

        3 6 (4.7) 2 (4.8) 4 (4.7)

        4 30 (23.6) 9 (21.4) 21 (24.7)

        5 60 (47.2) 5 (11.9) 55 (64.7)
Note: Data are presented as median [interquartile range] or number (percentage). Continuous variables were compared between groups using the Mann-Whitney U test. 
Binary variables were compared using the two-sided Fisher exact test, whereas multicategory variables were compared using a Monte Carlo exact test with fixed row and 
column margins and the Pearson χ2 statistic as the test statistic (1,000,000 random samples). tPSA >100 ng/mL and fPSA >50 ng/mL were considered to exceed the 
upper reporting limits and were summarized as 100 and 50 ng/mL, respectively, in the descriptive analyses. Prostate volume was calculated using the ellipsoid formula: 
anteroposterior diameter × transverse diameter × longitudinal diameter × 0.52. Biopsy pathological characteristics were used for descriptive purposes only and were not 
included in the prebiopsy prediction models. BMI, body mass index; fPSA, free prostate-specific antigen; ISUP, International Society of Urological Pathology; MRI, magnetic 
resonance imaging; PI-RADS, Prostate Imaging Reporting and Data System; tPSA, total prostate-specific antigen.
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Figure 1. Distribution of the maximum percentage of cancer involvement in a single biopsy core and stratification by 
PI-RADS scores of ≤3, 4, and 5. Note: A. Distribution of the maximum percentage of cancer involvement in a single 
biopsy core; the dashed line indicates the primary outcome threshold of 50%. B. Proportions of patients in the ≤50% 
and >50% groups within the PI-RADS ≤3, 4, and 5 strata. PI-RADS, Prostate Imaging Reporting and Data System.

Table 2. Predictive performance of the clinical, imaging, and combined models and between-model 
comparisons

Item AUROC or ΔAUROC 
(95% CI) AP or ΔAP (95% CI) Brier score or ΔBrier 

score (95% CI)
Calibration 
intercept

Calibration 
slope

Model performance

    Clinical model 0.822 (0.730-0.905) 0.846 (0.750-0.944) 0.157 (0.129-0.187) -0.350 1.637

    Imaging model 0.773 (0.681-0.851) 0.875 (0.796-0.937) 0.179 (0.148-0.213) -0.096 1.185

    Combined model 0.823 (0.732-0.901) 0.867 (0.777-0.947) 0.156 (0.127-0.188) -0.314 1.580

Between-model comparisons

    Combined model vs. clinical model 0.001 (-0.027 to 0.031) 0.021 (-0.045 to 0.079) -0.002 (-0.008 to 0.005) - -

    Combined model vs. imaging model 0.050 (-0.016 to 0.120) -0.008 (-0.048 to 0.033) -0.024 (-0.045 to -0.002) - -
Note: Model performance was calculated using patient-level mean out-of-fold predicted probabilities obtained from five repeats of stratified five-fold cross-validation. The 
95% CIs for AUROC, AP, and Brier score were estimated using 2,000 patient-level bootstrap resamples. Between-model differences and their 95% CIs were estimated using 
2,000 paired patient-level bootstrap resamples. Between-model differences were defined as the combined model minus the corresponding reference model. Positive val-
ues of ΔAUROC and ΔAP indicate better performance of the combined model, whereas a negative value of ΔBrier indicates a lower overall prediction error for the combined 
model. All differences were calculated using the original unrounded estimates. The ideal values of the calibration intercept and calibration slope are 0 and 1, respectively. 
AP, average precision; AUROC, area under the receiver operating characteristic curve; CI, confidence interval.

mates are presented in Table 3, and the ROC, 
precision-recall (PR), and calibration curves 
are shown in Figure 3A-C.

Paired bootstrap analysis showed that, com-
pared with logistic regression, elastic net had 
increases of 0.023 in AUROC (95% CI, 0.002-
0.048) and 0.041 in AP (95% CI, 0.004-0.074), 
whereas XGBoost had an increase of 0.052 in 
AP (95% CI, 0.007-0.089). The AUROCs of ran-
dom forest and XGBoost did not differ signifi-
cantly from that of logistic regression, and the 
AP of random forest also did not differ signifi-
cantly from that of logistic regression. None of 
the machine learning models showed a sta- 
tistically significant difference in Brier score 
compared with logistic regression. Overall, el- 
astic net performed favorably in terms of dis-
crimination, whereas XGBoost showed favor-

able precision-recall performance, overall pre-
diction error, and calibration. However, no sin-
gle model was superior across all performance 
measures. Between-model differences in per-
formance are presented in Table 3, and the 
distributions of out-of-fold predicted probabili-
ties stratified by observed outcome are shown 
in Figure 3D.

Model interpretability and stability

Bootstrap analysis of the elastic net model 
showed that log-transformed capped tPSA 
had the largest median standardized regres-
sion coefficient (0.838; 95% empirical interval, 
0.490-1.271). The median standardized coeffi-
cient for PI-RADS score was 0.128, whereas 
the median coefficients for most other pre- 
dictors were close to or equal to 0, suggesting 
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Figure 2. Performance comparison among the 
clinical, imaging, and combined models. Note: 
A. Receiver operating characteristic curves gen-
erated from the patient-level mean out-of-fold 
predicted probabilities. B. Calibration curves. C. 
Differences in performance between the com-
bined model and the clinical and imaging mod-
els. AP, average precision; AUROC, area under 
the receiver operating characteristic curve; CI, 
confidence interval.

that their predictive contributions were rela-
tively limited under strong penalization (Figure 
4A). Permutation importance analysis of the 
random forest model identified log-transform- 
ed capped tPSA, PI-RADS score, MRI signs of 
local tumor extension, and the indicator vari-
able for tPSA >100 ng/mL as relatively impor-
tant predictors (Figure 4B). SHAP analysis iden-
tified log-transformed capped tPSA, PI-RADS 
score, log-transformed prostate volume, and 
BMI as the main contributing predictors (Figure 
4C). The dependence plot further illustrated 
the relationship between log-transformed ca- 
pped tPSA and its SHAP value (Figure 4D).

Sensitivity analyses

The primary analysis of the combined elastic 
net model served as the reference and yielded 
an AUROC of 0.823 (95% CI, 0.732-0.901). 
When the outcome was redefined as a maxi-
mum percentage of cancer involvement of 
≥50% or ≥70% in a single biopsy core, the 

AUROCs were 0.818 (95% CI, 0.715-0.904)  
and 0.829 (95% CI, 0.749-0.900), respectively. 
After excluding patients with tPSA >100 ng/mL, 
restricting the analysis to patients who under-
went transrectal systematic biopsy, or addition-
ally including biopsy route and total number  
of biopsy cores in the combined model, the 
AUROCs were 0.803 (95% CI, 0.700-0.894), 
0.836 (95% CI, 0.734-0.923), and 0.818 (95% 
CI, 0.718-0.903), respectively. Discrimination 
in the sensitivity analyses was generally simi- 
lar to that in the primary analysis, although  
the Brier scores and calibration slopes show- 
ed some variation. These findings suggest that 
model discrimination was relatively robust, 
whereas calibration may have been affected 
by the study population and outcome defini-
tion. Detailed results are presented in Table 4.

Discussion

This study included patients who underwent ini-
tial systematic biopsy and were diagnosed with 
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Table 3. Predictive performance of different algorithms and comparisons with logistic regression

Item AUROC or ΔAUROC 
(95% CI) AP or ΔAP (95% CI) Brier score or ΔBrier 

score (95% CI)
Calibration 
intercept

Calibration 
slope

Model performance

    Logistic regression 0.800 (0.694-0.888) 0.826 (0.728-0.935) 0.154 (0.112-0.200) 0.157 0.745

    Elastic net 0.823 (0.732-0.901) 0.867 (0.777-0.947) 0.156 (0.127-0.188) -0.314 1.580

    Random forest 0.815 (0.723-0.897) 0.865 (0.770-0.946) 0.167 (0.136-0.199) 0.484 1.238

    XGBoost 0.822 (0.733-0.897) 0.878 (0.790-0.948) 0.151 (0.117-0.190) 0.029 1.042

Between-model comparisons

    Elastic net vs. logistic regression 0.023 (0.002-0.048) 0.041 (0.004-0.074) 0.002 (-0.018 to 0.019) - -

    Random forest vs. logistic regression 0.015 (-0.021 to 0.054) 0.039 (-0.013 to 0.083) 0.013 (-0.008 to 0.034) - -

    XGBoost vs. logistic regression 0.022 (-0.010 to 0.053) 0.052 (0.007-0.089) -0.003 (-0.015 to 0.010) - -
Note: All algorithms used the same combined set of predictors, and performance was evaluated using patient-level mean out-of-fold predicted probabilities obtained from 
five repeats of stratified five-fold cross-validation. The 95% CIs for AUROC, AP, and Brier score were estimated using 2,000 patient-level bootstrap resamples. Between-
model differences and their 95% CIs were estimated using 2,000 paired patient-level bootstrap resamples. Between-model differences were defined as the corresponding 
machine learning model minus the logistic regression model. Positive values of ΔAUROC and ΔAP indicate better performance of the corresponding machine learning model, 
whereas a negative value of ΔBrier indicates a lower overall prediction error. All differences were calculated using the original unrounded estimates. The ideal values of the 
calibration intercept and calibration slope are 0 and 1, respectively. AP, average precision; AUROC, area under the receiver operating characteristic curve; CI, confidence 
interval; XGBoost, extreme gradient boosting.

Figure 3. Performance comparison of four algorithms using the combined set of predictors. Note: A. Receiver oper-
ating characteristic curves. B. Precision-recall curves. C. Calibration curves. D. Distributions of patient-level mean 
out-of-fold predicted probabilities according to the observed outcome. AP, average precision; AUROC, area under the 
receiver operating characteristic curve; XGBoost, extreme gradient boosting.
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Figure 4. Model interpretability and stability analyses. Note: A. Median standardized regression coefficients, 95% 
empirical intervals, and directional consistency rates derived from 500 bootstrap resamples for the elastic net 
model. B. Permutation importance calculated in the outer validation folds for the random forest model. C. SHAP 
summary plot for the final XGBoost model fitted to the full cohort. D. SHAP dependence plot for log-transformed 
capped tPSA. BMI, body mass index; PI-RADS, Prostate Imaging Reporting and Data System; SHAP, SHapley Additive 
exPlanations; tPSA, total prostate-specific antigen; XGBoost, extreme gradient boosting.

prostate cancer on the index biopsy. Prebiopsy 
clinical variables and MRI features were inte-
grated to develop and internally validate condi-
tional prediction models for a maximum cancer 
involvement of >50% in a single biopsy core. 
The models were not intended to predict high 
tumor burden among all patients being consid-
ered for biopsy. Rather, they evaluated the pre-
dictive relationship between prebiopsy informa-
tion and tumor burden on biopsy pathology in 
the restricted population of patients diagnos- 
ed with prostate cancer on the index biopsy. 
The clinical, imaging, and combined models all 
demonstrated predictive ability, with AUROCs 
of approximately 0.82 for both the clinical and 
combined models. The combined model sh- 

owed no clear improvement in AUROC over the 
clinical model but had a lower Brier score than 
the imaging model, suggesting that adding clin-
ical information improved overall predictive 
accuracy compared with imaging alone. Pre- 
vious studies have shown that combining clini-
cal variables with MRI features may facilitate 
prostate cancer risk stratification, although the 
incremental value over conventional predictors 
such as PI-RADS score and PSA density may 
depend on the study population, predictor com-
position, and model complexity [9-11].

The maximum percentage of cancer involve-
ment in a single biopsy core reflects the great-
est extent of local tumor involvement within an 
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Table 4. Sensitivity analyses of the combined elastic net model

Analysis n Positive  
outcomes, n AUROC (95% CI) AP (95% CI) Brier score (95% CI) Calibration 

slope
Primary analysis: maximum cancer involvement >50% in a single biopsy core 127 85 0.823 (0.732-0.901) 0.867 (0.777-0.947) 0.156 (0.127-0.188) 1.580

Outcome redefined as ≥50% 127 94 0.818 (0.715-0.904) 0.889 (0.807-0.972) 0.150 (0.119-0.183) 1.895

Outcome redefined as ≥70% 127 73 0.829 (0.749-0.900) 0.818 (0.718-0.920) 0.167 (0.141-0.195) 1.715

Patients with tPSA >100 ng/mL excluded 91 52 0.803 (0.700-0.894) 0.812 (0.694-0.927) 0.194 (0.169-0.220) 2.231

Transrectal biopsy only 99 66 0.836 (0.734-0.923) 0.864 (0.751-0.969) 0.159 (0.130-0.195) 2.051

Biopsy route and total number of cores added to the combined model 127 85 0.818 (0.718-0.903) 0.850 (0.762-0.947) 0.158 (0.130-0.189) 1.748
Note: The primary analysis defined a maximum percentage of cancer involvement of >50% in a single biopsy core as the positive outcome. Sensitivity analyses included redefining the outcome thresholds, excluding patients with tPSA >100 
ng/mL, restricting the analysis to patients who underwent transrectal systematic biopsy, and adding biopsy route and total number of biopsy cores to the combined model. All analyses used the same elastic net modeling procedure and five 
repeats of stratified five-fold cross-validation as the primary analysis. The 95% CIs for AUROC, AP, and Brier score were estimated using 2,000 patient-level bootstrap resamples. The ideal value of the calibration slope is 1. AP, average precision; 
AUROC, area under the receiver operating characteristic curve; CI, confidence interval; tPSA, total prostate-specific antigen.
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individual core and is an important measure of 
tumor burden on biopsy pathology [2]. Pre- 
vious active surveillance studies and related 
evaluations have considered the extent of can-
cer involvement in individual cores, the number 
of positive cores, and pathological grade im- 
portant for patient selection and monitoring of 
disease progression. Cancer involvement of no 
more than 50% in any individual core has com-
monly been used as a reference criterion for 
lower tumor burden [3, 12, 13]. In addition, 
tumor extent on MRI has been associated with 
adverse pathological features [14]. Therefore, 
using a maximum cancer involvement of >50% 
in a single biopsy core as the primary outcome 
has a clinical basis. Nevertheless, this measure 
reflects only local tumor involvement within a 
limited biopsy sample and may be affected by 
the biopsy scheme and sampling location. It 
cannot fully represent the total tumor volume of 
the prostate or pathological stage after radical 
prostatectomy [15].

tPSA showed the most consistent predictive 
contribution across models. Both the tPSA le- 
vel and the proportion of patients with tPSA 
>100 ng/mL were markedly higher in the >50% 
group. Elastic net, random forest, and XGBoost 
also identified tPSA-related variables as impor-
tant predictors, suggesting that higher tPSA 
may be associated with more extensive local 
tumor involvement. Wang et al. noted that tPSA 
is not specific to prostate cancer and may also 
be affected by nonmalignant factors such as 
prostate volume and inflammation. Neverthe- 
less, PSA density has demonstrated favorable 
risk-stratification value for clinically significant 
prostate cancer in the MRI era, suggesting that 
future studies should evaluate its incremental 
value for predicting the maximum percentage 
of cancer involvement in a single biopsy core 
[16].

Higher PI-RADS scores and MRI findings of 
extraprostatic extension, seminal vesicle inva-
sion, bilateral lesions, and multifocal lesions 
were more frequent in the >50% group. These 
findings suggest that MRI may reflect potential 
tumor burden through lesion suspicion, local 
invasion, and disease extent [4, 5]. Previous 
studies have shown that MRI and its quantita-
tive features can be used to evaluate extra-
prostatic extension and other signs of locally 
advanced disease [5, 17, 18]. However, the 

combined model showed no clear incremental 
discrimination over the clinical model. This may 
be attributable to the strong predictive signal 
of tPSA, overlapping information between clini-
cal and MRI variables, and the absence of 
maximum lesion diameter and quantitative 
apparent diffusion coefficient (ADC) measure-
ments [9, 16]. Previous multicenter studies 
have found that PI-RADS score and PSA den- 
sity may themselves contain substantial pre- 
dictive information and that some radiomic 
features do not further improve model perfor-
mance. Differences in MRI equipment, acqui- 
sition protocols, and readers may also affect 
model performance and reproducibility [10, 
19-21].

In the algorithm comparison, elastic net achi- 
eved the numerically highest AUROC, whereas 
XGBoost showed a higher AP, a lower Brier 
score, and favorable calibration. However, no 
single model was superior across all perfor-
mance measures. Artificial intelligence models 
have demonstrated favorable performance in 
prostate MRI lesion detection and risk assess-
ment for clinically significant prostate cancer, 
with some studies reporting performance app- 
roaching or exceeding that of conventional ra- 
diological interpretation [11, 22]. However, mul-
ticenter and external validation studies have 
also shown that performance may be affected 
by sample size, data heterogeneity, and chang-
es in the intended setting [10, 19, 20]. The- 
refore, given the limited sample size and rela-
tively small number of predictors in the present 
study, the absence of a consistent advantage 
of complex machine learning algorithms over 
penalized regression is plausible. These find-
ings indicate that model performance depends 
not only on algorithmic complexity but also on 
sample size and data heterogeneity. Model 
interpretation further showed that tPSA and 
PI-RADS score made relatively consistent pre-
dictive contributions across algorithms [23].

In the sensitivity analyses, the model AUROCs 
remained above 0.80 after changing the out-
come thresholds, excluding patients with tPSA 
>100 ng/mL, restricting the analysis to patients 
who underwent transrectal biopsy, or addition-
ally including biopsy route and total number of 
biopsy cores. These results were generally si- 
milar to those of the primary analysis, indicat-
ing that model discrimination was relatively 
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robust. However, calibration measures varied 
in some sensitivity analyses, suggesting that 
the accuracy of predicted probabilities may be 
affected by changes in the study population 
and outcome definition. These findings fur- 
ther emphasize the importance of calibration 
assessment and external validation [24].

This study has several limitations. First, it was 
a single-center retrospective study with a rela-
tively small sample size, and only internal vali-
dation was performed. Previous studies have 
shown that the performance of prostate MRI 
and machine learning models may be lower in 
external data than in internal validation. The 
discrimination, calibration, and clinical applica-
bility of these models therefore require further 
evaluation in independent multicenter cohorts 
[9, 17, 20]. Second, the study included only 
patients diagnosed with prostate cancer at ini-
tial systematic biopsy and did not include pa- 
tients with negative biopsy findings. Conse- 
quently, the models cannot be extrapolated to 
all patients being considered for biopsy and 
cannot be used to determine whether a biopsy 
should be performed. Third, the sampling rou- 
tes and numbers of biopsy cores were not iden-
tical between transrectal and transperineal 
biopsy. Although recent evidence suggests that 
both routes provide favorable cancer detection, 
they differ in sampling technique, safety, and 
lesion coverage. Despite the sensitivity analy-
ses, their potential effects could not be com-
pletely excluded [25]. Fourth, the maximum 
percentage of cancer involvement in a single 
biopsy core may be affected by core length, 
specimen fragmentation, pathological mea-
surement methods, and biopsy sampling sch- 
emes. Dichotomization of this measure may 
also have resulted in information loss. Fifth, no 
specific clinical decision context or risk thresh-
old was established, and clinical net benefit 
was not evaluated using decision curve analy-
sis. Therefore, the models have not yet been 
shown to improve clinical decision-making. Six- 
th, both tPSA and fPSA were subject to upper 
reporting limits. Although capped values and 
upper-limit indicator variables were used, the 
true continuous values above these limits could 
not be recovered. Seventh, PSA density, maxi-
mum lesion diameter, ADC values, and other 
potentially relevant clinical factors were not 
included. Previous studies suggest that PSA 
density and selected quantitative clinical and 

imaging measures may further improve risk 
stratification for indeterminate PI-RADS lesions. 
Their incremental value should be evaluated in 
larger cohorts [16, 26].

In conclusion, among patients diagnosed with 
prostate cancer at initial systematic biopsy, 
prebiopsy clinical variables and MRI features 
enabled risk stratification for maximum cancer 
involvement of >50% in a single biopsy core. 
tPSA and PI-RADS score showed relatively con-
sistent predictive contributions across models. 
Elastic net achieved the numerically highest 
AUROC, whereas XGBoost achieved the highest 
AP, the lowest Brier score, and calibration clos-
est to the ideal values. This study provides a 
basis for using prebiopsy information to esti-
mate the probability of maximum cancer in- 
volvement of >50% in a single biopsy core. 
Further evaluation in independent cohorts is 
required to establish model generalizability 
and potential clinical applications.
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