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Background: Prostate cancer (PCa) is one of the most common malignancies among men worldwide, and accurate differentiation
between benign and malignant nodules remains challenging. Magnetic resonance imaging (MRI) provides valuable soft-tissue
contrast but still suffers from interpretive variability. Deep learning—based computer-aided diagnostic (CAD) systems may help
improve diagnostic accuracy and consistency. Therefore, this study aimed to evaluate a convolutional neural network (CNN)—
based deep learning system for computer-aided classification of benign versus malignant prostate nodules using multiparametric
MRI (mpMRI).

Methods: In this retrospective study, 80 patients with histopathologically confirmed prostate nodules (39 malignant, 41 benign)
were enrolled between January 2021 and June 2024. Univariate and multivariate analyses were conducted to identify key imaging
risk factors associated with malignancy. The diagnostic performance of conventional MRI was compared with that of five CNN-
assisted models (CNN-1 to CNN-5) based on sensitivity, specificity, and overall accuracy.

Results: Significant differences (p < 0.001) were observed between malignant and benign groups in imaging features, including
signal distribution (x> = 31.473), lesion margins (x? = 19.776), lesion volume (¢ = 19.421), short-axis diameter (+ = 10.337), long-
axis diameter (r = 9.071), and the product of diameters (# = 6.548). Multivariate logistic regression identified these parameters as
independent malignancy predictors, with odds ratios (ORs) ranging from 2.818 to 3.277 across training and validation cohorts.
These variables were incorporated into a malignancy risk score model. Among all CNN models, CNN-3, characterized by three
max-pooling layers, achieved the highest diagnostic sensitivity and accuracy. Receiver operating characteristic (ROC) analysis
further confirmed its superior performance, demonstrating the largest area under the curve (AUC) and outperforming both
conventional MRI and other CNN variants.

Conclusion: The CNN-based deep learning diagnostic system significantly enhances the classification accuracy of prostate nod-
ules on mpMRI. The CNN-3 model enables automated lesion detection and feature extraction, improving early diagnosis and
risk stratification. It shows strong potential to support clinical decision-making in prostate cancer management.

Keywords: convolutional neural network; deep learning; multiparametric MRI; prostate cancer; prostate hyperplasia; computer-aided
diagnosis

Introduction cal and tissue-specific information of the prostate and facil-
itates differentiation between benign and malignant lesions,
assessment of tumor extent, and guidance of therapeutic de-

Prostate cancer (PCa) is one of the most common ma- .
cisions [6,7].

lignant tumors affecting men worldwide [1-3]. With the

ongoing global trend of population aging, its incidence con-
tinues to rise. Early diagnosis plays a pivotal role in im-
proving treatment outcomes and prognosis in patients with
PCa. Among available diagnostic modalities, magnetic res-
onance imaging (MRI) has emerged as a valuable imaging
tool due to its non-invasive nature and superior soft-tissue
contrast resolution [4,5]. MRI provides detailed anatomi-

In particular, T2-weighted imaging (T2WI) provides
high-resolution images that enable clear visualization of
prostate architecture and lesion morphology. PCa typi-
cally appears as a hypointense focus on T2WI, in contrast
to the hyperintense signals of benign prostatic hyperplasia
(BPH), thus enhancing diagnostic discrimination [8]. MRI
has demonstrated marked advantages in differentiating PCa
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from benign conditions, particularly in the peripheral and
transition zones [9].

Currently, multiparametric MRI (mpMRI) protocols
are widely employed in the clinical assessment of PCa
and include diffusion-weighted imaging (DWI), dynamic
contrast-enhanced MRI (DCE-MRI), and magnetic reso-
nance spectroscopy (MRS). DWI evaluates tissue cellular-
ity by measuring water molecule diffusion, with malignan-
cies typically exhibiting hyperintensity due to restricted dif-
fusion resulting from increased cell density. DCE-MRI
reflects tumor perfusion and vascular permeability, with
prostate tumors often showing early contrast uptake and
washout patterns consistent with neoangiogenesis [10]. The
integration of these imaging sequences provides comple-
mentary biological information, thereby enhancing the di-
agnostic accuracy of PCa [11].

Despite these advances, MRI still faces notable lim-
itations, including false-negative and false-positive find-
ings. Lesions located in peripheral or anatomically com-
plex zones may present ambiguous imaging features, com-
promising sensitivity and increasing the risk of misdiag-
nosis. Additionally, small or low-grade tumors may lack
classical imaging signatures, further complicating detec-
tion. Accurate interpretation of prostate MRI requires sub-
stantial radiological expertise, especially when synthesiz-
ing multi-sequence data. Consequently, reader variability
and subjectivity remain significant challenges. In recent
years, computer-aided diagnostic (CAD) systems powered
by convolutional neural networks (CNNs), a form of deep
learning architecture, have shown great promise in prostate
MRI analysis [12]. CNNs emulate the structure of bio-
logical neural networks and can automatically learn hierar-
chical and abstract features from large volumes of medical
imaging data. This facilitates objective, efficient, and re-
producible classification of prostate lesions, potentially re-
ducing interobserver variability and enhancing diagnostic
performance [13].

Therefore, this study aims to investigate the efficacy
of a CNN-based deep learning approach for computer-aided
diagnosis and malignancy classification of prostate nodules
using MRI. The objective is to provide a scientific basis
for improving diagnostic precision and supporting clinical
decision-making in PCa management.

Methods

Patient Population

This retrospective study enrolled 80 patients with
pathologically confirmed prostatic nodules who underwent
MRI examination at our institution between January 2021
and June 2024. All patients met the clinical indications
for prostate surgery and were subsequently confirmed by
postoperative histopathology. The inclusion criteria were
as follows: (1) histopathologically confirmed prostate nod-
ules, with all malignant lesions meeting diagnostic criteria

for PCa; (2) complete clinical and imaging data; and (3)
eligibility for surgical intervention. The exclusion criteria
were as follows: (1) presence of other malignancies; (2)
digital rectal examination within 7 days prior to MRI; and
(3) suboptimal or incomplete MRI imaging.

MRI Acquisition

Prostate MRI was performed at The Affiliated Dong-
guan Songshan Lake Central Hospital using a 1.5 Tesla
Siemens MAGNETOM Avanto scanner (Siemens Health-
ineers, Erlangen, Germany). Imaging sequences included
axial T1-weighted imaging (T1WI), T2-weighted imaging
(T2WI), and sagittal and coronal T2 tirm for structural
assessment. Dynamic contrast-enhanced (DCE) imaging
was conducted after intravenous injection of gadopente-
tate dimeglumine (Gd-DTPA, Magnevist®, Bayer Health-
care, Berlin, Germany) at a dose of 0.1 mmol/kg and a
rate of 2.5 mL/s, followed by a 25 mL saline flush. Scan-
ning commenced 25 seconds post-injection with the follow-
ing parameters: repetition time (TR) = 4.89 ms, echo time
(TE) = 2.38 ms, flip angle = 30°, and slice thickness = 3.5
mm across 6 dynamic phases. Diffusion-weighted imag-
ing (DWI) was performed with TR = 4800 ms, TE = 89
ms, slice thickness = 3.5 mm, matrix = 272 x 320, and b-
values of 800 and 1500 s/mm?. Apparent diffusion coeffi-
cient (ADC) maps were generated for further lesion char-
acterization.

CNN Model Development and Radiomics Analysis

Patients were randomly divided into a training set (n =
55) and a validation set (n =25) using a 7:3 ratio. A ResNet-
34 CNN served as the backbone for deep feature extraction.
ResNet-34, pretrained on ImageNet, was used as a 2D back-
bone to extract slice-level deep features, which were then
integrated into a custom 3D CNN for volumetric classifi-
cation. Five CNN variants (CNN-1 to CNN-5) were con-
structed by varying the network depth to evaluate perfor-
mance differences. Regions of interest (ROIs) were manu-
ally annotated on MRI slices using ITK-SNAP software and
processed with AK software for standardization and texture
feature extraction. ROI labeling was independently per-
formed by two radiologists with 3 and 5 years of prostate
MRI experience, who were blinded to the histopathologi-
cal results. Any discrepancies between the two radiologists
were resolved by consensus.

Prior to feature extraction and CNN training, all MRI
images were preprocessed to ensure input consistency.
Each scan was resampled to an isotropic voxel size of 1 x
1 x 1 mm?3 and intensity normalized to zero mean and unit
variance. Rigid registration was applied to align sequences
to the T2-weighted reference space using ANTs software,
followed by cropping to a fixed field of view centered on the
prostate. These preprocessing steps minimized variability
caused by acquisition differences and ensured reproducibil-
ity of the model input.
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Both hand-crafted radiomic features and CNN-
derived deep features were obtained. Feature selection was
performed using the minimum redundancy maximum rel-
evance (MRMR) and least absolute shrinkage and selec-
tion operator (LASSO) algorithms to construct optimized
radiomic signatures. These features were incorporated into
a logistic regression model to calculate a radiomic score
(Rad-score). Model robustness was evaluated using 100-
fold leave-p-out cross-validation.

A transfer learning approach was used to train the
CNN, whose outputs were integrated with radiomic features
to build a hybrid diagnostic model. The input to the 3D
CNN consisted of five consecutive 47 x 47-pixel image
slices centered on the lesion. The network included one
initial convolutional layer (32 feature maps), followed by
three sequential max-pooling layers, which progressively
reduced the feature map size (47 x 47 — 23 x 23 — 11
x 11). Dropout layers (rate = 0.5) were applied to pre-
vent overfitting. To further enhance model robustness, data
augmentation was performed on the training dataset using
random rotation (£10°), horizontal flipping, and intensity
normalization. Hyperparameters, including learning rate,
batch size, and dropout rate, were optimized through five-
fold cross-validation within the training set. The model was
trained using the Adam optimizer (81 = 0.9, 52 = 0.999) for
up to 100 epochs with early stopping (patience = 10, Aval-
loss <1 x 107*) and learning-rate reduction on plateau (fac-
tor =0.1). The final configuration (learning rate =1 x 1074,
batch size = 16, dropout rate = 0.5) ensured stable conver-
gence and minimized validation loss. Five CNN variants
(CNN-1 to CNN-5) were constructed with increasing net-
work depth. CNN-3 contained three convolutional-pooling
blocks (32, 64, 128 filters) and achieved the best perfor-
mance, while CNN-1/2 used fewer layers, and CNN-4/5
added an extra convolutional and fully connected layer. Fi-
nally, extracted features were flattened and passed through
two fully connected layers (128 neurons each), and classi-
fication was performed using a Softmax output layer.

Evaluation Metrics

The study employed a multifaceted evaluation frame-
work to comprehensively assess model performance and
clinical relevance. Baseline demographic and clinical
variables—including age, body mass index (BMI), comor-
bidities (hypertension, diabetes mellitus, and hyperlipi-
demia), signal distribution, lesion margin characteristics,
lesion volume, short diameter, long diameter, and the prod-
uct of diameters—were compared between the benign and
malignant groups using independent-samples #-tests and
chi-square tests, as appropriate. Subsequently, multivari-
ate logistic regression analysis was conducted to identify
independent risk factors associated with malignant prostate
nodules and to construct a predictive model. Additionally,
the training and validation sets were statistically evaluated
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to ensure comparability across key clinical and imaging pa-
rameters.

Diagnostic efficacy was assessed by comparing con-
ventional MRI interpretations with five CNN-assisted di-
agnostic models (CNN-1 to CNN-5). Metrics included
sensitivity, specificity, accuracy, positive predictive value
(PPV), and negative predictive value (NPV). Receiver op-
erating characteristic (ROC) curves were generated, and the
area under the curve (AUC) was calculated for each method
to evaluate discrimination ability.

Statistical Analysis

All statistical analyses were conducted using SPSS
version 26.0 (IBM Corp., Armonk, NY, USA). Data nor-
mality was tested using the Kolmogorov—Smirnov test.
Continuous variables following a normal distribution were
presented as mean + standard deviation (SD) and com-
pared using independent-samples #-tests. Categorical vari-
ables were assessed using Chi-square (x?) or Fisher’s exact
tests. A two-sided p-value <0.05 was considered statisti-
cally significant. To construct the malignancy prediction
model, variables with p < 0.05 in the univariate analysis
were entered into a multivariate logistic regression using
the maximum likelihood estimation method. The regres-
sion coefficients () obtained from this model were used
to generate the logistic regression formula presented in the
Results section.

Results

Comparison of Baseline Characteristics Between the
Malignant and Benign Groups

A total of 80 patients with histologically confirmed
prostatic nodules were enrolled in this study, including 39
with malignant and 41 with benign lesions. The ages of
participants ranged from 52 to 89 years, with a mean +
SD of 70.13 £ 7.80 years. The average BMI was 24.61
+ 1.71 kg/m?. Among all patients, 77.5% (62/80) had hy-
pertension, 56.3% (45/80) had diabetes mellitus, and 47.5%
(38/80) had hyperlipidemia. No statistically significant dif-
ferences were observed between the malignant and benign
groups with respect to age (p = 0.229), BMI (p = 0.375),
hypertension (p = 0.904), diabetes mellitus (p = 0.382), or
hyperlipidemia (p = 0.814).

However, significant differences were identified in
multiple imaging and lesion-related parameters. As shown
in Table 1, compared with the benign group, the malignant
cohort showed a markedly higher incidence of irregular le-
sion margins (p < 0.001) and heterogeneous signal distribu-
tion (p < 0.001). Quantitative measurements also revealed
substantial differences, with malignant nodules exhibiting
greater lesion volume (1.57 4 0.35 cm? vs 0.42 £ 0.11 cm?;
p < 0.001), short-axis diameter (11.97 & 1.22 mm vs 8.85
£ 1.46 mm; p < 0.001), long-axis diameter (19.00 £ 1.54
mmvs 16.10 4+ 1.32 mm; p < 0.001), and product of diam-
eters (0.55 + 0.08 vs 0.42 £ 0.10; p < 0.001).
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Table 1. Comparison of baseline characteristics between the malignant and benign groups.

Variable Malignant group (n=39)  Benign group (n =41) X3/t P
Age (years) 71.21 +6.79 69.10 + 8.61 1.212 0.229
BMI (kg/m?) 2478 +1.23 24.44 +2.07 0.893 0.375
Hypertension, n (%) 30 (76.92) 32 (78.05) 0.015 0.904
Diabetes mellitus, n (%) 20 (51.28) 25 (60.98) 0.763 0.382
Hyperlipidemia, n (%) 18 (46.15) 20 (48.78) 0.055 0.814
Lesion margin (smooth/ irregular) 5/34 25/16 19.776 <0.001
Signal distribution (homogeneous/heterogeneous) 6/33 32/9 31.473 <0.001
Lesion volume (cm?) 1.57 £ 0.35 0.42 +£0.11 19.421 <0.001
Lesion short diameter (mm) 11.97 £ 1.22 8.85 + 1.46 10.337 <0.001
Lesion long diameter (mm) 19.00 £+ 1.54 16.10 £+ 1.32 9.071 <0.001
Product of short and long diameters (mm?) 0.55 + 0.08 0.42 +0.10 6.548 <0.001

BMI, body mass index.

Fig. 1. Multi-parametric magnetic resonance imaging (MRI) images of a prostate lesion confirmed as malignant. (A) T1-weighted

contrast-enhanced image (T1+C) showing moderate lesion enhancement with surrounding gland hyperplasia. (B) T2-weighted image

with fat suppression (T2WIFS) indicating heterogeneous low signal intensity, highlighting lesion boundaries. (C) Apparent diffusion

coefficient (ADC) map showing markedly low signal intensity in the lesion region. (D) Diffusion-weighted imaging (DWI, b = 1500

s/mm?) reveals high signal intensity within the lesion. (E) T2-weighted image (T2WI) demonstrating an irregular hypointense lesion.

Arrows indicate the lesion areas.

These imaging findings are illustrated in Fig. 1, which
demonstrates typical malignant features, including hetero-
geneous low signal on T2WI, restricted diffusion on ADC
maps, and hyperintensity on high b-value DWI.

Multivariate Logistic Regression Analysis of
Predictors for Malignant Prostate Nodules

As shown in Table 2, lesion margin, signal distribu-
tion, lesion volume, short diameter, long diameter, and the
product of diameters differed significantly (p < 0.05) be-

tween the malignant and benign subgroups. These param-
eters were subsequently included in a multivariate logistic
regression analysis (Table 3) to identify independent pre-
dictors of malignancy.

In the training cohort, six features were independently
associated with malignancy: irregular lesion margin (odds
ratio (OR) = 2.818), heterogeneous signal distribution (OR
=3.121), lesion volume (OR = 3.056), short diameter (OR
= 3.074), long diameter (OR = 2.886), and the product of
diameters (OR =2.912), all with p < 0.001. The validation
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Table 2. Comparison of general characteristics between the training and validation sets.

Variable Training set Validation set
Group Malignant (n =27) Benign (n=28) x2/t p Malignant (n = 12) Benign (n=13) 2/t D
Age (years) 71.78 £ 6.03 68.57 £9.07 1.549  0.128 69.92 £ 8.40 70.23 £7.75 0.097 0.923
BMI (kg/m?) 2475 £1.22 24.41 £1.55 0.900 0.372 24.85 £ 1.29 2450 +£298 0386 0.704
Hypertension, n (%) 21(77.78) 21(77.78) 0.059  0.808 9 (75.00) 11 (84.62) 0361 0.548
Diabetes mellitus, n (%) 14 (51.85) 16 (57.14) 0.155  0.694 6 (50.00) 9(69.23) 0.962  0.327
Hyperlipidemia, n (%) 12 (44.44) 14 (50.00)  0.170  0.680 6 (50.00) 6(46.15)  0.037 0.848
Lesion margin 423 18/10 14.017 <0.001 111 716 5940 0.015
(smooth/irregular)
Signal distribution
(homogeneous/ 522 24/4 24.900 <0.001 1/11 8/5 7.667  0.006
heterogeneous)
Lesion volume (cm?) 1.54 £ 0.33 0.39 +0.11 17.166 <0.001 1.64 £+ 0.41 0.48 £0.08 9.617 <0.001
Lesion short diameter 12.04 £ 1.26 8.82 + 1.44 8.809 <0.001 11.83 + 1.19 8.92 + 1.55 5.221 <0.001
(mm)
Lesion long diameter 18.96 £+ 1.56 16.07 £ 1.33 7414 <0.001 19.08 £+ 1.56 16.15 £ 134 5.034 <0.001
(mm)
Product of diameters 0.53 £ 0.09 0.39 £ 0.08 6.164 <0.001 0.60 £ 0.03 0.48 £ 0.11 3.653  0.001
(mm?)
Table 3. Multivariate logistic regression analysis of malignant prostate nodules.
Dataset Variable B Standard error x> p OR 95% CI
Training set Lesion margin 1.036 0.178 33.875 <0.001 2.818 1.988
Signal distribution 1.138 0.139 67.028  <0.001  3.121 2.376
Lesion volume (cm?) 1.117 0.130 73.828  <0.001 3.056  2.368
Lesion short diameter (mm)  1.123 0.108 108.121 <0.001 3.074 2.488
Lesion long diameter (mm)  1.060 0.127 69.663  <0.001 2.886 2.250
Product of diameters (mm?)  1.069 0.155 47.565 <0.001 20912 2.149
Validation set Lesion margin 1.187 0.113 110343  <0.001  3.277 2.626
Signal distribution 1.156 0.158 53.531 <0.001 3.177 2.331
Lesion volume (cm?) 1.059 0.130 66.360  <0.001 2.883 2.235
Lesion short diameter (mm)  1.052 0.149 49.849  <0.001 2.863 2.138
Lesion long diameter (mm)  1.047 0.186 31.686  <0.001 2.849 1.979
Product of diameters (mm?2)  1.125 0.168 44842  <0.001 3.080 2.216
OR, odds ratio.
cohort yielded consistent findings, with corresponding ORs CNN-5). Among them, CNN-3—featuring three max-

ranging from 2.849 to 3.277 and all p-values also below
0.001, confirming the robustness of these predictors. Based
on these predictors, a malignancy risk prediction model was
developed using the following logistic regression formula:
Risk score = 12.369 + 1.036 x (Lesion margin) + 1.174 x
(Signal distribution) + 1.216 x (Lesion volume) + 1.160
x (Short diameter) + 1.019 x (Long diameter) + 1.128 x
(Product of short and long diameters). Complete regression
results are detailed in Table 3, and variable encoding and
feature definitions are summarized in Table 4.

Diagnostic Performance Comparison Between
Conventional MRI and CNN-Assisted Models

To evaluate the performance of deep learning mod-
els in PCa classification, conventional MRI interpretations
were compared with five CNN-based models (CNN-1 to

pooling layers—achieved the best overall performance. Its
architectural design likely enhanced its ability to extract
high-level semantic features while suppressing irrelevant
noise.

As shown in Table 5, CNN-3 yielded the highest di-
agnostic metrics in the training set, with a sensitivity of
85.19%, a specificity of 96.43%, and an overall accuracy
0f90.91%. It also demonstrated the best positive and nega-
tive predictive values (PPV = 95.83%, NPV = 87.10%). In
the validation set, although CNN-3’s sensitivity decreased
to 50.00%, it maintained favorable specificity (76.92%)
and accuracy (69.57%), remaining the most effective model
among the CNN variants. These results underscore the po-
tential of CNN-based models, particularly CNN-3, for en-
hancing diagnostic precision in PCa MRI interpretation.
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Table 4. Assignment table for logistic regression variables.

Variable Value definition

Lesion margin 0 = Smooth, 1 = Irregular
Signal distribution 0 = Homogeneous, 1 = Heterogeneous
Lesion volume Continuous value (cm?3)
Lesion short diameter Continuous value (mm)
Lesion long diameter Continuous value (mm)
Product of diameters Continuous value (mm?)

Table 5. Comparison of diagnostic performance between CNN-assisted and conventional MRI interpretation.

Dataset Method TP FP TN FN Accuracy (%) Sensitivity (%) Specificity (%) PPV (%) NPV (%)

Training set ~ Conventional MRI 11 11 17 16 50.91 40.74 60.71 50.00 51.52
CNN-1 13 12 16 14 52.73 48.15 57.14 52.00 53.33
CNN-2 10 2 26 17 65.45 37.04 92.86 83.33 60.47
CNN-3 23 1 27 4 90.91 85.19 96.43 95.83 87.10
CNN-4 12 1 27 15 70.91 44.44 96.43 92.31 64.29
CNN-5 13 5 23 14 65.45 48.15 82.14 72.22 62.16

Validation set Conventional MRI 8 2 11 4 76.00 66.67 84.62 66.67 84.62
CNN-1 7 6 5 60.87 58.33 53.85 53.85 58.33
CNN-2 8 6 4 65.22 66.67 53.85 57.14 63.64
CNN-3 6 3 10 6 69.57 50.00 76.92 66.67 62.50
CNN-4 5 3 10 7 65.22 41.67 76.92 62.50 58.82
CNN-5 5 4 9 7 60.87 41.67 69.23 55.56 56.25

Abbreviations: TP, true positive; FP, false positive; TN, true negative; FN, false negative; PPV, positive predictive value; NPV,

negative predictive value; CNN, convolutional neural network.

Table 6. ROC curve analysis of conventional MRI and CNN-based models.

Dataset Method Standard error  AUC 95% CI P

Training set Conventional MRI 20.573 0.721  0.155-0.880  <0.001
CNN-1 15.483 0.778  0.216-0.876  <0.001
CNN-2 13.505 0.759  0.239-0.900 <0.001
CNN-3 17.03 0.864 0.192-0.850  <0.001
CNN-4 19.732 0.708  0.213-0.918  <0.001
CNN-5 17.171 0.775  0.174-0.951 <0.001

Validation set ~ Conventional MRI 19.294 0.785 0.264-0.901  <0.001
CNN-1 19.303 0.655 0.285-0.897  <0.001
CNN-2 18.098 0.745 0.167-0.988  <0.001
CNN-3 17.387 0.838  0.243-0.930  <0.001
CNN-4 18.234 0.656  0.255-0.929  <0.001
CNN-5 16.135 0.719  0.220-0.986  <0.001

ROC Curve Analysis of Model Performance (0.778) and CNN-5 (0.775). In the validation set, CNN-

3 maintained its superior performance with an AUC of
0.838, exceeding that of conventional MRI (0.785) and the
next-best model, CNN-2 (0.745). These findings indicate
that CNN-3 exhibits strong generalization ability and ro-
bust classification performance across datasets. The ROC
curves for the training and validation sets are shown in
Fig. 2A B, respectively.

ROC curve analysis was performed to evaluate the
overall diagnostic discrimination ability of conventional
MRI and CNN-based models. In both the training and val-
idation datasets, the CNN-3 model exhibited the highest
AUC, indicating superior classification performance com-
pared to the other models. As illustrated in Table 6 and
Fig. 2, the CNN-3 model consistently demonstrated the
strongest discriminatory power in both the training and
validation cohorts. In the training set, CNN-3 achieved
the highest AUC (0.864), outperforming conventional MRI
(0.721) and all other CNN variants, including CNN-1
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Fig. 2. ROC curve analysis of model performance. (A) ROC curves for the training set comparing conventional MRI and five
CNN-assisted diagnostic models. CNN-3 achieved the highest AUC (0.864). (B) ROC curves for the validation set showing consistent
superiority of CNN-3 with an AUC of 0.838. ROC, receiver operating characteristic; AUC, area under the curve.
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Discussion

PCa remains one of the most prevalent malignancies
among men, with its incidence steadily increasing alongside
global population aging [1]. MRI, as a non-invasive modal-
ity, plays a crucial role in the diagnosis, staging, and treat-
ment planning of PCa. The advent of mpMRI has further
enhanced diagnostic performance by providing both func-
tional and anatomical insights through T2WI, DWI, DCE-
MRI, and MRS [14,15]. In particular, T2WI facilitates
anatomical localization, while DWI and DCE-MRI con-
tribute to biological characterization based on cellularity
and vascularity, respectively [16]. Despite these advance-
ments, mpMRI interpretation remains subject to variabil-
ity due to heterogeneous lesion presentation and anatomi-
cal complexity [17,18]. This necessitates robust computer-
aided systems to improve consistency and diagnostic preci-
sion.

In this study, we demonstrated that a CNN-based
deep learning model—specifically, CNN-3—outperformed
both conventional MRI interpretation and other CNN ar-
chitectures. CNNs emulate neural information process-
ing through layered convolution and pooling operations,
enabling automated extraction of multi-level imaging fea-
tures [19,20]. Traditional interpretation depends heav-
ily on the radiologist’s expertise. In contrast, CNNs re-
duce observer variability by learning discriminative pat-
terns directly from imaging data [21]. Prior studies have
confirmed that CNNs outperform handcrafted radiomics
models by autonomously identifying features such as le-
sion irregularity, heterogeneity, and morphology, which are
critical for distinguishing malignancy [22,23]. Our find-
ings reinforce this result: CNN-3 showed the highest sen-
sitivity and specificity across datasets, and key imaging
predictors—Iesion margin, signal heterogeneity, volume,
and diameters—were consistently selected in both training
and validation cohorts. These features align with known
risk markers for PCa, and their integration into deep mod-
els enhances diagnostic robustness. The superior perfor-
mance of CNN-3 may be attributed to its triple max-pooling
structure, which facilitates deeper abstraction and reduces
overfitting by compressing irrelevant spatial noise [24,25].
This architectural advantage likely contributed to improved
generalizability, as evidenced by consistent AUC perfor-
mance across cohorts. Importantly, early-stage PCa often
presents as small, low-contrast lesions—especially in the
peripheral zone—making detection with conventional MRI
challenging [26,27]. CNNs trained on large-scale anno-
tated datasets can capture subtle imaging cues, such as tex-
tural and perfusion-related variations, improving early de-
tection sensitivity [28—30]. This is critical for timely inter-
vention and a better prognosis. Although CNN-3 achieved
the highest overall accuracy, its sensitivity in the validation
set decreased compared with the training set, which may
reflect limited sample size and distributional heterogeneity

between datasets. The observed difference in AUCs sug-
gests mild overfitting, which could be mitigated by regu-
larization and external multicenter validation.

Despite the promising results, several limitations
should be acknowledged. The sample size was relatively
small and derived from a single institution, which may con-
strain generalizability. Future work should validate the
CNN model in larger, multicenter cohorts and across di-
verse imaging protocols. The current study also lacked
external validation, which restricts the assessment of the
model’s generalization on unseen datasets. Data sourced
from a single institution may introduce center-specific bi-
ases related to imaging protocols or scanner settings. There-
fore, future multicenter studies with external validation co-
horts are essential to confirm the robustness and clinical
applicability of the proposed CNN model. This limita-
tion may reduce the reliability of model predictions when
applied to images acquired from different scanners, insti-
tutions, or patient populations. Additionally, integrating
clinical, biochemical, and genomic data could further en-
hance diagnostic performance and enable personalized risk
assessment. Prospective studies exploring workflow inte-
gration and radiologist-Al collaboration are also warranted
to assess real-world feasibility.

CNN-based computer-aided diagnostic systems offer
substantial advantages in prostate MRI interpretation by
providing automated, objective, and accurate lesion classi-
fication. Our CNN-3 model demonstrates strong potential
to support clinical decision-making and reduce diagnostic
uncertainty in PCa management.

Conclusion

In summary, this study demonstrates that a CNN-
based deep learning model, particularly CNN-3, sig-
nificantly outperforms conventional MRI in classifying
prostate nodules on multiparametric MRI. By effectively
leveraging key imaging features and deep feature abstrac-
tion, the model improves diagnostic accuracy and reliabil-
ity. These findings highlight the potential of integrating Al-
driven tools into prostate cancer diagnosis and provide a
solid foundation for future clinical implementation.
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