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Abstract
Purpose  We aimed to investigate the diagnostic performance of biparametric MRI (bpMRI)-based radiomics in 
differentiating clinically significant prostate cancer (csPCa) among lesions categorized as Prostate Imaging Reporting 
and Data System (PI-RADS) score 3.

Method  Between September 2020 and October 2023, a total of 233 patients with PI-RADS category 3 lesions were 
identified, which were divided into training cohort (n = 160) and validation cohort (n = 73). Radiomics features were 
extracted from T2-weighted imaging (T2) and diffusion-weighted imaging (DWI) for csPCa prediction. The least 
absolute shrinkage and selection operator (LASSO) regression algorithm was used to select the most useful radiomics 
features. Diagnostic performance was compared using the area under the receiver operating characteristic (ROC) 
curve (AUC).

Results  34 robust radiomics features (incorporating 12 features from T2 and 22 features from DWI) were selected to 
construct the final radiomics signature. In the training group, the AUCs for prostate-specific antigen density (PSAD), 
radiomics, and combination were 0.658 (95% CI 0.550–0.766), 0.858 (95% CI 0.779–0.936), and 0.887 (95% CI 0.814–
0.959), respectively, in the validation group were 0.690 (95% CI 0.524–0.855), 0.810 (95% CI 0.682–0.937), and 0.856 
(95% CI 0.750–0.962). The combination model integrating radiomics and PSAD showed a significant improvement in 
diagnostic performance as compared to using these two parameters alone either in the training group (P < 0.001 and 
P = 0.024) or in the validation group (P = 0.024 and P = 0.048).

Conclusion  BpMRI-based radiomics had high diagnostic performance in predicting csPCa among PI-RADS 3 lesions, 
and combining it with PSAD could further improve the overall accuracy.
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Introduction
Prostate Cancer (PCa) is the second most common can-
cer among men worldwide, and one of the leading causes 
of cancer-associated death in men [1]. It is estimated 
that 1.2  million new cases of PCa are diagnosed every 
year and 350,000 die of it [2]. In the past two decades, 
MRI has been established as the most effective imaging 
modality in the detection, diagnosis, and management of 
PCa [3–5]. The mpMRI-based PI-RADS demonstrated 
high diagnostic performance and has been widely used 
for risk stratification of PCa [6–8]. Nevertheless, PI-
RADS category 3 lesions pose a clinical dilemma, as phy-
sicians must balance the need for cancer detection with 
the goal of avoiding unnecessary biopsies. The PI-RADS 
recommends lesions categorized as ≥ 3 referred to biopsy; 
however, it is estimated that only 36% and 18.5% of these 
indeterminate lesions are PCa and csPCa, resulting in a 
great number of unnecessary biopsies [9]. Unnecessary 
biopsies and overtreatment may lead to complications 
such as infection or sepsis. Thus, it is needed to improve 
the diagnostic accuracy for these equivocal lesions, 
thereby reducing unnecessary biopsies.

Over the last decade, radiomics has emerged as a prom-
ising approach to detecting various cancers. The rationale 
behind radiomics is that medical images contain more 
information than can be visually discerned by experi-
enced radiologists, which facilitate diagnosis, risk strati-
fication, and predicting therapeutic outcomes. Previous 
studies have underscored radiomics’ potential in PCa 
detection, aggressiveness assessment, and survival analy-
sis [10–12]. Most of these studies have, however, focused 
on quantitative features extracted from full sequences of 
mpMRI including T2, dynamic contrast-enhanced (DCE) 
images, DWI, and apparent diffusion coefficient (ADC) 
[6, 13]. Notably, several studies have demonstrated that 
DCE merely plays a secondary role in the transition 
zone (TZ) and may be unnecessary for peripheral zone 
(PZ) lesions [14–16]. As a result, the concept of bipara-
metric MRI, which excludes DCE, has gained substan-
tial attention. This approach significantly reduces image 
acquisition time and examination costs while maintain-
ing comparable diagnostic accuracy compared to mpMRI 
[17–20]. In this study, we aimed to evaluate the diagnos-
tic accuracy of bpMRI-based radiomics for the detection 
of csPCa among PI-RADS score 3 lesions. In addition, 
the performance of a nomogram combining radiomics 
and PSAD has been investigated.

Materials and methods
Patient selection
This retrospective study was approved by the institutional 
review board (IRB) of Wuxi No. 2 People’s Hospital, 
and the requirement for informed consent was waived. 
Between September 2020 and October 2023, patients 

who underwent bpMRI examination and subsequently 
MRI/US fusion biopsy were queried from our institu-
tion’s electric medical records. We identified lesions that 
scored as category 3 based on PI-RADS v2.1 guideline, 
which were assessed by two dedicated radiologists (with 
5 years and 6 years of experience in urology radiology) 
independently, who were blinded to pathological results, 
with discrepancies resolved through discussion.

According to the inclusion criteria, 279 individu-
als were identified initially. However, 46 patients were 
excluded because of the following reasons: (1) history 
of biopsy or treatment (n = 16); (2) images were fuzzy 
or with artifacts (n = 21); and (3) insufficient clinical 
data (n = 9). Finally, a total of 233 patients (mean age 
70.12 ± 7.77 years; median PSA 8.32, interquartile range 
[IQR] 6.13–10.60 ng/mL) were included in the cur-
rent study, of which 160 were randomized to the train-
ing cohort and 73 were randomized to the validation 
cohort. Figure 1 shows the details of the patient selection 
diagram.

MRI acquisition and interpretation
All prostate MRI examinations were performed on a 3.0T 
scanner (MAGNETOM Skyra, Siemens AG), and a pel-
vic 32-channel phased array coil was used. MRI proto-
cols included T2 and DWI, details on image acquisition 
parameters are described in Table 1.

Prostate biopsy procedure
Lesions suspicious of PCa underwent MRI/US fusion 
biopsy within four weeks after MRI examination. The 
fusion biopsy was performed by a urologist with 12 years 
of experience, using a color Doppler ultrasound device, 
with a real-time virtual sonography imaging fusion sys-
tem. Identified lesions were annotated on T2 images by 
the radiologists and segmented with real-time transrec-
tal ultrasound. For each lesion, at least two fusion-guided 
targeted cores (axial and sagittal planes) were obtained. 
An expert genitourinary pathologist evaluated the biopsy 
specimens and assigned each lesion a Gleason score (GS), 
who has an experience of 16 years and was blinded to the 
MRI findings. Each lesion that was suspected for PCa 
was designated to the corresponding grade group accord-
ing to the International Society of Urological Pathology 
(ISUP). The biopsy results were evaluated to determine 
the location and GS of an index tumor with the highest 
GS. csPCa was defined as GS ≥ 7 (ISUP ≥ 2). The volume 
of the prostate was determined with the ellipsoid volume 
formula and the tumor size was decided on the base of 
T2 images.

Feature extraction and radiomics analysis
Two radiologists manually segmented images from 
two MRI sequences of axial T2 and DWI (3D slicer, 
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version 5.0.3), and radiomics features with suspected 
PCa were extracted from regions of interest (ROI) with 
PyRadiomics (version 3.1.0). Extracted features includ-
ing first-order, shape, and texture features encompassing 
Gray-Level Cooccurrence Matrix (GLCM), Gray-
Level Dependence Matrix (GLDM), Gray-Level Run 
Length Matrix (GLRLM), Gray-Level Size Zone Matrix 
(GLSZM), and Neighboring Gray-Tone Difference Matrix 
(NGTDM). Additionally, two kinds of filters (Laplacian of 
Gaussian and wavelet) that derived from original images 
were used to extract additional features. The LASSO 
regression algorithm was used to select the most use-
ful radiomics features. The most important radiomics 
features derived from the LASSO classifier were used 
to develop radiomics signature (Radscore), with 10-fold 
cross-validation on the training set. The Radscore was 
calculated via a linear combination of selected features 

Table 1  MRI parameters
Parameter Sequence

T1WI 
(axial)

T2WI 
(axial)

T2WI 
(sagittal)

DWI

Field of view (mm) 300 × 300 230 × 230 230 × 230 320 × 224
Acquisition matrix 256 × 205 320 × 224 320 × 256 192 × 192
Repetition time (ms) 744 4400 3800 6570
Echo time (ms) 13 96 117 88
Section thickness, no 
gaps (mm)

3.0 3.0 3.0 3.0

Acquisition time 1 m 37s 2 m 49s 2 m 24s 4 m 56s
Abbreviations: DCE, dynamic contrast enhanced imaging; DWI, diffusion 
weighted imaging; T1WI, T1-weighted imaging; T2WI, T2-weighted imaging. 
DWI performed with b values of 0, 100, and 1000s/mm2

Fig. 1  Flowchart of the study population with the exclusion criteria. csPCa, clinically significant prostate cancer
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weighted by their respective coefficients with the follow-
ing formula:

Radscore = intercept + βi × Xi. (β, the coefficient of each 
radiomics feature; X, nonzero coefficient radiomics fea-
tures; i, the sequence number of features).

The value of each nonzero coefficient radiomics feature 
are presented in Table S1.

Statistical analysis
Kolmogorov–Smirnov test was used to examine the nor-
mal distribution of data. Descriptive statistics of continu-
ous variables are shown as mean ± standard deviation 
(SD) for normally distributed or median (interquartile 
range, IQR) for non-normally distributed. Comparisons 
between the two groups were evaluated using Mann-
Whitney’s U test (non-normally distributed variables) 
and independent t-test (normally distributed variables). 
Because the sample of csPCa was smaller than non-
csPCa, we used the Synthetic Minority Oversampling 
Technique (SMOTE) to oversample the minority class. 
Here, the minority class is over-sampled by generating 
synthetic examples along the line segments connect-
ing each minority class sample to any or all its k near-
est minority class neighbors. This oversampling method 
randomly generates new instances of the minority class 
to balance the dataset. Notably, the SMOTE method was 
not applied to the validation group. Sensitivity, specificity, 
positive likelihood ratio (LR+), and negative likelihood 
ratio (LR-) were calculated to evaluate the diagnostic 
accuracy. The overall performance was assessed with the 
AUC and differences between models were compared 
with DeLong’s test [21]. All analysis was performed with 
STATA 16.1, R 4.3.2, and Python 3.7. P values ≤ 0.05 were 
considered statistically significant. Decision curve analy-
sis (DCA) was conducted to assess the clinical usefulness 

and benefits of the combined model at different thresh-
old probabilities [22]. A calibration curve was plotted 
to explore the predictive accuracy of radiomics and the 
combined nomogram [23].

Results
Patient characteristics
The demographic characteristics are summarized in 
Table  2. At the final fusion MRI/US fusion biopsy, the 
cancer detection rate was 33/160 (20.63%) in the train-
ing group and 13/73 (17.81%) in the validation group. 
The Kolmogorov-Smirnov test demonstrated that only 
variable of age was distributed normally (P = 0.12 and 
P = 0.19), whereas the PSA level and PSAD were unnor-
mal (P < 0.001). There was no significant difference 
between the training group and validation group in terms 
of age, PSA level, and PSAD, with a P value of 0.51–0.90.

Diagnostic performance of using PSAD
In the training cohort, PSAD yielded an AUC of 0.658 
(95% CI 0.550–0.766). The optimal cutoff value for PSAD 
was 0.21 ng/ml/ml, where the sensitivity and specific-
ity were 36.4% (95% CI 20.4%-54.9%) and 81.9% (95% CI 
74.1%-88.2%), respectively. Comparable diagnostic per-
formance was observed in the validation group, with an 
AUC of 0.690 (95% CI 0.524–0.855). At a threshold of 
0.18 ng/ml/ml, the sensitivity and specificity were 46.2% 
(95% CI 19.2%-74.9%) and 68.3% (95% CI 54.8%-79.7%), 
respectively.

Diagnostic performance of radiomics
A total of 1239 features were extracted from MRI images 
initially, of which 618 were from the T2 sequence and 621 
were from DWI. Following LASSO regression analysis, 
34 robust radiomics features (incorporating 12 features 

Table 2  Characteristics of patients
Variable Training (n = 160) Validation (n = 73)

csPCa (n = 33) Non-csPCa (n = 127)* Total csPCa (n = 13) Non-csPCa (n = 60)* Total
Age
(Years, mean ± SD)

73.94 ± 5.99 68.57 ± 7.68 69.68 ± 7.66 76.15 ± 5.29 69.97 ± 8.06 71.07 ± 7.98

PSA
(ng/mL, median [IQR])

9.38 (6.71–18.37) 7.95 (5.60–9.48) 8.10 (5.94–9.95) 9.38 (8.73–30.96) 8.43 (6.12–14.85) 8.73 (6.30-14.92)

PSAD
(ng/mL/mL, median [IQR])

0.15 (0.12–0.28) 0.12 (0.09–0.17) 0.13 (0.10–0.19) 0.17 (0.13–0.33) 0.13 (0.10–0.24) 0.13 (0.10–0.24)

Gleason score
< 3 + 3 113 48
3 + 3 14 9
3 + 4 20 5
4 + 3 8 4
4 + 4 2 3
> 4 + 4 3 1
Abbreviations: csPCa, clinically significant prostate cancer; IQR, interquartile range; PI-RADS, Prostate Imaging Reporting and Data System, version 2.1; PSA, prostate-
specific antigen; PSAD, prostate-specific antigen density; SD, standard deviation

Note:* Including benign prostatic hyperplasia
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from T2 and 22 features from DWI) with non-zero coef-
ficients were selected to construct the final radiomics 
signature. Specifically, this included 4 shape features, 7 
GLRLM features, 13 first-order features, 1 NGTDM fea-
ture, 1 GLSZM, 5 GLCM features, and 3 GLDM features. 
No significant difference in radiomics score was observed 
between the training and validation groups (P = 0.23); 
however, for the csPCa and non-csPCa subgroup, a 
significant difference was observed in the training set 
(median 1.65 vs. − 2.38, P < 0.001) and confirmed in the 
validation set (median 1.39 vs. -2.07, P = 0.001).

In the training cohort, the calculated AUC for 
radiomics was 0.858 (95% CI 0.779–0.936), significantly 
higher than PSAD (P < 0.001), with sensitivity and speci-
ficity of 84.8% (95% CI 68.1%-94.9%) and 85.0% (95% CI 

77.6%-90.7%), respectively. When combining radiomics 
and PSAD, the diagnostic performance was improved 
substantially, yielding an AUC of 0.887 (95% CI 0.814–
0.959, P = 0.03). The ROC analysis for PSAD, radiomics, 
and their combination is demonstrated in Fig.  2 and 
Table 3. In the validation data set, the AUC for radiomics 
was 0.810 (95% CI 0.682–0.937). The AUC for the com-
bination of radiomics and PSAD was 0.856 (95% CI 
0.750–0.962), indicating a significant improvement in 
csPCa prediction as compared with using these two vari-
ables alone, with P values of 0.024 and 0.048. The deci-
sion curve analysis is illustrated in Fig. 3, demonstrating 
the clinical utility of the predictive model in both the 
training group and validation group. The calibration 
curves showed good concordance between the predicted 

Table 3  Diagnostic performance
Indicator Sensitivity (95% CI) Specificity (95% CI) LR+ (95% CI) LR- (95% CI) AUC (95% CI) P for AUCa

Training Cohort
  PSAD ≥ 0.21 36.4% (20.4-54.9%) 81.9% (74.1-88.2%) 2.01 (1.12–3.60) 0.78 (0.59–1.02) 0.658 (0.550–0.766) < 0.001
  Radscore 84.8% (68.1-94.9%) 85.0% (77.6-90.7%) 5.67 (3.66–8.80) 0.18 (0.08–0.40) 0.858 (0.779–0.936) 0.030
  PSAD + Radscore 84.8% (68.1-94.9%) 88.2% (81.3-93.2%) 7.18 (4.37–11.80) 0.17 (0.076–0.37) 0.887 (0.814–0.959) /
Validation Cohort
  PSAD ≥ 0.18 46.2% (19.2-74.9%) 68.3% (54.8-79.7%) 1.46 (0.73–2.92) 0.79 (0.46–1.34) 0.690 (0.524–0.855) 0.024
  Radscore 76.9% (46.2-95%) 91.7% (81.6-97.2%) 9.23 (3.79–22.5) 0.25 (0.09–0.68) 0.810 (0.682–0.937) 0.048
  PSAD + Radscore 92.3% (64-99.8%) 76.7% (64.0-86.6%) 3.96 (2.44–6.42) 0.10 (0.02–0.66) 0.856 (0.750–0.962) /
Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval; LR+, positive likelihood ratio; LR-, negative likelihood ratio; PI-
RADS, Prostate Imaging Reporting and Data System; PPV, positive predictive value; PSAD, prostate-specific antigen density; Radscore, radiomic score

Note: a compared with PSAD + Radscore

Fig. 2  ROC analysis for PSAD, radiomics, and the combination of PSAD and radiomics for prediction of clinically significant prostate cancer. A, training 
group; B, validation group. PSAD, prostate-specific antigen density
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probabilities of csPCa and the observed outcomes, which 
are demonstrated in Fig. 4.

Discussion
In this study, we assessed bpMRI-based radiomics for 
predicting csPCa in lesions classified as PI-RADS cat-
egory 3. Our analysis demonstrated that radiomics 
achieved higher diagnostic accuracy, with an AUC of 
0.858 in the training group and 0.810 in the validation 
group. Furthermore, in the training group combina-
tion of Radscore and PSAD resulted in a substantial 
improvement compared to using radiomics alone. Pre-
vious studies have shown the promising performance of 
using MRI-based radiomics for the prediction of csPCa 
in PI-RADS category 3 lesions, typically extracting fea-
tures from mpMRI sequences, including T2, ADC, DWI, 
and DCE, with AUCs ranging from 0.75 to 0.86 [24–28]. 
Jin et al. used bpMRI-based radiomics for predicting PI-
RADS category 3 lesions, in which the calculated AUC 

were 0.90 in the training group and 0.88 in the validation 
group [29].

In an earlier study involving 160 PI-RADS category 3 
lesions, with features extracted from T2 and ADC, the 
generated AUCs were 0.547 and 0.684 [30]. Among pre-
vious studies, the selected features varied widely, ranging 
from 3 to 149. In this study, we included 40 features (12 
from the T2 sequence and 22 from the DWI sequence) 
using the LASSO regression algorithm. Regarding the 
final radiomics model, some studies have used support 
vector machine, K-nearest neighbors, or random for-
est; in contrast, we employed the logistic regression 
algorithm in this study. At present, however, there is no 
conclusive evidence indicating which machine learn-
ing method is optimal. Compared with previous stud-
ies, we included more patients as compared with these 
two earlier studies. However, it is unfeasible to perform 
a comparison between studies due to discrepancies in 

Fig. 4  Calibration curves. A, training group; B, validation group. PSAD, prostate-specific antigen density

 

Fig. 3  Decision curves analyses for PI-RADS, radiomics, and the combination of PI-RADS and radiomics for prediction of clinically significant prostate 
cancer. A, training group; B, validation group. PSAD, prostate-specific antigen density
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radiologists’ experience, segmentation, and machine 
learning algorithms.

In the current study, we only used features extracted 
from T2WI and DWI. T2WI provides excellent soft 
tissue contrast, allowing for detailed visualization of 
prostate anatomy. It is especially useful for identify-
ing structural abnormalities within the prostate. On the 
other hand, DWI offers insights into the cellular density 
of tissues by measuring the diffusion of water molecules, 
which tends to be restricted in cancerous tissues due to 
their higher cellularity [31]. These two sequences have 
demonstrated a negative correlation with the proportion 
of nuclei or cytoplasm in prostate tissue while displaying 
a positive correlation with the luminal space percentage 
[31]. As Gleason scores increase, disrupted gland archi-
tecture leads to a more disorderly and dispersed appear-
ance of the gland lumen [12]. These histological changes 
manifest as specific patterns on T2WI and DWI, forming 
the basis for using these imaging modalities in radiomic 
analyses.

Our study highlighted the potential of radiomics analy-
sis using bpMRI images of T2 and DWI to identify csPCa 
within PI-RADS 3 lesions. Radiomics involves extracting, 
measuring, and analyzing quantitative attributes from 
medical images to capture details beyond visual percep-
tion, assisting in lesion classification, risk assessment, 
and clinical decision-making. Our findings indicated that 
radiomics significantly outperforms PSAD in identifying 
csPCa in PI-RADS 3 lesions. Moreover, compared with 
most previous studies that focused on radiomics alone, 
our study demonstrated that combining radiomics with 
other clinical variables such as PSAD could significantly 
improve the overall diagnostic performance. In the cur-
rent study, the imbalance of the sample (Non-csPCa vs. 
PCa) would reduce the performance of the classifier. To 
overcome the adverse impact of imbalance sample, we 
employed the SMOTE method, which has been proven 
to be an effective approach for dealing with imbalanced 
datasets [32].

Another issue that should be taken into consideration 
in radiomics analysis is segmentation, which plays an 
important role as it determines the accurate delineation 
of the ROI used for subsequent feature extraction and 
analysis. Despite advancements in image analysis tech-
niques, manual contouring remains the predominant 
method for defining lesion volumes in radiomic studies. 
This approach involves radiologists manually outlining 
the ROI on MRI scans, which can be time-consuming 
and subject to variability [33]. One major limitation of 
manual contouring is its reliance on single image slices 
rather than a comprehensive 3D assessment of the entire 
lesion, which limits the accuracy and completeness of 
the volumetric characterization of lesions. Nevertheless, 
it is reported that features derived from automatically 

segmented masks exhibited slightly inferior performance 
when compared to manually segmented masks, which 
could be attributed to the potentially reduced accuracy 
of the auto-segmentation algorithm [33]. Moreover, the 
decreased effectiveness of the auto-segmentation might 
arise from its ability to only detect lesions in the PZ, 
necessitating a separate system for segmenting lesions in 
the TZ.

Our study has limitations that should be acknowl-
edged. First, this is a retrospective, single-center study, 
which may affect the generalization of our conclusion in 
clinical application, and the findings need to be validated 
externally. Second, the classification of lesions accord-
ing to PI-RADS was subjectively by radiologists, thus 
the results primarily depended on the radiologist’s per-
sonal experience. Furthermore, ROIs were manually seg-
mented by the radiologists rather than semi-automatic or 
automatic delineation, which may bring bias and be time-
consuming. Finally, we did not separately analyze lesions 
according to the PZ and TZ anatomical zones, and future 
studies evaluating radiomics features classified for each 
zone are warranted.

Conclusions
The findings of the current study suggest that bpMRI-
based radiomics had high diagnostic performance in 
identifying csPCa in PI-RADS category 3 lesions. Nev-
ertheless, PSAD exhibited only moderate accuracy as an 
independent predictor. Notably, integrating PSAD with 
PI-RADS v2.1 could enhance the predictive accuracy for 
csPCa. These findings underscore the potential of com-
bining radiomics and clinical indicators in prostate can-
cer diagnostics. To further substantiate our results, there 
is a need for prospective, multicenter studies to provide 
external validation.
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