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Background:  Multiparametric MRI (mpMRI) improves prostate cancer (PCa) detection compared with systematic biopsy, but its
interpretation is prone to interreader variation, which results in performance inconsistency. Artificial intelligence (AI) models can assist
in mpMRI interpretation, but large training data sets and extensive model testing are required.

Purpose:  To evaluate a biparametric MRI Al algorithm for intraprostatic lesion detection and segmentation and to compare its
performance with radiologist readings and biopsy results.

Materials and Methods:  This secondary analysis of a prospective registry included consecutive patients with suspected or known PCa
who underwent mpMRI, US-guided systematic biopsy, or combined systematic and MRI/US fusion—guided biopsy between April
2019 and September 2022. All lesions were prospectively evaluated using Prostate Imaging Reporting and Data System version
2.1. The lesion- and participant-level performance of a previously developed cascaded deep learning algorithm was compared with
histopathologic outcomes and radiologist readings using sensitivity, positive predictive value (PPV), and Dice similarity coeflicient
(DSC).

Results: A total of 658 male participants (median age, 67 years [IQR, 61-71 years]) with 1029 MRI-visible lesions were included. At
histopathologic analysis, 45% (294 of 658) of participants had lesions of International Society of Urological Pathology (ISUP) grade
group (GG) 2 or higher. The algorithm identified 96% (282 of 294; 95% CI: 94%, 98%) of all participants with clinically significant
PCa, whereas the radiologist identified 98% (287 of 294; 95% CI: 96%, 99%; P = .23). The algorithm identified 84% (103 of 122),
96% (152 of 159), 96% (47 of 49), 95% (38 of 40), and 98% (45 of 46) of participants with ISUP GG 1, 2, 3, 4, and 5 lesions,
respectively. In the lesion-level analysis using radiologist ground truth, the detection sensitivity was 55% (569 of 1029; 95% CI: 52%,
58%), and the PPV was 57% (535 of 934; 95% CI: 54%, 61%). The mean number of false-positive lesions per participant was 0.61
(range, 0-3). The lesion segmentation DSC was 0.29.

Condlusion: ~ The Al algorithm detected cancer-suspicious lesions on biparametric MRI scans with a performance comparable to that of
an experienced radiologist. Moreover, the algorithm reliably predicted clinically significant lesions at histopathologic examination.

ClinicalTrials.gov Identifier: NCT03354416
© RSNA, 2024

Supplemental material is available for this article.

ultiparametric MRI (mpMRI) of the prostate al-
lows visualization of cancers and enables MRI/US

were introduced to standardize prostate mpMRI ac-
quisition, interpretation, and reporting (4). Even with

fusion—guided targeted biopsy. Prostate mpMRI im-
proves the diagnosis of clinically significant prostate
cancer (csPCa) through targeted biopsy (1) and reduc-
es the upgrading rate of radical prostatectomy speci-
mens compared with US-guided systematic biopsy (2).
Additionally, mpMRI is useful for preventing unneces-
sary biopsies by allowing radiologists to rule out csPCa
when the mpMRI results are negative (3). In response
to the growth in mpMRI use, the Prostate Imaging
Reporting and Data System (PI-RADS) guidelines

standardized guidelines, mpMRI evaluations are sub-
ject to significant variations in intra- and interreader
reproducibility and interpretative performance (5-7).
In addition, targeted biopsy requires manual lesion
segmentation, which can introduce further variation
in mpMRI examination performance (8).

Artificial intelligence (Al) algorithms that are based
on deep learning approaches can augment radiologist
performance at multiple steps in the prostate cancer
(PCa) diagnostic pathway (9,10). Al can provide an

This copy is for personal use only. To order copies, contact reprints@rsna.org



Evaluation of an Algorithm for Prostate Lesion Detection at Biparametric MRI

Abbreviations

Al = artificial intelligence, csPCa = clinically significant PCa, DSC =
Dice similarity coefficient, GG = grade group, ISUP = International
Society of Urological Pathology, mpMRI = multiparametric MRI,
PCa = prostate cancer, PI-RADS = Prostate Imaging Reporting and
Data System, PPV = positive predictive value

Summary

A deep learning—based algorithm automatically detected cancerous
lesions on prostate biparametric MRI scans with reasonable performance
and reliably predicted clinically significant prostate cancer at biopsy.

Key Results

m In a secondary analysis of a prospective registry of 658 participants
who underwent multiparametric MRI (mpMRI) and biopsy, a
deep learning algorithm detected clinically significant prostate
cancer with participant-level sensitivity similar to that of a
radiologist (96% vs 98%; P = .23), based on biopsy results.

m The lesion-level detection sensitivity and positive predictive value
were 55% and 57%, respectively, with radiologist readings as
ground truth.

m Algorithm-based lesion segmentations partially agreed with
radiologist segmentations on mpMRI scans (Dice similarity
coeflicient = 0.29).

objective assessment of prostate MRI scans and standard-
ize intraprostatic lesion detection. Deep learning algo-
rithms have improved dramatically in recent years due to
the availability of larger labeled data sets, accessibility of
advanced computing hardware, and improvements in algo-
rithm training techniques and architectures (11,12). Sev-
eral studies have been published showcasing the
diagnostic value of deep learning algorithms in
prostate imaging (13-15). Recently, Mehral-
ivand et al (16) reported on the development
phase of a cascaded Al model that can detect
and segment lesions suspicious for cancer on bi-
parametric prostate MRI scans. This Al model
showed promising initial performance metrics

participants. This Health Insurance Portability and Ac-
countability Act—compliant study included consecutive pa-
tients with increased risk of PCa (ie, strong family history)
or with suspected or known PCa who underwent mpMRI
and subsequent biopsy between April 2019 and September
2022 at an academic medical center. Patients with PI-RADS
category 1 scans underwent US-guided systematic biopsy,
while patients with PI-RADS category 2—5 lesions under-
went combined US-guided systematic biopsy and MRI/US
fusion—guided targeted biopsy. Patients with a prior history
of prostate cancer treatment, such as androgen deprivation
therapy, focal therapy, radiation therapy, or radical prosta-
tectomy, were excluded. Patients with incomplete biopsy
results were excluded as well. The final study population
included treatment-naive participants with available biopsy
results. The results from a subset (7 = 454) of this sample
were previously published in a study that aimed to evaluate
PI-RADS version 2.1 prospectively (17).

Image Acquisition

All participants were scanned with a 3-T MRI scanner
(Ingenia Elition X, Class Ila; Philips Healthcare) using a
16-channel surface coil (Sense; Philips Healthcare). An en-
dorectal coil (BPX-30; Medrad) was used in 121 partici-
pants. T2-weighted images, high-4-value diffusion-weighted
images, apparent diffusion coefficient maps, and dynamic
contrast-enhanced sequences were obtained. Full image ac-
quisition parameters of the current study and the original
training sample are summarized in Tables S1 and S2.

Consecutive patients who
underwent mpMRI and prostate
biopsy between
April 2019 — Sep 2022
(n=758)

during the development phase; however, similar
to many other prostate MRI Al models reported

Excluded:

in the literature, its diagnostic performance in
a larger patient sample has not been evaluated.
Therefore, the purpose of this study was to eval-
uate this cascaded deep learning—based Al algo-
rithm for PCa detection and segmentation in
a prospective PI-RADS version 2.1-evaluated
sample and to compare its performance against
that of an expert radiologist and systematic or
targeted biopsy results.

Materials and Methods

Study Participants

This secondary analysis of a prospective regis-
try (ClinicalTrials.gov: NCT03354416) was
approved by the institutional review board of
the National Institutes of Health, and writ-
ten informed consent was obtained from all

Prior history of treatment such as
radical prostatectomy, focal

ablation therapy, androgen Excluded:
deprivation therapy, and Incomplete biopsy results
radiotherapy (n = 84) (n=186)
Treatment-naive patients
v v

Patients with highest PI-RADS
category 1 scan who underwent
systematic biopsy
(n=99)

Patients with highest PI-RADS
category 2-5 lesion who
underwent combined biopsy
(n = 559)

Figure 1: Participant flow diagram. mpMRI = multiparametric MRI, PI-RADS = Prostate Im-

aging Reporting and Data System.
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Image Analysis

All scans were prospectively evaluated during the clinical
reading, and intraprostatic lesions were categorized using
PI-RADS version 2.1 (4) by one genitourinary radiologist
(B.T., with >15 years of experience in prostate imaging,
1000 scans per year). The whole prostate and intraprostatic
lesions were volumetrically contoured by the same genito-
urinary radiologist (B.T.) with a commercial biopsy prepa-
ration system (DynaCAD 5.0; Invivo) using all mpMRI
sequences and anatomic planes at the time of the prospec-
tive reading. Details regarding biopsy and pathologic evalu-
ation are provided in Appendix S1. International Society
of Urological Pathology (ISUP) grade group (GG) 2 and
higher lesions were considered csPCa (18).

A multireader validation study was conducted to assess
interreader variability with the radiologist ground truth. A
body radiologist from a different institution (Y.M.L., with
>10 years of experience in prostate imaging) evaluated pros-
tate mpMRI scans from a subset of participants randomly
selected from the study sample. The reader was blinded
to clinical and pathologic details. The reader was asked to
detect and assign a category to the index lesion using PI-
RADS version 2.1. Both readers identified lesion location
using a standardized reporting template adapted from the
PI-RADS version 2.1 sector map (4). A prostate mpMRI-
focused research fellow (Y.L.) mapped and correlated those
lesions based on the reader report, lesion morphologic char-
acteristics, and landmarks (eg, benign prostatic hyperplasia
nodules, urethra, prostatic capsule). Interreader agreement
regarding the overall PI-RADS index lesion category assign-
ment was examined.

Al Model Evaluation

A previously developed biparametric MRI-based cascaded
deep learning Al model was used for PCa detection in this
study (16). The algorithm inputs included biparametric
MRI sequences (T2-weighted images, high-6-value diffu-
sion-weighted images, and apparent diffusion coefficient
maps), and the outputs included prostate organ and intra-
prostatic lesion segmentations. The Al model used in this
study is accessible at hstps://github.com/Project-M ONAI/
research-contributions/tree/main/prostate-mri-lesion-seg.
Comparison of both radiologist and Al algorithm findings
to the biopsy results, as the reference ground truth, was per-
formed at the lesion and participant levels. For lesion-level
analysis, the lesion detection performance of the algorithm
was evaluated using histopathologic examination combin-
ing both targeted biopsy and systematic biopsy results as
the reference ground truth (Fig S1). Al predictions were
first correlated with targeted biopsy results when match-
ing to a radiologist-defined lesion. Twelve-core transrectal
and transperineal systematic biopsy results were then recon-
structed and spatially matched to the remaining Al predic-
tions that did not correspond to any targeted biopsy results
(ie, false positives based on radiologist ground truth) us-
ing in-house software. Details regarding systematic biopsy
reconstruction are provided in Appendix S1. A prediction
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Table 1: Participant and Lesion Characteristics (n = 658
Participants)

Characteristic Value

Age (y)* 67 (61-71)

Age range (y) 35-82

PSA level (ng/mL)* 6.7 (4.7-9.8)
Prostate volume (cm?)* 60 (43-86)

PSA density (ng/mL?)* 0.10 (0.06-0.16)
mpMRI-biopsy interval (d)* 55 (19-93)
Family history of PCa

Negative 339 (52)

Positive 265 (40)

Unknown 54 (8)

Prior biopsy

Biopsy naive 203 (31)

Prior negative biopsy 126 (19)

Prior positive biopsy 329 (50)
Combined biopsy results

Negative 242 (37)

Positive for PCa 416 (63)

Positive for csPCa 294 (45)
Highest PI-RADS category

1 99 (15)

2 69 (10)

3 110 (17)

4 220 (33)

5 160 (24)
Highest ISUP grade group

Benign 242 (37)

1 122 (19)

2 159 (24)

3 49 (7)

4 40 (6)

5 46 (7)
Number of lesions at mpMRI

0 99 (15)

1 245 (37)

B 196 (30)

3 85 (13)

4 29 (4)

5 4 (1)
Note.—Unless otherwise specified, data are numbers of
participants, with percentages in parentheses. csPCa = clinically
significant PCa, ISUP = International Society of Urological
Pathology, mpMRI = multiparametric MRI, PCa = prostate
cancer, PI-RADS = Prostate Imaging Reporting and Data System,
PSA = prostate-specific antigen.

* Data are medians, with IQRs in parentheses.

that corresponded to a cancerous lesion at targeted biopsy or
systematic biopsy was considered to be true positive. Can-
cer detection rates for the radiologist were calculated based
on targeted biopsy results, whereas both the targeted biopsy
and spatially matched systematic biopsy results were used
to calculate cancer detection rates for the Al algorithm. At
the participant level, the sensitivity and positive predictive
value (PPV) of radiologist and Al findings were calculated
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Table 2: Lesion-Level Comparisons of Radiologist and Al Cancer Detection Rates Based on Histopathologic Ground Truth
Cancer Detection Rate (%)

Biopsy Result Radiologist Al P Value
Overall

PCa 49 (45, 53) [507/1029] 44 (40, 47) [424/968] <.001

csPCa 32 (28, 35) [327/1029] 28 (25, 31) [273/968] <.001
ISUP grade group

Benign 51 (48, 54) [522/1029] 56 (53, 59) [544/968]

1 18 (15, 20) [180/1029] 16 (13, 18) [151/968]

2 19 (17, 21) [195/1029] 17 (15, 20) [168/968]

3 5 (4,7) [54/1029] 4 (3, 6) [42/968]

4 4 (3, 5) [42/1029] 3 (2, 4) [32/968]

5 4(2,5) [36/1029] 3 (2, 4) [31/968]
Note.—Data in parentheses are 95% Cls, and dara in brackets are numbers of lesions. Al = artificial intelligence, csPCa = clinically significant
PCa, PCa = prostate cancer, ISUP = International Society of Urological Pathology.

using the highest ISUP
GGs from both the sys-
tematic biopsy and tar-
geted biopsy results as
the ground truth.

Al  detection per-
formance was also

All PTs
PTs with PI-RADS =2

PTs with PI-RADS >3
examined based on ra-
diologist ground truth, PTs with PI-RADS > 4
and data were analyzed
at both the participant
and lesion levels. True
posi-
tives, and false nega-

PTs with Al predictions

positves, false PTs without AI predictions

tives were identified to 0%
evaluate the sensitivity,
PPV, and false discov-

ery rate. For lesion-level

Benign  ®wISUP Grade 1

analysis, a prediction .
was considered a true ~ gure:
positive when it had
any overlapping area
with the radiologist ground truth. Given the use of a radiol-
ogist ground truth, true negatives could not be evaluated at
the lesion level. At the participant level, a true positive was
defined as a positive Al prediction in a PI-RADS category
2 or higher scan. A true negative was defined as a PI-RADS
category 1 scan correctly predicted to contain no lesions by
the AT algorithm. The segmentation accuracy was measured
with the Dice similarity coefficient (DSC).

Statistical Analysis

To assess interreader agreement, three metrics were used: the
unweighted « statistic, the quadratically weighted « statis-
tic, and the proportion of agreement, defined as the propor-
tion of lesions detected by both readers and given the same
assignment. K values were categorized as indicating slight
(0—0.20), fair (0.21-0.40), moderate (0.41-0.60), substan-
tial (0.61-0.80), or excellent (0.81-1.00) agreement. To

28 8 y 8
26 8 6 7
10 4 31
20% 40% 60% 80% 100%
mISUP Grade 2 ®mISUP Grade3 mISUP Grade4 ®ISUP Grade 5

Distribution of combined biopsy outcomes (percentage) based on highest International Society of Urological Pathology
(ISUP) grade group per participant (PT). Al = arfificial intelligence, PI-RADS = Prostate Imaging Reporting and Data System.

account for intra- and interlesion correlations, 95% ClIs
were estimated from 2000 bootstrap samples by random
sampling at the participant level (19). The Wald test was
used to compare the detection performance of the algorithm
with that of the radiologist at both the lesion level (cancer
detection rate) and participant level (sensitivity and PPV)
(20). The Wald test used the bootstrap standard error to
estimate the difference in cancer detection rate, sensitivity,
and PPV between the radiologist and the Al model. De-
scriptive statistics are reported for radiologist interpretations
considered positive calls at different PI-RADS thresholds
(participant-level highest PI-RADS category =2, >3, or 24)
and lesion-level cancer detection rates within ISUP GGs.
All P values are two-sided, and P < .05 was considered sta-
tistically significant. Statistical analyses were performed us-
ing R software (version 4.1.2; R Foundation for Statistical

Computing).

radiology.rsna.org = Radiology: Volume 311: Number 2—May 2024
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Biopsy Results

Table 3: Participant-Level Sensitivity and PPV of Al versus Radiologist Detection of Prostate Cancer Based on Combined

Reader Sensitivity (%) P Value* PPV (%) P Value*
Radiologist

PI-RADS >2 93 (90, 95) [387/416] 69 (65, 73) [387/559]

PL-RADS >3 87 (84, 90) [361/416] 74 (70, 77) [361/490]

PI-RADS >4 75 (70, 78) [310/416] 82 (78, 85) [310/380]
Al 92 (90, 95) [385/416] 75 65 (61, 69) [385/594] <001

Al algorithm.

Note.—Data in parentheses are 95% Cls, and data in brackets are numbers of participants. Al = artificial intelligence, PI-RADS = Prostate
Imaging Reporting and Data System, PPV = positive predictive value.

* P values reported for Al-detected lesions versus radiologist assessment of PI-RADS category 2 or higher, to reflect training conditions of

Based on Combined Biopsy Results

Table 4: Participant-Level Sensitivity and PPV of Al versus Radiologist Detection of Clinically Significant Prostate Cancer

Reader Sensitivity (%) P Value* PPV (%) P Value*
Radiologist

PI-RADS >2 98 (96, 99) [287/294] 51 (47, 55) [287/559]

PI-RADS >3 95 (92, 97) [278/294] 57 (52, 61) [278/490]

PI-RADS >4 85 (81, 89) [251/294] 66 (61, 71) [251/380]
Al 96 (94, 98) [282/294] 23 47 (44, 52) [282/594] <.001

Al algorithm.

Note.—Data in parentheses are 95% Cls, and data in brackets are numbers of participants. Al = artificial intelligence, PI-RADS = Prostate
Imaging Reporting and Data System, PPV = positive predictive value.
* P values reported for Al-detected lesions versus radiologist assessment of PI-RADS category 2 or higher, to reflect training conditions of

Results

Participant Characteristics

Among 758 patients initially included in the study, 84 and
16 patients were excluded because they had a history of prior
treatment or incomplete biopsy results, respectively (Fig 1).
Therefore, the final study sample consisted of 658 male par-
ticipants (median age, 67 years [IQR, 61-71 years]). The
median prostate-specific antigen level was 6.7 ng/mL (IQR,
4.7-9.8 ng/mL), and the median prostate-specific antigen
density was 0.10 ng/mL? (IQR, 0.06-0.16 ng/mL?). Of 1029
MRI-visible lesions, three (0.3%) were PI-RADS category
1, 219 (21%) were category 2, 247 (24%) were category 3,
381 (37%) were category 4, and 179 (17%) were category
5. Overall, 49% (507 of 1029) of the lesions were positive
for PCa, and 32% (327 of 1029) of the lesions were positive
for csPCa at targeted biopsy. A total of 416 of 658 (63%)
participants had PCa and 294 of 658 (45%) participants had
csPCa at combined biopsy. Detailed participant and lesion
characteristics are presented in Table 1. Participant and lesion
characteristics of the original development sample (16) are
summarized in Table S3.

Multireader Analysis

The subset for the multireader study included mpMRI
scans in 51 participants. The median age of participants in
the subset was 69 years (IQR, 64-75 years), and median

Radiology: Volume 311: Number 2—May 2024 = radiology.rsna.org

prostate-specific antigen level was 7.2 ng/mL (IQR, 5.5-9.0
ng/mL). Both the unweighted k (0.41) and the quadrati-
cally weighted « (0.48) indicated moderate agreement for
category assignment of index lesions. Regarding the specific
PI-RADS cutoff, the unweighted « was 0.45 and the qua-
dratically weighted k was 0.55 for a cutoff of PI-RADS cat-
egory 3 or higher. Readers had fair agreement for PI-RADS
category 3 assignment (proportion of agreement, 0.33) and
moderate agreement for PI-RADS category 4 (0.42) and
category 5 (0.59) assignment.

Al Detection Performance Based on Histopathologic
Results

Lesion-level histopathologic analysis revealed that of 1029
intraprostatic lesions defined by the radiologist, 49% (507
of 1029) were PCa and 32% (327 of 1029) were csPCa at
targeted biopsy (Table 2). In comparison, the Al model
predicted 968 lesions, 44% (424 of 968) and 28% (273 of
968) of which were PCa and csPCa, respectively (P < .001
for both comparisons of detection rate between radiologist
and AI). For ISUP GG 2, 3, 4, and 5 lesions, respectively,
sensitivity for the radiologist and the Al model was 70%
(195 of 277) versus 61% (168 of 277), 59% (54 of 92)
versus 46% (42 of 92), 55% (42 of 77) versus 42% (32 of
77), and 54% (36 of 67) versus 46% (31 of 67). Addition-
ally, the Al model predicted 106 lesions in 99 participants
with PI-RADS category 1 MRI scans. Of these predicted
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Table 5: Lesion- and Participant-Level Detection
Performance Metrics Based on Radiologist Ground Truth

Performance Statistic Value

Lesion level*
True positive 569
False negative 466
False positive 399
True negative NA
Sensitivity (%) 55 (52, 58) [569/1029]
PPV (%)* 57 (54, 61) [535/934]
FDR (%)* 43 (39, 46) [399/934]
Specificity (%) NA
DSC 0.29

Participant level
True positive 519
False negative 41
False positive 75
True negative 23
Sensitivity (%)* 93 (90, 95) [519/559]
PPV (%)* 87 (85, 90) [519/594]
FDR (%)* 13 (10, 15) [75/594]
Specificity (%)? 23 (15, 32) [23/98]
DSC 0.34

Note.—Unless otherwise specified, data are numbers of

lesions for lesion-level metrics and numbers of participants for
participant-level metrics. DSC = Dice similarity coefficient,
FDR = false discovery rate, NA = not applicable, PPV = positive
predictive value.

* The Al algorithm identified 934 unique lesions, and 535 of these
lesions corresponded to 569 radiologist ground truth lesions.

¥ Data in parentheses are 95% Cls, and data in brackets are
numbers of lesions.

* Data in parentheses are 95% Cls, and data in brackets are
numbers of participants.

lesions, 8% (nine of 106) were PCa and 5% (five of 106)
were csPCa.

Of the 658 participants, 45% (294 of 658) had csPCa at
combined biopsy (Fig 2). The Al model detected 84% (103
of 122), 96% (152 of 159), 96% (47 of 49), 95% (38 of
40), and 98% (45 of 46) of all participants with ISUP GG
1, 2, 3, 4, and 5 disease, respectively. In participants without
any Al lesion predictions, 52% (35 of 67) had benign biopsy
results, and 28% (19 of 67) had ISUP GG 1 disease. The Al
model identified 92% (385 of 416) of all participants with
PCa, whereas the radiologist identified 93% (387 of 416) of
all participants at combined biopsy (P = .75) (Table 3). The
Al model identified 96% (282 of 294) of all participants with
csPCa, whereas the radiologist identified 98% (287 of 294)
of participants (P = .23) (Table 4). The PPV for detecting
PCa and csPCa based on radiologist assessment of PI-RADS
category 2 or higher lesions was 69% (387 of 559) and 51%
(287 of 559), respectively. In comparison, the Al model had
a PPV of 65% (385 of 594) for detecting PCa and 47% (282
of 594) for detecting csPCa (both P < .001). A total of 99
participants had highest PI-RADS category 1 MRI scans.

Negative predictive value and specificity for the Al model and
radiologist are summarized in Table S4. Systematic biopsy for
these participants (targeted biopsy was not performed) re-
vealed that 29% (29 of 99) of the participants had PCa and
7% (seven of 99) had csPCa. The Al model identified lesions
in 76 of these participants, of whom 25% (19 of 76) had PCa
and 8% (six of 76) had csPCa. Overall, the AI model cor-
rectly identified six of the seven participants (86%) who were
assigned PI-RADS category 1 and had csPCa.

Al Detection Performance Based on Radiologist
Interpretation as the Ground Truth
The Al algorithm identified 934 lesions. Of these, 535 pre-
dictions corresponded to 569 radiologist-defined lesions (ie,
569 true positives) (Table 5). A total of 399 Al lesions were
not radiologist defined (false positives), and this occurred
at a mean rate of 0.61 lesions (range, 0-3) per participant,
while 466 radiologist-defined lesions were not detected by
Al (false negatives). In the lesion-level analysis where the ra-
diologist reading was used as the ground truth, the algorithm
had a sensitivity of 55% (569 of 1029; 95% CI: 52%, 58%),
a PPV of 57% (535 of 934; 95% CI: 54%, 61%), and a false
discovery rate of 43% (399 of 934; 95% CI: 39%, 46%).
The Al algorithm detected 30% (65 of 219), 42% (104
of 247), 61% (232 of 381), and 92% (165 of 179) of PI-
RADS category 2, 3, 4, and 5 lesions, respectively (Fig S2).
In the participant-level analysis, the algorithm demon-
strated a sensitivity of 93% (519 of 559; 95% CI: 90%,
95%), a PPV of 87% (519 of 594; 95% CI: 85%, 90%),
a false discovery rate of 13% (75 of 594; 95% CI: 10%,
15%), and a specificity of 23% (23 of 98; 95% CI: 15%,
32%) (Table 5). The algorithm detected 36% (25 of 69),
49% (54 of 110), 74% (162 of 220), and 93% (149 of
159) of participants with highest PI-RADS category 2, 3, 4,
and 5 lesions, respectively (Fig S3). Examples of algorithm
lesion predictions and probability maps in participants are
shown in Figures 3-6.

DSC Analysis

The DSC of the Al model for lesion segmentation was 0.29
for all lesions. For PI-RADS category 2, 3, 4, and 5 lesions,
the DSC was 0.13, 0.21, 0.29, and 0.58, respectively. For
benign and ISUP GG 1, 2, 3, 4, and 5 lesions, the DSC
was 0.14, 0.32, 0.39, 0.40, 0.49, and 0.50, respectively. The
DSC for lesion segmentation was 0.34 in the participant-
level analysis. For PI-RADS category 2, 3, 4, and 5 index le-
sions, the DSC was 0.09, 0.21, 0.31, and 0.58, respectively.
When the highest GG in each participant was considered,
the DSC was 0.17, 0.24, 0.39, 0.39, 0.45, and 0.56 for
benign and ISUP GG 1, 2, 3, 4, and 5 lesions, respectively.
Detailed DSC results are summarized in Table S5.

Discussion

Multiparametric MRI improves the detection of prostate
cancer (PCa) through targeted biopsy, but its interpretation
is prone to substantial interreader variation, which results
in performance inconsistency in the PCa diagnosis pathway.

radiology.rsna.org = Radiology: Volume 311: Number 2—May 2024



2

Lin et al

Figure 3: Axial multiparametric MRI scans in a 72-year-old male participant with a serum prostate-specific antigen level of 9.1 ng/mL: (A) T2-weighted image, (B)
apparent diffusion coefficient map, (€) high-b-value diffusion-weighted image (b= 1500 sec/mm?), (D) dynamic contrast-enhanced image (frame 17 of 54 acquired at

5.6-second intervals), (E) T2-weighted image with radiologist-segmented lesions (green contours) overlaid, (F) T2-weighted image with artificial intelligence (Al) prediction

map overlaid (red contour is positive prediction; blue contour is Al prostate organ segmentation), and (G) T2-weighted image with Al probability map overlaid (red indicates
higher probability). Two disfinct lesions were detected by the radiologist and represented the ground truth. Lesion 1 (1.6 cm; arrow in A=D) was in the right midgland transition

zone and was designated Prostate Imaging Reporting and Data System (PI-RADS) category 4. Lesion 2 (1.5 cm; arowhead in A=D) was in the left midgland transition zone

and was designated PI-RADS category 3. Lesion 1 was correctly detected (true positive), while lesion 2 was missed by the Al algorithm (false negative). Based on targeted
biopsy samples, lesion 1 was positive for Gleason score 7 (3 + 4) prostate adenocarcinoma, and lesion 2 was benign.

Al has the potential to assist radiologists by standardizing
intraprostatic lesion detection and reducing variability. Our
study employed a fully automated deep learning—based al-
gorithm for prostate lesion detection and segmentation in a
large sample that was clinically managed prospectively using
Prostate Imaging Reporting and Data System version 2.1.
The radiologist identified 1029 MRI-visible lesions, and
32% (327 of 1029) had clinically significant PCa (csPCa) at
targeted biopsy, whereas the algorithm predicted 968 can-
cerous foci, and 28% (273 of 968) of these were csPCa. The
algorithm correctly detected 96% (282 of 294) of all par-
ticipants with csPCa, whereas the radiologist identified 98%
(287 of 294) (P = .23). The lesion- and participant-level
cancer detection rates achieved by the Al model are within
the range of the performance metrics of MRI-guided biopsy
reported in prospective studies (1,21-25) and a meta-analy-
sis (26). Last, in the lesion-level analysis, the algorithm dem-
onstrated adequate detection performance compared with
the prospective reading of the radiologist, with a sensitivity
of 55% (569 of 1029; 95% CI: 52%, 58%) and a positive
predictive value of 57% (535 of 934; 95% CI: 54%, 61%).

Several other studies have explored the use of deep learn-
ing—based algorithms for prostate lesion detection and pros-
tate MRI segmentation (27-30). In a retrospective study,
Hamm et al (31) showcased an algorithm with lesion-level
accuracy of 86% and sensitivity of 90% in an external test-
ing set comprising 330 lesions. In another study, Winkel
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et al (32) prospectively tested an Al model on 48 biopsy-
naive men and showed a 60% lesion-level sensitivity and
a mean false-positive rate per participant of 0.88 based on
radiologist ground truth. These studies relied solely on radi-
ologist-defined lesions; thus, false-negative or MRI-invisible
lesions could not be confidently ruled out. A potential ad-
vantage of deep learning algorithms is that they can detect
lesions in regions that were considered lesion-negative at
MRI by human readers. Using both targeted biopsy and
spatially matched systematic biopsy results, we were able to
examine the histopathologic outcomes of Al-predicted le-
sions that were not biopsied at targeted biopsy.

Regarding prostate lesion segmentation, previous research
has demonstrated moderate agreement among radiologists,
with a DSC ranging from 0.48 to 0.52 (33). The original
development article (16) for the AI algorithm evaluated
here reported a DSC of 0.36 for lesion-level segmentation
in the testing sample, and our study achieved a DSC of 0.29
employing this algorithm in a new prospective sample. The
DSC for the Al model in our study is consistent with that
of other published Al models (30,34). For benign lesions
the DSC was 0.14, whereas for csPCa the DSC reached 0.4
or higher. Moreover, the algorithm exhibited a tendency
toward prioritizing the central region of the lesion, while
radiologists incorporated additional cues to include periph-
eral aspects. The algorithm employed a benign prostatic hy-
perplasia filter to achieve a balance between segmenting a
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Figure 4: Axial muliiparametric MRI scans in a 64-year-old male participant with a serum prostate-specific antigen level of 8.1 ng/mL: (A)
T2-weighted image, (B) apparent diffusion coefficient map, (€) high-b-value diffusion-weighted image (b= 1500 sec/mm?), (D) dynamic contrast-
enhanced image (frame 45 of 54 acquired at 5.6-second intervals), (E) T2-weighted image with artificial intelligence (Al) prediction map overlaid

(red contour is posifive prediction; blue contour is Al prostate organ segmentation), and (F) T2-weighted image with Al probability map overlaid (red
indicates higher probability). No distinct lesion was detected by the radiologist (Prostate Imaging Reporting and Data System category 1). One lesion
was called by the Al algorithm in the left midgland peripheral zone (arrow in E and F), representing a false positive based on the radiologist ground

truth. Systematic biopsy obtained from this site (left midgland lateral) was positive for Gleason score 7 (3 + 4) prostate adenocarcinoma.

substantial portion of the lesion area and minimizing false-
positive findings beyond tumor foci (16). Additionally, our
results showed that the predictive capability of the Al algo-
rithm was comparable to clinical PI-RADS interpretation.
This suggests that identifying the position and existence of a
lesion, even if it does not align entirely with the radiologist-
defined extent, may be helpful for supporting diagnostic
decision-making in csPCa detection and patient selection
for biopsy. Of note, the performance of this Al model was
higher in higher PI-RADS category lesions; this model may
be useful for PI-RADS category 5 lesion biopsy planning, as
it detected 92% (165 of 179) of the lesions and achieved a
DSC of greater than 0.50.

In the near future, this Al algorithm could be clinically
deployed as a companion system implemented in the clini-
cal picture archiving and communication system. This Al
algorithm can act as a second reader opinion by providing
binary prediction masks and probability maps for radiolo-
gists during their readings. It is important to note that for
participant-level analysis, the algorithm had positive predic-
tion in these participants, and this does not necessarily indi-
cate the lesion itself was localized. Thus, the algorithm could
function as a patient triage tool for biopsy as the Al model
was able to identify the majority of participants with csPCa.

Additionally, not only does the algorithm offer decision sup-
port by highlighting lesions and additional areas of concern
for radiologists, but its exportable lesion segmentation masks
also present an opportunity for automating the labor-inten-
sive processes of lesion segmentation (especially for PI-RADS
5 lesions), streamlining tasks related to biopsy and radiation
therapy planning.

Our study has several limitations. All scans were evaluated
and annotated by one expert genitourinary radiologist. This
might limit the reproducibility of this study; however, this
also serves as an ideal situation for level 2 analysis per Fry-
back and Thornbury (35), addressing the diagnostic perfor-
mance of a new diagnostic imaging method. Achieving results
similar to those of a highly experienced expert radiologist is
a desirable outcome for an Al algorithm. Another limitation
is that this AI model does not incorporate dynamic contrast-
enhanced imaging due to inconsistent image acquisition in
the initial study population. Model performance might have
been impacted by this lack of information related to dynamic
contrast-enhanced imaging. However, biparametric MRI is
becoming more popular as the current trend moves toward
prostate MRI without the use of contrast agents (36,37).

Variations in acquisition parameters, specifically dif-
fusion imaging protocols, could impact the algorithm’s
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Figure 5: Axial muliiparametric MRI scans in a 69-year-old male participant with a serum prostate-specific antigen level of 7.3 ng/mL: (A)
T2-weighted image, (B) apparent diffusion coefficient map, (€) high-b-value diffusion-weighted image (b= 1500 sec/mm?), (D) dynamic contrast-
enhanced image (frame 25 of 54 acquired at 5.6-second infervals), (E) T2-weighted image with artificial intelligence (Al) prediction map overlaid

(red contour is posifive prediction; blue contour is Al prostate organ segmentation), and (F) T2-weighted image with Al probability map overlaid (red

indicates higher probability). One lesion was called by the Al algorithm in the left midgland anterior transition zone (arrow in E and F), representing a

false positive based on the radiologist ground fruth. A systematic biopsy sample obtained from this site (left midgland medial) was benign.

performance (38). Further investigation into the perfor-
mance of the algorithm across diverse imaging conditions
is warranted to ensure its generalizability. For Al inference,
diffusion-weighted imaging series were spatially aligned and
resampled to the T2-weighted image space using Digital
Imaging and Communications in Medicine spatial and af-
fine matrix information. Nonetheless, distortion could still
lead to a misalignment in per-pixel information between
sequences. This represents a limitation of the present algo-
rithm, and major distortions would be expected to inher-
ently decrease performance.

While the algorithm demonstrated a commendable de-
tection rate in participants with ISUP GG 1 tumors, con-
cerns arise regarding the potential for overdetection and
subsequent overtreatment. The study sample exhibited a
high prevalence of cancer, and many participants had prior
positive biopsy. Additionally, certain lesions might be unde-
tected by both the Al and the radiologist, potentially affect-
ing the sensitivity of their predictions. However, this would
not substantially influence the comparative analysis, as such
undetected lesions would uniformly affect the performance
of both. Finally, an experimental reading that included in-
teraction of the radiologist and Al model was not performed
in this study. In the future, this algorithm needs to be fur-
ther validated in a large prospective multicenter study to
evaluate its generalizability in an even more heterogeneous
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sample and to compare its performance to that of readers
with different experience levels.

In conclusion, this cascaded deep learning—based artifi-
cial intelligence (AI) model automatically and objectively
detected cancerous lesions with reasonable detection perfor-
mance on prostate biparametric MRI scans in a sample pro-
spectively evaluated using Prostate Imaging Reporting and
Data System version 2.1. Moreover, the lesions detected by
the algorithm correlated with clinically significant lesions
at histopathologic examination. These results demonstrate
that this Al model may be useful as an adjunct tool to assist
radiologists during prostate MRI readings.
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Figure 6: Axial multiparamefric MRI scans in a 74-year-old male participant with a serum prostate-specific antigen level of 12.9 ng/mlL:
(A) T2-weighted image, (B) apparent diffusion coefficient map, (€) high-b-value diffusion-weighted image (b = 1500 sec/mm?), (D) dynamic con-

frast-enhanced image (frame 16 of 54 acquired at 5.6-second intervals), (E) T2-weighted image with radiologist-segmented lesion (green contour)

overlaid, and (F) T2-weighted image with artificial intelligence (Al) prediction map overlaid (no positive prediction; blue contour is Al prostate organ
segmentation). One lesion was detected by the radiologist and represented the ground truth. The lesion (1.9 cm; arrow in A=D) was in the right apical

midgland peripheral zone and was designated Prostate Imaging Reporting and Data System category 4. This lesion was missed by the Al algorithm,

representing a false negative. A targeted biopsy sample obtained from the lesion was positive for Gleason score 7 (3 + 4) prostate adenocarcinoma.
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