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Summary
Background Artificial intelligence (AI) systems can potentially aid the diagnostic pathway of prostate cancer by 
alleviating the increasing workload, preventing overdiagnosis, and reducing the dependence on experienced 
radiologists. We aimed to investigate the performance of AI systems at detecting clinically significant prostate cancer 
on MRI in comparison with radiologists using the Prostate Imaging—Reporting and Data System version 2.1 
(PI-RADS 2.1) and the standard of care in multidisciplinary routine practice at scale.

Methods In this international, paired, non-inferiority, confirmatory study, we trained and externally validated an AI 
system (developed within an international consortium) for detecting Gleason grade group 2 or greater cancers using 
a retrospective cohort of 10 207 MRI examinations from 9129 patients. Of these examinations, 9207 cases from three 
centres (11 sites) based in the Netherlands were used for training and tuning, and 1000 cases from four centres 
(12 sites) based in the Netherlands and Norway were used for testing. In parallel, we facilitated a multireader, 
multicase observer study with 62 radiologists (45 centres in 20 countries; median 7 [IQR 5–10] years of experience in 
reading prostate MRI) using PI-RADS (2.1) on 400 paired MRI examinations from the testing cohort. Primary 
endpoints were the sensitivity, specificity, and the area under the receiver operating characteristic curve (AUROC) of 
the AI system in comparison with that of all readers using PI-RADS (2.1) and in comparison with that of the historical 
radiology readings made during multidisciplinary routine practice (ie, the standard of care with the aid of patient 
history and peer consultation). Histopathology and at least 3 years (median 5 [IQR 4–6] years) of follow-up were used 
to establish the reference standard. The statistical analysis plan was prespecified with a primary hypothesis of non-
inferiority (considering a margin of 0·05) and a secondary hypothesis of superiority towards the AI system, if non-
inferiority was confirmed. This study was registered at ClinicalTrials.gov, NCT05489341.

Findings Of the 10 207 examinations included from Jan 1, 2012, through Dec 31, 2021, 2440 cases had histologically 
confirmed Gleason grade group 2 or greater prostate cancer. In the subset of 400 testing cases in which the AI system 
was compared with the radiologists participating in the reader study, the AI system showed a statistically superior and 
non-inferior AUROC of 0·91 (95% CI 0·87–0·94; p<0·0001), in comparison to the pool of 62 radiologists with an 
AUROC of 0·86 (0·83–0·89), with a lower boundary of the two-sided 95% Wald CI for the difference in AUROC of 
0·02. At the mean PI-RADS 3 or greater operating point of all readers, the AI system detected 6·8% more cases with 
Gleason grade group 2 or greater cancers at the same specificity (57·7%, 95% CI 51·6–63·3), or 50·4% fewer false-
positive results and 20·0% fewer cases with Gleason grade group 1 cancers at the same sensitivity (89·4%, 95% CI 
85·3–92·9). In all 1000 testing cases where the AI system was compared with the radiology readings made during 
multidisciplinary practice, non-inferiority was not confirmed, as the AI system showed lower specificity (68·9% 
[95% CI 65·3–72·4] vs 69·0% [65·5–72·5]) at the same sensitivity (96·1%, 94·0–98·2) as the PI-RADS 3 or greater 
operating point. The lower boundary of the two-sided 95% Wald CI for the difference in specificity (−0·04) was greater 
than the non-inferiority margin (−0·05) and a p value below the significance threshold was reached (p<0·001).

Interpretation An AI system was superior to radiologists using PI-RADS (2.1), on average, at detecting clinically 
significant prostate cancer and comparable to the standard of care. Such a system shows the potential to be a 
supportive tool within a primary diagnostic setting, with several associated benefits for patients and radiologists. 
Prospective validation is needed to test clinical applicability of this system.
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Introduction  
Prostate cancer is a genomically diverse disease with a 
broad spectrum of outcomes. Multiple trials have 
demonstrated that indolent (clinically insignificant) 
prostate cancer has a high prevalence and low cancer-
specific mortality (1%).1,2 However, aggressive (clinically 
significant) prostate cancer leads to advanced-stage 
disease, resulting in more than 375 000 deaths worldwide 
in 2020.3

MRI has an increasingly important role in the 
diagnostic pathway for prostate cancer and has been 
recommended before biopsies by clinical guidelines in 
Europe, UK, and the USA.4–6 Radiologists follow the 
Prostate Imaging—Reporting and Data System (PI-
RADS), which is a standardised approach to interpret 
prostate MRI examinations.7 MRI-driven workflows can 
reduce unnecessary biopsies, but remain susceptible to 
low specificity and high inter-reader variability.8–11

Artificial intelligence (AI) models have matched expert 
clinicians in medical image analysis across several 
specialties, including prostate and breast cancer.12–14 AI-
assisted image interpretation can address the rising 
demand in medical imaging worldwide.15–17 However, 
limited scientific evidence on efficacy impedes the 
widescale adoption of AI systems for prostate cancer 
diagnosis.16,18

We hypothesised that state-of-the-art AI models, 
trained using thousands of patient examinations, are 
non-inferior to radiologists when detecting clinically 
significant prostate cancer using MRI. To test this 
hypothesis, we designed an international, comparative 

study, the Prostate Imaging—Cancer Artificial 
Intelligence (PI-CAI) challenge. In this study, we 
investigated an AI system that was independently 
developed, trained, and externally tested for the detection 
of clinically significant prostate cancers using a large 
multicentre cohort. We compared this system to results 
from radiologists participating in an international reader 
study and radiology readings from multidisciplinary 
routine practice.

Methods  
Study design and participants  
In this international, paired, non-inferiority, confirmatory 
study, we combined two substudies. Algorithm devel
opers designed AI models using 10 207 MRI cases 
(a cohort of 9129 patients; appendix pp 3–7). In parallel, 
62 radiologists (from 45 centres in 20 countries; appendix 
p 21) participated in a multireader, multicase observer 
study. Algorithm developers and radiologists were invited 
to participate through referrals, outreach programmes 
of clinical and technical societies, presentations at 
conferences, and through an open call on the grand-
challenge.org platform.

Preregistration and the outcomes of this study have 
been reported in compliance with the Biomedical Image 
Analysis Challenges (BIAS) guidelines, the Standards for 
Reporting of Diagnostic Accuracy Studies—Artificial 
Intelligence (STARD-AI), and the Strengthening the 
Reporting of Observational Studies in Epidemiology 
(STROBE) guidelines.19–21 The study was approved by 
the institutional or regional review board of each 

Research in context

Evidence before this study
We searched MEDLINE for studies published in English between 
May 30, 2012, and May 30, 2022, using the search terms 
“prostate cancer” and “MRI” and “diagnosis” or “detection” and 
“artificial intelligence” or “machine learning” or “deep learning” 
or “radiomics”, with an emphasis on studies that validated 
performance in comparison to radiologists using paired data. 
We also reviewed reference lists of eligible texts. We observed 
that most studies were limited to single centres, small sample 
sizes (fewer than 1000 cases and fewer than five radiologists), 
and poorly defined statistics with high variability in their 
reported outcomes, which hindered the ability to draw any 
definitive conclusions. We identified no studies with 
confirmatory designs and no studies that provided access to 
both their developed algorithms and datasets, restricting 
transparency and reproducibility.

Added value of this study
To our knowledge, this is the first study to show evidence for 
viability of an artificial intelligence (AI) system for prostate 
cancer detection compared with the average radiologist, at 
scale, with a confirmatory study design, and under the 

multidisciplinary oversight of international experts across the 
patient pathway. We provided level 2b evidence that an AI 
system could alleviate overdiagnosis and potentially omit 
unnecessary biopsies within a primary diagnostic setting, with 
50·4% fewer false-positive results and 20% fewer indolent 
cancer detections than a pool of 62 radiologists. We have 
publicly released our source code for analysis, the trained AI 
system, a subset of our training dataset (with the means to 
access the full training dataset), and the means for independent 
researchers to benchmark their algorithms across the same 
sequestered testing cohort in a fully masked, standardised 
manner to promote reproducibility, transparency, and facilitate 
future research in this domain.

Implications of all the available evidence
We provided evidence that AI systems, when adequately trained 
and validated for a target population with thousands of patient 
cases, could potentially support the diagnostic pathway of 
prostate cancer management. A clinical trial is required to 
determine if such a system translates to improvements in 
workflow efficiency, health-care equity, and patient outcomes.
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participating centre (Prostaat Centrum Noord-Nederland: 
IRB 2018–597; St Olav’s Hospital, Trondheim University 
Hospital: REK 2017/576; Radboud University Medical 
Center: CMO 2016–3045; and Ziekenhuisgroep Twente: 
ZGT 23–37). Informed consent was exempted given the 
retrospective scientific use of deidentified patient data.

This study included 9129 patients from four European 
tertiary care centres (Radboud University Medical 
Center; Ziekenhuisgroep Twente; Prostaat Centrum 
Noord-Nederland; and St. Olav’s Hospital, Trondheim 
University Hospital). Patient data from Jan 1, 2012, to 
Dec 31, 2021, were retrospectively collected and de
identified by the centres individually through their 
institutional electronic health records. All patients were 
male (adults aged ≥18 years; median 66 years [IQR 61–
70]) and suspected of having prostate cancer. Patients 
were included if they had an abnormal digital rectal 
examination (associated with palpable lumps, enlarge
ments, and areas of hardness or significant pain) or at 
least 3 ng/mL prostate-specific antigen (in adherence 
with the recommendations of the European Association 
of Urology), or both.9 Among them, 610 patients who 
were biopsy-naive underwent extended prostate biopsy 
protocols (ie, additional biopsies were done) through 
participation in clinical trials.9,22,23 Ethnicity, race, and 
gender data were not recorded or considered for 
diagnostic decision-making in prostate cancer manage
ment during routine practice at the participating centres 
and this information could not be retrospectively 
collected (via electronic health records) or included for 
the purpose of this study. Patients with a history of 
prostate-specific treatment or at least Gleason grade 
group 2 findings (at the time of imaging) were excluded. 
Examinations with incomplete reporting or diagnostically 
insufficient image quality (ie, severe metal artefacts [eg, 
from catheters or hip prostheses], susceptibility artefacts 
[eg, induced by rectal gas], or motion artefacts within the 
prostate gland and its immediate periphery) that impeded 
an accurate diagnostic interpretation were excluded. 
More details on patients included or excluded from 
analysis on a per-centre basis are in the appendix 
(pp 3–6).

Procedures
MRI images were acquired with various commercial 1.5 
Tesla or 3 Tesla scanners (Siemens Healthineers, 
Erlangen, Germany; Philips Medical Systems, 
Eindhoven, Netherlands). Images were read during 
clinical routine by at least one of 18 radiologists who were 
practicing at the participating centres between Jan 1, 2012, 
and Dec 31, 2021 (1–21 years of experience in reading 
prostate MRI). Readings were performed in compliance 
with PI-RADS (1.0, 2.0, or 2.1). Lesions were given a PI-
RADS score between 1 and 5 to stratify the risk of prostate 
cancer (with higher scores indicating higher suspicion 
for clinically significant cancer). Patient history and peer 
consultation were available to aid diagnosis. Patients 

with positive MRI findings (ie, in whom an area with a 
score of PI-RADS ≥3 was identified) underwent biopsies. 
In the absence of abnormal areas on MRI (ie, a negative 
result with a maximum PI-RADS score of 1 or 2), patients 
were not offered a biopsy or underwent systematic 
biopsies exclusively. Deviations from this protocol, if any, 
took place due to scientific interventions, patient-specific 
factors, or changing clinical guidelines (appendix p 8).

Biopsies were done by urologists or radiologists, or by 
trained medical students, researchers, or technicians 
under the supervision of urologists or radiologists 
(depending on local practice). Two to four cores were 
obtained for each MRI-targeted lesion. Medial or lateral 
cores were obtained from each sextant of the prostate 
gland (six to 16 cores, in total) during systematic biopsies. 
Biopsy specimens were graded during clinical routine 
using whole-slide imaging or microscopic examination 
by at least one of 18 pathologists who were practicing at 
the participating centres between Jan 1, 2012 and Dec 31, 
2021 (1–25 years of experience in reading prostate 
histopathology). Immunohistochemistry was available to 
aid tumour identification and grading. Readings were 
reported using Gleason scores in compliance with the 
International Society of Urological Pathology guidelines.24

Within the scope of this study, clinically insignificant 
cancer was defined as Gleason grade group 1 (Gleason 
score 6; low risk) and clinically significant cancer was 
defined as Gleason grade group 2–5 (Gleason score 7–10; 
intermediate to very high risk). If the grade group of a 
lesion was discordant between findings from two 
different biopsy methods, then the higher grade was 
applied and the lower grade was attributed to sampling 
error. In the case of patients who underwent 
prostatectomy, grade groups determined from whole-
mount specimens were applied. We considered a follow-
up period of 3 years or more (median 5 [IQR 4–6] years) 
to confirm the absence of clinically significant prostate 
cancer in all patients included for testing as negative 
cases. Patient outcomes were retrospectively tracked 
using institutional electronic health records and national 
registries. Details on the measures taken to control for 
biases and address missing outcome data are in the 
appendix (p 8).

Development of the AI system  
The PI-CAI challenge was hosted on the grand-challenge.
org platform, where it will be continually hosted for at 
least 5 years (ie, from May 5, 2022 until at least 
May 5, 2027). AI developers worldwide could opt-in,  
download an annotated public dataset of 1500 MRI cases, 
and train AI models for clinically significant prostate 
cancer detection at biparametric MRI. There were no 
restrictions on developer participation. For every 
examination, AI models were required to complete two 
tasks: localise and classify each lesion with clinically 
significant cancer (if any) using a 0–100 likelihood score 
and classify the overall case using a 0–100 likelihood 
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score for clinically significant cancer diagnosis. To this 
end, AI models could use imaging data and several 
metadata associated with the examination (ie, patient 
age, prostate-specific antigen level, prostate volume, and 
MRI scanner name) to inform their predictions. 
Developers could request an independent evaluation of 
their trained AI models on a held-out tuning cohort of 
100 cases, periodically. At the end of the development 
cycle, each team could submit a single trained AI model 
for validation across a hidden testing cohort of 1000 cases 
in a remote, offline, fully masked setting. The hidden 
testing cohort included prostate MRI examinations from 
1000 patients across four centres, including 197 cases 
from an external unseen centre. Histopathology and a 
follow-up period of at least 3 years were used to establish 
the reference standard. We independently retrained the 
five AI models, with the highest diagnostic performance 
as of Nov 28, 2022, at the central coordinating centre 
using 9107 cases (including a sequestered dataset of 
7607 cases and the public dataset of 1500 cases). Once 
trained, these models were ensembled with equal 
weighting into a single AI system. Details on the 
guidelines for algorithm development, intermediary 
ranking schemes, and algorithm design are in the 
appendix (pp 9–20).

Reader study  
In a multireader, multicase observer study that was 
hosted on the grand-challenge.org platform from 
Aug 8, 2022, to Feb 21, 2023, 62 radiologists (45 centres in 
20 countries) read 400 multiparametric MRI 
examinations that were randomly sampled from the 
testing cohort. All readers were practising PI-RADS (2.1) 
in clinical routine (median 7 [IQR 5–10] years of 
experience in reading prostate MRI) and did not have a 
history of practising at one of the participating centres. 
46 (74%) readers were categorised via self-reporting as 
experts based on the 2020 European Society of Urogenital 
Radiology and European Association of Urology: Section 
of Urological Imaging consensus statements.25 We 
adopted a split-plot design, where readers and cases were 
randomly distributed into four blocks of 100 cases each. 
Each case was read in two sequential rounds, without a 
washout period in between. First, the same set of 
biparametric imaging and metadata as used for testing 
the AI system were made available to readers. Readers 
were asked to rate the case using PI-RADS (2.1) scores 
and an overall 0–100 likelihood score for clinically 
significant cancer diagnosis. Next, multiparametric 
imaging for the same case was shown. Readers could use 
this additional information to update their findings, if 
necessary. Readers did not have access to patient history 
or peer consultation. Readers were also not allowed to 
revisit ratings or cases, with the exception of non-
compliant readings, which were revised in a single round 
(from March 27 to May 29, 2023), after a washout period 
of 5 weeks. Within the context of this study, only 

multiparametric MRI readings were considered for 
analysis (appendix pp 21–26).

Statistical analysis  
The main outcomes of this study were the diagnostic 
performance of the AI system in comparison with that of 
the 62 readers and the historical radiology readings made 
during clinical practice. Our primary hypothesis was the 
non-inferiority of stand-alone AI diagnosis with respect to 
PI-RADS (2.1) and the standard of care. When confirmed, 
we tested a secondary hypothesis for the superiority of the 
AI system. We evaluated the diagnostic performance of 
the AI system and radiologists, according to their case-
level predictions of clinically significant cancer. When 
comparing the AI system to the pool of 62 radiologists 
participating in the reader study, we defined the test 
statistic as the difference in the area under the receiver 
operating characteristic curve (AUROC) metric. When 
comparing the AI system to the radiology reads made 
during multidisciplinary practice, we defined the test 
statistic as the difference in specificity at the same 
sensitivity as the PI-RADS 3 or greater threshold 
(according to standard diagnostic criteria). Non-inferiority 
was concluded if the test statistic was greater than zero 
and the lower boundary of its two-sided 95% Wald CI was 
greater than −0·05. If non-inferiority was concluded, then 
the superiority of the AI system over radiologists was 
assessed and concluded if the lower boundary of the two-
sided 95% CI for the test statistic was greater than zero. 
Details of the statistical analysis plan and the power 
analysis used for sample size deduction are in the 
appendix (pp 27–30). The statistical analysis plan was 
prespecified and independently reviewed by an expert 
biostatistician (NO). In a post-hoc analysis, we revisited 
patient history, imaging, and histopathology outcomes 
for all MRI examinations that were marked as false 
positives or false negatives in the same manner by all 
radiologists participating in the reader study and the AI 
system. Any discordant findings were adjudicated by 
MdR (11 years of experience in reading prostate MRI), 
with respect to the reference standard. Significance 
thresholds for p values were corrected for multiplicity via 
Holm’s method in a hierarchical adaptive order. Statistical 
analyses were conducted using Python (3.10) and R 
(4.2.2). This study was conducted in compliance with the 
institutional data monitoring committees of the 
participating centres. This study was registered with 
ClinicalTrials.gov, NCT05489341.

Role of the funding source  
The funders of this study had no role in study design, 
data collection, data analysis, data interpretation, writing 
of the report, or any aspect pertinent to the study.

Results  
Between June 12, and Nov 28, 2022, a total of 
839 individuals (from 53 countries) opted-in to the 
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development of the AI system and 293 AI algorithms were 
submitted—of which, the top five highest performing 
algorithms were deep learning models developed by 
teams primarily based at the University of Sydney (Sydney, 
NSW, Australia), University of Science and Technology 
(Hefei, China), Guerbet Research (Villepinte, France), 
Istanbul Technical University (Istanbul, Türkiye), and 
Stanford University (Stanford, CA, USA; appendix 
pp 12–20). We trained and tested the resultant AI system 
using 10 207 MRI examinations (median age 66 
[IQR 61–70] years; median prostate-specific antigen level 
8 [5–11] ng/mL), where 2440 cases with histologically 
confirmed, clinically significant prostate cancer were 
observed (table).

In the subset of 400 cases from the testing cohort that 
was used to facilitate the reader study, the AI system 
showed an AUROC of 0·91 (95% CI 0·87–0·94). The AI 
system passed the prespecified criteria for non-inferiority 
(with a lower boundary of the two-sided 95% Wald CI for 
the difference in AUROC of 0·02), and furthermore, 
showed superior case-level diagnosis (p<0·0001) 
compared with the pool of 62 radiologists with an 
AUROC of 0·86 (95% CI 0·83–0·89; figure). In 
comparison with the mean PI-RADS of 3 or greater 
operating point of all readers, the AI system detected 
6·8% (nine of 133) more clinically significant cancers at 
the same specificity (57·7%, 95% CI 51·6–63·3). The 
system resulted in 50·4% (57 of 113) fewer false-positive 
results and detected 20·0% (eight of 40) fewer Gleason 
grade group 1 cancers at the same sensitivity as 
radiologists (89·4%, 95% CI 85·3–92·9; appendix 
pp 32–33). On average, radiologists had a positive 
predictive value of 53·2% (95% CI 47·0–59·3) and a 
negative predictive value of 90·2% (85·2–94·1) at the 
mean PI-RADS 3 or greater operating point. The AI 
system showed a positive predictive value of 68·0% 
(60·5–74·6) and a negative predictive value of 93·8% 
(90·6–96·7), when the threshold was adjusted to match 
the same sensitivity (89·4%) as this operating point 
(appendix pp 31–32).

In all 1000 cases from the testing cohort, the AI system 
had an AUROC of 0·93 (95% CI 0·91–0·94). The system 
did not show non-inferiority, given its lower specificity 
(68·9%, 65·3–72·4) compared with the radiology reads 
made during multidisciplinary practice (69·0%, 
65·5–72·5), when the threshold was adjusted to match 
the same sensitivity (96·1%, 94·0–98·2) as the PI-RADS 3 
or greater operating point. However, the lower boundary 
of the two-sided 95% Wald CI for the difference in 
specificity (−0·04) was within the non-inferiority margin 
(−0·05) and a p value below the significance threshold 
was obtained (p<0·001; figure). Radiology reads had a 
positive predictive value of 60·6% (56·5–64·8) and a 
negative predictive value of 97·3% (95·8–98·7) at the 
PI-RADS 3 or greater operating point. The AI system 
showed a positive predictive value of 60·5% (95% CI 
56·4–64·7) and the same negative predictive value of 
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97·3% (95·8–98·7) when the threshold was adjusted to 
match the same sensitivity (96·1%) as this operating 
point (appendix pp 31–32).

In a post-hoc analysis, we observed that no clinically 
significant cancer was missed by all radiologists and the 
AI system (ie, no examination was marked as a false 
negative by all groups). However, in 3·5% of patients 
(14 of 400), all radiologists in a given reader block and 
the AI system at the PI-RADS 3 or greater threshold 
detected the same false positive findings for which the 
reference standard diagnoses were negative. During 
routine practice, 13 of these patients had been reported 
with PI-RADS 3 or greater lesions. Subsequently, 
12 individuals were diagnosed with Gleason grade 
group 1 cancer using systematic and MRI-targeted 
biopsies (eight) or prostatectomy specimens (four). Two 
remaining individuals did not exhibit any signs of 
prostate cancer, based on biopsy specimens and follow-
up analysis. A review of these 14 discordant findings was 
repeated in conjunction with site investigators and an 
expert radiologist (MdR; 11 years of experience in reading 
prostate MRI) at the central coordinating centre, who 
did not participate in the reader study or the original 
historical reads. Abnormal MRI findings were attributed 
to indolent cancer and non-cancerous confounders (eg, 
granulomatous prostatitis). We concluded that such 
cases warrant active surveillance or follow-up and were 
rightfully recommended for biopsies during practice (in 
concurrence with the retrospective diagnoses made by 
readers and the AI system).

Discussion  
To our knowledge, PI-CAI is the first international 
diagnostic accuracy study to assess radiologists and a 
stand-alone AI system in detecting clinically significant 
prostate cancer on MRI at scale. The PI-CAI challenge 
showed that a state-of-the-art AI system was superior in 
discriminating patients with clinically significant 
prostate cancer at biparametric MRI compared with the 
mean of 62 radiologists using PI-RADS (2.1) within an 
international reader study. When comparing the AI 
system to the standard of care in routine practice, the AI 
system was not found to be non-inferior; however, the 
observed performance gap was 0·1% in specificity at the 
same sensitivity. We hypothesise that this difference 
in performance between the radiologists participating in 
the reader study and the radiologists reporting in practice 
was due to those reporting in practice having access to 
patient history (including previous prostate-specific 
antigen levels and imaging and biopsy outcomes), peer 
consultation (or multidisciplinary team meetings), and 
protocol familiarity. We recommend that future studies 
investigate multimodal prostate-AI systems that factor in 
continuous health data across the complete patient 
pathway to improve performance further.26,27

We presented level 2b evidence that an AI system 
might safely omit unnecessary biopsies within a primary 

diagnostic setting. In a cohort of 400 patients, the AI 
system generated 50·4% fewer false-positives and 
detected 20.0% fewer indolent cancers (associated with 
several benefits for the patient [eg, avoiding post-biopsy 
haematoma or infection, discomfort, and anxiety]), and 
detected the same number of clinically significant 
cancers as the pool of 62 radiologists at their PI-RADS 3 
or greater operating point. Predictive values observed for 
the AI system were high (89·5% sensitivity at 79·1% 
specificity; 93·8% negative predictive value at an 
estimated 33% prevalence) in comparison with that of 
radiologists at multiparametric MRI in the PROMIS trial 
(88% sensitivity at 45% specificity; 76% negative 

Figure: Performance of the AI system at clinically significant prostate cancer diagnosis in the hidden testing 
cohort
(A) Receiver operating characteristic curves of the AI system and the pool of 62 radiologists, considering the subset 
of 400 testing cases used to facilitate the reader study. Light grey circle, star, and triangle markers indicate the 
PI-RADS operating points of each individual radiologist. The diagonal dashed line represents the receiver operating 
characteristic curve for a random classifier with an AUROC of 0·50. (B) Receiver operating characteristic curve of the 
AI system and the PI-RADS operating points of the radiology reads made during multidisciplinary routine practice, 
considering all 1000 testing cases. The diagonal dashed line represents the receiver operating characteristic curve 
for a random classifier with an AUROC of 0·50. (C) Difference in the AUROC metric between the AI system and the 
pool of 62 radiologists, considering the subset of 400 testing cases used to facilitate the reader study. 
(D) Difference in specificity when the threshold of the AI system was adjusted to match the same sensitivity 
(96·1%) as the PI-RADS 3 or greater operating point of the radiology reads made during multidisciplinary routine 
practice, considering all 1000 testing cases. AI=artificial intelligence. AUROC=area under the receiver operating 
characteristic curve. PI-RADS=Prostate Imaging Reporting and Data System.
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predictive value at an estimated 53% prevalence), and as 
reported in two separate meta-analyses of 42 studies 
(90·8% negative predictive value) and 3857 patients (96% 
sensitivity at 29% specificity).28–30 We advise caution when 
interpreting such findings across studies, owing to their 
different populations, comparators, outcomes, and study 
designs. We recommend further investigation before 
deploying to practice (eg, simulating paired reading 
configurations for risk management).

Our study has some limitations. First, the dataset was 
retrospectively curated over several years and multiple 
sites. This resulted in a mix of consecutive patients and 
convenience samples. Second, radiologists participating 
in the reader study provided their analysis for 
retrospective data (ie, their diagnosis would not have 
influenced patient outcomes) through a controlled, 
online reading environment that might have differed 
significantly from their native workstation. Third, biopsy 
planning and histological verification for each case were 
guided by the original radiology readings and not by the 
prospective readings made during the reader study or the 
predictions made by the AI system. Fourth, this study is 
limited by differential verification bias (ie, where all 
patient examinations are verified but multiple standards 
[eg, biopsies, prostatectomies, and follow-up] are 
combined to establish the presence or absence of 
significant cancer). Fifth, this study did not record patient 
data on ethnicity, and 93·4% of all included MRI 
examinations were acquired from one MRI manufacturer. 
Whether the results will be reproducible under other 
circumstances is not known.

We observed that a deep learning-based AI system, 
which was trained using thousands of biparametric MRI 
examinations, was superior at discriminating Gleason 
grade group 2 or greater prostate cancer compared with 
the pool of 62 radiologists using PI-RADS (2.1) on 
average. Prospective validation (eg, as stated in the 
CHANGE trial26) is required to test clinical applicability.
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