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Assessing the clinical performance of artificial intelligence software
for prostate cancer detection on MRI
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Multiple researchers are developing computer-aided detection
(CAD) algorithms to enable the detection of clinically signifi-
cant prostate cancer (csPCa) on MRI [1–3]. Commercial ven-
dors are offering early versions of CAD software that claim to
improve radiologists’ performance and productivity by decreas-
ing the observer variability for detecting suspicious lesionswhile
decreasing time-intensive reporting and data processing tasks.
These developments are to be welcomed by radiologists, urolo-
gists and healthcare administrators, as we face the increased
demand for MRI-influenced prostate biopsies. As software de-
velopments gather momentum, developers need to provide clin-
ically relevant metrics to enable comparisons between algo-
rithms, commercial products and the current standard of multi-
disciplinary care [2].

It is important to remember that CAD software detects
lesions that are likely to represent csPCa thus representing
targets for biopsy. The benefits of the software on biopsy
procedures arising from improved true radiologic detec-
tions or when no lesions are found, need to be weighed
against the harms of false alarms and when radiologically
important lesions are missed leading to a false sense of
security. CAD-influenced biopsy benefits and harms de-
pend on how the results are used for planning biopsy

procedures, which vary according to the urological and
patient tolerance to false results.

CAD software when used for radiologic triage of prostate
MRI scans requires high sensitivity (low-false negative rate)
for detecting men with important cancers (usually defined as
grade group (GG) ≥ 2) [4]. A ≥ 90% patient-level sensitivity
for GG ≥ 2 is a suitable benchmark against which the patient-
level false-positive rates should be used to discriminate be-
tween software (Table 1). Lower false-positive rates will en-
sure that fewer men are biopsied overall. Expert human
readers can achieve a detection sensitivity of > 90% resulting
in 1 in 3 biopsy-naïve men avoiding biopsy after a negative
MRI for a disease prevalence of 30–50% [4, 5].

For men with suspicious MRI scans, accurate localization
of all positive targets is necessary to ensure appropriate tissue
sampling. A suitable lesion-level metric is the false detection
rate in men deemed to be positive by experienced radiologists
[2]. Generally, to mitigate over-diagnoses, there need to be
low false-detections to decrease the number of lesions sam-
pled or biopsy cores taken [6]. The number of acceptable false
detections depends on whether the urologist or patient is bi-
opsy versus cancer averse [7] which determines their tolerance
to false results (Table 1).

With these general considerations in mind, Hosseinzadeh
et al reported on the performance of their deep-learning (DL)
CAD model for the automated detection and classification of
lesions that are likely to harbour csPCa lesions [8, 9]. Their
multistage architecture reduced the false-positive detection
rates while maintaining high sensitivity for the presence of
high-suspicion lesions using bi-parametric MRI. When used
on an external biopsy-confirmed testing dataset of 296 men
who all underwent 12-core systematic biopsy and those with
radiologist determined positive scans underwent additional in-
bore MRI targeted biopsies, the DL-CAD system achieved a
lesion-level detection sensitivity for PI-RADS 4-5 lesions of
87% (95% CI: 82–91) at an average of 1 false-positive detec-
tion per patient. The level of false-positive detections per case
was higher than a panel of experienced radiologists. The DL-
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CADhad 1.67 false-positive detections per patient at a sensitivity
of 90% versus the experts who had a detection sensitivity of 91%
at 0.3 false-positive detections. Here we should note that experi-
enced radiologists do consider clinical factors that CAD software
does not, so a performance degradation is expected. This means
that the standalone performance of the system does not in its
current form qualify as a radiological expert system, but is a good
candidate to assist radiologists.

Nevertheless, the DL-CAD performance did generalize into
a patient-level detection accuracy for GG ≥ 2 cancers after
systemic and targeted biopsies of 86% (95% CI: 77–83). At a
patient-level sensitivity of 90%, the false-positive detection rate
was 50%. This histologic level of performance matched the
performance of general radiologists who participated in the
readings of the prospective MRI-First study [10] but is below
the performance of the study’s expert readers (91% sensitivity
at a false-positive detection rate of 23%), and of the central
readers of the 4M study [11]. At this operating point, there
was a moderate agreement between their DL-CAD with expert
radiologists (kappa = 0.53) and histopathology readings (kappa
= 0.50) [8]. Here we should note that when radiologists and
CAD agree on the likely presence of suspicious lesions, the
positive predictive value for GG ≥ 2 cancers increases without
affecting the negative predictive value [12].

However, wemust acknowledge the limitations arising from
the retrospective nature of the current study which impacts both
the training and the subsequent performance of the CAD soft-
ware. Specifically, we should note that only the lesions seen by
the radiologists were biopsied and thus used for training the
CAD software. Extended systematic and targeted biopsies
would be better for algorithm learning [12]. In a similar vein,
prostatectomy histology learning also introduces bias because
many men do not undergo prostatectomy after MRI-influenced
biopsies [2]. Furthermore, radiologists’ determinations on the
likely nature of the CAD detected lesions as used in the current
study are not accurate because of the dependence of predictive
value for csPCa on the PI-RADS category. Despite this, a ra-
diologist’s determined false-detection rate per case metric can
still be useful because fewer suspicious lesions can help lower
biopsy core numbers and over-diagnosis rates [8, 9].

While the documentation of diagnostic performance is
commendable, Hosseinzadeh et al do not provide design-
related information that would enable the usefulness of their
CAD to be judged as a radiological tool. Additional items
include software impacts on radiologic interpretations and
reading efficiency. Some of the items have been provided by
Winkel et al [13] who achieved an accuracy for detecting PI-
RADS 4-5 lesions of 86%, which is comparable to

Table 1 Performance requirements for computer-aided detection (CAD) software for prostate MRI readings at patient and lesion level

Performance requirements Standard

Lesion-level Document high suspicion lesions against false-positive detections (false-alarms)
on a case-by-case basis

• FROC against expert determined positive lesions
(PI-RADS 3-5 and 4-5 lesions)

Detected suspicious lesions should be considered by expert radiologists likely to
be GG ≥ 2 cancers, with few false-positive detections per case for disease
prevalence of 30–50%

• < 1 false detections/case in men considered negative
by experts

• 1-1.5 false detections/case@ detection rate of ≥ 90%
in men considered positive by experts

• Performance levels according to clinical and patient
preferences and tolerance to false detections

Improved the consistency of lesion detections between readers • Less variability for true detections compared to
average radiologists in multi-reader studies

Patient-level Document accuracy for high suspicion patient detection against false-positive
detections

• ROC against expert determined PI-RADS 3-5 and
4-5 patients

Document accuracy for csPCa detection against false-positive rates • ROC curves against the histologic standard of ISUP
GG ≥ 2

High-negative predictive value at high-detection sensitivity • Detection sensitivity > 90% for GG ≥ 2
• False-positive rate < 50%
• Patient-level NPV > 90% for GG ≥ 2

Improved the consistency of GG ≥ 2 detections between readers • Less variability compared to average radiologists in
multi-reader studies

• Inter- and intra-reader variability of NPV/sensitivity

Special use
case

Aid in the discrimination of indeterminate MRI cases for selecting men who need
biopsies

• < 10% missed GG ≥ 2 in no biopsy group
• Additive value to PSAD in multivariable analyses

* Increased consistency of PPV for GG ≥ 2 cancers is not considered a standard because biopsy targeting accuracy is not the exclusive domain of a CAD
system

ISUP, International Society of Urological Pathology; GG, grade group; ROC, receiver operating characteristic; FROC, free-response operating charac-
teristic; NPV, negative predictive value; PSAD, prostate-specific antigen density
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Hosseinzadeh et al of 87%. For the detection of PI-RADS 4-5
lesions in 100 cases, the accuracy of 7 radiologists was 0.84
(95% CI, 0.79–0.89) without CAD, improving by 4.4% (95%
CI, 1.1–7.7%; p = 0.01). Inter-reader concordance also increased
(kappa 0.22 without CAD vs. 0.36 when using the software).

The impact of software on time-intensive biopsy-related tasks
such as gland and target outlining and report generation also
requires documentation. Winkel et al [13] showed reductions in
reading times by 21% (from 103 s to 81 s/case), but this improve-
ment needs to be judged in the context of the time to generate a
complete radiological report. Other useful CAD functionality
features include levels of suspicion of user-defined ROIs.

To conclude, the heterogeneity of data analyses in the pub-
lished research impedes the wide clinical adoption of CAD for
prostate cancer diagnosis [3]. Consistent reporting will enable
comparisons to be madewith the current standard of PI-RADS-
based multidisciplinary care. Performance metrics focusing on
the sensitivity of radiological lesion detections and csPCa in
patients should be described. Studies should also evaluate
whether CAD systems can remove the need for radiologists
to review non-suspicious MRI scans when incorporated with
patient-related meta-data. Data on the ability of software to
support radiologists by reducing interobserver variability and
the times for interpretation, reporting and biopsy outlining tasks
are also needed. Ideally, this should be done in prospective,
multicentre, validation and cost-effectiveness studies where hu-
man and CAD detected lesions are adequately sampled.
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