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Rationale and Objectives: To evaluate whether addition of a computer-aided diagnostic (CAD) generated MRI series improves detection
of clinically significant prostate cancer.

Materials and Methods: Nine radiologists retrospectively interpreted 150 prostate MRI examinations without and then with an additional
random forest-based CAD model-generated MRI series. Characteristics of biopsy negative versus positive (Gleason � 7 adenocarcinoma)
groups were compared using the Wilcoxon test for continuous and Pearson’s chi-squared test for categorical variables. The diagnostic
performance of readers was compared without versus with CAD using MRMC methods to estimate the area under the receiver operator
characteristic curve (AUC). Inter-reader agreement was assessed using weighted inter-rater agreement statistics. Analyses were repeated
in peripheral and transition zone subgroups.

Results: Among 150 men with median age 67 § 7.4 years, those with clinically significant prostate cancer were older (68 § 7.6 years vs.
66 § 7.0 years; p < .02), had smaller prostate volume (43.9 mL vs. 60.6 mL; p < .001), and no difference in prostate specific antigen (PSA)
levels (7.8 ng/mL vs. 6.9 ng/mL; p = .08), but higher PSA density (0.17 ng/mL/cc vs. 0.10 ng/mL/cc; p < .001). Inter-rater agreement (IRA)
for PI-RADS scores was moderate without CAD and significantly improved to substantial with CAD (IRA = 0.47 vs. 0.65; p < .001). CAD
also significantly improved average reader AUC (AUC = 0.72, vs. AUC = 0.67; p = .02).

Conclusion: Addition of a random forest method-based, CAD-generated MRI image series improved inter-reader agreement and diag-
nostic performance for detection of clinically significant prostate cancer, particularly in the transition zone.

Key Words: prostate adenocarcinoma; magnetic resonance imaging; bi-parametric prostate MRI; computer-aided diagnosis; random
forest model.
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INTRODUCTION
M ultiparametric MRI (mpMRI) has a well-estab-
lished role in diagnostic work up of prostate can-
cer as it has been shown to provide enhanced

detection of clinically significant prostate cancer and thereby
allow accurate targeting of these lesions using MRI guided
ultrasound (US) fusion biopsy (1�3). The success of this
pathway is predicated on consistent assessment of the
mpMRI, however, the diagnostic performance of the Pros-
tate Imaging Reporting and Data System (PI-RADS) classifi-
cation for prostate cancer detection by MRI has been shown
to vary widely across institutions, reader experience, care set-
ting, MRI field strength, scan protocol, and version of
PI-RADS classification (4�13). Additionally, poor to fair
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inter-reader agreement has been demonstrated for detection
of prostate cancer in the transition zone, without improve-
ment using newer PI-RADS classification schemes (5,14).

Due to this variability, artificial intelligence methods for
lesion detection and characterization have been examined for
their ability to assist radiologists in interpretation of prostate
MRI. Texture and histogram analysis as well as deep learning
algorithms for lesion detection and characterization have
been used to facilitate prostate MRI interpretation (15�18).
One approach which has shown good diagnostic perfor-
mance for detection of clinically significant prostate cancer is
computer-aided diagnosis (CAD) using a random forest (RF)
method based on signal intensity, texture features, and spatial
analysis from T2-weighted (T2W), apparent diffusion coeffi-
cient (ADC) map, and high b-value (>1000 s/mm2) diffu-
sion-weighted images (DWI) (19,20). This CAD device
produces a color map overlaid on the axial T2W series to
highlight regions within the prostate that are suspicious for
cancer. The device also produces a numeric value for each
detected lesion that represents the likelihood of prostate can-
cer. This CAD device does not rely on contrast-enhanced
sequences, so can be utilized as part of an mpMRI or bipara-
metric MRI (bpMRI) protocol, allowing for use in patients
who cannot receive intravenous contrast. We hypothesized
that the addition of a CAD generated MRI series would
improve reader sensitivity, positive predictive value, and
TABLE 1. Descriptive Statistics by Negative and Positive Biopsies

Biopsy Negative
N = 83 N (%)

Age, (years) Median (IQR) 66.0 (60.5,70.5)
PSA, (ng/mL) Median (IQR)b 6.9 (4.9,9.4)
Prostate volume (mL) Median (IQR) 60.6 (44.6, 83.9)
PSA Density Median (IQR)b 0.10 (0.07, 0.14)
Zone

Peripheral zone 46 (55.4%)
Transition zone 37 (44.6%)

Scanner manufacturer
GE 16 (19.3%)
Philips 45 (54.2%)
Siemens 22 (26.5%)

Field strength
1.5 33 (39.8%)
3 50 (60.2%)

Source
1 2 (2.4%)
2 25 (30.1%)
3 13 (15.7%)
4 12 (14.5%)
5 22 (26.5%)
6 9 (10.8%)

Wilcoxon Rank-sum Tests were used to compare biopsy negative and
used to compare groups for categorical variables.

a Considered statistically significant when <.05.
b PSA missing for 38 patients.
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AUC. The purpose of this study was to evaluate whether
addition of a computer-aided diagnostic generated MRI
image series improves detection performance for identifica-
tion of clinically significant prostate cancer.
MATERIALS ANDMETHODS

This retrospective study was approved by the local Institu-
tional Review Boards at patient contributing sites and
complied with the Health Insurance Portability and Account-
ability Act guidelines. Subject informed consent was waived
because of the retrospective study design.
Model Development and Implementation

There were 958 prostate MRI examinations, independent
from those 150 patients reviewed in this study, that were
annotated to establish the reference standard for the CAD
model that was used in this study. Annotations for cancer,
benign, and normal tissues were created using biopsy loca-
tions and clinical reports provided by the sources for each
examination. Sources for these data were various institutions
whose radiologists were academic, abdominal fellowship-
trained domain experts with at least 15 years of experience.
These radiologists interpreted the studies and then provided
targets of suspect lesions for the interventionalist using either
Biopsy Positive
N = 67 N (%)

Combined
N = 150 N (%)

pa

68.0 (64.0,73.5) 67.0 (62.0,71.0) .02
7.8 (5.4,14.8) 7.2 (5.1,11.0) .08

43.9 (34.8,53.8) 50.6 (40.1, 74.1) <.001
0.17 (0.11, 0.29) 0.13 (0.08, 0.19) <.001

.14
45 (67.2%) 91 (60.7%)
22 (32.8%) 59 (39.3%)

.89
13 (19.4%) 29 (19.3%)
34 (50.8%) 79 (52.7%)
20 (29.9%) 42 (28.0%)

.38
22 (32.8%) 55 (36.7%)
45 (67.2%) 95 (63.3%)

.02
4 (6.0%) 6 (4.0%)

18 (26.9%) 43 (28.7%)
0 (0%) 13 (8.7%)

13 (19.4%) 25 (16.7%)
23 (34.3%) 45 (30.0%)
9 (13.4%) 18 (12.0%)

positive groups for continuous variables, and Chi-square tests were
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in-bore guided biopsies (N = 597), MRI-US fusion guided
biopsies (N = 250), or 12-core transrectal ultrasound plus
2�4 cognitive targets (N = 28). The remaining cases
(N = 83) were MRI-negative and did not undergo biopsy.
All biopsy locations were clearly annotated in three dimen-
sions on the MRI data sets, and those suspect lesions with
positive biopsies (Gleason � 3+4) were then segmented such
that the software could then train from these known biopsy
locations with non-suspicious, non-biopsied locations consid-
ered as normal or noncancerous tissues. A cancer prediction
model based on a boosted parallel RF (bpRF) model was
trained utilizing 64 different T2W, DWI, and ADC signal
intensity and texture features, validation of which is described
separately (19,20).
Patients

Our study population included 150 men with 150 prostate
MRI examinations performed between 1/2004 and 1/2019,
67 (44.7%) of which had biopsy confirmed prostate adenocar-
cinoma, 46 (30.7%) with biopsy confirmed absence of cancer,
and 37 (24.7%) with MRI-negative scans (Table 1). Biopsies
were obtained using MRI-US fusion guided biopsy
(N = 61), in-bore MRI-guided biopsy (N = 36), or cognitive
fusion as part of systemic transrectal US biopsy (N = 16).
Patient inclusion is presented in Figure 1.

From the entire available prostate MRI imaging database
(N = 2037), cases were excluded if they had less than a full
image set consisting of axial T2W and diffusion weighted
images (N = 10), inadequate field of view which excluded
any part of the prostate gland (N = 31), inadequate image
quality including motion or hardware related artifact (N = 6),
prior therapy to the prostate including ablation (N = 25),
transurethral resection (N = 2), or radical prostatectomy
(N = 6), incomplete follow-up (e.g., pathology report
unavailable) (N = 20), or inadequate resolution which did
not meet the resolution requirements for the CAD device
including field of view < 140 mm, in-plane voxel spacing
> 0.688 mm, and slice thickness > 4.6 mm for T2W images
and in-plane voxel spacing > 2.26 mm and slice thickness
> 5.0 mm for the DWI and ADC images (N = 65).

Prostate studies from the remaining database with sufficient
ground truth were sampled using stratified sampling to ensure
certain sub-categories were represented in the clinical study.
Cases that were not selected as part of the 150 patients
reviewed in this study were used for CAD algorithm devel-
opment and testing described previously. Sufficient ground
truth criteria included cases with either 1) clinical follow-up
Figure 1. Flow diagram of study design and
subject selection. (Color version of figure is
available online.)
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Figure 2. Flow diagram of study participant follow-up. (Color version of figure is available online.)
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consisting of biopsy or favorable PSA at follow-up defined as
decreasing PSA or level PSA less than 5 ng/mL after at least 5
months after an initial negative prostate MRI, or 2) panel
reviewed cases deemed MRI-negative from a panel of
five domain experts who had all available clinical information
(Fig 2).

Stratified sampling of data was then used among cases with
sufficient ground truth and cases were grouped by predeter-
mined subcategories. Then samples were randomly selected
from every sub-category until the desired total of 150 was
met. For our study, data was grouped into strata defined by
scanner manufacturer, field strength, and PI-RADS. We
desired to end up with a relatively balanced number (60�40
mix of “normal”/nonsuspicious and suspicious negative ver-
sus suspicious positive cases) estimating that these would
roughly correlate with groups of PI-RADS 1�3 (60%), and
PI-RADS 4�5 (40%). The first 150 cases that fit these criteria
were included in the study.

These cases were separate from those used in model devel-
opment described previously. MRI was performed at both
3T (63.3%) and 1.5T (36.7%) field strength including three
scanner vendors (GE, Siemens, and Philips), from six different
sites. An endorectal coil was utilized in 37 (24.7%) patients
including two scanned on Siemens and 35 on Philips
machines.
Readers and Training

Nine fellowship-trained attending radiologists who interpret
prostate MRI in their clinical practice with varying levels of
experience and practice setting were included (Table 2). Five
radiologists were abdominal imaging fellowship trained.
Additional fellowships included body imaging, thoracoabdo-
minal imaging, MRI, and combined interventional and diag-
nostic body imaging. Reader experience interpreting prostate
MRI in the clinical setting ranged from 1 to 10 years with a
median of 3 years. Practice setting included academic (n = 5)
and nonacademic (n = 4) practices.

Each reader was provided training materials included in the
User’s Manual with an additional one-on-one follow-up call
4

by the clinical coordinator to further clarify and address any
questions. Focus was on how the readers were to complete a
convenient data sheet wherein they were to identify each sus-
pect lesion by its centroid location within the 36 subvolumes
(30 when combining the anatomic zones and their associated
axial slice regions) as identified and labeled in PI-RADS.

Readers were given the 150 prostate MRI cases in random
order and were blinded to the pathological diagnosis. MRI
cases included axial T2W, axial DWI with median maximum
b-value 1400 s/mm2 (range 750�1600 s/mm2), axial ADC
map, with or without axial T1W postcontrast images in ran-
dom order. Readers marked each focal lesion of � PI-RADS
3 for anatomic location and image number where the lesion
was centered. Readers were also provided PSA levels for each
patient except for 38 cases for which PSA was unavailable. A
PI-RADS score (using PI-RADS version 2.0) for each lesion
was assigned and note made as to whether the radiologist rec-
ommended targeted biopsy of the lesion (12,13).

Following a washout period of at least 30 days, readers
were re-presented with the same 150 examinations with the
addition of the CAD generated image series, in a newly ran-
domized order, and again blinded to pathological diagnosis.
The same classification system was applied by each reader to
each examination. The CAD generated image series was a
copy of the T2W axial series overlaid with the colorized
probability map or index � an estimate of the likelihood of
prostate cancer. Through training on thousands of images
with known pathology locations and segmented lesions, the
computer generated 100-point scale was scaled to optimally
classify prostate tissues.
Image Interpretation

Lesion locations were described in a spreadsheet using a lim-
ited set of descriptors to decrease ambiguity of detections.
Descriptors included the slice number on axial T2W series,
the right-left position (right, middle, or left), the anterior-
posterior position (anterior, middle, or posterior), and the
prostate subregion (peripheral or transition). The reference
standard was used to establish a truth table for matching



TABLE 2. Study Reader Characteristics

Reader Practice Setting Location (USA) Experience (years)

1 Nonacademic New York 0.5
2 Nonacademic New York 1.5
3 Academic Minnesota 2
4 Academic Massachusetts 2
5 Academic Minnesota 3
6 Nonacademic California 4
7 Academic Massachusetts 4
8 Nonacademic California 9
9 Academic Colorado 10
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detections to lesions and their biopsy-proven outcomes.
Some leeway was allowed in the truth table to further reduce
ambiguity of detections. For example, if a biopsy-proven
lesion existed on the border of the peripheral zone and the
transition zone, then either descriptor would be considered a
match. Similarly, a large lesion may occupy multiple slices in
the T2W series, so identifying any of the slices near the center
of the lesion would be considered a match.
The detections of the nine readers were compared to the

truth table. Patients with a Gleason score of 7 or higher were
considered biopsy positive, and patients with a Gleason score
of 6 or below or no cancer were considered biopsy negative.
For each detection that matched a biopsy-proven positive
lesion in the truth table, a true positive was assigned with the
corresponding PI-RADS score. All missed detections were
artificially assigned a PI-RADS 1 score. If a detection
matched a biopsy-proven benign lesion or did not match a
lesion described in the truth table, then a false positive was
assigned with the corresponding PI-RADS score. Detections
of the CAD method were manually inspected and matched
to the lesions of the truth table. Instead of assigning the PI-
RADS score, the detection rating by the CAD method was
the probability score. In measuring the CAD performance,
the CAD index value (between 1% and 100% correlating to
cancer probability) at each ground truth biopsy point was
compared to the Gleason score from that anatomic location.
A benign biopsy was assigned a CAD index of 0. A missed
lesion was a lesion with Gleason grade �7 and with CAD
index less than 50%. If the CAD output was <50% in a non-
cancerous area, this was deemed a true negative while a CAD
output of � 50% in a negative area as deemed a false positive.
Statistical Analysis

We compared the distribution of case characteristics in the
biopsy negative group versus the biopsy positive group using
the Wilcoxon test (for continuous variables) and the Pearson’s
chi-squared test (for categorical variables). For all cases, all
nine readers reported a PI-RADS score both without and
with the assistance of CAD.
Inter-reader agreement of PI-RADS scores without and

with CAD was assessed using a quadratic weighted inter-rater
agreement approach for ordinal responses with bootstrapped
95% confidence intervals (CIs). The strength of agreement of
inter-rater agreement values can be interpreted as: <0 poor,
0.01�0.20 slight, 0.21�0.40 fair, 0.41�0.60 moderate,
0.61�0.80 substantial, 0.81�1.00 almost perfect (21,22).

Based upon PI-RADS scores, multi-reader multi-case
(MRMC) analysis was used to compare the reader perfor-
mance without and with CAD, as measured by the difference
in the average area under the receiver operator characteristic
curve (AUC) and 95% CIs. Pooled results were calculated
using a random effect for both readers and cases using Obu-
chowski-Rockette methods (23).

Using each possible PI-RADS score (1�5) as a threshold
for a positive case determination, sensitivity, and positive pre-
dictive value (PPV) were calculated using generalized estima-
tion equation analyses to compare pooled data corrected for
repeated measurements by multiple readers.

Analyses were repeated within peripheral and transition
zonal subgroups. For cases with only one lesion, the primary
zone designation was the single lesion location. For cases
with multiple lesions, the zone designation was made for the
zone with the most lesions and then the lesion with the high-
est Gleason grade or the primary lesion identified.

We used a type-I error of 5% for all confidence intervals
and two-sided hypothesis tests. We analyzed data using statis-
tical software R version 3.6.0 (R Foundation for Statistical
Computing, Vienna, Austria, 2019). The packages “rms,”
“geepack,” and “MRMCaov” were used in this analysis
(24,25).
RESULTS

One hundred fifty men were included with a median age
67 years (interquartile ratio (IQR) 62�71 years). Sixty-seven
(44.7%) were biopsy positive (presence of clinically significant
prostate adenocarcinoma of Gleason grade � 7), 46 (30.7%)
were biopsy negative (absence of clinically significant prostate
adenocarcinoma, Gleason grade �7), and 37 (24.7%) were
MRI-negative. Men with clinically significant prostate cancer
were older than men with biopsy negative for clinically sig-
nificant cancer (68 years, IQR 64�73.5 vs. 66 years, IQR
60.5�70.5; p = .02) and had smaller prostate gland volume
(43.9 mL, IQR 34.8�53.8 vs. 60.6 mL, IQR 44.6�83.9; p
< .001). There was no evidence of a significant difference in
prostate specific antigen (PSA) level between biopsy positive
and negative subjects (7.8 ng/mL, IQR 5.4�14.8 vs.
6.9 ng/mL, IQR 4.9�9.4; p = .08). However, PSA density
was significantly higher for patients with clinically significant
cancer versus without (0.17 ng/mL/cc, IQR 0.08�0.19 vs.
0.10 ng/mL/cc, IQR 0.07�0.14; p < .001).

The weighted inter-rater agreement (IRA) statistics
between the nine readers for PI-RADS scores without CAD
was moderate (IRA = 0.47, 95% CI 0.41�0.52). Inter-rater
agreement for PI-RADS scores with CAD showed substantial
agreement and was significantly higher than without CAD (p
< .001; IRA = 0.65; 95% CI 0.60�0.69), (Table 3).
5



TABLE 3. Multireader Multicase and Kappa Analysis Comparing Reads Without and With CAD

Without CAD With CAD Difference D (95% CI) pa

AUC
Reader 1 (0.5 years) 0.42 (0.33�0.51) 0.51 (0.42�0.60) 0.09 (-0.04 to 0.21) .17
Reader 2 (1.5 years) 0.72 (0.64�0.80) 0.74 (0.66�0.82) 0.02 (-0.05 to 0.09) .60
Reader 3 (2 years) 0.74 (0.66�0.82) 0.74 (0.66�0.81) -0.002 (-0.07 to 0.06) .95
Reader 4 (2 years) 0.76 (0.68�0.84) 0.74 (0.66 to 0.82) -0.02 (-0.08 to 0.20) .54
Reader 5 (3 years) 0.74 (0.67�0.82) 0.79 (0.72�0.86) 0.04 (-0.02 to 0.11) .20
Reader 6 (4 years) 0.72 (0.63�0.80) 0.78 (0.70�0.85) 0.06 (-0.02 to 0.14) .13
Reader 7 (4 years) 0.63 (0.54�0.72) 0.71 (0.63�0.78) 0.08 (-0.02 to 0.18) .13
Reader 8 (9 years) 0.64 (0.55�0.72) 0.73 (0.65�0.81) 0.10 (-0.01 to 0.20) .07
Reader 9 (10 years) 0.70 (0.61�0.78) 0.74 (0.66�0.82) 0.04 (-0.04 to 0.12) .28
Average (All) 0.67 (0.58�0.76) 0.72 (0.64�0.80) 0.05 (0.01�0.08) .02

Average (PZ subgroup) 0.67 (0.56�0.77) 0.71 (0.62�0.81) 0.05 (-0.003 to 0.10) .07
Average (TZ subgroup) 0.67 (0.57�0.77) 0.73 (0.63�0.84) 0.06 (0.02�0.10) .005

Weighted Inter-rater Agreement
PI-RADS (All) 0.47 (0.41�0.52) 0.65 (0.60�0.69) 0.18 (0.11�0.25) <.001
PI-RADS (PZ subgroup) 0.51 (0.45�0.57) 0.67 (0.63�0.72) 0.16 (0.09�0.23) <.001
PI-RADS (TZ subgroup) 0.39 (0.30�0.48) 0.60 (0.52�0.67) 0.21 (0.10�0.32) <.001

Note—Values expressed as estimate, with 95% CI in parentheses unless otherwise specified.
a Considered statistically significant when <.05.

Figure 3. ROC curves for readers without and with CAD. (Color version of figure is available online.)
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MRMC analysis reader performance showed that average
AUC for all nine readers without CAD (AUC = 0.67, 95%
CI, 0.58�0.76, p = .02) significantly increased with CAD
(AUC = 0.72, 95% CI, 0.64�0.80) (Table 3, Figs 3 and 4).

The overall distribution of cancers were 64% peripheral
zone and 36% transition zone. When comparing the
AUC for the average of all readers without versus with
CAD by zone, there was no significant difference in
peripheral zone cancers but there was a significant increase
in AUC for transition zone cancers with addition of CAD
(0.67, 95% CI, 0.57�0.77 vs. 0.73, 95% CI 0.63�0.84),
p = .004). Inter-rater agreement was also improved to a
greater degree in the transition zone with the addition of
CAD (p < .001) but also significantly improved agree-
ment in the peripheral zone (p < .001).
6

Sensitivity for identifying clinically significant cancer for
PI-RADS 3 lesions in the transition zone without CAD sig-
nificantly increased with addition of CAD (0.70, 95% CI,
0.63�0.76; p = .003 vs. .83, 95% CI, 0.77�0.87) and pooling
all PI-RADS 3 lesions in any zone (0.76, 95% CI 0.73�0.80;
p = .02 vs. .82, 95% CI, 0.79�0.85). Sensitivities and PPVs
for other PI-RADS classifications were not significantly dif-
ferent without versus with CAD (Table 4).
DISCUSSION

Our results show that the addition of a boosted parallel ran-
dom forest model-based CAD generated MRI image series
improves inter-reader agreement for PI-RADS classification
and the average detection performance for identification of



Figure 4. ROC curves for average of readers
without versus with CAD. (Color version of
figure is available online.)

TABLE 4. Comparison of Sensitivity and PPV Without and With CAD for Each Possible PI-RADS Score Threshold, Overall and
Within the Peripheral and Transition Zone Subgroups

PI-RADS Threshold
for Performance
Metric Evaluation

Overall
Without vs. With CAD

Peripheral Zone
Without vs. With CAD

Transition Zone
Without vs. With CAD

PI-RADS � 1
Sensitivity (%) 1.0 (1.0�1.0) 1.0 (1.0�1.0) 1.0 (1.0�1.0) 1.0 (1.0�1.0) 1.0 (1.0�1.0) 1.0 (1.0�1.0)
PPV (%) 0.45 (0.42�0.47) 0.45 (0.42�0.47) 0.49 (0.46�0.53) 0.49 (0.39�0.60) 0.37 (0.33�0.41) 0.37 (0.33�0.41)

PI-RADS � 2
Sensitivity (%) 0.94 (0.92�0.96) 0.96 (0.94, 0.97) 0.95 (0.93�0.97) 0.96 (0.93, 0.98) 0.91 (0.86�0.94) 0.94 (0.90, 0.97)
PPV (%) 0.46 (0.43�0.48) 0.47 (0.44�0.50) 0.51 (0.47�0.54) 0.51 (0.41�0.61) 0.38 (0.26�0.51) 0.39 (0.28�0.52)

PI-RADS � 3
Sensitivity (%) 0.76 (0.73�0.80)a 0.82 (0.79�0.85)a 0.80 (0.75�0.83) 0.81 (0.72�0.88) 0.70 (0.63�0.76)a 0.83 (0.77�0.87)a

PPV (%) 0.58 (0.54�0.61) 0.59 (0.56�0.63) 0.62 (0.57�0.66) 0.65 (0.53�0.75) 0.50 (0.44�0.56) 0.51 (0.45�0.56)
PI-RADS � 4

Sensitivity (%) 0.63 (0.59�0.66) 0.67 (0.63�0.70) 0.65 (0.60�0.69) 0.67 (0.56�0.76) 0.58 (0.51�0.65) 0.66 (0.59�0.72)
PPV (%) 0.61 (0.57�0.65) 0.66 (0.62�0.70) 0.65 (0.60�0.69) 0.70 (0.65�0.74) 0.55 (0.48�0.61) 0.59 (0.53�0.66)

PI-RADS � 5
Sensitivity (%) 0.25 (0.21�0.28) 0.25 (0.21�0.28) 0.18 (0.14�0.22) 0.18 (0.15�0.22) 0.39 (0.32�0.46) 0.38 (0.31�0.45)
PPV (%) 0.63 (0.56�0.69) 0.69 (0.62�0.75) 0.60 (0.51�0.69) 0.70 (0.60�0.78) 0.66 (0.56�0.74) 0.68 (0.59�0.75)

Note—Values expressed as estimate, with 95% CI in parentheses unless otherwise specified.
a Performance with CAD is significantly higher than without CAD, p < .05. All other comparisons p >.05.
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clinically significant prostate cancer among nine readers with
varying experience levels in both academic and nonacademic
care settings.
Improving the reproducibility of prostate MRI interpreta-

tions remains a major challenge for radiologists. In a multi-
center cross-sectional study of the PI-RADS classification in
men with suspected or biopsy-proven untreated prostate can-
cer, the detection rate of clinically significant (Gleason score
3+4 or higher) disease varied widely across sites, with
interquartile range of positive predictive value (PPV) for PI-
RADS �3 ranging from 27% to 48% (4). Factors that con-
tributed to PPV variability included anatomical location,
with lower PPV for transition zone versus peripheral zone
cancers. Conversely, magnet field strength (1.5T versus 3T)
and presence of endorectal coil did not significantly affect
PPV. Additionally, PPV was not significantly better for men
undergoing MRI-fusion prostate biopsy with a history of
prior biopsy and cancer under active surveillance versus
7



Figure 5.A. 64-year-old male with
unknown PSA and no history of prostate
cancer. Axial diffusion weighted (b-value
1400 s/mm2) (A), ADC map (B), T2W (C),
and CAD color map overlaid on T2W (D)
MR images. There is an ill-defined region of
marked diffusion restriction with associ-
ated T2 hypointensity in the left posterior
peripheral zone. This lesion was classified
as PI-RADS 4 by eight of nine readers.
MRI-US fusion guided biopsy showed
Gleason 8 adenocarcinoma at the left para-
median posterior peripheral zone mid
gland. (Color version of figure is available
online.)
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biopsy naïve men, despite the former patients presumably
having a higher pretest probability of clinically significant
cancer (4).

The zonal distribution of cancers in our series was in line
with known prevalence, with 64% occurring in the periph-
eral zone (Fig 5) and 36% in the transition zone (Figs 6 and 7)
(4). Diagnostic performance within the transition zone,
where approximately 30% of cancers occur, is of particular
Figure 6.A. 63-year-old male with unknown PSA and no history of pros
map (B), coronal T2W (C), axial T2W (D), CAD color map overlaid on axial T
zone, there is a homogeneously T2 hypointense region which is DWI hype
ing to tell whether this is a region within a larger encapsulated BPH nodu
green arrow, D) or a separate lesion. No reader assigned a PI-RADS 3 o
CAD overlay on T2W image shows high probability of cancer (red arrow,
the same level, showing the added value of this sequence in the transitio
sity. TRUS cognitive fusion biopsy demonstrated Gleason 7 adenocarci
figure is available online.)
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interest since the variable appearance of stromal benign pros-
tatic hypertrophy (BPH) elements can be challenging to dis-
cern from sites of cancer, likely contributing to lower PPV
for PI-RADS scores within the transition zone (4). Inter-
reader agreement for PI-RADS 4 or higher lesions in the
transition zone is no higher using the latest PI-RADS classifi-
cation system (version 2.1) versus older PI-RADS classifica-
tion schemes and has been shown to be poor (5,14). Tools
tate cancer. Axial diffusion weighted (b-value 1400 s/mm2) (A), ADC
2W (E), and sagittal T2W (F) MR images. Within the left mid transition
rintense and ADC hypointense (yellow arrows, A-D, F). It is challeng-
le (similar finding is present in contralateral right mid transition zone,
r higher or recommended a biopsy for this examination. Addition of
E) but low probability in the similar appearing right transition zone at
n zone that is enlarged by BPH nodules of variable T2W signal inten-
noma at the left anterior transition zone mid gland. (Color version of



Figure 7. A. 70-year-old male with a history of a prior negative transrectal ultrasound-guided biopsy and PSA 10.3 ng/mL (PSA density 0.18
ng/mL/cc). Axial diffusion weighted (b-value 1400 s/mm2) (A), ADC map (B), coronal T2W (C), axial T2W (D), CAD color map overlaid on axial
T2W (E), and sagittal T2W (F) MR images. Within the right anterior transition zone, there is a homogeneously T2 hypointense region which is
DWI hyperintense and ADC hypointense (yellow arrows, A-D, F). This lesion was classified as PI-RADS 4 by six of nine readers. It is challenging
to tell whether this is a region within a larger encapsulated BPH nodule or a separate lesion. Addition of CAD overlay on T2W image shows high
probability of cancer (red arrow, E) but low probability in elsewhere in the transition zone at the same level, showing the added value of this
sequence in the transition zone that is enlarged by BPH nodules of variable T2W signal intensity. MRI-US fusion guided biopsy showed Glea-
son 7 adenocarcinoma at the right anterior transition zone mid gland. (Color version of figure is available online.)
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which can increase the reproducibility of PI-RADS scoring
while improving accuracy, particularly in the transition zone,
are highly desirable. Our findings that the addition of CAD
significantly improved AUC for detection of transition zone
cancers and inter-rater agreement for transition zone lesions,
bringing it on par with agreement in the peripheral zone,
shows that this tool can narrow the gap in diagnostic perfor-
mance between the peripheral and transition zones (Figs 6
and 7). These findings are reflected by our results of increased
sensitivity for intermediate suspicion (PI-RADS 3) lesions in
the transition zone with versus without CAD.
Our study subjects included MRI examinations from mul-

tiple institutions, scanner vendors, acquired at 3T and 1.5T
field strengths, presence and absence of endorectal coils, and
variable maximum b-value (including below the suggested
minimum of 1400 s/mm2 according to PI-RADS v2.1 (13),
which mimics the variability that occurs in clinical practices
of different locations and settings (4). Additionally, we
included a range of practice settings and experience for read-
ers. This CAD device relies on noncontrast sequences, which
allows it to be employed as part of both bpMRI and mpMRI
protocols, which allows for the inclusion of patients who can-
not receive intravenous contrast for reasons of renal insuffi-
ciency, ordering physician or patient preference, or allergy.
These factors may indicate that our results are translatable to a
larger set of radiologists and patients, but would need to be
verified with further, larger cohorts. The range of parameters
of the image data sets used in training and validating the
CAD device allow its use across the range of scanner vendor,
field strength, maximum b-value, and presence of endorectal
coil included in this clinical study, potentially increasing its
deployment range.

Limitations of the study include that the ROC analysis was
run on per patient basis, meaning that any patient positive for
cancer anywhere in the gland was considered a true positive
if any PI-RADS 3 or greater lesion was called by a reviewer.
Although whole mount MRI prostatectomy specimens
would have been a more optimal method for annotation of
ground truth for the pre-resection MRIs used in CAD model
development, the heterogeneity in contributing institutions
and temporal range of the data acquisition preclude this.
Relying on targeted and random biopsies for annotations
could result in suboptimal annotations of ground truth. There
was variability in the MRI examination parameters including
field strength and maximum b-value for DWI, presence of
endorectal coils, and available clinical information during
image review including no available PSA for 25% of patients
(38/150). However, this nonuniformity mimics the variabil-
ity in scan parameters and protocols seen in clinical practice,
as does the frequent absence of laboratory information when
interpreting images. We did not feel we had the subject num-
bers or reasonably even distribution across these variables to
support a subgroup analysis comparing across these variables.
In an era of increasing number of sequences and decreasing
slice thickness where radiologists are challenged to look at
more images per examination, adding additional CAD gener-
ated image series may present challenges to daily workflow.
However, an automated process whereby the additional
9
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CAD generated image series is sent directly to PACS is feasi-
ble and adds a single axial series to the existing protocols, tak-
ing minimal extra time to review.

The addition of a bpRF method-based, CAD generated
MRI image series improved inter-rater agreement and diag-
nostic performance for detection of clinically significant pros-
tate cancer, particularly in the transition zone. This should be
considered for clinical use.
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