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Over the last decade, localized prostate cancer management 
had a considerable advance with the worldwide adoption of 
multiparametric MRI (mpMRI) in clinical practice. Apart 
from prostate cancer detection, mpMRI has the capability 
of guiding clinicians during biopsies when combined with 
transrectal ultrasound (TRUS). MRI not only offers a 
precise sampling of the suspicious lesion through MRI/
TRUS fusion guided biopsy, but also decreases the 
unnecessary invasive procedures due to its high negative 
predictive value (NPV) (1). However, the diagnostic 
accuracy of mpMRI is highly dependent on subjective image 
interpretation. Introduction of Prostate Imaging Reporting 
& Data System (PI-RADS) was a substantial step towards a 
more consistent and standardized reporting. Nonetheless, 
even with the recent adjustments on the classification 
system (2), prostate MRI assessment still suffers from poor 
reproducibility among different readers (3). 

Artificial intelligence (AI) in prostate cancer imaging is 
a rapidly growing field of research that strives to automate 
processes which otherwise would be time-consuming 
and challenging. Numerous AI-based prostate cancer 
algorithms were generated for certain tasks or problems 
observed in clinical practice, but most could be categorized 
under (I) lesion detection/localization, (II) lesion/organ 
segmentation, (III) lesion classification models (4). Purpose 
of lesion detection algorithms is to facilitate human-based 
image interpretation and point out suspicious lesions on 

imaging to the reader. Prior evidence suggests that AI 
models have the potential to improve cancer detection rates 
and aid in prostate cancer diagnostic pathway (5). Given the 
dependency of MRI assessment on interpreter experience, 
theoretically, readers under training or who are relatively 
new to the prostate MRI field could boost their diagnostic 
accuracy with the assistance of AI. The question is can AI 
supplant the extensive knowledge gained through years of 
experience?

Lesion detection algorithms have shown promising 
results, however, their implication on clinical practice 
needs to be investigated. At this stage, it is too early 
for the algorithms to completely replace the human 
readers, however, they might provide a refined data to the 
radiologists, facilitating their workflow. Multi-reader studies 
are intended to simulate how AI models would perform in 
aiding the radiologists in clinical practice (6). These studies 
generally assess the utility and the added value of AI models 
by comparing the diagnostic accuracy of radiologist image 
interpretations with and without AI assistance. 

In this study, Labus et al. tested the contribution of a 
deep learning-based computer-aided detection (DL-CAD) 
system on prostate MRI evaluation among radiologists with 
varying levels of experience (7). One hundred and seventy-
two consecutive patients and four radiologists (two expert 
(6 years of experience in prostate MRI: >600 studies, >1,000 
studies) and two less experienced (residents with 2 years 
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of experience in MRI: ~50 prostate MRI) were included in 
that study. Each mpMRI scan was evaluated by the readers 
with and without DL-CAD assistance with a 4-week wash-
out interval. The readers assigned PI-RADS and level of 
suspicion (LoS) scores to each lesion identified on MRI. 
Two reads were compared for ISUP Grade Group (GG) 
≥1 and ISUP GG ≥2 prostate cancer detection using 
combined targeted (MRI/TRUS fusion guided) and 12-core 
systematic biopsy as gold standard. 

Multi-reader studies may utilize different workflows 
such as first reader, second reader and concurrent reader 
paradigms (8). In the second reader paradigm, the readers 
are given the CAD predictions only after they evaluate 
the images without any assistance. The concern with this 
method is that the role of CAD may be minimal to decision 
making. Especially for readers who are not familiar with AI 
and are likely to disregard any assistance from CAD, it may 
be difficult to incorporate CAD to their clinical workflow 
with a second reader paradigm. On the other hand, in the 
first reader paradigm, readers are first given the AI filtered 
images (i.e., heatmaps, attention boxes) before assessing the 
conventional images. Notable proportion of prior multi-
reader studies have adapted the first-reader paradigms and 
the readers were only allowed to make their interpretation 
based on the CAD outputs (9-11) (Table 1). This approach 
does not leave room for any additional lesion detection apart 
from algorithm predictions. The reasoning behind this is 
to assess the sole contribution of CAD on cancer detection. 
However, integration of AI algorithms to clinical practice 
will be a gradual process where they will be first used as 
adjunct tools for aiding the radiologists. Thus, multi-reader 
studies investigating the impact of CAD systems should 
allow the readers to make substantial changes on the CAD 
output. This is possible with a concurrent reader workflow, 
where the reader is provided both the raw images and CAD 
output at the same time for interpretation. Labus et al. 
utilized concurrent reader paradigm in which readers had 
the freedom of confirming, disregarding, or modifying any 
CAD output (7). Application of this reading method can be 
a more realistic approach on of how AI could be translated 
into the clinical practice. 

A unique approach in the study was the fully crossed 
reading design. Four readers were divided into two groups 
each having both a less experienced and an experienced 
reader. In the 1st reading round, group 1 evaluated all 172 
scans in multiple reading sessions (18–20 scan in each 
session). They have started the first session without DL-

CAD assistance. After each session, the DL-CAD assistance 
mode was switched on and off in rotation. The 1st reading 
round was followed by a 4 weeks of washout period. In the 
2nd reading round, the scans that were previously read by 
DL-CAD assistance were assessed without assistance; and 
the images evaluated without AI assistance in the 1st round 
were reviewed with DL-CAD assistance in the 2nd reading 
round. Group 1 evaluated the first session with DL-CAD 
assistance and continued reading cases with alternating 
order of assisted read and normal MRI read. On the other 
hand, group 2 followed an opposite order, where they 
have started the initial session of 1st reading round with AI 
assistance, similar to the 2nd reading round of group 1. In 
the end, all 172 scans were read twice by all readers with 
and without AI assistance. This design intended to avoid the 
‘learning effect’ among readers. Some of the prior multi-
reader studies adopted a more straightforward approach 
where they have had the readers evaluate the scans without 
any assistance, and after the washout period, the readers 
interpreted the images with AI assistance (9-11). In this 
traditional reading design, radiologists are more likely 
to learn AI’s method of operation and adapt to the faulty 
predictions by AI. This could lead to higher estimation of 
specificity in AI-assisted reads. Therefore, crossed reading 
design may yield more accurate results when assessing 
CAD performance. However, in Labus et al.’s work, the 
order of reading sessions was apparently the same in two 
reading rounds (7). This might be concerning as there is 
a small possibility that the readers could recall the lesion 
characteristics from the prior reading round. Complete 
randomization of image orders and reading sessions 
could have ensured a more objective evaluation of CAD 
contribution to cancer detection.

Moreover, Labus and colleagues had all 4 readers 
evaluate all 172 cases twice with and without CAD 
assistance (7). The sample size was relatively large and 
number of scans per reader was higher than previous studies 
(9-14). Complete overlap of assigned cases between readers 
allowed assessing inter-reader agreements for each pair of 
readers and offered a high statistical power. Although there 
are other multi-reader studies where all readers had to 
review each case in the study sample (12-14), this method 
may not be feasible with a larger number of readers from 
multiple institutions. Therefore, some of the earlier studies 
have utilized different randomization strategies (such as 
hybrid, balanced incomplete block design) to reduce the 
number of scans per reader (9-11). These methods ensure 
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that a reasonable statistical power is maintained and each 
case is reviewed by more than one reader (15). Future 
multi-reader studies may utilize these designs to reduce the 
reading burden.

AI models trained on a specific subset of patients might 
not be generalizable to overall population. For instance, an 
algorithm trained only on high quality scans acquired in a 
single institution might not perform as well on an outside 
center patient population. Efforts on improving the quality 
of prostate MRI exams are underway with the recently 
published guidelines such as PI-RADS v2.1 and prostate 
imaging quality (PI-QUAL) (2,16). However, the impact of 
this standardization attempt is likely to take effect in years 
in many institutions as the quality assurance and quality 
control steps are dependent on the collective effort of a 
multi-disciplinary team (17,18). On the other hand, AI could 
potentially aid in challenging cases (i.e., low quality MRI), 
if the training dataset consisted of images obtained from 
scanners with different magnetic strength (3T or 1.5T), 
MRI vendors, receiver coils (endorectal or surface) (19)  
(Figure 1). Such diversity could be achieved by multi-
institutional efforts, and the algorithm used in Labus et al.  
study was trained on a diverse dataset of 2,170 prostate 
scans from 7 institutions (7). The training dataset utilized 
radiologist assessments as the ground truth rather than 
histopathological grading. This is a reasonable approach 
which was also utilized by other algorithms in literature (20), 
considering that the model intended to aid radiologists in 
image interpretations. Moreover, training datasets should 
not be confined to abnormal MRIs only, it should also 
include MRI exams without any suspicious findings (negative 
MRIs). The training dataset of the aforementioned AI 
model comprised of 944 MRI without no lesions, 1,226 
MRI with ≥1 lesion with a PI-RADS category of 3 and 
above. Large, heterogenous, and multi-institutional training 
datasets are essential to for ensuring the generalizability of 
an AI model.

Inherent to the study design, most of recent the multi-
reader studies in literature are retrospective (7,9-14). The 
clinical decisions have already been made on a different, 
prospective MRI read and patients are either referred 
to undergo biopsy or relieved from further evaluation. 
The blinding of readers to the prospective MRI reads, 
histopathological reports, patient medical history is critical 
to avoid any bias in their assessment. In Labus et al.’s work, 
readers only knew that all patients underwent biopsy based 
on a previous, prospective read which identified at least 

one lesion with a score ≥3 (7). This might have influenced 
the reading sessions as the radiologists were likely to 
be motivated to find at least one intraprostatic lesion. 
However, in a real-life scenario, patients may present with 
a PI-RADS 2 lesion or with no lesions at all. Restricting 
the study sample to a certain subgroup of patients may 
limit the generalizability of the study findings. Therefore, 
multi-reader studies should also strive to include patients 
with negative MRIs and negative systematic biopsy results 
(also referred as a true control group). Such heterogeneity 
in study sample is vital in multi-reader studies investigating 
the clinical utility of an algorithm (9-11). Of course, this 
may not be possible in an institution where only patients 
with PI-RADS ≥3 undergo biopsy, but inclusion of another 
clinical center where 12-core systematic biopsy is performed 
to the patients without any lesions on MRI based on clinical 
suspicion may prove useful. Therefore, multi-institutional 
efforts are much needed not only for training datasets of AI 
algorithms, but also for the validation datasets as well.

DL-CAD used in Labus et al.’s publication is among 
the few commercially available AI products designed for 
prostate cancer detection (7). The algorithm operates 
following the sequential steps of (I) preprocessing, (II) 
lesion detection, (III) false-positive reduction, and (IV) 
classification. False positive reduction step has a particular 
importance as many AI models suffers from low specificity 
due to significant number of false positive calls (12,21). 
In Labus et al.’s study, DL-CAD assistance improved the 
specificity of less-experienced readers from 0.44 to 0.56 in 
prostate cancer detection (7). This could be attributed to 
the integrated false-positive reduction framework. A recent 
study used a benign prostatic hyperplasia (BPH) nodule 
filtering step in their algorithm and decreased the mean 
number of false positives per patient from 0.99 to 0.44 (20).  
However, inclusion of extra layers in the algorithm to 
minimize the false positives will naturally come at the cost 
of decreased sensitivity, due to the inverse association of 
sensitivity and specificity. Nonetheless, any attempts on 
improving specificity without compromising sensitivity too 
much will mitigate unnecessary biopsies in actual patient 
care.

Besides lesion detection, another challenge with MRI 
interpretation is variability in lesion risk stratification using 
classification systems such as PI-RADS. After detecting 
intraprostatic lesions, the DL-CAD in Labus et al. study (7)  
provided level of suspicion (LoS) scores along with PI-
RADS scores to readers with an interval of 0.1 (ranging 



Yilmaz and Turkbey. Multi-reader investigation of CAD-assisted PCa detectionPage 6 of 9

© Chinese Clinical Oncology. All rights reserved.   Chin Clin Oncol 2022;11(6):42 | https://dx.doi.org/10.21037/cco-22-104

Figure 1 The pillars of a multi-reader study for prostate cancer detection. (A) Part A summarizes the factors involved in CAD system 
development stage, and (B) part B lists the parameters of a CAD multi-reader study. Under key parameters/steps column, the essential 
elements for a multi-reader study are shown (orange boxes) along with the ideal multi-reader study components (yellow boxes). mpMRI, 
multiparametric magnetic resonance imaging; ERC, endorectal coil; Bx, biopsy; RP, Radical Prostatectomy; CAD, computer-aided 
detection; PI-RADS, Prostate Imaging Reporting & Data System.
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from 3.0 to 5.0). This allowed readers to make elaborate 
interpretations of the AI output. For instance, among two 
lesions with a PI-RADS score of 4, LoS score of 4.3 is more 
likely to convince the readers than a score of 3.5. Mere PI-
RADS scores do not indicate how certain the AI is in its 
classification. 

Apart from LoS scores of the algorithm, radiologists 
also provided readers’ level of suspicion (rLoS) scores for 
each lesion during the reading sessions. rLoS was a more 
detailed version of PI-RADS scoring as it ranged from 
3.0 to 5.0 with an interval of 0.5 allowing the reader to 
assign intermediate scores such as 3.5 and 4.5. The authors 
investigated the association between MRI-based scoring 
and cancer grades. They have concluded that correlation 
between the MRI-scores and cancer grades improved 
from 0.45 to 0.57 (P<0.03) with DL-CAD assistance. 
However, the authors did not focus on the lesion location 
or MRI-scores as possible factors influencing the DL-CAD 
performance. Prior evidence suggested that CAD may be 
more helpful in lesions with lower MRI scores (9) or lesions 
located in transition zone (11). Further assessment of the 
CAD contribution on cancer detection stratified by MRI 
risk categories and lesion localizations would be valuable for 
investigation.

In addition to the reader performances, multi-reader 
studies should also report the statistical results of the 
algorithm alone. This will allow the other investigators to 
have an overall idea about the capability of the AI model. 
For instance, an AI model achieving 70% sensitivity on 
its own is less likely to improve the performance of a 
reader with a sensitivity of 80%. In their study, Labus et al. 
indicated the statistical metrics for the DL-CAD system 
alone (7). The apparent increase in average sensitivity of 
all readers for ISUP GG ≥1 PCa detection was not high 
enough (from 79% to 84%) to be statistically significant 
which could be explained by the limitations of the algorithm 
as it achieved 79% sensitivity with an AUC of 0.83 on its 
own. Similarly, the AUC of the less-experienced readers 
improved from 0.66 to 0.80 (P=0.001) with the assistance of 
DL-CAD, however, this improvement was not confirmed 
(0.81 vs. 0.86, P=0.146) among the experienced radiologists.

Labus et al. have noted that the median reading time 
improved by 7 seconds across all readers (7). However, 
prior research has shown controversial results regarding 
the reading times with CAD assistance (10,11,13,14). The 
reader experience, CAD mode of assistance (heatmap, 
bounding box, arrow), and the robustness of CAD are 

among the potential factors affecting the reading times. 
One should be cautious when interpreting the results 
regarding reading time comparisons. The slight changes in 
image evaluation times may not be clinically meaningful, 
as the readers are aware they are participating in ongoing 
research and none of their reports will change the patient 
management. Although these measurements are necessary 
for guiding the future studies, the influence of CAD on 
reading times can only be assessed in prospective studies. 

In conclusion, multi-reader studies such as Labus et al.’s  
work (7), hold a great value in simulating the real-life 
utilization of computer-aided detection (CAD) systems in 
prostate cancer detection. The knowledge gap between 
novice and expert readers may be filled with the assistance 
of CADs. However, the true benefit/caveat of CAD systems 
will be uncovered in prospective studies, where the CAD-
assistance will be used for actual clinical decision making, 
specifically for prostate biopsies. 
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