The importance of multi-reader assessment for external validation of prostate lesion
classification models using quantitative mpMRI.
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SYNOPSIS

Machine learning for classifying prostate mpMRI lesions may help reduce unnecessary
biopsies. However, external validation with multiple scanners and readers is required before
the clinical adoption of such models can be considered. Two readers validated a previously
published and well-performing logistic regression model on an external cohort. The model
performance was not generalisable and offered no advantage to using PSAd cut-offs, and
there was marked variation in model score related to contour differences from different
readers. This potential variability should be investigated in future models which use
quantitative MRI.

MAIN BODY

INTRODUCTION

1in 2 men with a suspicious lesion on prostate mpMRI will undergo biopsy that turns out to
be negative for clinically significant cancer. Machine learning methods may be applied to
reduce the number of unnecessary biopsies but have so far not been clinically accepted due
to a lack of external validation, including multi-scanner datasets and multi-reader
assessment?. A previously published logistic regression (LR) model using mpMRI metrics has
shown good performance for classifying peripheral zone lesions achieving a
sensitivity/specificity of 90%/51% for clinically significant disease, however, this population
was not representative of clinical practice and the impact of contour variation was not
assessed?.

METHODS

An external validation cohort composed of a prospective cohort of consecutive patients
suspected of prostate cancer who underwent prostate mpMRI and subsequent MR-targeted
biopsy3. Patients were excluded if they had only transition zone lesions or significant
artefacts that hampered the lesion's localisation. Two readers, blinded to histological
outcome, manually contoured the same index lesions independently: a board-certified
radiologist and a clinical fellow with seven and three years of experience in prostate mpMRI,
respectively. Contours were drawn around the lesion where the reader deemed it most
conspicuous on a single slice of the T2WI, ADC map and a single frame from the early DCE



images. Readers also drew contours within the obturator internus muscle on the T2WI and
early DCE imaging. Quantitative metrics were extracted using MIM version 7.1.4 (MIM
Software inc.). Normalised mean T2WI signal intensity (T2-nSl), mean ADC value, and
normalised mean early DCE signal intensity (DCE-nSl) were derived, as previously described,
and predictive probability scores were calculated per patient using the LR model equation®.
The previously reported threshold (>0.14) was applied within the validation cohort to
calculate the sensitivity and specificity for each reader to classify clinically significant disease
(Gleason grade >3+4 or 24mm maximum cancer core length) and compared to two PSAd
cut-off strategies (Likert >4 or PSAd >0.12/0.15). Model performance was assessed further
with ROC-AUC and calibration plots. Inter-reader variability of the overall model score and
individual model predictors were assessed with Bland-Altman plots.

RESULTS

The final validation cohort consisted of 152 patients, with 69 (45.4%) testing positive for
clinically significant cancer on biopsy. Demographics of the cohort are presented in Table 1.
The sensitivity, specificity and AUC of the LR model using contours from each reader were
96%/19%/0.70 and 97%/17%/0.75, respectively (Figure 1). Using the PSAd cut-off strategies
resulted in a sensitivity/specificity of 94%/39% and 93%/58% for PSAd>0.12 and 0.15,
respectively. For either reader, sensitivity was not significantly different to either PSAd
strategy (p=0.45), but specificity was significantly lower (p<0.01). Calibration of the LR
model scores was poor for both readers and tended to underestimate the risk of cancer
(Figure 2). All three model predictors varied between readers with wide limits of agreement,
with no apparent systematic bias between disease status or the mean predictor values. The
resulting model score also suffered from clinically significant variation, with limits of
agreement between -103.0. and 95.95% (Figure 3).

DISCUSSION

We conducted a multi-reader external validation of a previously published logistic
regression model for classifying suspicious peripheral zone prostate lesions on mpMRI.
Although the model maintained a high sensitivity for both readers, the specificity was
poorer than previously reported and did not offer an advantage over PSAd cut-offs, as
recommended®. Poor calibration meant that the predictive probability scores could not be
confidently used to quantify the risk of significant cancer and tended to underestimate
actual risk. This lack of generalisability and adequate calibration could be attributed to the
change in cohort characteristics, notably the MR scanners and clinical setting. In addition,
there was considerable variation in the value of individual predictors between readers,
significantly affecting the overall model score. DCE-nSI differences between readers seemed
to have the most substantial effect on the final model score (Figure 3). Inter-reader
variability for prostate MRI lesion contouring is well known, and the compounded effect of
using multiple-sequence contours has likely caused the variation in model score between
readers®. As well as differences in the outline of contours, readers make additional



subjective choices, including the selection of slice and time-point for DCE images. An
example of reader contours in a discordant case is shown in figure 4. Future models may
mitigate this by reducing required contours, using volumes rather than a single slice, or
automated methods for lesion segmentation. Careful thought into the clinical application of
models is required to reduce the impact of subjective factors influencing the model.
Regardless of contouring methods, testing the reproducibility of radiomic markers from MRI
is recommended at the model-building stage, both between readers and scanners, to
improve the chances of generalisability”.

CONCLUSIONS

We could not demonstrate good generalisable performance of a logistic regression model in
a multi-scanner population, and it did not offer an advantage over clinically available PSAd
cut-off strategies for reducing biopsies. There was marked variation between readers in the
model predictors and overall score, highlighting the importance of external validation and
testing the robustness of radiomic markers used in quantitative MRI with multi-reader
studies, where subjective decisions such as contouring are required.

SUMMARY OF MAIN FINDINGS

External validation and multi-reader studies are required to assess the robustness and
generalisability of radiomic markers for quantitative prostate mpMRI lesion classification
requiring manually-drawn contours.
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Table 1. Demographics for external validation cohort (N=152)

Characteristic Patients
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(N=152)

Age, year (SD) 64.8 (+7.3)
Gleason score (%)
No cancer 73 (48)
3+3 13 (9)
3+4 41 (27)
3+5 1(1)
4+3 19 (12)
4+4 2(1)
445 2(1)
5+4 1(1)
Likert score (%)
3 70 (46)
4 47 (31)
5 35 (23)
PSA (IQR) 6.78 (4.94, 9.46)
PSAd (IQR) 0.13 (0.10, 0.22)
Field strength (%)
1.5T 76 (50)
3T 76 (50)
MR model (%)
Philips Achieva 63 (41)
Philips Ingenia 13 (9)
Siemens Avanto 74 (49)
Siemens Symphony 2(1)

(PSA — Prostate Specific Antigen, PSAd — Prostate Specific Antigen Density, SD — Standard
Deviation, T —Tesla)



100
80
> 60
=
."ﬁ
c
©
w 40
[
] // F————- Reader 1
20 /,’ i Reader 2
/ Likert =4
7
Likert =4 or PSAd =0.15
0 b Likert 24 or PSAd =0.12
| I | | | |
0 20 40 60 80 100

100 - specificity

Figure 1. Receiver operatic characteristic (ROC) curve for the LR model using contours from
Reader 1 (Red) and Reader 2 (Orange), with sensitivity and specificity plots with 95%
confidence intervals for each reader at LR model threshold (>0.14), and Likert/PSAd cut-offs.
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Figure 2. Calibration plot for predicted LR model score probability against observed
probability of clinically significant cancer in validation cohort, with LOESS smoothed

nonlinear curve for both Reader 1 (left) and Reader 2 (Right).
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Figure 3. Bland-Altman analysis of individual predictors T2-nSI (Row 1), ADC (Row 2), DCE-
nSl (Row3) and final model score (Row 4) between both readers. Column1 - Reader 1 versus
Reader 2 values. Column 2 - Percentage difference between readers against average value
of readers with mean difference and limits of agreement (LoA). Column 3 - Difference in
predictor value against difference in final model score.
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T2-nSI: R1= 3.454,

=3.473 ADC: R1=0.855, ”=0.789 DCE-nSI: R1=1.101, 2= 1.211
Model score: R1=0.139 (LR negative), ~= 0.306 (LR positive)

Figure 4. Example of contour, predictor and model score variation for the same lesion

between reader 1 (red) and reader 2 (orange) in a discordant case with biopsy proven
Gleason 4+3 disease.



