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Abstract

Background: The presence of invasive cribriform adenocarcinoma (ICC), an expanse of cells 

containing punched-out lumina uninterrupted by stroma, in radical prostatectomy (RP) specimens 

has been associated with biochemical recurrence (BCR). However, ICC identification has only 

moderate inter-reviewer agreement.

Objective: To investigate quantitative machine-based assessment of the extent and prognostic 

utility of ICC, especially within individual Gleason grade groups.

Design, setting, and participants: A machine learning approach was developed for ICC 

segmentation using 70 RP patients and validated in a cohort of 749 patients from four sites whose 

median year of surgery was 2007 and with median follow-up of 28 mo. ICC was segmented 

on one representative hematoxylin and eosin RP slide per patient and the fraction of tumor area 

composed of ICC, the cribriform area index (CAI), was measured.

Outcome measurements and statistical analysis: The association between CAI and BCR 

was measured in terms of the concordance index (c index) and hazard ratio (HR).

Results and limitations: CAI was correlated with BCR (c index 0.62) in the validation set of 

411 patients with ICC morphology, especially those with Gleason grade group 2 cancer (n = 192; 

c index 0.66), and was less prognostic when patients without ICC were included (c index 0.54). A 

doubling of CAI in the group with ICC morphology was prognostic after controlling for Gleason 

grade, surgical margin positivity, preoperative prostate-specific antigen level, pathological T stage, 

and age (hazard ratio 1.19, 95% confidence interval 1.03–1.38; p = 0.018).

Conclusions: Automated image analysis and machine learning could provide an objective, 

quantitative, reproducible, and high-throughput method of quantifying ICC area. The CAI 

performance for grade group 2 cancer suggests that for patients with little Gleason 4 pattern, 

the ICC fraction has a strong prognostic role.

Patient summary:

Machine-based measurement of a specific cell pattern (cribriform; sieve-like, with lots of spaces) 

in images of prostate specimens could improve risk stratification for patients with prostate cancer. 

In the future, this could help in expanding the criteria for active surveillance.
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1. Introduction

Estimates of prostate cancer aggressiveness are based on several clinical factors, including 

tumor stage, prostate specific antigen (PSA) levels, and tissue morphology evaluated via 

Gleason grading [1]. Using the Gleason grading system, a pathologist categorizes all 

morphological patterns seen in tumor tissue into one of five patterns, with the Gleason score 

for a radical prostatectomy (RP) specimen being the sum of the two most common patterns 

[2]. One pattern, cribriform, is graded as Gleason pattern 4, and appears as an expanse 

of carcinoma cells containing multiple gland lumina and no intervening stroma [3–5]. The 

presence of any amount of cribriform morphology has been correlated with worse outcomes 

compared to other types of pattern 4 [4,6–10], although some groups have reported that 

cribriform morphology tends to be prognostic only for patients with low Gleason scores 

[11,12].

Despite its importance, studies of cribriform morphology have been hampered by the high 

degree of interobserver disagreement for cribriform identification [13]. A variety of patterns 

in both benign and malignant tissue have been described as cribriform in the literature, 

and not all such patterns carry the same risk [14]. The close resemblance of ill-formed 

and fused glands to cribriform morphology and the distinction made by some groups 

between small and large cribriform patterns further complicate diagnostic agreement [15]. 

The extent of these challenges raises the possibility that a computationally derived index 

could provide a more reproducible assessment of cribriform extent on pathology slides. As 

a result of the increase in the consistency of cribriform area quantification, this index could 

be more robustly associated with biochemical recurrence (BCR) than area estimations by a 

pathologist. In particular, cribriform area measurement has the potential to add prognostic 

value within Gleason grade groups.

Machine learning has been applied to several problems in prostate pathology, including 

diagnosis [16,17], Gleason grading [18–20], and outcome prognostication [21]. These 

approaches rely on extraction of computerized morphology features for elements such 

as glands, nuclei, and image texture. By contrast, our computational approach leverages 

previous work on the prognostic power of invasive cribriform adenocarcinoma (ICC) 

morphology to use automated delineation of that pattern for risk assessment. In addition, 

while previous work has used machine learning for Gleason grading, relatively few 

studies have attempted to correlate automated pattern assessment with disease outcome. In 

particular, computerized grading approaches have not explicitly accounted for the potential 

role of ICC morphology in determining outcome or how ICC content may have a differential 

prognostic value for different grade groups.

Here we present an automated method for quantification of ICC area, called the cribriform 

area index (CAI), which is a measure of the proportion of specimen tumor tissue that 
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is composed of ICC. Our approach uses deep learning (DL), a type of machine learning 

in which an artificial neural network is given images and annotations and then learns to 

replicate the annotations on new images [22], to identify ICC patterns on digitized pathology 

slides. Via CAI, we evaluated the association between ICC area and BCR risk in the study 

population overall, in each Gleason grade group, and as an additional marker after patients 

were stratified by a machine learning model based on lumen morphology. A large, multi

institutional, retrospectively collected cohort was used to validate CAI across variations in 

specimen preparation and digitization.

2. Patients and methods

2.1. Data set description

Data for a total of 819 patients were retrospectively collected from four institutions: the 

University of Pennsylvania (UPenn), New York-Presbyterian/Weill Cornell Medical Center 

(WCMC), The Cancer Genome Atlas (TCGA), and University Hospitals Cleveland Medical 

Center (UHCMC), in accordance with institutional review board–approved protocols at each 

site. The data set is described in Table 1. A single slide from each patient was used in 

accordance with the design of companion diagnostic validation studies in prostate cancer, 

in which a small tissue sample is selected for molecular analysis [23–25]. To select this 

slide, all slides from each case were obtained from the archives at the source institution 

and reviewed by a pathologist there. A diagnostic slide representing all salient features of a 

particular cancer case was then selected. For each case, the selected slide therefore reflected 

the grade group, morphology, and stage to the best possible degree. This slide generally 

also contained the dominant focus of the cancer. A pathologist then annotated a single 

representative tumor region on each digital image. Inclusion criteria for the study were a 

successfully digitized hematoxylin and eosin slide, at least 30 d of post-RP PSA follow-up, 

PSA <0.2 ng/ml after surgery, and no history of neoadjuvant or adjuvant therapy. BCR-free 

survival was measured from the date of surgery to the date of the second consecutive PSA 

test result >0.2 ng/ml for patients with BCR, and censored at the date of last PSA test for 

those without BCR.

The training set (ST) was chosen to contain enough patients to train the ICC segmentation 

model while maximizing the size of the validation set, and consisted of 70 patients from 

UPenn whose slides were scanned on a different scanner than for the other UPenn patients. 

ST was used to train both the ICC DL segmentation model and the machine learning model 

that CAI augmented. The prognostic value of CAI was then evaluated using the validation 

set (SV) consisting of the remaining 749 patients.

2.2. DL-based detection and segmentation of ICC

ST was used to train and test the UNet-inspired [26] DL segmentation model. Images were 

searched for fields of view containing ICC, which were then annotated and used for model 

training. In total, 325 tiles from 36 patients, comprising the ICC set, were used to train the 

ICC segmentation model, and for every tile with ICC annotations, both pathologists agreed 

that ICC was present. This process is shown in Figure 1. This model produced a pixel-wise 

true positive rate of 0.94 and true negative rate of 0.79.
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The ICC segmentation model was applied to the annotated tumor region of each image 

in SV and the results were reviewed to qualitatively assess the model performance. CAI 

was calculated for each patient as the proportion of the annotated tumor area that was 

composed of ICC. Further details on the model training and validation are provided in the 

Supplementary material.

2.3. Statistical analysis

The association between BCR and CAI was analyzed in SV with CAI as both a categorical 

and a continuous variable in. First, outcomes of a high-CAI subset, defined as CAI >0.10, 

were compared with the CAI ≤0.10 set using log-rank p value and hazard ratios (HRs). 

Second, the added risk correlated with an increase in CAI was evaluated with CAI as a 

continuous variable using by Harell’s concordance index (c index) in SV overall and in 

each Gleason grade group. The third analysis compared the risk of increasing CAI on 

a categorical basis using HRs between four groups: no ICC (CAI 0), and a small (CAI 

0–0.05), moderate (CAI 0.05–0.15), or large (CAI >0.15) amount of ICC. CAI was then 

assessed for prognostic independence in a Cox multivariable proportional-hazards model 

with Gleason grade, surgical margin positivity, preoperative PSA, pathological T stage, and 

age at surgery. For the multivariable analysis, only patients with CAI >0 were considered, 

and the hazard associated with CAI was assessed for doubling of CAI to model how small 

absolute differences can represent large relative differences at small CAI values.

CAI was also combined with a machine learning model based on gland lumen morphology, 

the lumen-based prognosis model (LPM), to investigate the prognostic value of CAI added 

to the machine learning model. The development of this model was described by Leo et al 

[27], although that study used a larger training set, while the LPM here was trained only 

on the 70 patients in ST. Patients identified as LPM high-risk were further stratified by the 

presence of substantial ICC, defined as CAI >0.10. The HR was then computed between 

the LPM low-risk, LPM high-risk low-CAI, and LPM high-risk high-CAI groups. Analyses 

were performed using Python v3.6.6 and MATLAB v2019b.

3. Results

3.1. Association between CAI and BCR in SV

Figure 2 shows ICC segmentation results for patients in SV. CAI was moderately correlated 

with the size of the largest ICC area in an image (Spearman correlation coefficient 0.65; p < 

0.001). As shown in Figure 3, owing to variability in tumor area, there were some patients 

with high CAI with only small ICC regions, and vice versa. CAI was prognostic in the 411 

SV patients who had ICC morphology (defined as CAI >0), with a c index of 0.62, but was 

weakly correlated with BCR in SV overall (c index 0.54). Doubling of CAI was prognostic 

independent of Gleason grade, surgical margin positivity, preoperative PSA, pathological 

T stage, and age at surgery among the 298 patients with ICC (HR 1.19, 95% confidence 

interval [CI] 1.03–1.38; p = 0.018; Table 2). Patients with a substantial amount of ICC (CAI 

>0.10) were at much higher risk of BCR than patients with CAI below this threshold (HR 

1.65, 95% CI 1.13–2.40; p = 0.003), as seen in Figure 4.
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Figure 4 also shows survival profiles for patients with no ICC (CAI 0) and small (CAI 

0–0.05), moderate (CAI 0.05–0.15), and large (CAI >0.15) amounts of ICC. While there was 

no clear difference in risk between patients with CAI 0 and CAI >0, the low-CAI group had 

significantly better survival than the moderate-CAI group, and the latter had a nonsignificant 

difference in survival from the high-CAI group.

While the proportion of patients for whom ICC was detected ranged between 39% and 72% 

across sites (Table 3), the median CAI and c index for CAI among patients with CAI >0 

were similar across sites, with the exception of the TCGA data, which had only seven BCR 

events, complicating site-specific analysis of those patients.

3.2. Prognostic value of CAI in specific Gleason grade groups

Table 3 shows that the prognostic value of CAI varied between Gleason grade groups, with 

the highest c index (0.66) observed for patients with Gleason grade group 2 cancer with 

ICC. Notably, ICC was detected in 57 patients (39%) with Gleason grade group 1 disease; 

however, all of these patients had surgery before 2016 and therefore may have had some 

cribriform patterns graded as pattern 3 instead of pattern 4 [28].

3.3. CAI further stratifies the LPM high-risk group

For the purpose of developing the LPM, a DL model for gland lumen segmentation was 

trained on 41 1 mm × 1 mm tiles containing 4927 annotated gland lumens from 37 slides 

from ST. This model yielded a per-pixel true positive rate of 0.94, true negative rate of 0.97, 

and F1 score of 0.90 on the four holdout regions used for model testing.

Gland lumens were then segmented in the tumor regions of all 819 images. On the basis 

of previous work in prostate cancer [16], 216 descriptors of morphology and architecture 

were extracted from lumen segmentations and a further 26 Haralick texture features from 

the entire tumor region. As ST was composed of two 35-patient cohorts collected at different 

times, features that were unstable between these two cohorts [29] were removed.

The 115 stable features were used to train a Cox regression model and perform feature 

selection via tenfold elastic-net regularization (α = 0.5). The final LPM, containing five 

features, was then applied to each slide to calculate a risk score for each patient. A risk score 

threshold was learned on ST to maximize the difference in survival time between predicted 

low-risk and high-risk patients.

The LPM was prognostic in SV (HR 1.62, 95% CI 1.20–2.18; p = 0.003) by itself, and its 

prognostic power was improved by addition of CAI. The group of LPM high-risk patients 

with CAI >0.10 had a much higher BCR rate than the group with LPM low-risk or the group 

of LPM high-risk patients with CAI ≤0.10, especially within 2.5 yr of surgery. Of the five 

features selected for the LPM, three described the range in lumen shape across the tumor, 

one was a measure of uniformity in lumen orientation, and the last was the average distance 

between lumens. All of these features were positively correlated with BCR-free survival.
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4. Discussion

According to some estimates, 40% of RP patients experience BCR [30] and the associated 

higher risk of metastasis and disease-specific mortality [31]. The current gold standard for 

BCR prognosis—nomograms—relies heavily on Gleason scoring, which has known inter

reviewer variability [32,33]. Therefore, there have been efforts to go beyond Gleason scoring 

and directly correlate specific architectural patterns with outcome. Cribriform morphology 

has been correlated with poor outcomes, and was found in 16% of non-BCR cases but 

61% of BCR cases [34] and in 81% of all metastatic cases [12], with an odds ratio 

for BCR of 1.173 per additional 1 mm2 in cribriform area [6]. However, these studies 

relied on manual identification of cribriform morphology and usually did not examine the 

relationship between the amount of cribriform pattern and outcome [4,6]. In part because of 

the time-intensive nature and limited reproducibility of manual identification of cribriform 

morphology [13], large, multi-institutional studies relating the amount of cribriform pattern 

to outcome have not been conducted.

To mitigate these challenges, we used a combination of quantitative image analysis and 

machine learning for ICC segmentation in this study. The DL-based method allowed us 

to study the prognostic value of cribriform morphology in a validation set of 749 patients 

from four institutions. The association of CAI with elevated BCR risk is consistent with 

literature on the prognostic value of cribriform morphology [7,11,12], including studies that 

found that the presence of large cribriform foci was more prognostic than the presence 

of small foci [4,6,35]. This suggests that the automated method was sufficiently robust to 

be useful for BCR prognosis. The prognostic value of CAI was consistent between sites, 

which may imply that CAI is resilient and robust to site-specific preanalytic variations and 

batch effects. With the recent adoption of guidelines that include the reporting of cribriform 

morphology in pathology reports [36,37], these findings may assist in the development of 

digital pathology platforms to aid in identifying high-risk morphological patterns.

An increase in CAI was most strongly correlated with BCR for patients with Gleason grade 

group 2 disease, with a c index of 0.66 among patients with ICC morphology. It may be the 

case that for patients with a small amount of Gleason pattern 4, the fraction of the pattern 

4 morphology that is ICC is especially prognostic of BCR. Kir et al [11] found that the 

presence of cribriform pattern was significantly associated with BCR in Gleason score 3 + 

3 cases, but not in other cases. That study used data predating the adoption of standards to 

grade all cribriform morphology as Gleason pattern 4, but supports the findings here that 

ICC is most prognostic in cases with very little overall pattern 4 morphology. Similarly, 

Kweldam et al [12] found that the presence of cribriform morphology was significantly 

associated with disease-specific death for patients with Gleason score 3 + 4, but not for those 

with Gleason score 4 + 3.

The prognostic value of ICC in Gleason grade group 2 is especially relevant in the context 

of identifying patients who would be candidates for active surveillance. While active 

surveillance has traditionally been restricted to patients with grade group 1 cancer [38], there 

is evidence that patients with grade group 2 disease may also benefit from more conservative 

management [39]. However, patients in this group have diverse outcomes, and identification 
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of which patients are truly at low risk remains a challenge [40]. Automated ICC analysis 

could potentially serve as an additional determinant of active surveillance eligibility, as 

previous studies using human readers have recommended [41].

There has recently been a surge in interest in machine learning applications, both 

handcrafted and DL-based, for digital pathology. These include automated prostate cancer 

detection and Gleason grading [17–20] and outcome prognosis [21,22,42–44]. The black

box nature of DL approaches poses a challenge to their validation and certification, 

especially since site-specific differences in specimen preparation may affect the model in 

unexpected ways that are difficult to detect. Although DL was used in this study, it was 

not applied for directly prognosticating outcome, but for defining CAI. In this way, the 

prognostic power of CAI is rooted in previous work establishing the utility of ICC, with the 

segmentation results being straightforward to scrutinize and evaluate.

CAI also added value to a BCR prognosis model, the LPM based on features of gland lumen 

morphology, and revealed an ultra-high-risk group among patients who were both identified 

as at high risk by the LPM and had CAI >0.10. In this case, the ability to simultaneously 

quantify lumen morphology and recognize a specific tissue pattern—ICC—improved the 

prognostic performance.

This study does have some limitations. While the training data set was annotated for 

ICC morphology, immunohistochemistry was not available for differentiating ICC from 

other cribriform patterns or intraductal carcinoma. As ICC identification has imperfect 

concordance, it is possible that a model trained on a different pathologist’s annotations 

would perform differently. However, this may not pose a problem, since CAI was validated 

for prognosis rather than agreement with pathologists. Although a head-to-head comparison 

was not performed, CAI is more efficient and reproducible in quantifying ICC extent than 

pathologist assessments. In addition, since the original Gleason grade was used for each 

slide, not all slides were graded according to the latest guidelines [28]. This potentially 

affected the results for CAI within grade groups, but appears unlikely to have had an impact 

on the overall conclusion that CAI was prognostic of BCR. Finally, cribriform content was 

not a criterion for slide selection, and it is possible that some patients would have had 

very different CAI values if all slides had been considered. The results of this study may 

encourage undertaking of the large effort needed to digitize all the slides for many cases for 

a more comprehensive assessment and characterization of cribriform patterns.

5. Conclusions

In this study, tumor ICC content, as quantified via a deep learning model, was prognostic 

of BCR, with more ICC associated with higher risk of BCR. In addition, ICC content was 

most prognostic in Gleason grade group 2, an intermediate-risk group that may benefit from 

additional prognostic markers, especially in the active surveillance setting. This suggests 

that analysis of cribriform morphology may be included in future prognostic tools for 

prostate cancer, particularly ones that rely solely on automated visual analysis. CAI may 

also add prognostic value to existing postoperative nomograms [1,45] through reproducible 

quantification of ICC area.
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Fig. 1 –. 
Overall study workflow with development of the ICC segmentation model, CAI calculation, 

and LPM development and validation.

CAI = cribriform area index; ICC = invasive cribriform adenocarcinoma; LPM = lumen

based prognosis model; ST = training set; SV = validation set
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ig. 2 –. 
Automated ICC segmentation results, shown as yellow shading, for patients in the validation 

set categorized by cribriform area index and outcome. (A) Patients without ICC and long 

BCR-free survival. (B) Patients with ICC and early BCR. (C) Patients with ICC and early 

BCR in grade group 2. (D) Patients with ICC and long survival. False-positives in ICC 

detection are most apparent in D, suggesting that improved ICC segmentation could further 

stratify patients by risk.

BCR = biochemical recurrence; ICC = invasive cribriform adenocarcinoma.
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Fig. 3 –. 
Comparison of CAI and size of largest ICC region for the 411 patients in the validation 

set with CAI >0, with each patient represented as a dot. (A) All 411 patients and (B) 401 

patients with ten outliers excluded to aid in visualization. CAI was moderately correlated 

with maximum ICC area (Spearman correlation coefficient 0.65; p < 0.001).

CAI = cribriform area index; ICC = invasive cribriform adenocarcinoma.
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Fig. 4 –. 
BCR-free survival in groups stratified by CAI among the 749 patients in the validation set. 

(A) Using a single threshold, the group with CAI ≤0.10 had significantly better survival than 

the group with CAI >0.10. (B) Using multiple thresholds, the group with CAI between 0 

and 0.05 had significantly better survival than the other groups; the other groups had no 

significant differences in survival. (C) Validation set patients stratified by LPM. (D) LPM 

high-risk patients further stratified by CAI >0.10.

BCR = biochemical recurrence; CAI = cribriform area index; HR = hazard ratio; LPM = 

lumen-based prognosis model.
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Table 1–

Clinical parameters for the 819 patients in the study cohort

Variable Training set Validation set

UPenn UHCMC UPenn TCGA WCMC Total

Patients (n) 70 146 350 174 79 749

Race, n (%)

 Caucasian 63 (90.0) 92 (63.0) 231 (66.0) 69 (39.7) 0 (0.0) 392 (52.3)

 African American 7 (10.0) 35 (24.0) 111 (31.7) 3 (1.7) 79 (100.0) 228 (30.4)

 Other 0 (0.0) 6 (4.1) 8 (2.3) 1 (0.6) 0 (0.0) 15 (2.0)

 Unknown 0 (0.0) 13 (8.9) 0 (0.0) 101 (58.0) 0 (0.0) 114 (15.2)

Median age, yr (IQR) 59 (55–65) 61 (57–64) 61 (56–66) 61 (55–65) 61 (56–66) 61 (55–66)

 Unknown (n) 0 131 0 0 0 131

pT stage, n (%)

 pT2 36 (51.4) 9 (6.2) 163 (46.6) 90 (51.7) 63 (79.7) 325 (43.4)

 pT3 
a 0 (0.0) 2 (1.4) 1 (0.3) 0 (0.0) 0 (0.0) 3 (0.4)

 pT3a 23 (32.9) 5 (3.4) 139 (39.7) 52 (29.9) 11 (13.9) 207 (27.6)

 pT3b 11 (15.7) 2 (1.4) 47 (13.4) 27 (15.5) 5 (6.3) 81 (10.8)

 pT4 0 (0.0) 0 (0.0) 0 (0.0) 2 (1.1) 0 (0.0) 2 (0.3)

 Unknown 0 (0.0) 128 (87.7) 0 (0.0) 3 (1.7) 0 (0.0) 131 (17.5)

N stage, n (%)

 N0 70 (100.0) 11 (7.5) 345 (98.6) 125 (71.8) 78 (98.7) 559 (74.6)

 N1 0 (0.0) 0 (0.0) 2 (0.6) 24 (13.8) 1 (1.3) 27 (3.6)

 Unknown 0 (0.0) 135 (92.5) 3 (0.9) 25 (14.4) 0 ( 0.0) 163 (21.8)

Median PSA, ng/ml (IQR) 8 (5–11) 6 (5–8) 6 (5–9) 6 (5–9) 6 (4–8) 6 (5–9)

 Unknown 0 66 4 5 3 78

RP grade group, n (%)

 1 8 (11.4) 35 (24.0) 74 (21.1) 20 (11.5) 17 (21.5) 146 (19.5)

 2 38 (54.3) 81 (55.5) 163 (46.6) 72 (41.4) 40 (50.6) 356 (47.5)

 3 16 (22.9) 13 (8.9) 68 (19.4) 43 (24.7) 15 (19.0) 139 (18.6)

 4 4 (5.7) 2 (1.4) 22 (6.3) 23 (13.2) 1 (1.3) 48 (6.4)

 5 4 (5.7) 4 (2.7) 21 (6.0) 16 (9.2) 6 (7.6) 47 (6.3)

 Unknown 0 (0.0) 11 (7.5) 2 (0.6) 0 (0.0) 0 (0.0) 13 (1.7)

PSM, n (%) 30 (42.9) 9 (6.2) 207 (59.1) 29 (16.7) 8 (10.1) 253 (33.8)

 Unknown 0 (0.0) 131 (89.7) 1 (0.3) 16 (9.2) 0 (0.0) 148 (19.8)

Median FU for CPS, mo (IQR) 22 (10–54) 79 (59–104) 27 (18–55) 17 (8–30) 22 (4–45) 28 (15–62)

Patients with BCR, n (%) 35 (50.0) 46 (31.5) 114 (32.6) 7 (4.0) 10 (12.7) 177 (23.6)

BCR = biochemical recurrence; CPS = censored patients; FU = follow-up; IQR = interquartile range; PSA = prostate-specific antigen 
(preoperative); PSM = positive surgical margin; RP = radical prostatectomy; TCGA = The Cancer Genome Atlas; UHCMC = University Hospitals 
Cleveland Medical Center; UPenn = University of Pennsylvania; WCMC = New York-Presbyterian/Weill Cornell Medical Center.

a
Substaging information for pT3 unavailable for these cases.
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Table 2 –

Cox proportional-hazards univariable and multivariable analysis of risk factors for biochemical recurrence for 

the 298 patients in the validation set who had detectable invasive cribriform carcinoma (CAI >0) and data 

available for all covariates

Variable Univariable Multivariable

HR (95% CI) p value CAI continuous CAI categorical

HR (95% CI) p value HR (95% CI) p value

log2 CAI 1.31 (1.14–1.51) <0.001 1.19 (1.03–1.38) 0.018

CAI >0.10 vs ≤0.10 2.30 (1.40–3.76) <0.001 – – 1.66 (0.97–2.85) 0.063

Gleason grade group

 1 Reference Reference Reference

 2 1.40 (0.51–3.79) 0.512 0.60 (0.21–1.69) 0.332 0.62 (0.22–1.74) 0.362

 3 2.55 (0.95–6.84) 0.063 0.88 (0.30–2.56) 0.816 0.96 (0.33–2.80) 0.942

 ≥4 3.46 (2.06–5.81) <0.001 1.77 (0.60–5.17) 0.299 1.85 (0.63–5.46) 0.265

PSM 2.46 (1.48–4.10) <0.001 1.59 (0.92–2.77) 0.098 1.54 (0.88–2.71) 0.129

log2 PSA in ng/ml 1.92 (1.50–2.45) <0.001 1.63 (1.25–2.12) <0.001 1.62 (1.24–2.10) <0.001

Stage ≥pT3 vs <pT3 4.02 (2.22–7.28) <0.001 2.23 (1.13–4.37) 0.020 2.18 (1.11–4.30) 0.024

Age at surgery in years 1.05 (1.01–1.09) 0.009 1.03 (0.99–1.06) 0.125 1.03 (0.99–1.06) 0.108

CAI = cribriform area index; CI = confidence interval; HR = hazard ratio; PSA = prostate-specific antigen (preoperative); PSM = positive surgical 
margin.
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Table 3 –

Results for the validation set by site and by Gleason grade group for all patients in each cohort and for the 

subgroup with CAI >0

All patients Patients with CAI >0

n c index n (%) c index Median CAI (IQR)

Site

 UHCMC 146 0.48 92 (63) 0.59 0.08 (0.14)

 WCMC 79 0.56 31 (39) 0.63 0.05 (0.05)

 TCGA 174 0.78 125 (72) 0.90 0.07 (0.15)

 UPenn 350 0.56 163 (47) 0.60 0.06 (0.18)

Gleason grade group

 1 146 0.47 57 (39) 0.52 0.04 (0.06)

 2 356 0.52 193 (54) 0.66 0.04 (0.09)

 3 139 0.43 93 (67) 0.51 0.11 (0.22)

 4 48 0.51 31 (65) 0.62 0.14 (0.23)

 5 47 0.60 31 (66) 0.57 0.13 (0.21)

CAI = cribriform area index; IQR = interquartile range; TCGA = The Cancer Genome Atlas; UHCMC = University Hospitals Cleveland Medical 
Center; UPenn = University of Pennsylvania; WCMC = New York-Presbyterian/Weill Cornell Medical Center.
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