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Abstract

IMPORTANCE Expert-level artificial intelligence (AI) algorithms for prostate biopsy grading have

recently been developed. However, the potential impact of integrating such algorithms into

pathologist workflows remains largely unexplored.

OBJECTIVE To evaluate an expert-level AI-based assistive tool when used by pathologists for the

grading of prostate biopsies.

DESIGN, SETTING, AND PARTICIPANTS This diagnostic study used a fully crossedmultiple-reader,

multiple-case design to evaluate an AI-based assistive tool for prostate biopsy grading. Retrospective

grading of prostate core needle biopsies from 2 independent medical laboratories in the US was

performed between October 2019 and January 2020. A total of 20 general pathologists reviewed

240 prostate core needle biopsies from 240 patients. Each pathologist was randomized to 1 of 2

study cohorts. The 2 cohorts reviewed every case in the opposite modality (with AI assistance vs

without AI assistance) to each other, with themodality switching after every 10 cases. After a

minimum 4-week washout period for each batch, the pathologists reviewed the cases for a second

time using the opposite modality. The pathologist-provided grade group for each biopsy was

compared with themajority opinion of urologic pathology subspecialists.

EXPOSURE An AI-based assistive tool for Gleason grading of prostate biopsies.

MAINOUTCOMESANDMEASURES Agreement between pathologists and subspecialists with and

without the use of an AI-based assistive tool for the grading of all prostate biopsies and Gleason grade

group 1 biopsies.

RESULTS Biopsies from 240 patients (median age, 67 years; range, 39-91 years) with a median

prostate-specific antigen level of 6.5 ng/mL (range, 0.6-97.0 ng/mL) were included in the analyses.

Artificial intelligence–assisted review by pathologists was associated with a 5.6% increase (95% CI,

3.2%-7.9%; P < .001) in agreement with subspecialists (from 69.7% for unassisted reviews to 75.3%

for assisted reviews) across all biopsies and a 6.2% increase (95% CI, 2.7%-9.8%; P = .001) in

agreement with subspecialists (from 72.3% for unassisted reviews to 78.5% for assisted reviews) for

grade group 1 biopsies. A secondary analysis indicated that AI assistance was also associated with

improvements in tumor detection, mean review time, mean self-reported confidence, and

interpathologist agreement.

Key Points

Question Is the use of an artificial

intelligence–based assistive tool

associated with improvements in the

grading of prostate needle biopsies by

pathologists?

Findings In this diagnostic study

involving 20 pathologists who reviewed

240 prostate biopsies, the use of an

artificial intelligence–based assistive tool

was associatedwith significant increases

in grading agreement between

pathologists and subspecialists, from

70% to 75% across all biopsies and from

72% to 79% for Gleason grade group 1

biopsies.

Meaning The study’s findings indicated

that the use of an artificial intelligence

tool may help pathologists grade

prostate biopsiesmore consistently with

the opinions of subspecialists.
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Abstract (continued)

CONCLUSIONSANDRELEVANCE In this study, the use of anAI-based assistive tool for the reviewof

prostate biopsieswas associatedwith improvements in the quality, efficiency, and consistency of can-

cer detection and grading.

JAMANetwork Open. 2020;3(11):e2023267.

Corrected onDecember 15, 2020. doi:10.1001/jamanetworkopen.2020.23267

Introduction

For patients with prostate cancer, the Gleason grade represents one of themost important factors in

risk stratification and treatment.1-3 The current Gleason grade group (GG) system involves

classification into 1 of 5 prognostic groups (GG1 through GG5, with higher GG indicating greater

clinical risk) based on the relative amounts of Gleason patterns (ranging from 3 to 5, with 3 indicating

low-grade carcinomawith well-formed glands and 5 indicating undifferentiated, or anaplastic,

carcinoma) present. Despite its clinical importance, Gleason grading is highly subjective, with

substantial interpathologist variability.4-9 Although urologic subspecialty–trained pathologists have

been reported to have higher rates of concordance with each other as well as higher accuracy than

general pathologists with regard to the risk stratification of patients,10-12 the number of urologic

subspecialists is insufficient to review the large volume of prostate biopsies performed each year.

Several deep learning–based algorithmswith expert-level performance (ie, high agreement with

subspecialist urologic pathologists) for prostate cancer detection and Gleason grading have recently

been developed.13-15 Although it has been suggested that such algorithmsmay be able to improve

the quality or efficiency of biopsy grading by pathologists, this potential has not been formally

investigated. In other areas of pathology, studies have indicated the potential for AI-based assistance

to improve diagnostic performance on tasks such as cancer detection16,17 andmitoses

quantitation.18,19 Initial efforts to understand the impact of AI assistance with regard to more

complex diagnostic tasks, such as cancer subtype classification, have also been described

recently.20-22 To date, the benefit of such algorithms has beenmost clear for computer-aided

detection, primarily aiding the pathologist in detecting small regions of interest that might otherwise

be easily missed or laborious to find. In contrast, computer-aided diagnosis aims to address a more

challenging problem involving both detection and interpretation. To improve diagnostic accuracy in

the grading of prostate biopsies, an assistive tool must have both high performance and the ability

to guide pathologists toward themost accurate interpretation.

In this study, we developed and validated an AI-based assistive tool for prostate biopsy

interpretation. This assistive tool was based on a recently developed deep learningmodel for

prostate biopsy grading.23We tested the use of the tool in a large fully crossedmultiple-reader,

multiple-case study by using a diverse set of prostate biopsies, a rigorous reference standard, and

integration of human-computer interaction insights.

Methods

StudyData andDesign

Deidentified whole slide images of prostate core needle biopsy specimens were obtained using

biopsies from the validation set of a previous study,23 in which the process was described. Biopsies

with nongradable prostate cancer variants or quality issues that precluded diagnosis were excluded.

A set of 240 biopsies (Table 1) was sampled to power for grading performance differences on GG1

biopsies while also approximating clinical distribution among tumor-containing biopsies.24

Additional details are available in the Study Data section of eMethods in the Supplement. The study

was approved by the institutional review board of Quorum (Seattle, Washington) and deemed
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exempt from informed consent because all data and images were deidentified. This study followed

the Standards for Reporting of Diagnostic Accuracy (STARD) reporting guideline.

The design of this fully crossedmultiple-reader, multiple-case diagnostic study is illustrated in

Figure 1A. A total of 240 biopsies were reviewed by 20 pathologists in both AI-assisted and

unassistedmodes between October 2019 and January 2020. All pathologists were board certified in

the US, with a median of 7.5 years (range, 1-27 years) of posttraining clinical experience without

urologic subspecialization. Themedian self-reported prostate biopsy review volumewas 1 to 2 cases

per week (range, 0 to�5 cases per week). Additional details are available in the Study Design section

of eMethods and in eTable 1 in the Supplement.

Digital Design andDevelopment

The deep learning system underlying the assistive tool used in this study has been previously

described.23 In brief, an AI model was trained to perform Gleason grading of prostate biopsies using

pathologist-annotated digitized histologic slides. Additional details are available in the Digital

Assistant Design and Development section of eMethods in the Supplement.

In addition to ensuring an accurate AI model, the development of a useful assistive tool requires

an effective (eg, clear, intuitive, and presenting themost salient informationwithout distraction) user

interface and an understanding of how to use the tool. For this study, the user interface and training

materials were developed via formative user studies and previous research on this topic.25,26 The

final design of the user interface included overall GG classification for the biopsy, Gleason pattern

localization, quantitation of Gleason patterns, and total tumor involvement (Figure 1B). An optional

visualization of the AI confidence level for Gleason pattern interpretations was also created (eFigure 1

in the Supplement). Training materials were developed to provide all pathologists with working

knowledge of the viewer and the assistive tool before reviewing study biopsies. Additional details are

available in the Pathologist Training and Onboarding section of eMethods in the Supplement.

Biopsy Review and Classification

All needle biopsies were independently reviewed by urologic subspecialist pathologists to establish

reference standard GGs. For each biopsy, subspecialists had access to 3 serial sections of hematoxylin

and eosin–stained images as well as a PIN4 (comprising alpha-methylacyl coenzyme A racemase,

tumor protein p63, and high-molecular-weight cytokeratin antibodies) immunohistochemistry–

Table 1. Patient Characteristicsa

Characteristic

No. (%)

ML1 ML2 ML1 and ML2

Total participants, No. 85 155 240

Age at biopsy, y

<65 43 (50.6) 53 (34.2) 96 (40.0)

≥65 37 (43.5) 102 (65.8) 139 (57.9)

Not available 5 (5.9) NA 5 (2.1)

PSA level at biopsy, ng/mL

<10 22 (25.9) 102 (65.8) 124 (51.7)

≥10 2 (2.3) 34 (21.9) 36 (15.0)

Not available 61 (71.8) 19 (12.3) 80 (33.3)

Reference standard grade group

No tumor 20 (23.5) 20 (12.9) 40 (16.7)

Grade group

1 35 (41.2) 75 (48.4) 110 (45.8)

2 10 (11.8) 40 (25.8) 50 (20.8)

3 10 (11.8) 10 (6.5) 20 (8.3)

4-5 10 (11.8) 10 (6.5) 20 (8.3)

Abbreviations: ML, medical laboratory; NA, not

applicable; PSA, prostate-specific antigen.

SI conversion factor: To convert PSA tomicrograms per

liter, multiply by 1.0.

a Biopsies were obtained from 2 independent medical

laboratories (ML1 andML2). One core needle biopsy

per independent case was included in the study.
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stained image. Each biopsy was first reviewed by 2 subspecialists from a cohort of 6 subspecialists

with a median of 20 years (range, 18-34 years) of posttraining experience. For instances in which the

first 2 subspecialists agreed on the final GG (180 cases [75.0%]), that GG was used. If the 2

subspecialists did not agree on the final GG (60 cases [25.0%]), a third subspecialist independently

reviewed the biopsy, and themajority opinion was used.

A total of 20 general pathologists reviewed 240 prostate needle biopsies from 240 cases. Each

pathologist was randomized to 1 of 2 study cohorts. The 2 cohorts reviewed every case in the

modality (with AI assistance vs without AI assistance) opposite to each other, with themodality

switching after every 10 cases. After a minimum 4-week washout period for each batch, pathologists

reviewed the cases for a second time using themodality opposite to what they had previously used.

The pathologist-provided grade group for each biopsywas comparedwith themajority opinion of the

urologic subspecialists.

Pathologists interpreted biopsies based on the 2014 International Society of Urological

Pathology grading guidelines,27 providing GGs as well as tumor and Gleason pattern quantitation.

Clinical information was not provided during grading. The pathologists were asked to review and

Figure 1. User Interface for Artificial Intelligence (AI)–Based Assistive Tool and Summary of Study Design
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A, Each pathologist was randomized to 1 of 2 study

cohorts. The 2 cohorts reviewed every case in the

opposite assistance modality to each other, with the

modality switching after every 10 cases. After a

minimum 4-week washout period for each batch, each

pathologist reviewed the cases for a second time using

the opposite modality. Details of the implementation

of case distribution andwashout period are available in

the Study Design section of eMethods in the

Supplement. The order of biopsies within each block

was randomized independently for each pathologist

and each round of the crossover. B, The interface of

the AI-based assistive tool illustrates localized region-

level Gleason pattern interpretations as colored

outlines overlaid on the tissue image. Green indicates

Gleason pattern 3; yellow, Gleason pattern 4; and red,

Gleason pattern 5 (not present). In the left toolbar, the

AI-provided Gleason score, grade group, and Gleason

pattern percentage are summarized, with toggles

provided so that users can turn the visibility of several

features on or off. Slide thumbnails allow users to

quickly switch betweenmultiple sections of

the biopsy.
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grade the biopsies as they would for a clinical review, without time constraints. Interaction with the

AI assistive tool involved the information (eg, overall GG classification, quantitation of Gleason

patterns, and Gleason pattern overlays) illustrated in Figure 1B. Overlay Gleason pattern outputs and

AI confidence visualization could be toggled on and off, and the opacity could be adjusted. When

biopsies were reviewed without AI assistance, the digital viewer continued to include all other tools

and information, such as magnification level, serial sections, a marking tool, and a ruler. Additional

details are available in the Biopsy Review and Classification section of eMethods in the Supplement.

Statistical Analysis

Prespecified primary analyses included GG agreement with themajority opinion of subspecialists for

all cases and for GG1 cases alone. Grading performance was analyzed using the 2-sided

Obuchowski-Rockette-Hillis procedure, which is a standard approach for multiple-reader, multiple-

case studies that accounts for variance across both readers and cases.28 Grade group 1 was selected

as a focus of this study given the substantial clinical implications of misgrading these cases and the

high interpathologist variability reported for these cases.6

For the analyses of review time and confidence, linear mixed-effects models were applied,

which considered the individual pathologists and biopsies as random effects and the assistance

modality and crossover arm as fixed effects. For mixed-effects models, P values were obtained using

the likelihood ratio test. Agreement between pathologists and subspecialists was also measured

using quadratic-weighted κ. Interobserver agreement for assisted vs unassisted reviews was

measured by the Krippendorff α, which provides a measure of agreement among observers that is

applicable to any number of raters.29

Confidence intervals were generated with the bootstrapmethod using 5000 replications

without adjustment for multiple comparisons. Confidence interval calculations and the Obuchowski-

Rockette-Hillis procedure were conducted using NumPy and SciPy packages in Python software,

version 2.7.15 (Python Software Foundation). Analysis of themixed-effects model was performed

using the lme4 package in R software, version 3.4.1 (R Foundation for Statistical Computing).

Additional details are available in the Statistical Analysis section of eMethods in the Supplement.

Becausewe specified 2 primary end points, we conservatively prespecified the statistical significance

threshold to .025, using Bonferroni correction, for these primary analyses.

Results

StudyData

The study included 240 biopsies from 240 patients. At the time of biopsy, the median patient age

was 67 years (range, 39-91 years), and themedian prostate-specific antigen level was 6.5 ng/mL

(range, 0.6-97.0 ng/mL [to convert to micrograms per liter, multiply by 1.0]) (Table 1). Based on the

majority opinion of subspecialists for these biopsies, the data set included 40 biopsies with no

tumors, 110 biopsies with GG1 tumors, 50 biopsies with GG2 tumors, 20 biopsies with GG3 tumors,

and 20 biopsies with GG4-5 tumors.

Grading agreement among the urologic subspecialists for these cases is summarized in eTable 2

in the Supplement. Across 200 tumor-containing biopsies, 60 biopsies (30.0%) required a third

review, and 140 (70.0%) did not require a third review.

Biopsy Grading

The use of the AI assistive tool was associated with increases in grading agreement between general

pathologists and the majority opinion of subspecialists. The absolute increase in agreement for all

240 biopsies was 5.6% (95% CI, 3.2%-7.9%; P < .001), from 69.7% for unassisted reviews to 75.3%

for assisted reviews (Figure 2A). The absolute increase in agreement for 110 GG1 biopsies was 6.2%

(95% CI, 2.7%-9.8%; P = .001), from 72.3% for unassisted reviews to 78.5% for assisted reviews

(Figure 2B). Among GG1 cases, this finding represents a relative 28.6% reduction in overgrading
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Figure 2. Impact of Artificial Intelligence (AI)–Based Assistance for Prostate Biopsy Grading and Tumor Detection
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eachmodality (assisted vs unassisted), and box-plot edges represent quartiles. B, Error

bars represent 95% CIs. C, Circles and triangles represent sensitivities and specificities
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(16.8% overgrading for unassisted reviews and 12.0% overgrading for assisted reviews). The full

comparison of assisted and unassisted responses vs themajority opinion of subspecialists and the AI

algorithm alone are presented in Table 2 and eTable 3 in the Supplement; grading across all biopsies

for all pathologists is also represented visually in Figure 2D. We did not observe an association

between years of experience and the extent of the benefits provided by AI assistance (eFigure 2 in

the Supplement). Analysis of the biopsies fromML2 alone (data source not used in development of

the algorithm) had similar results as for the primary analysis across both data sources (eFigure 3 in

the Supplement).

Assistance from the AI tool was also associated with increases in agreement for all biopsies

whenmeasured by quadratic-weighted κ (for unassisted reviews, κ = 0.80; 95% CI, 0.78-0.82; for

assisted reviews, κ = 0.86; 95% CI, 0.84-0.87). For tumor-containing biopsies, the quadratic-

weighted κ was 0.74 (95% CI, 0.71-0.76) for unassisted reviews and 0.81 (95% CI, 0.79-0.82) for

assisted reviews (eTable 4 in the Supplement).

Artificial intelligence assistance was also associated with substantial improvement in

interpathologist Gleason pattern quantitation agreement. For example, the standard deviation of

pathologist Gleason pattern 4 quantitation for pattern 4–containing biopsies was 17.7% (95% CI,

15.7%-19.7%) for unassisted reviews and 8.1% (95% CI, 6.7%-9.4%) for assisted reviews (eTable 5 in

the Supplement).

Correct vs Incorrect AI Interpretations

To evaluate the association between the performance of the underlying algorithm and the

AI-assisted reviews, we also performed an analysis stratified by the correctness of the AI

interpretations. We first analyzed the baseline GG classification performance of the unassisted

pathologists. Unassisted pathologist performance was substantially lower on biopsies with incorrect

AI interpretations (45.1%; 95% CI, 42.3%-47.9%) compared with biopsies with correct AI

interpretations (78.1%; 95% CI, 76.7%-79.5%), suggesting that the biopsies with incorrect model

interpretations were also challenging for the pathologists to interpret.

Next, we evaluated the association of incorrect assistance with grading. Among 179 biopsies for

which the AI interpretation was correct, AI assistance was associated with increases in reader

performance across all GGs. For 61 biopsies with incorrect AI interpretations, AI assistance was

associated with decreases in reader agreement between pathologists and themajority opinion of

subspecialists, from 45.1% (95% CI, 42.3%-47.9%) for unassisted reviews to 38.0% (95% CI, 35.4%-

40.8%) for assisted reviews (eTable 6 in the Supplement). Among the subset of caseswith incorrect

Table 2. ConfusionMatrices (Contingency Tables) for Unassisted and Assisted Reviews Relative

to the Subspecialist Reference Standard

Subspecialist reference standard grade group

Pathologist grade group, %a

No tumor GG1 GG2 GG3 GG4-5

Pathologists with AI assistance

No tumor 748 (15.6) 36 (0.8) 5 (0.1) 4 (0.1) 7 (0.1)

GG1 241 (5.0) 1590 (33.1) 347 (7.2) 19 (0.4) 3 (0.1)

GG2 14 (0.3) 260 (5.4) 542 (11.3) 143 (3.0) 41 (0.9)

GG3 14 (0.3) 15 (0.3) 128 (2.7) 163 (3.4) 80 (1.7)

GG4-5 28 (0.6) 2 (0.0004) 17 (0.4) 49 (1.0) 304 (6.3)

Pathologists without AI assistance

No tumor 769 (16.0) 19 (0.4) 4 (0.1) 1 (0.0002) 7 (0.1)

GG1 207 (4.3) 1727 (36.0) 261 (5.4) 4 (0.1) 1 (0.0002)

GG2 10 (0.2) 601 (5.0) 601 (12.5) 129 (2.7) 20 (0.4)

GG3 12 (0.3) 123 (0.1) 123 (2.6) 218 (4.5) 42 (0.9)

GG4-5 16 (0.3) 0 2 (0.0004) 83 (1.7) 299 (6.2)

Abbreviations: AI, artificial intelligence; GG,

grade group.

a Values are percentage of total readings across all

biopsies for the indicated assistancemodality

(n = 4800 per assistancemodality; 20 pathologists

multiplied by 240 biopsies).

JAMANetworkOpen | Pathology and LaboratoryMedicine Use of Combined Artificial Intelligence and Pathologist Assessment to Grade Prostate Biopsies

JAMA Network Open. 2020;3(11):e2023267. doi:10.1001/jamanetworkopen.2020.23267 (Reprinted) November 12, 2020 7/14

Downloaded From: https://jamanetwork.com/ on 08/27/2022

https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2020.23267&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2020.23267
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2020.23267&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2020.23267
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2020.23267&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2020.23267
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2020.23267&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2020.23267
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2020.23267&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2020.23267
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2020.23267&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2020.23267


AI interpretations, AI assistance was associated with increases in interobserver agreement (for

unassisted reviews, Krippendorff α = 0.56; for assisted reviews, Krippendorff α = 0.69).

Tumor Detection

For the binary task of tumor detection, performance was higher with AI assistance. The absolute

increase in accuracy was 1.5% (95% CI, 0.6%-2.4%; P = .002), with an accuracy of 92.7% (95% CI,

92.0%-93.4%) for unassisted reviews, 94.2% (95% CI, 93.6%-94.9%) for assisted reviews, and

95.8% (95% CI, 93.3%-97.9%) for the AI algorithm alone.

Increases in both sensitivity and specificity were also observed (Figure 2C). The specificity for

tumor detection was higher for assisted reviews (96.1%; 95% CI, 94.8%-97.4%) than for either

unassisted reviews (93.5%; 95% CI, 91.8%-95.1%) or the AI algorithm alone (92.5%; 95% CI, 86.6%-

97.8%). The AI algorithm generated false-positive final tumor interpretations for 3 biopsies; of those,

1 biopsywas associatedwith a small assistance-associated decrease in specificity, and 2 biopsies were

associated with small assistance-associated increases in specificity (eTable 7 in the Supplement).

The highest sensitivity observed was for the algorithm alone (96.5%; 95% CI, 94.4%-98.3%),

followed by assisted reviews (93.9%; 95%CI, 93.1%-94.7%) and unassisted reviews (92.6%; 95%CI,

91.8%-93.4%) (Figure 2C). Additional details and discussion are included in the Tumor Detection

section of eResults in the Supplement. Examples of biopsies with AI assistance–associated changes

in sensitivity or specificity are shown in eFigure 4 in the Supplement.

ReviewTime andAdditional Analyses

The analysis of review time across GGs is summarized in Table 3. Overall, 13.5% less time was spent

on assisted reviews (3.2 minutes; 95% CI, 3.2-3.3 minutes) vs unassisted reviews (3.7 minutes; 95%

CI, 3.6-3.8 minutes; P = .006).

Additional analyses are summarized in eResults in the Supplement. These summaries include

analyses of confidence (eFigure 5 and eTable 9 in the Supplement), interpathologist agreement

among the 20 study pathologists (eTable 10 in the Supplement), tumor quantitation (eFigure 6 in the

Supplement), and pathologist feedback (eFigure 7 in the Supplement).

Discussion

Several deep learning applications for Gleason grading of prostate biopsies have recently been

described.13-15However, the evaluation of AI-based tools in the context of clinical workflows remains

a largely unaddressed component in the translation of algorithms from code to clinical utility. In the

present analysis, we evaluated an AI-based assistive tool via a fully crossedmultiple-reader, multiple-

case study. Use of the AI-based tool was associatedwith increases in the agreement between general

pathologists and urologic subspecialists for Gleason grading and tumor detection. In addition, AI

assistance was associated with increases in efficiency, interpathologist consistency, and pathologist

confidence. To our knowledge, this work represents one of the largest studies to date with the aim of

Table 3. Mean Review Time per BiopsyWith andWithout Artificial Intelligence Assistance

Category Biopsies, No.

Mean time per biopsy (95% CI), min

Unassisted Assisted

All 240 3.7 (3.6-3.8) 3.2 (3.2-3.3)

No tumor 40 2.6 (2.5-2.8) 2.2 (2.1-2.3)

Grade group

1 110 3.6 (3.5-3.7) 3.0 (2.9-3.1)

2 50 4.3 (4.1-4.5) 3.8 (3.7-4.0)

3 20 4.4 (4.1-4.7) 4.0 (3.8-4.3)

4-5 20 4.3 (4.0-4.5) 4.1 (3.8-4.4)
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understanding the use of AI-based tools for concurrent review and interpretation of

histopathologic images.

The observed benefit for patients with GG1 tumors has particular clinical relevance, as

overgrading of these cases can result in overtreatment (eg, radical prostatectomy) rather than active

surveillance.2,30 Furthermore,most tumor-positive biopsy results in clinical practice are categorized

as GG1 cases and represent a substantial portion of the more than 1 million total biopsies performed

each year in the US alone.31,32 Thus, improving the grading accuracy and consistency for this large

number of biopsies has substantial implications for informing clinical decisions among patients with

prostate cancer.

In this study, AI assistance was also associated with significant decreases in interobserver

variability for Gleason pattern quantitation. Most notably, on GG2 biopsies in which Gleason pattern

4 quantitation has been reported to be prognostic in increments as small as 5%,33AI assistancewas

associated with substantial improvement in interpathologist quantitation agreement (eTable 5 in the

Supplement). Such improvement in interobserver consistency may facilitate more reliable clinical

decision-making and enable studies to more precisely define relevant quantitation thresholds for

clinical management.

The use of AI assistance was also associated with decreases in themean review time per case,

with approximately 13% less time spent per biopsy. Possible explanations for the decreases in mean

review time includemore efficient quantitation, reduced time spent on Gleason pattern grading, and

faster localization of small regions of interest. Notably, the increase in efficiency was not simply

associated with overreliance, as the pathologists appeared able to disregard the AI interpretations in

many cases, and performance was higher for AI-assisted reviews (75.3%) than for the AI algorithm

alone (74.6%). Taken together, these results suggest that pathologists incorporated the

interpretations from the AI assistive tool into their own diagnostic expertise, highlighting the

potential of AI-assisted prostate biopsy grading to improve both the quality and efficiency of biopsy

reviewwithout extensive overreliance.

Regarding the possibility of overreliance, the evaluation of incorrect AI interpretations provides

additional insights. For biopsies with incorrect AI predictions, AI assistance was associated with

decreased GG agreement with subspecialists (45.1%without assistance vs 38.0%with assistance;

eTable 6 in the Supplement). The performance of unassisted pathologists was notably low for these

cases, indicating that these particular biopsies were challenging to interpret for both the pathologists

and the AI algorithm. For these difficult biopsies, AI assistance was associated with increases in

interobserver agreement (the Krippendorff α was 0.56 for unassisted reviews vs 0.69 for assisted

reviews), supporting the potential of AI assistance to improve interpathologist consistency,

particularly with regard to the interpretation of challenging biopsies that otherwise have high grading

variability. For tumor detection, amodest decrease in sensitivity was observedwith AI assistance for

the small number of biopsies with false-negative AI interpretations (eTable 8 in the Supplement). For

specificity, among the 3 biopsies with false-positive AI results indicating the presence of tumor, 1

biopsy had a small assistance-associated decrease in specificity (eTable 7 in the Supplement). For the

other 2 false-positive biopsy interpretations, the AI assistance was appropriately disregarded by the

pathologists. Although the mean impact of AI assistance across all biopsies was positive, these

findings do suggest the important possibility that incorrect AI interpretations may result in incorrect

tumor identification in some cases. Understanding error modes and designing clinical applications

to mitigate potential overreliance remain important challenges to address.

Providing information to inform decisions about when to rely on AI (and when not to) has

important implications for maximizing benefit andminimizing automation bias. We conducted

extensive human-computer interaction research to incorporate the information that was most

important and useful to pathologists. Notable insights included the need to establish sufficient trust

in the AI assistive tool, the desire for an explanation of the AI interpretations (eg, why the AI

algorithmmade the interpretation it did), and requests for information about how the AI assistive
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tool was developed and tested. Results of these efforts informed the final user interface aswell as the

development of visualizations for the AI interpretations and the trainingmaterials used in the study.

A recent article from Bulten et al21 also described a study of an AI-based assistive tool for

prostate biopsy review. In their study, the researchers similarly observed that AI assistance was

associated with increases in agreement between general pathologists and subspecialists. Both the

Bulten et al21 study and the present study provide important and distinct insights. For example,

Bulten et al21 described an interesting association between pathologist experience and the benefit of

AI assistance, and our study provides analysis stratified by GG as well as data regarding review time,

confidence, and interpathologist agreement. Taken together, these studies complement each other

and may initiate useful discussions about implementation and design considerations, such as the

benefits of AI to provide second readings vs concurrent reviews or the importance of different user

interface elements to maximize the usefulness of the AI interpretations.

Optimal AI integration into pathologic clinical practice will depend on several factors, including

the strengths of the specific tool, the needs of the practice, and the clinical workflow. For example, a

highly sensitive algorithm for cancer detectionmight be best used for triage or as a second reading

tool to avoid missing a tumor. Concurrent review instruments such as the present AI assistive tool,

which provides GG interpretation and quantitation interpretations, might be optimal for use in

community practice settings in which second opinions and the expertise of urologic specialists may

be less readily available for challenging cases. This value may extend to improved calibration of

pathologists across diverse practice settings, especially if the underlyingmodels can be kept accurate

and representative of current grading guidelines.

Limitations

This study has several limitations. First, althoughmultiple serial hematoxylin and eosin sections were

provided for review, only 1 core biopsy per case was available for review. Thus, the impact of AI

assistance in the context of multiple cores per case was not addressed. Second, this study is a

retrospective review of biopsies in a nonclinical setting, without additional clinical information

available at the time of review. In addition, population demographic characteristics were not available

for this study. Future validation among diverse patient populations is an important consideration to

address the risk of unintended population biases. Validation in clinical settings that represent the

real-world distribution of GGs, tumor-containing cases, and preanalytical variability will also be

important to further inform our understanding of potential diagnostic benefits. Third, the reference

standard used in this study was based on themajority opinion of multiple urologic subspecialists with

extensive experience in the grading of prostate biopsies; however, even among subspecialists,

Gleason grading remains a task with considerable interobserver disagreement. Future evaluation of

deep learning systems and AI-based assistance for cancer grading will benefit from reference

standards that are based on both clinical outcomes and expert review.

Conclusions

This diagnostic study indicated the potential ability of an AI-based assistive tool to improve the

accuracy, efficiency, and consistency of prostate biopsy review by pathologists. The relatively large

number of biopsies and pathologists included in the study allowed for a robust analysis of the

benefits of an AI-based tool for the concurrent review of prostate biopsies and provided insights into

caveats regarding overreliance, whichmay only have been apparent owing to the opportunity to

observe infrequent occurrences in a large study. Additional efforts to optimize clinical workflow

integration and to conduct prospective evaluation of AI-based tools in clinical settings remain

important future directions.
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