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A B S T R A C T

Endometrial biopsies are important in the diagnostic workup of womenwho present with abnormal
uterine bleeding or hereditary risk of endometrial cancer. In general, approximately 10% of all
endometrial biopsies demonstrate endometrial (pre)malignancy that requires specific treatment. As
the diagnostic evaluation of mostly benign cases results in a substantial workload for pathologists,
artificial intelligence (AI)-assisted preselection of biopsies could optimize the workflow. This study
aimed to assess the feasibility of AI-assisted diagnosis for endometrial biopsies (endometrial Pipelle
biopsy computer-aided diagnosis), trained on daily-practice whole-slide images instead of highly
selected images. Endometrial biopsies were classified into 6 clinically relevant categories defined as
follows: nonrepresentative, normal, nonneoplastic, hyperplasia without atypia, hyperplasia with
atypia, and malignant. The agreement among 15 pathologists, within these classifications, was
evaluated in 91 endometrial biopsies. Next, an algorithm (trained on a total of 2819 endometrial
biopsies) rated the same 91 cases, and we compared its performance using the pathologist’s clas-
sification as the reference standard. The interrater reliability among pathologists was moderate with
a mean Cohen’s kappa of 0.51, whereas for a binary classification into benign vs (pre)malignant, the
agreement was substantial with a mean Cohen’s kappa of 0.66. The AI algorithm performed slightly
worse for the 6 categories with a moderate Cohen’s kappa of 0.43 but was comparable for the binary
classification with a substantial Cohen’s kappa of 0.65. AI-assisted diagnosis of endometrial biopsies
was demonstrated to be feasible in discriminating between benign and (pre)malignant endometrial
tissues, even when trained on unselected cases. Endometrial premalignancies remain challenging
for both pathologists and AI algorithms. Future steps to improve reliability of the diagnosis are
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needed to achieve a more refined AI-assisted diagnostic solution for endometrial biopsies that
covers both premalignant and malignant diagnoses.

© 2023 THE AUTHORS. Published by Elsevier Inc. on behalf of the United States & Canadian Academy
of Pathology. This is an open access article under the CC BY license (http://creativecommons.org/

licenses/by/4.0/).
Table 1
Translation of the histopathologic endometrial diagnosis into categories

Category label Category
code

Category description

Nonrepresentative NR Insufficient tissue for conclusive diagnosis
Introduction

With a global age-standardized incidence rate of 8.7 per
100,000 women and a global age-standardized mortality rate of
1.8 per 100,000 women, endometrial carcinomas (ECs) present a
significant disease burden on society.1 Most patients present with
postmenopausal bleeding and will be referred for endometrial
aspiration biopsy (Pipelle) after clinical evaluation to rule out a
(pre)malignancy.2

The endometrioid histologic subtype represents 80% of all ECs.3

According to the fifth edition of the World Health Organization
(WHO) classification,4 2 lesions of this subtype with treatment
necessity can be distinguished: hyperplasia without atypia (H)
and hyperplasia with atypia (AH)/endometrial intraepithelial
neoplasia (EIN), with the latter diagnosed based on both archi-
tectural and cytomorphologic alterations.5 However, there is
substantial interrater variability for these diagnoses, leading to
poor reproducibility.6-14 Moreover, Pipelle biopsies often result in
a very low yield of endometrial tissues, frequently fragmented,
which could lead to sampling errors that complicate histopatho-
logic evaluations.

The introduction of digital pathology has made it possible to
use advanced image analysis on digitized whole-slide images
(WSI) using artificial intelligence (AI) algorithms. In the field of
computer-aided diagnosis for gynecologic oncology, only a
handful of studies, with traditional learning and more recently
with deep learning models, have focused on diagnosis of (pre)
malignant endometrial tissues.15-17

Since themajority of endometrial Pipelle biopsies show benign
endometrium, the largest gain in terms of a pathologist’s work-
load reduction can be found in automating the detection of
normal endometrial tissues. Deep learning algorithms that can
separate benign tissue from suspicious tissue, which needs to be
assessed by a pathologist to make the final diagnosis, could assist
pathologists in efficiently managing the diagnostic evaluation of
endometrial Pipelle biopsy samples.

The purpose of this study was to investigate the feasibility
of an algorithm, trained on noisy straight-from-clinical-
practice data, which can reliably separate suspicious WSI
from normal WSI. In order to pinpoint potential limitations,
we studied the interrater variability among expert patholo-
gists worldwide in diagnosing endometrial Pipelle biopsies
using the current WHO 2020 classification system and used
their diagnostic opinion as a baseline to evaluate the perfor-
mance of our AI algorithm.
Normal NL Cyclical or atrophic endometrium without
any signs of pathology or treatment effect

Nonneoplastic NN Any nonneoplastic change (eg, treatment
effect, endometrial polyp, infection, etc),
which does not belong in any of the other
categories

Hyperplasia
without atypia

H (possible) Hyperplasia, nomention of atypia

Hyperplasia with
atypia

AH (possible) Hyperplasia and (possible) atypia

Malignant M Any malignancy
Material and Methods

Data set Endometrial Biopsies

All consecutive Pipelle endometrial biopsies (n ¼ 2910)
analyzed between October 2013 and April 2021 were retrieved
from the pathology archive of the Radboud University Medical
Center (Radboudumc), Nijmegen, the Netherlands, using a
2

PALGA (the nationwide network and registry of histopathology
and cytopathology in the Netherlands) database search for the
following: “tissue type ¼ endometrium” and “method of
retrieval ¼ Pipelle.” Endometrial biopsies obtained by dilatation
and curettage, hysteroscopy, and polypectomy were excluded
because these are generally second-line procedures when Pipelle
endometrial biopsy resulted in insufficient tissue or inconclusive
diagnosis. Hematoxylin and eosinestained slides were scanned
using a 3DHistech P1000 scanner at 0.25 mm/pixel. All digital
data, ie, digitized slides and pathology reports, were coded
before being used in this study. A total of 91 WSI, randomly
chosen with a predefined category-weighted key (7 nonrepre-
sentative (NR), 16 normal (NL), 17 nonneoplastic (NN), 16 H, 29
AH, and 6 malignant (M), see classification section; classification
based on the original diagnosis), were stored separately to be
used in the interrater variability study and evaluation of the al-
gorithm. The remaining 2819 cases were used to develop the AI
algorithm.
Classification

The pathology diagnosis from the original report was trans-
lated by a single coder into 6 categories according to the WHO
2020: NR, NL, NN, H, AH, andM, as summarized in Table 1. In order
to preserve the resemblance of daily clinical practice, cases with
an ambiguous or uncertain classification in the original pathology
report were not removed. To avoid false-negative classifications, a
low threshold was used to label a case as H or AH (eg, labeling a
case as H, although the report only mentions a suspicion of H, or
labeling a case as AH, although atypia, could still be reactive). This
approach was based on the necessity of high sensitivity to avoid
premalignant cases being missed by automated screening.
Although this strategy could potentially lead to detection of more
false positives, those cases would still be reviewed by a
pathologist.

The NN category was added in order to refine NL cases from
cases that are benign but show morphologic changes that might
confound an algorithm during training.

http://creativecommons.org/licenses/by/4.0/
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Since the ultimate purpose of the algorithm is separating
benign cases from (pre)malignant cases that should be evalu-
ated by a pathologist, we grouped the 6 categories into 2
classes as follows: benign (NR, NL, and NN) and (pre)malignant
(H, AH, and M).
Interrater Variability Study

To assess the interrater variability in the evaluation of endo-
metrial Pipelle biopsies among pathologists, expert gynecologic
pathologists were contacted through the European Network for
Individualized Treatment of Endometrial Cancer. A total of 15
pathologists (endometrial Pipelle biopsy computer-aided diag-
nosis consortium partners) participated in a reader study on the
web-based grand-challenge.org platform (Diagnostic Image
Analysis Group, Radboudumc), which implements a web-based
viewer of WSI and a user interface with functionalities to label
and manually annotate WSI.

The 91 WSI of the evaluation set were classified by the partici-
pating pathologists in 1 of the 6 categories as described above.
Patient age was made available to the readers. The pathologist’s
certainty about the correctness of this classification was also
assessed using a 4-step rating scale: very unsure, unsure, sure, or
very sure. The option to leave a comment ormake an annotation on
the image, when they found a particular region of the WSI partic-
ularly informative for their classification score,was provided. Years
of experience in gynecologic pathology were also recorded.
Statistical Analysis

Excel (Microsoft 365), SPSS (IBM, version 25), and R studio (R
version 1.1.3, the R Foundation for Statistical Computing) were
used for data analysis. To measure interrater reliability, we used
unweighted Cohen’s kappa for pairwise comparisons between the
readers to compare each reader against the majority vote of the
other 14 readers and to compare the performance of the AI with
the performance of the readers. We also calculated a Fleiss’ kappa
for individual categories.

Next, the unweighted Cohen’s kappa for the binary split be-
tween benign (NR, NL, and NN) versus (pre)malignant (H, AH, and
M) was computed.

Interpretation of the kappa values was based on the Altman18

guidelines (adapted from the Landis Koch19 guidelines). Briefly, a
kappa value between 0 and 0.2 is interpreted as “bad” agreement,
0.21 and 0.4 as “fair” agreement, 0.41 and 0.6 as “moderate”
agreement, 0.61 and 0.8 as “substantial” agreement, and 0.81 and
1 as “(almost) perfect” agreement.
Artificial Intelligence System Development

The algorithm, which was developed during this study, takes
an entire WSI as input and learns to predict a single label
belonging to the set of categories: NR, NL, NN, H, AH, and M.

The approach is based on the work of Lu et al20 in 2021, namely
the clustering-constrained attention multiple-instance learning
(CLAM) method, which implements a form of multiple-instance
learning (MIL). In brief, MIL is a machine learning technique that
treatsWSI as a collection of instances, ie, smaller image patches. In
a binary problem where WSI should be classified as containing
either completely benign tissues or some M cells, MIL assumes
that if there is at least one tile categorized as M, then the entire
3

image is diagnosed as M, otherwise as benign. Based on this
assumption, only a single label (ie, benign or M) per slide is
required to train a MIL-based algorithm. This approach belongs to
the category of weakly supervised learning because there is no
need for a pathologist to manually annotate at the cell-level (pixel
by pixel) label, and slide-level labels can be used instead. This
allows efficient usage of large-scale data sets in algorithm training
without the need for manual annotations, instead relying on
readily available slide-level information on diagnosis. In this work,
we chose to use CLAM compared with traditional MIL-based ap-
proaches because it allows extending the learning procedure to a
multiclass setting, and it was also shown to be more data-effi-
cient.20 To account for the imbalance in class labels during
training, the data were resampled using the class label’s inverse
probability. This means that if there is only 1 AH sample and 10 N
samples, then the chance of sampling a N sample is 10 times
smaller than an AH sample.

The algorithm consists of 2 main steps, schematically shown in
Figure 1. Thefirst step is dividing the tissue in the slide into smaller,
equally sized tiles, which are then compressed into a smaller
vector of features by using a convolutional neural network. In this
way, eachWSI is first converted into a collection of feature vectors
to be used in downstream parts of the algorithm. The second step
consists of the learning process. In this phase, the algorithm learns
to correlate visual patterns in the tiles to the multiple considered
categories anduses an “attentionmechanism” to learnwhat tiles in
each WSI it should look at to make a correct prediction. Hyper-
parameters, adjustable settings that determine the behavior and
performance of a neural network during the training process, can
be found in the Supplementary Methods.

At the test time, the algorithm processes each tile separately
and produces a slide-level prediction by combining the processed
features with the output of the attention module. By linking the
output of this attention mechanism, in step 3, with tiles in the
WSI, an “attention map” is obtained, which has been shown to
provide visual cues on the relevance of morphologic patterns in
the algorithm’s predictions.20,21 This “attention map” offers in-
sights intowhich parts of theWSI were judged by the algorithm to
be most relevant for its decision making process, thus making the
algorithm more interpretable. We made the algorithm publicly
available for research purposes on the grand-challenge platform.
See Data Availability for access to the algorithm.
Evaluation and Computing Workload Reduction

Aside from measuring the algorithm’s performance, we
computed the percentage of workload that would be reduced for a
pathologist when hypothetically deploying the algorithm to
bypass the pathologist when WSI are rated as benign. This
computation was based on the distribution of the development
data set. Reducing workload can only be performed, in terms of
clinical usability, when 100% sensitivity is reached (ie, zero false
negatives: no (pre)malignancies missed). The false positive rate
(FPR) at that point determines the amount of workload that can be
reduced. To exemplify, approximately 81% of the data set was
benign and 19% (pre)malignant. If the algorithm can reach 100%
sensitivity at 10% FPR, then the workload is reduced by 72.9%
(81%-81% * 0.10). In other words, the algorithmwill detect all (pre)
malignancies and classify 8.1% of the benign cases as (pre)malig-
nant, which will be sent to the pathologist for inspection along-
side the real (pre)malignant cases. To calculate workload
reduction, we looked at the classification of the 91 test set cases
rated by the panel of expert pathologists in the reader study. We

http://grand-challenge.org


Figure 1.
Schematic overview of the CLAM algorithm. The first step is to sample patches from the tissue and encode/compress this into a small representation of 2048 numerical values (1).
Then (2), the algorithm learns what it should attend to in order to aggregate the final attention score into a slide-level diagnosis. To gain a better feature representation, the
attention scores are also used as pseudolabels for self-supervision during the clustering of the vector representations. The slide-level (70%) and clustering loss (30%) are
combined into a total loss, which gets back propagated through the network, such that the network will improve on future examples. When the network is fully trained, it can
produce heat maps as seen in (3), based on the attention scores. Adapted from the study of Lu et al.20 CLAM, clustering-constrained attention multiple-instance learning.
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evaluated 3 situations: (1) 100% sensitive detection of all cases
rated by majority vote as (pre)malignant; (2) 100% sensitive
detection of all cases rated by at least one reader as (pre)malig-
nant; and (3) 100% sensitive detection of all cases rated by 2 or
more readers as (pre)malignant. Configuration selection was
made based on the amount of workload reduced by the algorithm
on the validation set.
Results

Data set and Reader Study Participants

In total, 2910 WSI were created from archived glass slides: NR
(n ¼ 516), NL (n ¼ 1376), NN (n ¼ 473), H (n ¼ 258), AH (n ¼ 136),
and M (n ¼ 151). From these WSI, 91 cases (7 NR, 16 NL, 17 NN, 16
H, 29 AH, and 6 M) were included in the test set for the interrater
variability study and to evaluate the algorithm.

Fifteen expert pathologists (endometrial Pipelle biopsy
computer-aided diagnosis consortium partners), practicing gy-
necologic pathology in 9 different countries (the Netherlands,
Norway, Belgium, Austria, Portugal, Czech Republic, Finland,
Canada, and the United States of America) participated in the
interrater variability study. Their experience in gynecologic pa-
thology ranged between 3 and 34 years. No statistical differences
in category and certainty score were found when stratifying for
experience level (for category P ¼ .85; for certainty P ¼ .99,
Kruskal-Wallis test).

One case was rated by only 13 pathologists, and 3 cases, by 14
pathologists. The 87 other cases were rated by all 15 pathologists.
4

Two of the readers, MS and JB, also participated in the design of
the interrater variability study, although they were blinded to the
cases selected for the study. Their Cohen’s kappa did not signifi-
cantly differ from that of other readers (data not shown).

Interrater Variability Among Pathologists

The overall (average) scores for each of the interrater reliability
measures are displayed for the binary and six-category classifi-
cation in Supplementary Tables S1 and S2, both unweighted and
quadratically weighted. For the original 6 categories, the mean
Cohen’s kappa was 0.51 (moderate agreement) with individual
Cohen’s kappas, comparing each pathologist’s classification with
the majority vote of all other pathologists, ranging between 0.3
and 0.61. Pairwise Cohen’s kappas were also calculated for each
pair of pathologists and ranged between 0.18 and 0.57 (Table 2).

Fleiss’ kappawas calculated for the separate categories, and we
found large differences between the categories, with a kappa
value of 0.85 for M (almost perfect agreement), and a low kappa
value for the “hyperplasia” categories (H: 0.20 and AH: 0.17; bad
agreement). A closer inspection of the data set showed not a single
image exists where more than 8 pathologists agreed about the
label H or AH. The classes most often used by other nonagreeing
pathologists in cases where at least one pathologist chose one of
the “hyperplasia” categories were as follows: NN (56.4% for H and
44.6% for AH) and NL (31.33% for H and 26.48% for AH).

For a binary split (benign: NR, NL, and NN vs (pre)malignant: H,
AH, and M), the kappa values increase slightly to a mean Cohen’s
kappa of 0.66 and individual Cohen kappas ranging between 0.38
and 0.95 (Table 3).



Table 2
Unweighted Cohen’s kappa with 6 categories

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 AI

MV 0.55a 0.41a 0.53a 0.61a 0.60a 0.58a 0.45a 0.53a 0.46a 0.63a 0.30a 0.57a 0.53a 0.51a 0.45a 0.43b

1 0.22 0.42 0.51 0.52 0.42 0.34 0.53 0.34 0.35 0.18 0.48 0.39 0.54 0.43 0.34 b

2 0.25 0.44 0.37 0.36 0.26 0.28 0.21 0.44 0.18 0.33 0.33 0.31 0.26 0.22 b

3 0.43 0.45 0.42 0.38 0.46 0.46 0.51 0.37 0.39 0.54 0.55 0.36 0.47 b

4 0.48 0.53 0.33 0.43 0.39 0.57 0.22 0.45 0.50 0.53 0.47 0.36 b

5 0.45 0.43 0.52 0.33 0.53 0.20 0.52 0.47 0.49 0.45 0.34 b

6 0.30 0.42 0.42 0.54 0.32 0.42 0.51 0.41 0.41 0.37 b

7 0.34 0.30 0.45 0.35 0.40 0.37 0.34 0.25 0.31 b

8 0.48 0.45 0.25 0.39 0.40 0.53 0.34 0.38 b

9 0.41 0.36 0.40 0.40 0.40 0.41 0.52 b

10 0.36 0.46 0.51 0.40 0.37 0.41 b

11 0.30 0.38 0.23 0.21 0.31 b

12 0.37 0.48 0.40 0.37 b

13 0.44 0.38 0.39 b

14 0.48 0.47 b

15 0.42 b

MV, majority vote.
Pairwise comparison between readers.

a Comparison with majority vote.
b Comparison with AI algorithm.
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The mode of the category score (all participants included) was
compared with the labels as translated from the original report.
The readers tended to favor the categories NL and NN, whereas
pathologists frequently chose H and AH than what was translated
from the original report (see Supplementary Fig. S1). Figure 2
shows some examples of cases with high category agreement
among the readers.
Comments and Annotations

In total, 383 comments were left, and 205 annotations were
made. Comments were most often used to express uncertainty
about the classification, requests for immunohistochemistry, or
clinical information (n ¼ 189) to clarify the chosen category (n ¼
135) and report the suboptimal quality of WSI (n ¼ 59).
Table 3
Cohen’s kappa with 2 categories

1 2 3 4 5 6 7 8

MV 0.77 a 0.69 a 0.47 a 0.81 a 0.62 a 0.90 a 0.47 a 0.53 a

1 0.58 0.65 0.87 0.52 0.82 0.39 0.59

2 0.44 0.62 0.73 0.65 0.47 0.46

3 0.59 0.35 0.51 0.39 0.42

4 0.65 0.77 0.41 0.62

5 0.59 0.38 0.49

6 0.44 0.50

7 0.31

8

9

10

11

12

13

14

15

MV, majority vote.
Pairwise comparison between readers.

a Comparison with majority vote.
b Comparison with AI algorithm.

5

Overall, pathologists used the “comments” option more
often when they were unsure about the category, especially
when diagnosing H or AH (Supplementary Tables S3 and S4).

The 10 cases with the least amount of agreement were
inspected more closely. For 9 of them, the disagreement was
not limited to the adjacent categories belonging to the same
benign or premalignant binary division (NR, NN, and NL vs
H, AH, and M), see Supplementary Fig. S2. Often, this was
just 1 or 2 pathologists, who indicated their level of cer-
tainty as “unsure” or “very unsure.” One of the cases with
low agreement was a case that might have been sub-
optimally scanned. The other 9 images did not show scan-
ning or staining quality issues. The case with the most
disagreement among pathologists is displayed in Figure 3.
Five pathologists made an annotation on the WSI, which
identified 2 regions of interest.
9 10 11 12 13 14 15 AI

0.38 a 0.73 a 0.66 a 0.95 a 0.78 a 0.70 a 0.51 a 0.65 b

0.43 0.62 0.56 0.81 0.71 0.88 0.65 0.66 b

0.36 0.73 0.66 0.73 0.73 0.53 0.40 0.46 b

0.35 0.41 0.51 0.47 0.47 0.64 0.36 0.50 b

0.40 0.75 0.59 0.85 0.65 0.84 0.61 0.69 b

0.33 0.66 0.59 0.66 0.66 0.53 0.42 0.41 b

0.40 0.69 0.62 0.90 0.79 0.71 0.57 0.50 b

0.19 0.63 0.81 0.51 0.51 0.32 0.20 0.31 b

0.45 0.55 0.44 0.56 0.41 0.71 0.40 0.70 b

0.38 0.29 0.38 0.33 0.47 0.40 0.52 b

0.82 0.78 0.78 0.61 0.42 0.55 b

0.71 0.71 0.47 0.31 0.44 b

0.78 0.70 0.49 0.56 b

0.61 0.42 0.41 b

0.63 0.71 b

0.57 b



Figure 2.
Example case of each class. (A) Nonrepresentative (NR); (B) normal (NL); (C) nonneoplastic (NN); (D) hyperplasia without atypia (H); (E) hyperplasia with atypia (AH); and (F)
malignant (M).
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Results Algorithm

We decided to only optimize the hyperparameters for the bi-
nary classifier because the correct classification within the (pre)
malignant categories is not necessary when the ultimate purpose
was the separation of benign versus (pre)malignant. The config-
uration for the best-performing binary classifier can be found in
Supplementary Table S5. The bootstrapped area under the curve
(AUC) score (N ¼ 10,000) on the validation set was 0.855 (0.818-
0.855) and the test set was 0.960 (0.924-0.986).

The same hyperparameters, which were optimized for the bi-
nary classifier, were used to train a 6-class classifier to inspect the
models’ agreement for the binary and 6-class version with the
6

pathologists in the reader study. Cohen’s kappa for the algorithm’s
responses compared with themajority vote of all readers was 0.43
(moderate agreement) for the 6-category classification and 0.65
(substantial agreement) for the binary classification. The pairwise
Cohen’s kappa between each reader and the algorithm for the
binary classification ranged between 0.31 and 0.71, which is
comparable with the pairwise agreement between the individual
readers (Tables 2 and 3).

The receiver operating characteristic curves show that when
the majority vote is used as the reference standard, 100% sensi-
tivity was reached with a FPR of 10% (Fig. 4), which would lead to
an estimated workload reduction of 72.9%. When cases are
considered (pre)malignant if at least one pathologist evaluated



Figure 3.
The case with the most disagreement among pathologists (case 1 from Supplementary Figure S2). (A) Overview of the image with encircled in red the regions annotated by the
pathologists. (B) Closer view of the right region, scored by the annotating pathologists as AH. (C) Closer view of the left region, scored by the annotating pathologists as H. No
annotations were left by the pathologists who classified the image as normal (NL) or nonneoplastic (NN).
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them as such, the model did not reach 100% sensitivity. In situa-
tion 3, if at least 2 pathologists had to rate a case as (pre)malignant
to set the label as such, the model reached 100% sensitivity with a
FPR of 37% (Fig. 4). This results in an estimatedworkload reduction
of 51.03%.
Discussion

We demonstrated in the current study that it is feasible to
develop AI solutions to categorize endometrial biopsies into
benign and potentially (pre)malignant. Using a data set of unse-
lected daily-practice cases, we managed to train an algorithm that
achieved a diagnostic reproducibility comparable with an inter-
national consortium of 15 expert pathologists. Further develop-
ment and implementation of an AI algorithm to filter benign
endometrial tissue samples from the day-to-day diagnostic
workload could lead to a substantial workload reduction, saving
time and resources for the pathologists to focus on more chal-
lenging tasks.

The algorithm developed in this study resulted in likelihood for
the presence of (pre)malignant tissues and an interpretable
heatmap, which gives more insights to pathologists while evalu-
ating endometrial diagnostic samples. The algorithm, available on
7

the grand-challenge platform,1 can give a diagnosis on WSI in
approximately 8 min and could, in clinical practice, be parallelized
for even faster processing.

Therefore, AI algorithms in pathology have been studied for
some time with promising results in prostate and breast cancer
diagnostics.22,23 For endometrial tissue classifications, few studies
with AI algorithms have been published. Downing et al15 showed
promising results using a random forest algorithm to help classify
benign, premalignant, and M endometrial tissues. Papke16 used
the same random forest algorithm to highlight neoplastic glands
to facilitate premalignancy classification. Sun et al17 described a
convolutional neural network for computer-assisted diagnosis of
endometrial tissues, focusing on 4 classes as follows: normal tis-
sues, endometrial polyps, hyperplasia, and malignancy.

Theaforementionedstudieshaveshownpromising results, but in
a well-controlled experimental environment, without showcasing
theclinical applicabilityof computermodels. For thedevelopmentof
their algorithm, Sun et al17 only included tissue samples with good
agreementby3pathologists,whichwere consideredgoodexamples
for the categories. Their images consisted of fair amounts of tissue
without fragmentation or artifacts. Mimics of premalignancy, such
as reactive atypia, were not included, which hampers routine use as
an algorithm only trained with textbook examples and might not
performwell in clinical practice.



Figure 4.
Performance of AI algorithm and panel of pathologists. The red line indicates the
receiver operating characteristic curve of the AI algorithm when the majority vote is
the reference standard, the blue curve when 2 votes is the reference standard, the
purple curve when one vote is the reference standard. The true and false positive
rates of each pathologist in the reader study are displayed as a black dot. The mean
and median performances of all pathologists (overlapping) are displayed as a black
cross and blue circle, respectively. The dotted lines mark the FPR where the model
reaches 100% sensitivity, and the corresponding thresholds are displayed vertically.
AI, artificial intelligence; FPR, false positive rate.
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In this study, we aimed to investigate the feasibility of training
an algorithmwith WSI from clinical practice without preselection
and without rigorous labeling of training data sets. The inclusion
of ambiguous and difficult cases in the training of the algorithm
introduces noise in the training setting, but we hypothesize that
this could lead to better performance during eventual imple-
mentation because training conditions would resemble clinical
practice more closely. Using WSI, instead of subregions of the
whole slide, and making predictions at the whole-slide level
represent also an important novel contribution toward the
applicability of the algorithm in clinical practice because digitized
laboratories use WSI for daily clinical practice. Additionally, this
enables themodel to capture all contextual information of theWSI
at once, which has been a challenging task for computational
pathology, due to the large size of WSI.

Despite the noise in the training data set, the algorithm per-
formed on par with expert pathologists. The assumed necessity to
select and annotate cases is one of the major limiting factors to the
development of AI implementations in pathology.24 Very few
curated data sets exist, and it is highly time-consuming to create
such data sets. Our results with an “unclean” data set could
potentially circumvent this limitation, opening up the possibility
to train algorithms on vast numbers of archived material available
at any pathology department in the world. This method could
potentially fast-track AI development in pathology and other
medical disciplines with visual data sets.

Although this study offers a proof of concept for the develop-
ment of algorithms using unselected and unannotated WSI, the
applicability of the current algorithm in daily clinical practice is
still limited. At this time, we focused on the detection of
8

(endometrioid) premalignancies and epithelial malignancies.
Even our model with 6 classes is a simplification of the complex
diagnostic landscape of endometrial Pipelles. Benign endometrial
abnormalities, such as infectious conditions, hormonal effects, and
polyps, which might have clinical significance, would not be
flagged by the algorithm at this time. Further development of the
algorithm, including enlargement of the training data set and
further subdivision of diagnostic categories, both benign and un-
common (pre)malignant, is needed before true implementation
can be considered.

This study used only a small test set from a single institution to
evaluate its performance. Our test set cases were unselected as
well, which led to low reproducibility in the premalignant cate-
gories. This is in part due to intrinsic challenges of diagnosing
premalignant conditions, as described in previous studies.6-14 In
order to truly evaluate the performance of our algorithm, larger
series from multiple institutions, with more unequivocal prema-
lignant cases and the inclusion of rare alternative diagnoses such
as serous endometrial intraepithelial carcinoma, in this study,
classified as AH (n ¼ 4), are needed. To design a proper test set,
enrichment with consensus cases by a panel of expert pathologists
is advisable. The open-access grand-challenge platform facilitates
interested pathologists to test the algorithm on their own digital
slides.

In the context of our study, we identified several important
issues for consideration in future research. One such issue is the
presence of excessive noise in labeling of WSI in unselected cases.
To address this, we suggest involving a pathologist in the training
process to revise problematic WSI. Additionally, scan quality re-
mains a limitation for digital pathology and AI implementation,
and we recommend incorporating quality control measures such
as automated rescanning to mitigate this issue. Finally, the in-
clusion of patient-specific clinical information, such as endome-
trial thickness and postmenopausal status, might significantly
improve algorithm performance in borderline cases. This, how-
ever, needs to be explored further.

To summarize, we used an unselected, routine-practice
training data set to develop a screening algorithm for endome-
trial Pipelle biopsies. This algorithm succeeded in separating NR
and NL endometrial Pipelle biopsies from potentially premalig-
nant andM Pipelle biopsies, with a reliability similar to a cohort of
expert pathologists. Development of algorithms using unselected
data sets is feasible. Further studies with multicentric, large co-
horts are needed. Our algorithm can be tested on the grand-
challenge platform. See Data Availability for access to the
algorithm.
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