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Abstract

Background: Whole-slide imaging enables the digitization of entire histological slides at a high resolution, allowing pathologists and
researchers to analyze tissue samples digitally rather than through traditional microscopy. This technology has become increasingly
valuable in pathology for research, education, and clinical diagnostics. Endometrial biopsy is very common, often being undertaken
to exclude noncancerous disease. This means that most cases do not contain cancer, and the challenge is to accurately and efficiently
exclude serious pathology rather than simply make a diagnosis of malignancy. A well-curated, expert-annotated, endometrial whole-
slide dataset covering a spread of cancer and noncancer diagnoses will support machine learning applications in automated diagnosis,
facilitate research into the pathology of endometrial cancer, and serve as an educational resource for medical professionals.

Results: We introduce a newly constructed, large-scale dataset of endometrial biopsy specimens, comprising 2,909 whole-slide images
in iSyntax format, each accompanied by a corresponding annotation file in JSON format. Each whole-slide image is labeled with a
primary class label representing its final diagnosis and a subcategory label providing further details within that diagnostic class.
These class labels are critical for machine learning applications, as they enable the development of artificial intelligence models
capable of distinguishing between different types of endometrial abnormalities, improving automated classification, and guiding
clinical decision-making.

Conclusions: Constructing and curating a high-quality endometrial whole-slide dataset requires significant effort to ensure accurate
annotations, data integrity, and patient privacy protection. However, the availability of a well-annotated dataset with detailed class
labels is crucial for advancing digital pathology. Such a resource can enhance diagnostic accuracy, support personalized treatment
strategies, and ultimately improve outcomes for patients with endometrial cancer and other endometrial conditions.

Keywords: endometrium, whole-slide imaging, endometrial cancer, endometrial hyperplasia, endometrial carcinoma, digital slide
repository, image analysis, image segmentation, histopathology, deep learning, machine learning

Data Descnptlon hence, data preparation and understanding is one of the most im-

The endometrial dataset described in this article includes a to-
tal of 2,909 hematoxylin and eosin (H&E)-stained whole-slide im-
ages (WSIs) from NHS Greater Glasgow and Clyde Biorepository
and Pathology with a total of 3.6 TB storage. This dataset was
originally created as part of the Industrial Centre for the Indus-
trial Centre for Artificial Intelligence Research in Digital Diagnos-
tics (ICAIRD) [1] with the aim to automatically sort histopathology
WSIs of endometrial biopsy specimens into 1 of 3 categories: “ma-
lignant,” “other or benign,” or “insufficient.” This would allow pri-
oritization of malignant slides within the pathologists’ workload
and reduce the time to diagnosis for patients with cancer.

Context

As the demand for artificial intelligence (Al) services continues
to grow, so does the need for high-quality datasets. Data are the
key component of any machine learning (ML) and deep learn-
ing projects. The quality of data is as important as the quantity;

portant and time-consuming tasks of the ML project life cycle.

Machine learning in health care can be used for better diag-
nosis using ML-enabled tools to analyze medical reports and im-
ages. The use of Al in clinical practice aids pathologists in many
ways. Techniques like digital image analysis and machine learning
are excellent in predicting cancer outcomes. These Al models can
help with pathological diagnoses and train pathologists to identify
areas of interest in tissue samples.

Endometrial cancer is a type of cancer that originates in the
lining of the uterus, which is called the endometrium. It is one
of the most common forms of cancer that affects the female
reproductive system. The endometrium is the tissue that under-
goes changes throughout the menstrual cycle and is shed during
menstruation.

Using Al for the detection of endometrial cancer has shown
promising results in recent research and clinical applications. Al
techniques, such as ML and deep learning, can be applied to medi-
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calimaging and clinical data to aid in early detection and accurate
diagnosis of endometrial cancer.

A recent review of Al in gynecological cancers [2] found 13
papers for endometrial cancer, out of which only 1 paper used
H&E WSIs from endometrial biopsy specimens [3]. In this study,
a convolutional neural network (CNN) was trained on patches
of size 640 x 640 pixels extracted from the regions annotated by
pathologists as normal or malignant. CNNs differentiated patches
as endometrial adenocarcinoma and 3 benign classes (normal,
endometrial polyp, and endometrial hyperplasia) and achieved
93.5% accuracy on the binary classification task and 78.0% sen-
sitivity. The results presented in this article are at the patch level
only, and no slide-level classification has been reported.

A endometrial cancer H&E slides dataset, the Clinical Pro-
teomic Tumor Analysis Consortium (CPTAC) [4], is available from
the cancer imaging archive, consisting of pathology slides along
with genomics data and radiology images. The 3 studies that
used CPTAC aimed to predict the same information as genetic
sequencing [5] or illustrate features in H&E slides that could
identify different cancer variants [6, 7] and hence allow more
personalized treatment.

A weakly supervised learning method used this endometrial
dataset for WSI diagnosis and interpretability. Interpretability
methods, including attention heatmapping, feature visualization,
and a novel end-to-end saliency mapping, were applied to iden-
tify distinct morphologies learned by the model and build an un-
derstanding of its behavior [8]. The reported results in this article
show slide-level validation and test accuracies over 85% and 87%,
respectively. This dataset also has been used for detecting malig-
nancy using Al in a recent article [9]. In this article, a fully super-
vised CNN model was trained to automatically sort endometrial
biopsy images into “malignant,” “other or benign,” or “insufficient”
tissue classes with the aim to allow prioritization of these slides in
a queue for pathologist review and hence reduce time to diagnosis
for patients with cancer. The final model was able to accurately
classify 90% of all slides correctly and 97% of slides in the ma-
lignant class; this accuracy is good enough to allow prioritization
of the workload. The code and trained model for this study are
available at [10].

The tissue blocks for this study originate from the Glasgow Royal
Infirmary (NG), Southern General Hospital (SG), Royal Alexandria
Hospital (RAH), and Queen Elizabeth University Hospital (QEUH)
(all in Glasgow, Scotland), each with independent tissue handling,
including fixation and tissue processing. New tissue sections were
cut from the tissue blocks at 1 of 2 different thicknesses (3 or 4
microns) and then stained with 1 of 4 different H&E protocols. To-
gether, these combinations gave 8 different labs maximizing WSI
variance and thereby decreasing the likelihood of overfitting to
any 1 lab (combination of tissue processing, cutting, and staining
protocol) (Fig. 1).

The slides were split into training, validation, and test sets. The
samples had examples of 5 “malignant” subcategories, 5 “other or
benign” subcategories, and a category “insufficient,” where there
was insufficient tissue to make a diagnosis. Hyperplasia with
atypia was included in the “malignant” category as it is a high-
risk preinvasive lesion that is important to detect (Fig. 2).

1. Tissue Source & Variability
- Tissue sourced from 4 Glasgow hospitals: NG, SG, RAH, QEUH
Independent processing: fixation, sectioning (3 or 4pm), H&E staining
- 8lab-style combinations created to maximise WSI variability and reduce
\_ overfitting )

( 2. Slide Processing & Digitisation h

- Slides scanned at QEUH using Philips Ultra Fast Scanner (UFS)
- WSIs stored in iSyntax format with Level 0 or 40x magnification
\_ (0.25pm/pixel) )

¥

3. Annotation and Label Validation

Initial case labels checked during annotation
- Corrected labels used for final dataset split

> ® <

4. Slide Categorisation

3 Main Classes: Malignant, Other or Benign, Insufficient

5 subtypes each for malignant and benign
J

.
/ 5. Data Splitting Strategy \

- Test set: All slides from 2 entire labs (excluded from training/validation)
- Plus 10% of slides randomly sampled from other 6 labs
- Training & Validation Sets: 90% of slides from other 6 labs,
2/3 for training, 1/3 for validation
- Stratified to balance main and subcategories

-

J

Figure 1: Flowchart of data collection and data split.

The test set contained the complete groups of slides for 2 of
the labs, and these slides were not part of the training and vali-
dation sets. The test set then also contained a randomly selected
10% of the slides from the other 6 labs. The remaining 90% of the
slides, from the other 6 labs, were used for the training and vali-
dation sets. Two-thirds of these slides were selected randomly for
the training set, and the rest were used for the validation set. The
splits into the test, validation, and training sets were checked to
see that there was a balance of the categories and subcategories
across the sets. These splits were calculated based on the case la-
bels associated with the samples recorded in the system. During
the annotation process, these labels were doubled checked, and in
approximately 5% of the cases, the final label associated with the
scanned slide was different. This could be because the new slice
taken from the sample did not show the same pathology as the
original or that the original label was incorrectly recorded. The
corrected labels postannotation were the labels that were used
for training and testing. This means the final numbers of slides
of each type may not match the original percentages described
above. The distribution of data over train, validation, and test sets
is shown in Table 1.

All slides were then scanned at QEUH and saved as WSIs. The
WSIs are hundreds of thousands of pixels in height and width at
the highest magnification and are too large to read into memory.
Dedicated WSI formats allow access to either small parts of the
image at the highest magnification or the whole image at lower
magnifications. For this study, slides were scanned using a Philips
Ultra Fast Scanner and stored in the iSyntax file format. The most
detailed view in the WSl is level 0, or 40x magnification, where the
length of a side of 1 pixel in the image is 0.25 wm. Higher levels
represent lower magnifications in a pyramid, where each level is
a power of 2 smaller than the previous (Fig. 1).

The scanned slides were annotated by a mix of experienced
biomedical scientists and pathologists from NHS Greater Glasgow
and Clyde. The work of the biomedical scientists was reviewed and
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Figure 2: Example of subcategory of malignant and other or benign cases. (A) Malignant—adenocarcinoma. (B) Malignant—carcinosarcoma. (C)
Malignant—sarcoma. (D) Malignant—hyperplasia with atypia. (E) Malignant—other. (F) Other or benign—hormonal. (G) Other or benign—inactive
atrophic. (H) Other or benign—proliferative. (I) Other or benign—secretory. () Other or benign—menstrual.

Table 1: Distribution of samples in training, validation, and test sets for the endometrial dataset

Category Subcategory Training Validation Test Total
Malignant Adenocarcinoma 243 113 162 518
Carcinosarcoma 37 18 28 83
Sarcoma 11 6 8 25
Hyperplasia with atypia 106 53 67 226
Other 4 1 3 8
Total 401 191 268 860
Other or benign Hormonal 158 79 115 352
Inactive atrophic 170 90 133 393
Proliferative 184 81 116 381
Secretory 176 91 116 383
Menstrual 159 84 111 354
Total 847 425 595 1,867
Insufficient Insufficient 90 44 48 182

approved by a pathologist before use. The annotations took place
using the QuPath software [11], and the isyntax [12] files were con-
verted to OME-Tiff files using a Glencoe software converter [13]
prior to annotation. The code utilized for this conversion is pub-
licly available from Zenodo [10].

Annotation of endometrial slides is complicated due to the
structure of the tissue present on the slides. Some of the slides
contained a small number of large contiguous pieces of tissue
(Fig. 3A), where only annotating the malignant areas is straightfor-
ward. However, some of the slides contained a very large number
of small fragments of tissue (Fig. 3B). These slides would require
the pathologists to annotate separately many small bits of tissue
on slides where nearly all the tissue was malignant. In addition,
some slides contained a very large amount of blood or mucus with
no diagnostic value (Fig. 3C). Therefore, it was decided that anno-
tating blood and mucus either as a separate class or as part of the
“other or benign” class would be time prohibitive, and an alterna-
tive approach was needed [9].

The widely used method for annotating H&E slides takes the
approach that only the area of interest is annotated, and the rest
of tissue is considered normal tissue and therefore is not anno-
tated. Due to the structural complexity of the endometrial slides
mentioned above, it was decided to take a different approach for
annotating these slides.

The annotation approach taken for endometrial WSIs gives an
overall class to the slide, and then to only annotate parts of the
slide that differed from the overall class. The classes used for an-
notation were “malignant” and “other or benign.” Slides catego-
rized as “insufficient” lack specific tissue types, so this term was
not used as an annotation class. Annotators were not required to
denote the areas of tissue on the slide as tissue detection was ap-
plied as part of the preprocessing algorithm. Hence, a large num-
ber of the annotation files were blank as everything on the slide
was from the overall class with no other annotation required.

Figure 4 shows examples of endometrial slides where all the
tissue on the slide is of the overall category assigned to that slide,
and therefore the annotation files for them are blank as no an-
notation was needed for them. Tissue detection or background
separation and blood and mucus detection are then applied to
the slide in the preprocessing stage. To detect the tissue and sep-
arate it from the background, a thumbnail image of the slide at
level 5 is created. Figure 3C shows how multiple tissue areas are
saved as separate images in iSyntax format to reduce the file
size. In the thumbnails, the missing areas between these images
are pure black pixels. Any pixels in the thumbnail that are pure
black are converted to pure white. The image is then converted
to grayscale, and as the background is predominately white, any
values of greater than 0.85 are considered background. Next, a



(a) Slide with a few large pieces of tissue.

(b) Slide with many small fragments of tissue.

(c) Slide with large amounts of blood clot.

Figure 3: Examples of slides with different amounts and presentation of tissue. Scale bar = 5 mm.

(a) Malignant slide

(c) Normal slide

(d) Overlayed annotations on the normal slide

Figure 4: Examples of slides where all tissue on the slide is of the same category. Scale bar = 5 mm. l Malignant. [ Blood or mucus. [ Normal tissue.

M Background.

closing transform and a hole-filling morphological operation are
applied; the operations improve the amount of tissue captured
around edges and holes. The mask created by the tissue detection
algorithm for the slide shown in Fig. 4A is shown in Fig. 4C. When
tissue detection is combined with the annotation (Fig. 4b), it gives
the areas of the slide as “malignant” or “other or benign” tissue, as
shown in Fig. 4D [9].

The second stage is to identify any blood or mucus on the slide.
Blood and mucus detection is carried out on a pixel-by-pixel basis.
Each of the red, green, and blue (RGB) channels is considered sep-

arately. A Gaussian filter with a kernel size of 2 is applied. Then a
texture filter is applied to each channel both with and without the
Gaussian filter to give a total of 12 different features for each pixel
(raw pixel value, Gaussian filtered value, texture filter on raw, and
texture filter on Gaussian filter for each of 3 channels). A random
forest model was trained using a small subset of images with de-
tailed annotations to determine the difference between “blood or
mucus” and “tissue” pixels. The trained blood and mucus detec-
tion model was then applied to each image to identify “blood or
mucus.” For the slide shown in Fig. 5A, the areas detected as “blood



Figure 5: Examples of all stages in slide annotation and detection of tissue. Scale bar = 5 mm. (A) Thumbnail of “malignant” slide where some tissue is
“other or benign.” (B) Annotation for “malignant” slide where some tissue is “other or benign.” (C) Mask showing areas detected as tissue in white;
background is shown in black. (D) Combined annotation and tissue detection. (E) Calculated mask showing areas detected as “blood or mucus” in
white; anything that is not “blood or mucus” is shown as black. (F) Combined annotation, tissue, and “blood or mucus” detection. Bl Malignant. [J

Blood or mucus. [ Normal tissue. B Background.

or mucus” are shown in Fig. 5E. When this is combined with the
tissue detection and annotations, it gives the areas of the slide as
“malignant” or “other or benign,” as shown in Fig. 5 [9].

Figure 6 shows examples of slides where different categories
are present on the slide. In these examples, the background and
blood and mucus area are detected later in tissue detection and
blood or mucus detection stages.

Disagreements can occur among pathologists when categorizing
slides. To assess this variability, 3 pathologists independently an-
notated a subset of 295 test slides. Their agreement was mea-
sured using Cohen’s « statistic, with the arithmetic mean of all ob-
server pairs reported [9]. Despite strong concordance, some incon-
sistencies were observed. The most frequent category-level dis-

agreements were between “insufficient” and “other benign,” while
at the subcategory level, differences arose mainly between “in-
sufficient” and “inactive/atrophic,” as well as “hyperplasia with
atypia” and “adenocarcinoma” within the malignant class. These
disagreements are visualized in the confusion matrices [9].

The images submitted were obtained directly from cases under-
going clinical histopathological diagnosis and were subject to rig-
orous scrutiny by the specialist team of diagnostic histopatholo-
gists who undertook the manual annotations of selected features.
The annotations were added afterward as a separate exercise, not
linked to clinical diagnosis. The gold standard was the patholo-



(a) Malignant slide

(c) Normal slide

(e) Malignant slide

(g) Insufficient slide (h) Mask of the insufficient slide

Figure 6: Examples of slides and their masks after applying overlaying annotations and applying tissue and blood or mucus detection stages to the
slide. Scale bar = 5 mm. B Malignant. [J Blood or mucus. [ Normal tissue. Bl Background.
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Figure 7: Example of segmented nuclei (colored blue) in 2 different annotations in the same patient using the Indica HALO Al platform. (1a)
Annotation of the malignant area (yellow line), having excluded the normal cervix (dotted yellow annotation). (2a) Annotation of normal cervix (green
line). (1b, 2b) Higher magnification of 1a and 2a, respectively. (1c, 2c) Multiplex immunohistochemistry analysis algorithm was used to segment
individual nuclei (blue nuclei mask) and to extract their morphological features within annotations.

gists’ diagnosis and, where there was discrepancies, by consensus
review.

Using the H&E endometrial WSI dataset and their annotations,
ML algorithms can be applied to assist in various aspects of cervi-
cal health analysis. Data collection and preprocessing is the first
step in illustrating how ML algorithms can utilize these data.

Extracting nuclear morphological features using
Indica Halo Al

WSI images were imported into Indica HALO and HALO Al
(v.3.6.4134), along with corresponding annotation files created in
QuPath by pathologists. A nuclei segmentation classifier, under-
pinned by advanced deep learning neural network algorithms,
was trained with examples from multiple different cases (Fig. 7).
An analysis algorithm, Multiplex IHC v.3.2.3, was utilized to seg-
ment individual nuclei to extract nuclear morphological features
such as area, perimeter, and roundness within the annotation
(Fig. 5). The tabular data from the individual nuclear morpholog-
ical features, along with their x and y coordinates, was exported
into CSV file format.

Reuse potential

The endometrium can display a wide range of histological ap-
pearances with overlapping features, which makes the diagno-
sis of various lesions complex and specifically distinguishing be-
tween premalignant and malignant conditions challenging. The
diverse presentation of symptoms of endometrial abnormalities
may be attributed to different underlying conditions, making ac-

curate diagnosis based solely on clinical presentation impossible.
This dataset includes a wide range of endometrial WSIs contain-
ing a wide spectrum of histological conditions that have been an-
notated by pathologists and can be used for training Al-based al-
gorithms to identify the endometrial abnormalities and to detect
slides with malignant tissue to allow prioritization of these slides
in a queue for pathologist review and hence reduce time to di-
agnosis for patients with cancer. Moreover, nuclear morphologi-
cal features such as area, perimeter, and roundness may enhance
accuracy in distinguishing between premalignant and malignant.
Furthermore, one problem in diagnostic pathology is how to deal
with small samples that may not be representative or provide con-
clusive evidence for the pathologist. On occasion, this may neces-
sitate a report that states “tissue insufficient for diagnosis,” which
in turn may lead to a further sample being sought. This is a poten-
tial distressing and painful procedure for the patient. Being more
confident about defining an inadequate sample will help work-
flow, ensure safety, and minimize unnecessary discomfort to the
patient.

This dataset was utilized to generate 3 models distinguishing
3-class classification, “malignant,” “other or benign,” and “insuffi-
cient,” WSIs [9]. Among these, the CNN achieved the highest ac-
curacy in identifying malignant cases, with classification accu-
racy ranging from 89.8% to 92.1% depending on whether any tis-
sue patches or majority-tissue patches were used. However, its
overall accuracy (85.2%-90.8%) was slightly lower than that of
the random forest model, which yielded the highest overall accu-
racy but underperformed in correctly identifying malignant cases.
XGBoost provided a balanced performance, intermediate between
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the CNN and random forest classifiers. These results, presented in
detail in the original publication [9], offer a benchmark for future
method development and validation.
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