
Machine Learning
for Biomedical Imaging

A Histopathological Image Dataset for Oral Squamous Cell Carci-
noma and Normal Tissue Analysis
Salma Bahaa 1

Oral Pathology, Faculty of Dentistry, Alexandria University, Egypt Champollion, Elazarita, 21563, Egypt

Abstract
Oral squamous cell carcinoma accounts for nearly 90% of all oral malignancies worldwide. While early detection is critical
to improve the disappointed 35%–45% advanced-stage survival rate, manual histopathological evaluation remains a
laborious process prone to intra-observer variability and physical strain. Artificial intelligence offers a promising decision-
support solution to optimize diagnostic accuracy; however, existing open-source datasets frequently suffer from distinct
limitations, including a lack of true normal tissue controls, the confounding grouping of dysplasia with invasive cancer, or
a restriction to single-magnification views that fail to mimic a pathologist’s multi-scale workflow. To address these gaps,
we introduce a curated, expert-labeled, AI-ready histopathological dataset consisting of 1,714 images obtained from
115 patients, explicitly designed to differentiate between OSCC and completely healthy oral tissue. For clinical usage,
the repository provides paired images at low-power magnification to evaluate overall tissue architecture and high-power
magnification to distinguish cellular malignancy criteria. Crucially, the dataset is partitioned using a strict patient-wise
split rather than an image-level split, successfully eliminating the risk of data leakage during the training, validation,
and testing phases of machine learning models. By offering a clean binary baseline with dual-magnification features,
this publicly available dataset provides a robust framework for developing scalable deep learning tools optimized for
early oral cancer screening. Link of dataset: Bahaa, Salma (2026), “Histopathological images of oral squamous cell
carcinoma and normal tissue”, Mendeley Data, V1, doi: 10.17632/7m9zkcx539.1.163
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1. Background

O ral and lip cancer ranked as the 16th most frequent
cancer and the 15th leading cause of cancer mortal-
ity worldwide in 2022, with 389,846 new cases de-

tected according to the World Health Organization (WHO).
In Egypt, the disease ranks 18th in both occurrence and
mortality rates, accounting for 1,578 newly diagnosed cases
(Ferlay et al., 2024). Accounting for nearly 90% of all oral
malignancies, oral squamous cell carcinoma (OSCC) repre-
sents the most common type of cancer found within the
oral cavity (Muralidharan et al., 2025). Although advance-
ments have been made in OSCC treatment modalities, the
prognosis remains poor. The 5-year overall survival rate

still drops significantly from 70%–80% for early-stage diag-
noses down to just 35%–45% when the disease reaches an
advanced stage (Xu et al., 2025). Therefore, improving ca-
pabilities for early detection serves as a pivotal intervention
for reducing cancer morbidity and securing better prognosis
(Huang, 2026).

For the reliable diagnosis of OSCC, histopathological
examination remains the definitive gold standard among
available diagnostic methods (Li, 2025). Routine micro-
scope work predisposes pathologists to dizziness and cervi-
cal strain, Moreover, as cancer cases rapidly escalate, re-
viewing massive volumes of tissue slides becomes an in-
creasingly laborious process. Furthermore, manual analysis
is prone to observer variabilities, leading to a critical lack
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of diagnostic accuracy (Li and Fevens, 2020).
Therefore, A decision-support tool is required to con-

firm a pathologist’s diagnosis, Hence Artificial intelligence
(AI) can play a critical role in optimizing diagnostic accu-
racy (Sukegawa et al., 2023).

To realize this objective in this specific context, focuses
on gathering an extensive, multi-center global collection of
OSCC samples and normal tissue controls is the initiative
to help in training, deployment and improving of different
AI models. To date, research in this domain has relied
on a limited number of existing cohorts. In (Freire et al.,
2022) dataset, they extracted 1,020 image patches, each
measuring 640 x 640 pixels, from the scanned whole slide
images. Then a specialist manually outlined the tumor
boundaries in every patch for segmentation then verified
by a senior pathologist. For (Rahman et al., 2023) work,
Their dataset contains 1,224 H&E-stained histopatholog-
ical images from 230 patients, expertly curated using a
Leica ICC50 HD microscope and split across two magnifica-
tion levels. The 100x magnification set includes 528 images
(89 normal oral epithelium and 439 OSCC), while the 400x
magnification set consists of 696 images (201 normal ep-
ithelium and 495 OSCC). In (Falcão Ribeiro de Assis et al.,
2023) work, The NDB-UFES dataset, collected between
2010 and 2021 at the Federal University of Espírito Santo
(UFES) in Brazil, pairs full histopathological images and
image patches with comprehensive clinical and sociodemo-
graphic metadata from patients. Notably, the repository
focuses entirely on abnormal conditions and contains no
normal tissue controls. However, it does not explicitly dif-
ferentiate between OSCC and dysplasia samples, electing
to group them together. For (Hammad et al., 2026) work,
The SinaiU-OMD dataset is a curated collection of 300
anonymized histopathological images but expands beyond
normal tissue and OSCC to include other oral and maxillofa-
cial lesions such as odontogenic keratocyst, Ameloblastoma
(plexiform type), and Pleomorphic adenoma. For (Guan
et al., 2025), The Multi-OSCC dataset features a large
cohort of 1,325 patients, with 6 high-resolution images
captured per individual across ×200, ×400, and ×1000
magnifications. For each magnification, the images cover
both the core and the invasive edge of the tumor. Mov-
ing beyond basic classifications, the dataset is richly labeled
across six clinical tasks tracking crucial diagnostic and prog-
nostic outcomes.

Although the presence of previous work in this field,
many repositories lack true ”normal” tissue samples, mean-
ing that AI models only learn what cancer looks like without
ever seeing what healthy oral tissue looks like for compari-
son. Second, when datasets do include pre-cancerous con-
ditions like dysplasia, they often put them together with
actual invasive cancer under the same category. This blur-
ring of lines makes it impossible for an AI to learn the

exact boundaries needed for precise, early-stage diagnosis.
Finally, most datasets only provide images at a single mag-
nification level. In real life, pathologists diagnose cancer
by constantly shifting between low power to see the overall
tissue structure and high power to see individual cell de-
tails. Training an AI on single-magnification images limits
its ability to understand these multi-scale features. Be-
cause of these limitations, current AI models often strug-
gle to perform accurately when tested in real-world hospital
workflows.

To fill these gaps, we introduce a new, carefully or-
ganized dataset that shows the clear difference between
healthy and cancerous tissue. By keeping normal tissue
and oral cancer strictly separated, it removes the confus-
ing labels found in older datasets. It also includes images at
both low and high magnification levels, allowing AI models
to learn exactly like a human pathologist does.

2. Summary

The main goal of this dataset is to help researchers build
better AI tools for detecting oral cancer by providing clear,
high-quality images that show the exact difference between
healthy tissue and cancer. The dataset is completely AI-
ready, meaning it is already organized, labeled by experts,
and split into low-power (100×) and high-power (400×)
magnification levels so machine learning models can start
training on it immediately, it was split by cases to help in di-
viding data into training, validation and testing without the
risk of data leakage. To use this dataset, researchers just
need a standard computer setup for deep learning, which
includes a modern graphics card (GPU), Python, and com-
mon AI frameworks like PyTorch or TensorFlow to process
the images.

3. Discussion

The biggest strength of this dataset is situated in organi-
zation and different magnifications. By capturing images
at both magnification levels, it allows AI models to look at
both the overall tissue structure like epithelial pearls and
individual cell malignant criteria, just like a real pathologist
does. Also, because we kept a strict, expert-checked line
between completely healthy tissue and actual cancer, there
are no confusing or mixed labels. The images were divided
by cases to simplify the procecess of traning, validation
and testing to prevent further overfitting. Lastly, getting
1,714 images from 115 different patients means that data
has a lot of natural variety, which stops the AI from just
memorizing the patterns of a few individuals.

Compared to other recent datasets, our work fills a
unique gap. For example, the NDB-UFES dataset (Falcão
Ribeiro de Assis et al., 2023) has great patient information
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but lacks healthy tissue samples and puts pre-cancer and ac-
tual cancer together. Another dataset, Multi-OSCC,(Guan
et al., 2025) has a massive number of patients but focuses
only on advanced cancer at very high magnification levels
with other pathological lesions. Our dataset bridges the
gap by providing a clean, easy-to-use setup that includes
true healthy tissue and two practical magnifications levels
for early screening specifically designed to differentiate be-
tween OSCC and normal tissue without any other lesion.

However, there are limitations to this work. First, all
tissue slides were collected from a single institution and cap-
tured using the same microscope . This creates a ”single-
center bias,” meaning an AI trained exclusively on these
images might struggle with slides from other hospitals that
use different staining techniques or camera systems. Sec-
ond, to maintain a clean binary baseline, we deliberately
excluded pre-cancerous conditions like dysplasia. While
this makes the dataset ideal for initial screening tests, real-
world clinical workflows are inherently more complex and
frequently include these pre-cancerous cases.

4. Resource Availability

4.1 Summary statement

This publicly available dataset contains histopathological
images of OSCC and normal oral tissue from an Egyp-
tian population, addressing the scarcity of geographically
diverse oral pathology datasets. It supports the develop-
ment and evaluation of machine and deep learning models
for AI-based oral cancer classification and contributes to
improve representation of underserved populations in com-
putational pathology research.

4.2 Data availability

Bahaa, Salma (2026), “Histopathological images of oral
squamous cell carcinoma and normal tissue”, Mendeley
Data, V1, doi: 10.17632/7m9zkcx539.1.

4.3 Potential Use Cases

This dataset supports development and evaluation of ma-
chine learning and deep learning models for histopatho-
logical classification of OSCC and normal tissue. It en-
ables automated cancer detection, computer-aided diagno-
sis, feature extraction, transfer learning, and benchmark-
ing across magnifications. With annotation, it can also be
used for segmentation tasks and other advanced compu-
tational analyses. Additionally, it supports digital pathol-
ogy research and oral cancer screening systems, relevant
to oral pathology, head and neck oncology, and computa-
tional pathology.

Misuse risks include unvalidated clinical deployment or

use as a standalone diagnostic system without professional
medical oversight.

4.4 Licensing

This dataset is released under the Creative Commons At-
tribution 4.0 International (CC BY 4.0) license.

You can share, copy and modify this dataset so long
as you give appropriate credit, provide a link to the CC
BY license, and indicate if changes were made, but you
may not do so in a way that suggests the rights holder
has endorsed you or your use of the dataset. Note that
further permission may be required for any content within
the dataset that is identified as belonging to a third party.

The dataset does not include upstream data with in-
compatible licenses, and all included data are released un-
der CC BY 4.0.

5. Methods

5.1 Data Details

This dataset was retrospectively collected between early
2023 and 2025.

Inclusion Criteria
Squamous cell carcinoma slides: Histopathological slides

of OSCC exhibiting clear morphological features of malig-
nancy and meeting acceptable quality standards were in-
cluded.

Normal tissue slides: Histopathological slides of normal
oral epithelium with high image quality and no evidence of
dysplasia were included.

Exclusion criteria
Slides containing artifacts (e.g., staining errors, blur,

tissue folds, or imaging defects) that could adversely affect
the performance of machine learning models were excluded.

To highlight the scope of this study, relevant clinical
and demographic information—including age, sex, and le-
sion anatomical location—was collected for each OSCC
and control case (Radosavovic et al., 2020; Steiner et al.,
2021) as summarized in Table 1.

5.2 Methods Used for the Data Creation

Serial 4–5 µm sections were prepared from paraffin-embedded
tissue blocks of OSCC and normal tissues, and stained
with hematoxylin and eosin (H&E). The samples were ob-
tained from the archives of the Oral Pathology Department,
Faculty of Dentistry, Alexandria University, Egypt. The
dataset comprises 115 histopathological cases, including
49 cases of OSCC and 66 cases of normal tissue. The
OSCC cases span three histological grades: 37 intermedi-
ate (75.5%), 9 high (18.4%), and 3 low (6.1%). Image
acquisition was performed using an Olympus DP20 digital
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Table 1: Distribution of OSCC and Normal samples by
gender, age group, and anatomical site on image basis

Category Subcategory OSCC Normal P-value

Gender Male 221 274 0.00022Female 203 170

Age Group
Group 0 (< 40 years) 4 170

< 0.00001Group 1 (40–60 years) 225 270
Group 2 (> 60 years) 195 4

Anatomical Site

Buccal / Posterior buccal mucosa 25 30

< 0.00001

Mandibular alveolar ridge 83 94
Lateral surface of tongue 173 38
Ventral surface of tongue 40 0
Upper lip 12 0
Maxilla / Maxillary alveolar ridge 46 0
Hard palate / Palatal maxilla 36 0
Retromolar area 61 0
Zygoma / Condyle 23 0
Dorsal surface of tongue 0 17
Anterior gingiva 0 265

camera mounted on an Olympus BX41-P polarizing light
microscope (Olympus, USA), with CellSens Standard soft-
ware. Images were captured at two magnification levels.
At 400× magnification (40× objective), 427 OSCC images
and 437 normal images were obtained, focusing on cellular-
level malignant features, including hyperchromatism, pleo-
morphism, altered nuclear-to-cytoplasmic ratio, prominent
nucleoli, and mitotic activity.Fig.1 (A,B). At 100× magni-
fication (10× objective), 421 OSCC images and 429 normal
images were acquired, emphasizing tissue architecture such
as keratin pearls, epithelial pearls, and tumor cell nests,
along with malignancy-related features observable at lower
magnification (Neville et al., 2015). Fig.1 (C,D). All im-
ages were stored in JPEG format with a resolution of 1600
× 1200 pixels. The images were subsequently standardized
to a resolution of 1100 × 1200 pixels. White mask nor-
malization was then applied using a binary mask. Finally,
color normalization was performed on the RGB channels
prior to recombining them into the final image. These pre-
processing steps were essential to ensure computational ef-
ficiency and maintain consistency across the dataset (Albal-
awi et al., 2024). Our study was designed to encompass
multiple diagnostic fields in a Zigzag method (Sancheti
et al., 2018), with all cases independently verified by three
pathologists. Patient anonymity was maintained through
the use of serial hospital identification numbers assigned to
each case. Since the primary objective of this dataset was
the classification of squamous cell carcinoma versus nor-
mal tissue, no manual annotation or segmentation labels
were generated. The dataset was intended for image-level
classification tasks rather than localization-based analyses.
Data collection and preparation are illustrated in Fig.2

6. Validation

Figure 1: Histological images samples show (A) OSCC
using objectives of 40 × (B) Normal epithelium using ob-
jectives of 40 × (C) OSCC using objectives of 10 × (D)
Normal epithelium using objectives of 10 ×

Figure 2: Data collection and preparation workflow

6.1 Description of approaches ensuring quality of data

Histopathological images were reviewed for image clarity,
staining quality, focus consistency, and labeling accuracy
prior to inclusion in the dataset. Images with severe arti-
facts, blur, incomplete tissue regions, or inadequate stain-
ing quality were excluded. Class labels (OSCC and normal
tissue) were verified by three independent pathologists.

Quality control metrics included visual assessment of
image sharpness, staining consistency, tissue integrity, fol-
lowing Zigzag method in capturing images to ensure non-
repetition of different images (Sancheti et al., 2018)

This dataset was previously utilized in our earlier study
(Bahaa et al., 2026) for the development and evaluation of
several machine learning and deep learning models, includ-
ing Fine Tree (FT), Medium Tree (MT), Linear Discrim-
inant (LD), K-Nearest Neighbors (KNN), Linear Support
Vector Machine (SVM), and a Neural Network model based
on a multilayer perceptron (MLP) architecture. This is the
graphical abstract for our work.Fig.3
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Figure 3: Graphical abstract
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