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Machine learning classification algorithms have emerged as promising tools to support the early
detection of skin cancers. Existing algorithms typically assess malignancy of skin lesions based on

a single skin image. This is in contrast with how clinicians integrate information from their physical
examination, comparing multiple skin lesions of an individual and changes in lesions over time.
Including contextual information could greatly enhance machine learning algorithms. However,
contextual information in skin image datasets is predominantly scarce and inconsistent. Additionally,
a dataset containing images of the same lesion across multiple time points and varying resolutions is
also lacking. To address these gaps, we present a comprehensive dataset derived from skin monitoring
of 480 study participants recruited from a general population sample (n =196) and a high-risk for
melanoma cohort (n =284). This dataset includes images of 250,162 skin lesions obtained from three-
dimensional total body imaging (tile images), along with corresponding dermoscopic images of 9,389
lesions. For 340 of the participants, longitudinal tile and dermoscopic images (ranging from 2 to 7) are
provided.

Background & Summary
Skin cancers emerge when there is a genetic mutation of skin cells resulting in uncontrolled proliferation, often
in response to ultraviolet radiation'. Cutaneous melanoma (called melanoma from hereon) is the deadliest
. form of skin cancer responsible for 80% of skin cancer-related deaths. Basal cell carcinomas (BCCs) and squa-
- mous cell carcinomas (SCCs) are very common skin cancers, but less deadly than melanoma®. Although mel-
. anoma is relatively rare, its global incidence has increased over the past 50 years**. Some of this growth in
incidence may have resulted from increased diagnosis scrutiny®. While late-stage skin cancers have a higher risk
of mortality and require complex and costly treatment, early-stage diagnosis is associated with excellent survival
and lower treatment costs”®. Due to commonly being located on the skin surface, skin cancers are often visible
. and potentially detectable by looking at the skin®. Because of this visibility, various skin imaging technologies
: have been proposed to enhance early detection!®. Machine learning algorithms, particularly neural networks,
* have shown potential in classifying skin images into benign and malignant lesions'!. Most algorithms developed
: to date have only been trained on labelled dermoscopic (magnified) images''-'.
' Dermoscopic images are high-resolution, magnified images of skin lesions that allow clinicians to view
deeper skin structures by reducing skin surface reflectivity'. These images are valuable in the differential
. diagnosis of melanoma and other skin cancers; however, their interpretation, even by trained clinicians is
. time-consuming, and results are highly dependent on the clinician’s experience'®. Although machine learning
: has great potential in classifying these skin images, training algorithms require a large number of accurately
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annotated images!’”. The underlying training dataset plays a crucial role in the accuracy, generalisability, and
clinical usefulness of algorithms®. Several dermoscopic datasets have been compiled for the training and evalu-
ation of neural networks'". Dermatological atlases intended for educational purposes, have also been used as an
input for algorithm development'®.

Despite the large number of images available in currently existing dermoscopic datasets, they are likely
biased toward more notable lesions that led to the dermoscopic image being taken®. Additionally, these datasets
are mostly limited to isolated skin images, leading algorithms trained on them to base their decision-making
about the malignancy of a lesion solely on a single skin image. This contrasts with how clinicians make decisions
by integrating information from anamnesis, physical examination, evaluating whether the lesion in question
resembles other lesions on the same patient, and sometimes changes in the lesion over time.

One limitation of dermoscopic datasets has been the lack of information regarding the overall lesion pheno-
type of an individual®. To overcome this, the International Skin Imaging Collaboration (ISIC) 2020 provided
a dataset that includes dermoscopic images from multiple lesions of the same person?'. This dataset was also
used to support the development of algorithms based on the “ugly duckling” concept. This concept suggests that
benign moles of a person often share similarities in pattern, shape, colour, and size, while melanoma is more
likely to stand out. Although this dataset enabled comparison of multiple lesions from the same individual,
it remained biased toward more atypical lesions selected for dermoscopic imaging®. To minimize selection
bias and provide a more comprehensive representation of lesion phenotypes, the ISIC 2024 offered skin images
with smartphone-compatible resolution obtained from three-dimensional total body photographs (3D-TBP) of
participants®.

Despite recent advancements in ISIC and other datasets, over-representation of atypical lesions in dermo-
scopic datasets remains a limitation. Moreover, datasets that contain images of the same lesion in both dermo-
scopic and smart-phone resolution remain limited. Skin image datasets also have limitations with regards to the
available metadata. For example, despite the clinical importance of ethnicity and Fitzpatrick skin type, “Patient
ethnicity data were available for 1415 images (1.3% of all images), and Fitzpatrick skin type data for 2236 (2.1%)”
page 69%°.

Evidence has shown that including such metadata can significantly increase the accuracy of machine learn-
ing algorithms®*?’. Metadata also provides valuable information about the characteristics of the populations
used to train and validate algorithms. This information is important because, while machine learning algorithms
typically perform at a satisfactory level when tested on skin images from the same population used for training,
they often underperform when evaluated on data from different populations**-?°. Metadata information pro-
vides transparency to assess the robustness of results beyond the original population.

Lack of metadata and inconsistencies in collection and reporting may stem from a lack of consensus regard-
ing which metadata is essential’®. Having a dataset with comprehensive metadata provides an opportunity to
identify the minimal metadata that is critical to collect in order to increase algorithm accuracy and aide gener-
alisability evaluation.

One of the key indicators of a potential melanoma is the change in size, colour, shape, or elevation of a lesion
over time”. Advancements in imaging systems and machine learning algorithms now make it possible to detect
and monitor almost all skin lesions in individuals over time. These longitudinal skin images are particularly
valuable for detecting early signs of malignant transformation and developing algorithms for tracking changes
based on longitudinal data.

To overcome the limitations of previous datasets and provide a resource that includes more clinical informa-
tion, we present a dataset from skin monitoring of 480 participants across two longitudinal studies on general
(n=196) and high-risk populations (n =284). The dataset includes low-resolution tile images of detected pig-
mented lesions extracted from 3D-TBP (on average, 521 lesions per person), and corresponding high-resolution
dermoscopic images for lesions that were larger than 5mm or were of interest by either the participant or clini-
cian (on average, 20 lesions per person). This dataset overall includes tile images for 250,162 skin lesions (includ-
ing 28 melanomas) along with corresponding dermoscopic images for 9,389 of these skin lesions (including 19
melanomas). Longitudinal tile and dermoscopic images (ranging from 2 to 7 time points) are available for 340
participants. This skin image dataset is accompanied by comprehensive individual-level metadata on lesion
anatomic location, individuals’ number of naevi, demographic information, skin cancer history, freckling, skin
colour, as well as sun exposure and sun protection behaviour data.

Methods

General. The data presented in this manuscript were derived from two longitudinal studies conducted by the
Dermatology Research Centre at the University of Queensland. The studies are titled “Mind your Moles”, and
“Health Outcome Program Study’.

Mind your moles (MYM).  The first study, “Mind Your Moles” (MYM study), enrolled people from the gen-
eral population of adults living in Southeast Queensland, Australia, with details of the study reported previously?.
Participants were recruited from the Australian Electoral Roll. Eligibility criteria included having at least one
naevus and being willing to attend 3D-TBP every six months for a period of three years. This study received
ethics approval from the Human Research Ethics Committee of Metro South Health (HREC/16/QPAH/816), the
University of Queensland (2016000554), and the Queensland University of Technology (1600000515). A total of
196 participants consented to sharing their images for future research.

Health outcomes program study (HOPS). The second study, “Health Outcomes Program Study”
(HOPS study), was a randomised controlled trial (RCT) and enrolled adults at high risk of melanoma living in
Southeast Queensland, Australia, with the study protocol reported previously®. Participants were recruited by
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Fig. 1 Follow-up schedule for MYM and HOPS participants.

referral from dermatologists and medical practitioners or through the University of Queensland Dermatology
Research Centre’s registry of research volunteers. A total of 284 participants filled out the data-sharing consent
form. Eligibility criteria included being diagnosed with at least one melanoma before the age of 40 years, or two
or more melanomas before the age of 65 years, or having a strong family history, or dysplastic naevus phenotype.
Eligible participants were randomly assigned to one of two groups: the intervention group, which continued
their usual follow-up with their regular doctor and underwent longitudinal 3D-TBP along with longitudinal
dermoscopy imaging every six months for two years, or the control group, which continued their usual follow up
with their regular doctor and received 3D-TBP and dermoscopy imaging only once at their last study visit. This
study received ethics approval from the Human Research Ethics Committee of Metro South Health (HREC/17/
QPAH/816) and The University of Queensland (2018000074).

Data collection through sequential visits. Participants of the MYM study and the intervention group
of the HOPS study were followed up with imaging sessions every six months for three or two years, respectively
(Fig. 1). Visits included 3D-TBP, dermoscopy imaging, clinical skin examination, and questionnaire completion.
The control group of the HOPS study was followed with 6-monthly questionnaires only and had one complemen-
tary 3D-TBP and dermoscopy imaging at the 24-month timepoint after completing their last study questionnaire.
An overview of the most important information collected and reported for each visit is presented in Figs. 1, 2.

Skin monitoring. Sequential 3D-TBP. TBP was performed using a VECTRA Whole Body 360 (Canfield
Scientific Inc., Parsippany-Troy Hills, NJ, USA). The VECTRA consists of a framework of 92 cameras that collect
images simultaneously from different angles and uses software to combine them into a 3D avatar. The VECTRA
software includes a Convolutional Neural Network (CNN) that detects pigmented skin lesions®. For each pig-
mented lesion identified through 3D-TBP, corresponding lesion images (tile images) were extracted and included
in the dataset. Not all the tile images underwent manual validation. Further details regarding the accuracy of the
lesion detection algorithm are provided in the Technical Validation section.

An overview of the available skin image data including images extracted from 3D avatar and their corresponding
dermoscopic image between different demographics, clinical groups, and anatomical locations, is provided in
Table 1.

Sequential dermoscopic images. Dermoscopic images were taken of pigmented lesions with a diameter of
5mm or greater and other lesions that were either of concern for the participant or the clinician/melanographer.
Dermoscopic images were captured using either the VEOS SLR Dermoscopic Camera or the Canon EOS Rebel
T6i. Details about the specific camera used for each image are included in their metadata. The number of dermo-
scopic images across different population groups are presented in Table 1.

Questionnaire data. At each study visit, a clinical research assistant administered the questionnaire. The base-
line questionnaire included questions on demographics, socioeconomic status, sun behaviour, and skin cancer
history. Questions about sun behaviour were repeated during subsequent visits, as shown in Figs. 1, 2.

Many additional questions, particularly from the high-risk population were collected. These questions were
mainly about the frequency of skin checks, quality of life, opinion about melanoma fatality, and attitude towards
using 3D imaging. Since this data was not relevant for algorithm development and to minimize confusion, they
were excluded from the shared dataset. However, these data are available upon request from the corresponding
author or research committee. A complete list of all questions asked through the questionnaire can be seen in the
Questionnaires_and_clinical_assessment_data.pdf file within the dataset.

Clinical data. A clinical skin examination was performed by a medical professional or trained melanographer
and documented on a standard form. The information collected included eye colour, hair colour, innate skin
colour, facultative skin colour, freckling score, and spectrophotometry of skin colour.
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Skin image dataset:

e Tile images: Skin images with resolution compatible with smartphones from all
pigmented skin lesions of individuals that are detected on the 3D total body model
of participant.

e Dermoscopic images: Dermoscopic images from all of the lesions larger than
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Tile Image ’iermoscopic Image
53,

L

Visit 1 (Baseline) ~ Visit1 (Baseline) |

=
k

~ Visit2 (Month 6) A

Visit 2 (Month 6)

Visit 3 (Month 12) kvxalu(mmnm o
F A3

Visit 4 (Month 18)

Visit 5 (Month 24)

Vkll S (Month Z‘)L

Visit 6 (Month 30) E tllﬂMnnth!J J

Ed ]
Visit 7 (Month 36) Visit 7 (Month 36) (

(Occupational sun exposure, Lesure sun exposure,
Sunburn history at childhood, younghood and adulthood)
e Skin cancer history
(Participant’s melanoma excision, Participant’s skin cancer excision,
Family history of melanoma)

Baseline Baseline questionnaire:

— e Demographics

| (Age at first visit, Gender, Ancestry)
— e Sun protection behaviour and sunburn history

Follow-up Follow-up questionnaire:

e Sun behaviour and sunburn
:: (Occupational sun exposure, Lesure sun exposure)
e

Clinical data:

e Eye colour
[ E—| e Hair colour
— e Innate skin colour

e  Facultative skin colour

e Freckling score

e Number of naevi*

Fig. 2 Summary of the data collected and presented in the dataset. * Naevus counts were obtained using the
naevus detection algorithm inbuilt into the 3D imaging software®

Data Records

The dataset has been made permanently accessible for public download through UQ eSpace at https://doi.
0rg/10.48610/a13deaf®". It includes tile images extracted from 3D-TBP images for 250,162 skin lesions over the
study period, with an average of 521 skin lesions per participant. Dermoscopic images are available for 9,389 of
these lesions, corresponding to an average of 20 lesions with dermoscopic imaging per participant. Additionally,
longitudinal dermoscopic images are available for 7,038 of these lesions, totalling 35,909 dermoscopic images in
the dataset. Histopathologic results are provided for 1,267 of these lesions, including 30 melanomas, 80 basal cell
carcinomas, and 48 squamous cell carcinomas. Lesions without histopathology results can be considered benign
as clinically they were not identified as needing further examination or excision.
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General population High-risk population
156 participants up to 5 visits (on
196 participants up to 7 visits (on average average 4.6 visits) 128 participants 1
6.1 visits) visit
Number of Number of
Tile Dermoscopic Tile Dermoscopic
Characteristics Participant images images Participant images | images
<35 11 1,308 135 19 3,954 529
36-45 23 2,359 444 48 17,611 1,043
Age Group 4655 33 6,458 968 71 42,063 | 1,467
(years)
56 - 65 61 13,595 1,188 76 64,887 1,284
> 66 68 20,472 1,365 70 77,455 966
Male 110 29,737 2,517 109 111,602 | 1,947
Gender
Female 86 14,455 1,583 175 94,368 3,342
Blue or grey 95 19,939 1,948 143 104,798 | 2,690
Eye colour Green or Hazel 69 18,901 1,470 112 80,689 1,964
Brown 32 5,352 682 29 20,483 635
Red or auburn 6 1,078 111 37 29,724 526
Fair or blonde 32 6,520 631 77 57,224 1,524
Hair colour Light brown 80 16,006 1,445 96 59,082 1,698
Dark brown 64 15,147 1,548 61 46,410 1,264
Black 14 5,441 365 9 12,298 206
British/Irish 121 28,493 2,644 193 141,789 | 3,360
Western-Northern Europe 48 9,826 826 60 43,191 | 1,216
Ethnicityand g ern Burope 4 1,101 137 3 4172 |55
ancestry
Eastern Europe 12 1,582 204 12 6,198 263
Other 11 3,190 289 16 10,620 395
Fair 146 33,218 3,095 244 176,067 | 4,503
Innate skin Medium 48 10,622 946 39 29,720 | 760
colour
Olive 1 69 18 0 0 0
Fair 36 7,078 656 116 76,185 2,049
Facultative skin [y jedjum 147 34663 | 3,265 165 128,400 | 3,172
Olive 12 2,168 138 3 1,385 68
1-4 29 4,921 584 45 22,753 958
Freckling score | 5-8 136 28,953 2,895 210 157,149 | 3,758
9+ 30 10,212 621 30 26,068 573
Mainly indoor 116 24,725 2,584 207 130,384 | 3,820
Oceupational - 'y % 46.0r and outdoor 54 13,440 1,039 65 62,456 | 1,124
sun exposure
Mainly outdoor 27 6,027 477 10 10,698 | 225
Low 106 25,203 2,053 128 113,610 | 2,371
Leisure sun Medium 64 13454 | 1,447 112 66,756 | 2,034
CXPOSUI'S
High 26 5,535 600 42 23,269 764
0-5 114 21,698 2,289 167 116,352 | 3,047
Childhood
6+ 82 22,494 1,811 115 87,183 2,122
History of 0-5 |76 13,894 | 1,514 109 74,778 | 2,007
b youth
sunburn 6+ 120 30,298 2,586 173 128,757 | 3,162
0-5 136 30,019 2,914 185 135,609 | 3,336
Adulthood
6+ 60 14,173 1,186 96 67,781 1,802
Participant No 124 28,905 2,538 6 6,446 94
history of skin
cancer Yes 72 15,287 1,562 209 142,642 | 3,857
Family history | NO 146 29,885 | 2,934 87 58,660 | 1,478
of melanoma | yeg 50 14,307 1,166 177 130,039 | 3,275
Head and neck 1,724 221 5,285 345
Arm 8,801 1,153 41,737 828
Number of
lesions on Leg 13,718 | 912 65877 | 1,368
eachbody part | Torso back 11,600 1,139 56,443 | 1,689
location
Torso front 6,710 661 31,902 | 875
Other 1,638 14 4,726 178

Table 1. The distribution of dermoscopic and clinical images across different population groups.
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Fig. 3 The number of skin lesions available across diagnosis categories, with one example for each category for
illustration. * For 11 melanomas only the tile images are available.

Fields

Dermoscopic_Image_ID

Description

ID for each dermoscopic image includes Participant ID_Lesion ID_visit ID

Anatomical location divided Head and neck, Arm (lower, upper), Leg (lower, upper), Torso back and front (top
third, middle third, bottom third)

Simple anatomical location including Head and neck, Arm (right - left), Leg (right - left), Torso (back - front)

Lesion_Exact_Location

Lesion_Simple_Location

Histopathologic results are provided for the lesions that were biopsied - the lesions that did not have any

Diagnosis malignant changes are classified as benign.

Histopathologic_Result | Determining whether the lesion has a histopathologic result.

Camera

The camera that was used to take the dermoscopic image.

Table 2. Dermoscopic images data.

Metadata includes anatomical location of lesions and participant’s characteristics including age group, gen-
der, eye colour, hair colour, skin colour, freckling score, sun exposure, sunburn history, ancestry, number of
naevi, skin cancer history, and family history of melanoma. An overview of the skin image dataset, including
number of clinical images and their corresponding dermoscopic image across different demographic and clini-
cal groups, and anatomical locations, is presented in Table 1. Similarly, Fig. 3 provides an overview of the distri-
bution of skin lesions across various diagnosis categories.

Dataset format. Clinical and dermoscopic images are in Portable Network Graphics (PNG) format and the
link between tile and dermoscopic images along with their metadata is provided in a linked comma-separated
values (CSV) file.

Dermoscopic images are stored in a folder and each of them has a unique ID. Information about their ana-
tomical location, diagnosis, and camera type used for image capture is provided in a CSV file, as shown in
Table 2.

Tile images of all lesions detected by lesion detection algorithms for each participant are stored in fold-
ers labelled according to the participant and visit number. Information on the diagnosis category, anatomical
location of the lesion, corresponding dermoscopic image, and tile image ID for each lesion for future visits is
provided in a CSV file, as shown in Table 3.

Other participant characteristics including demographics and risk factors are presented in a separate CSV
file, as shown in Table 4. All participant’s data has been deidentified with a random ID assigned to each case.

Technical Validation

Tile images were extracted from all lesions detected by the inbuilt VECTRA CNN on the participant’s 3D-TBP.
This CNN had been developed and tested by our team, and demonstrated a sensitivity of 79% and a specificity
of 91% in detecting naevi larger than 2 mm when assessed prospectively®. From the lesions that were thought to
be suspicious, dermoscopic images were taken and when deemed necessary, lesions were referred for excision.
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Fields

Description

Uniqie_ID

This is a unique image ID for specific lesion and specific visit.

Participant_visit

This is the participant number and its visit number

Lesion_Exact_Location

Anatomical location divided Head and neck, Arm (right - left; lower - upper), Leg (right - left; lower, upper),
Torso back and front (back - front; top third - middle third - bottom third)

Lesion_Simple_Location

Simple anatomical location including Head and neck, Arm (right - left), Leg (right - left), Torso (back - front)

Diagnosis

Histopathologic results are provided for the lesions that were biopsied - the lesions that did not have any
malignant changes are classified as benign.

Histopathologic_Result

Determining whether the lesion has a histopathologic result.

Corresponding_Dermoscopic Image_ID

This is the ID for the dermoscopic image corresponding to the tile image

Corresponding_LesionID for_next_1_visit

This is the unique tile image ID showing the lesion in the visit after 6 months.

Corresponding_LesionID for_next_2_visit

This is the unique tile image ID showing the lesion in the visit after 12 months.

Corresponding_LesionID for_next_3_visit

This is the unique tile image ID showing the lesion in the visit after 18 months.

Corresponding_LesionID for_next_4_visit

This is the unique tile image ID showing the lesion in the visit after 24 months.

Corresponding_LesionID for_next_5_visit

This is the unique tile image ID showing the lesion in the visit after 30 months.

Corresponding_LesionID for_next_6_visit

This is the unique tile image ID showing the lesion in the visit after 36 months.

Table 3. Tile images data.

Participant_Number

Participant number for general population starts with “General” and for high-risk
populations starts with “HighRisk” followed with a number

Number_of_lesions_with_tile_images

Number of tile images for this participant in the first visit.

Number_of_lesions_with dermoscopic_images

The number of lesions for which dermoscopic images are available. (They predominantly
have longitudinal captures)

Number_of_all_dermoscopic_images

Total number of all dermoscopic images taken for this person over the course of study.

Study_arm

Showing whether a HOPS participant was in intervention or control group

Age_at_first_visit

Age group of the participant at time of first visit

Gender

Gender of the participant

Eye_colour

Eye colour of the participant

Hair_colour

Hair colour of the participant

Innate_skin_colour

Natural skin colour of the participant

Facultative_skin_colour

Facultative skin colour of participant

Total_frecklilng_score

Average freckling score of face, hand and shoulder of participant

Occupational_sun exposure

Whether the occupation is mainly -outdoor -indoor or -both indoor and outdoor

Leisure_sun_exposure

Amount of sunlight exposure during leisure time

Child_sunburn_history

The number of severe sunburns the participant experienced during childhood

Teen_sunburn_history

The number of severe sunburns the participant experienced during younghood

Adult_sunburn_history

The number of severe sunburns the participant experienced during adulthood

Participant_cancer_excision

The number of skin cancer that the participant reports to have had cut out

Family_history_of melanoma

Whether close blood relatives ever been diagnosed with melanoma

Ancestry

‘What most closely describes the ancestry of the participant

Number_of_naevi

The number of naevi detected by naevus detection algorithm in VECTRA Whole Body 360

Table 4. Participant characteristics.

A histopathology report was collected for excised lesions. Overall, histopathologic results were obtained for
1,267 lesions. Non-biopsied lesions were followed up in subsequent visits and deemed benign if they did not
show any malignant changes.

Usage Note

The main capabilities of the presented dataset, along with important considerations, are summarized below.

« Data on benign lesions: Although the number of histopathologically verified melanomas in our dataset is
limited, our dataset includes a substantial number of tile and dermoscopic images of benign lesions from
both general and high-risk population participants. This can supplement existing dermoscopic datasets to
overcome the overrepresentation of suspicious lesions and help develop more accurate melanoma detection
algorithms.

» Information on overall lesion phenotype: We have provided data on multiple skin lesions for the same partic-
ipant, including tile images of all lesions of participants and dermoscopic images from multiple lesions of the
same individual. This data can be used to develop algorithms based on comparing multiple lesions from the
same person allowing to understand what a typical pigmented lesion for a certain person looks like.
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o Metadata: Our dataset includes comprehensive metadata alongside skin images, enabling the identification of
key metadata items that enhance the accuracy of machine learning algorithms. Moreover, given that machine
learning algorithms generally perform better on populations similar to those used for training, the availability
of detailed metadata allows for an evaluation of the model’s generalizability and its potential reliability for
each individual based on their characteristics.

o Tile images and corresponding dermoscopic image: Our dataset includes images of the same lesion in both
dermoscopic and clinical quality.

+ Longitudinal skin images: The time series data can be used to develop algorithms on longitudinal data and
check the practicality of skin cancer early detection.

o Overlap: 9.9% of our tile images and 29.7% of our dermoscopic images overlap with the images in ISIC 2024
and ISIC 2020 datasets. However, it is important to retain these images because in this dataset they now form
part of sequencing imaging and are linked to our dermoscopic and clinical data.

Limitations and further study. Numerous datasets are available for training and evaluating machine
learning algorithms, but a dataset that provide longitudinal data is lacking. Additionally, existing datasets, par-
ticularly dermoscopic images, have limitations such as overrepresentation of suspicious lesions and a lack of
lesion phenotype information. Similarly, datasets that include comprehensive metadata or images of lesions at
various resolutions is also scare. To fill these major gaps and to better reflect clinical reality, here we provide a new
dataset. Even though this dataset has several strengths, it also has some limitations, particularly that it contains
only a small number of histopathologically verified melanomas, and also lacks diversity in ethnicity among study
participants who predominantly had white skin colour with Northern European ancestry. Further studies that
provide longitudinal skin image datasets with a larger number of melanoma cases and greater ethnic diversity are
strongly recommended to improve generalizability and diagnostic accuracy of algorithms.

Code availability
Custom codes generated for extracting lesion images are available at https://github.com/Nimaghahari/
Longitudinal_skin_images.
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