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Abstract
Inadequate skin type diversity, leading to racial bias, is a widespread problem in datasets involving human skin.
For example, skin lesion datasets used for training deep learning-based models can lead to low accuracy for
darker skin types, which are typically under-represented in these datasets. This issue has been discussed in
previous works; however,skin type diversity of datasets and reporting of skin types have not been fully
assessed. Frequently, ethnicity is used instead of skin type, but ethnicity and skin type are not the same, as
many ethnicities can have diverse skin types. Some works de�ne skin types, but do not attempt to assess skin
type diversity in datasets. Others, focusing on skin lesions, identify the issue, but also do not measure skin type
diversity in the datasets examined. Building on previous works in the area of skin lesion datasets, this review
explores the general issue of skin type diversity in datasets by investigating and evaluating skin lesion datasets
speci�cally. The main contributions of this work are: an evaluation of all publicly available skin lesion datasets
and their metadata to assess frequency and completeness of reporting of skin type and an investigation into
the diversity and representation of speci�c skin types within these datasets.

1 Introduction
Diversity is an important feature in datasets used for training arti�cial intelligence (AI) based models, as the
performance of AI is only as good as its data. Although AI has brought many advantages to our daily lives,
when it comes to human skin, the �ndings show racial bias and low accuracy for dark-skinned people (Kostick-
Quenet et al. 2022; Obermeyer et al. 2019). This can potentially lead to the exclusion of this group by AI-based
models. The effect of inadequate skin type diversity and under-representation of dark-skinned people in
datasets can be seen in many AI-based technologies. For example, AI systems that judge beauty pageant
winners are biased against darker-skinned contestants (Fuchs 2018). In a beauty contest run by Beauty.ai, of
the 44 �nalists judged by the algorithms as the most attractive, except for six who were described as “Asian”,
all were described as “white”. Only one �nalist was dark-skinned (Khalil et al. 2020; Jordan 2016).

Another study investigating performance of object detection systems on pedestrians with different skin types
showed higher precision on lighter skin types than darker skin types (Wilson et al. 2019). In other work, bias in
face veri�cation applications and datasets was evaluated with respect to different skin types and found that
recognition accuracy was reduced for darker-skinned people (Lu et al. 2019). Howard and Borenstein (2018)
assessed the effect of racial bias on the performance of robotic systems such as a robot peacekeeper, a self-
driving car, and a medical robot. Their work shows how bias has been infused into current AI and robotic
systems.

In AI in healthcare sectors, there are consumer wearable devices that are used for tracking activity, sleep, and
other health-related purposes, but due to some limitations, these health products may only be useful for light-
skinned people. Findings show that these devices are inaccurate, and even may not work at all for dark-skinned
people (Shcherbina et al. 2017; Fallow et al. 2013). In another example, a recent skin cancer detection study
trained a model with a dataset where only 5% of images were of dark-skinned individuals (Zou and Schiebinger
2018).

All mentioned examples show that the needs of some population groups are not well-represented (Myers West
2020), which can potentially lead to exclusion of, or reduced accuracy for, these groups by deep learning-based
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models. A number of factors play a role in biased performance of these models towards dark-skinned people.
Most signi�cant among them is the lack of skin type diversity in datasets used for training AI-based models
(Kamulegeya et al. 2019; Wen et al. 2022).

There are many reasons for not having enough data from dark-skinned people in datasets used for AI
applications. For example, in the case of skin lesion datasets, reasons include: low incidence of skin cancer in
dark-skinned people (Diepgen and Mahler 2002; Gloster Jr and Neal 2006), unequal access to healthcare
(Hudson et al. 2015), poor quality images due to poor quality of care (Betancourt et al. 2019; FitzGerald and
Hurst 2017) and racial bias encoded in the algorithms used in digital cameras as well as computer software
(Benjamin 2020; Kraehe and Herman 2020). Due to these reasons, dark-skinned people are under-represented in
datasets from health services as well as research datasets (Hudson et al. 2015). Deep learning-based models
trained on lighter-skinned subjects are at risk of poor performance for people with darker skin (Marcus and
Davis 2019).

Due to the problems mentioned above, it is necessary to evaluate skin type diversity to detect under-
representation in datasets before using them for training AI systems. Doing this helps to prevent models having
bias toward speci�c groups of people. The Fitzpatrick scale provides a skin tone classi�cation based on
reaction to exposure to sunlight (Fitzpatrick 1997). It is used in dermatology to classify skin tones into six
numbered categories as shown in Fig. 1. The Fitzpatrick skin type scale has previously been used to evaluate
skin type diversity in datasets (Groh et al. 2021).

Although the issue of inadequate skin type diversity has been discussed in previous works, these have not
attempted to evaluate skin type diversity for datasets. For instance, in the Gender Shades study (Buolamwini
and Gebru 2018), the Fitzpatrick scale is used to evaluate the PPB, IJB-A and Adience datasets. However, rather
than measuring skin type diversity over six separate Fitzpatrick skin type categories, the authors instead
classify the images in these datasets using two aggregate groups - darker and lighter.

To mitigate discrimination toward certain groups of people, Karkkainen and Joo (2021) created the FairFace
dataset, which is a balanced face image dataset for seven race groups that provides more accurate and
consistent modeling across different race and gender groups. However, they focus on ethnic diversity and do
not report skin type diversity. McDuff et al. (2018) proposed a new method using computer simulations to
detect biases in face detection using Bayesian parameter search in high dimensional feature space. Although
they consider the Fitzpatrick scale for identi�cation of demographic biases in commercial face application
programming interfaces (APIs), they do not measure skin type diversity.

Xu et al. (2022) introduced a new method for human skin detection, not using colour information, but rather
using a U-Net-based segmentation network. Their method was tested on two datasets containing face images:
ECU (Edith Cowan University) and RFW (Racial Faces in the Wild). ECU is an imbalanced dataset created based
on six different Fitzpatrick skin types and RFW is a balanced dataset with only the annotation of ethnicity,
based on four test subsets: “Caucasian”, “Asian”, “Indian”, and “African”. In the case of the RFW dataset, it is not
evaluated based on Fitzpatrick skin type, but just based on ethnicity.

Porgali et al. (2023) created Casual Conversations, which is a fair and diverse dataset of videos collected from
seven countries for AI applications, and labelled the dataset based on the two skin tone scales of Monk (Monk
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Jr 2014) and Fitzpatrick (Fitzpatrick 1997). Nonetheless, the authors do not report any measurement of skin
type diversity for their dataset. Daneshjou et al. (2022) created the SkinCon dataset for training models related
to skin diseases, which contains labels for different skin types. This dataset was constructed from two skin
disease image datasets: Fitzpatrick 17k (Groh et al. 2021) and Diverse Dermatology Images (DDI) (Daneshjou
et al. 2022). Although the Fitzpatrick skin type scale is mentioned in this work, no measurement of skin type
diversity is presented.

Wen et al. (2022) assessed skin lesion image datasets for diversity based on their metadata including age,
gender, ethnicity, and skin type. The authors mentioned that there is limited reporting on skin type in the
metadata and also less representation of darker-skinned people in skin lesion datasets. However, they did not
measure skin type diversity in any of the skin lesion datasets.

In order to measure skin type diversity and detect bias in datasets used for training deep learning-based
models, Fitzpatrick skin type metadata should be included in the datasets. Accessing this information is a
crucial step to not only detect under-representation in datasets, but also help to avoid training models on
biased datasets, and as a result prevent models performing poorly for speci�c groups of people. According to
our investigation, three available skin lesion datasets provide Fitzpatrick scale skin type metadata, labelled by
dermatologists: PAD-UFES-20 (Pacheco et al. 2020), Fitzpatrick 17k (Groh et al. 2021), and DDI (Daneshjou et
al. 2022). To investigate the issue of inadequate skin type diversity in datasets used for training deep learning
models, just two datasets - PAD-UFES-20 and Fitzpatrick 17k - are utilized as examples in this review. DDI was
not used because it is a balanced dataset (albeit for three aggregate skin type groups, rather than for all six
Fitzpatrick skin types). Sample images from the PAD-UFES-20 and Fitzpatrick 17k datasets are shown in Fig. 2
and Fig. 3 respectively.

Investigation of metadata in these two datasets is helpful to assess skin type diversity and check to what
extent the lack of diversity in the datasets potentially leads to discrimination by models trained on the datasets.
The main contributions of this study are an investigation into reporting of skin type information in available
skin lesions datasets, a signi�cant extension of the work by Wen et al. (2022), and an investigation into the
diversity and representation of speci�c skin types within these datasets. Previous similar work by Daneshjou et
al. (2021) discussed the lack of transparency in medical skin datasets and the necessity of demographic
descriptions such as ethnicity and Fitzpatrick skin type for further analysis and deep learning applications, but
those authors only assessed the metadata of a small group of skin lesion datasets, such as: number of
images, type of skin disease, Fitzpatrick skin type, and ethnicity. To our knowledge, this is the �rst time that a
comprehensive investigation of reporting of skin type in publicly available skin lesion datasets has been
provided. Furthermore, for those datasets that report skin type, an evaluation of skin type diversity is presented.
Our results indicate that there is low diversity in these skin lesion datasets. The distinction between ethnicity
and skin type is also discussed in the results section below. This review emphasizes the danger of
implementing algorithms on datasets without transparency and not having diversity, as this issue can result in
inequalities (Musselwhite et al. 2016; Williams and Cooper 2019; Yu et al. 2016).

2 Methodology
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The selection process used in our review to identify papers that used publicly available skin lesion datasets
was based on the PRISMA statement (Page 2021). The databases of PubMed, Elsevier, Springer, Google
Scholar, and IEEE Xplore were searched. In our initial search, the following search terms were used: “skin cancer
detection”, “skin lesion segmentation”, “skin lesion datasets”, “Fitzpatrick skin lesion”, “Fitzpatrick skin type
metadata skin lesion”, “Fitzpatrick skin typology angle”, and “race bias skin lesion images” to identify papers
on skin type diversity that make use of skin lesion image datasets. Table 1 provides a summary of which
datasets are used in each of the selected papers. Section 3 includes a review of a subset of the identi�ed
datasets that match the following criteria: gender, age, ethnicity, and skin type.

3 Results
Our initial search (using the search terms listed in Section 2) returned over 1,300 publications as shown in Fig.
4. In the �rst screening, more than 700 duplicate papers were eliminated, leaving 577 papers to be assessed. In
the second step, a further 420 publications were excluded due to lack of relevance (did not use skin lesion
datasets), or being unavailable (including those not accessible without payment in Technological University
Dublin), leaving 157 papers to be assessed for eligibility. Of these, 36 were excluded due to not being peer
reviewed. Ultimately, 121 publications were included in the systematic review. 

The 121 papers identi�ed from the search process made use of one or more publicly available skin lesion
datasets. Table 1 shows a subset of these papers[1]. 

Table 1 A subset of papers identi�ed through the PRISMA process that used publicly available skin lesion
datasets. We have attempted to select a subset that spans the majority of the skin lesion datasets used in the
full list of identi�ed papers.
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Author Year Dataset

(Mendonça et al. 2013) 2013 PH2

(Saez et al. 2014) 2014 Interactive Atlas of Dermoscopy 

(Giotis et al. 2015a) 2015 MED-NODE 

(Sun et al. 2016) 2016 SD-198

(Sun et al. 2016) 2016 SD-128

(Liao et al. 2016) 2016 AtlasDerm / Danderm / DermIS / Dermnet / Derma / DermQuest
(Derm101)

(Liao H 2016) 2016 Dermnet / OLE

(Kawahara et al. 2016) 2016 Dermo�t Image Library

(Ge et al. 2017) 2017 MoleMap / ISBI-2016

(Lopez et al. 2017) 2017 Dermo�t Image Library / Dermnet / ISBI 2016 Challenge

(Gu et al. 2017) 2017 Edinburgh Dermo�t Image Library / PH2

(Kawahara et al. 2018) 2018 7-point checklist 

(Han et al. 2018) 2018 Asan Dataset / MED-NODE

(Khan et al. 2018) 2018 PH2 / ISIC / ISBI 2017

(Gutman et al. 2016) 2018 ISIC-MSK-2

(Han et al. 2018) 2018 Edinburgh Dermo�t Image Library / Hallym

(Tschandl et al. 2018) 2018 HAM10000

(Luo and Yang 2018) 2018 DermQuest

(Shoieb and Youssef 2018) 2018 DermQuest / MED-NODE / DermIS

(França 2018) 2018 ISIC

(Goyal et al. 2018) 2018 ISBI 2017 / PH2 / HAM10000

(Mendes and da Silva 2018) 2018 MED-NODE / Atlas / Edinburgh

(Gonzalez-Diaz 2018) 2018 2017 ISBI challenge / EDRA / ISIC Archive

(Pham et al. 2018) 2018 ISBI challenge / PH2 / ISIC Archive / ISIC 2017 challenge

(Yang et al. 2019) 2019 SD-198 / SD-260

(Pacheco et al. 2019) 2019 ISIC challenge 2019

(Brinker TJ et al. 2019) 2019 MClass-D

(Brinker TJ et al. 2019) 2019 MClass-ND

(Ünver and Ayan 2019) 2019 PH2 / ISBI 2017
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(Combalia et al. 2019) 2019 BCN20000

(Xie et al. 2019) 2019 XiangyaDerm

(Sae-Lim et al. 2019) 2019 HAM10000

(He et al. 2019) 2019 Skin-10 / skin-100

(Jiang et al. 2019) 2019 ISIC 2017

(Nunnari and Sonntag 2019) 2019 ISIC 2019

(Aldwgeri and Abubacker 2019) 2019 ISBI 2017 

(Bisla et al. 2019) 2019 ISIC 2017 challenge / PH2 / Edinburgh

(Gu et al. 2019) 2019 HAM10000 / MoleMap

(Tan et al. 2019) 2019 Dermo�t Image Library / PH2 / ISIC 2017

(Goyal et al. 2020) 2020 Dermnet NZ / Derm7pt / The Cancer Genome Atlas / Hallym /

(Lucius et al. 2020) 2020 ISIC archive

(Banerjee et al. 2020) 2020 PH2 / ISIC 2019 / ISBI 2017

(Pacheco et al. 2020) 2020 PAD-UFES-20

(Han et al. 2020) 2020 SNU / Edinburgh

(Nedelcu et al. 2020) 2020 7-point checklist (EDRA)

(Han et al. 2020)  2020 Normal / Web

(Milantev et al. 2020) 2020 SD-198 / MED-NODE / PH2 / SKINL2v2 / Seven-Point / Light
Field Image

(Andrade et al. 2020) 2020 SMARTSKINS / Dermo�t Image Library

(Akram et al. 2020) 2020 PH2 / ISIC MSK / ISIC UDA / ISBI-2017

(Pour and Seker 2020) 2020 ISBI 2016, 2017

(Mahajan et al. 2020) 2020 ISIC 2018 / Derm7pt / SD-198

(Valle et al. 2020) 2020 ISIC Challenge 2017 / ISIC Archive / PH2 / EDRA
Interactive Atlas of Dermoscopy

(Bissoto et al. 2020) 2020 ISIC Archive / Interactive Atlas of Dermoscopy

(Hosny et al. 2020) 2020 MED-NODE / Derm (IS & Quest) / ISIC 

(Ashraf et al. 2020) 2020 DermIS / DermQuest

(Fisher et al. 2020) 2020 Edinburgh Dermo�t

(Waweru et al. 2020) 2020 HAM10000 / ISIC 2018 challenge

(Zhang et al. 2020) 2020 Skin-Cancer-Detection (SCD) / ISIC 2018

(Shah et al. 2020) 2020 ISIC 2020
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(Wu et al. 2020) 2020 ISBI2017 / ISIC2018

(Hasan et al. 2021) 2021 Skin Cancer’ Benign vs. Malignant

(Abhishek et al. 2021) 2021 Interactive Atlas of Dermoscopy / MClass-D

(Maron et al. 2021) 2021 HAM10000 / PH2 / SKINL2 / BCN20000/ PROP

(Rotemberg et al. 2021) 2021 2020 SIIM-ISIC Melanoma Classi�cation challenge

(Cano et al. 2021) 2021 ISIC Training Challenge 2019  

(Coronado-Gutiérrez et al.
2021)

2021  ISIC Archive

(Sun et al. 2021) 2021  ISIC 2018, 2019 / MED-NODE / seven-point / PH2

(Yu et al. 2021) 2021 ISIC 2020 / PH2

(Sayed et al. 2021) 2021 ISIC 2020

(Barata et al. 2021) 2021 ISIC 2017 and 2018

(Rahman et al. 2021) 2021 HAM10000 / ISIC 2019

(Chaturvedi et al. 2021) 2021 HAM10000

(Steppan and Hanke 2021) 2021 ISIC 2019 / PH2 / SD-198 / MED-NODE / 7-point criteria
evaluation / Light Field Image

(Krohling et al. 2021) 2021 PAD-UFES-20

(Yao et al. 2021) 2021 ISIC 2018 / Seven-Point Criteria Evaluation (7-PT) 

(Groh et al. 2021) 2021 Fitzpatrick 17k

(Ahmad et al. 2021) 2021 HAM10000

(Khan et al. 2021) 2021 ISBI 2016, 2017 / ISIC 2018 / PH2 / HAM10000

(Jiang et al. 2021) 2021 SIIM-ISIC Melanoma Classi�cation

(Maiti et al. 2021) 2021 HAM10000

(Zhao et al. 2021) 2021 ISIC 2019

(Ren et al. 2021) 2021 BCN20000 / HAM10000

(Perez et al. 2021) 2021 UDA-1,2 / PH2 / HAM10000 / ISBI 2016, 2017 / MED-
NODE / MSK-1,2,3,4

(Begum et al. 2021) 2021 Dermnet

(Abbas et al. 2021) 2021 Yonsei University Hospital

(Moataz et al. 2021) 2021 HAM10000

(Milczarski et al. 2021) 2021 PH2 / Derm7pt / ISIC

(Bagheri et al. 2021) 2021 ISBI 2016, 2017, 2018 / PH2 / DermQuest

(Zhang et al. 2021) 2021 In-house / DermNet / DermNet NZ / AtlasDerm / DermIS / SD-
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260 / DanDerm / Kaggle

(Hasan et al. 2022) 2022 ISIC-2016, ISIC-2017, ISIC-2018

(Shorfuzzaman 2022) 2022 ISIC

(Ali et al. 2022) 2022  Monkeypox Skin Lesion Dataset (MSLD)

(Alenezi et al. 2023) 2023 ISIC-2019, 2020

As shown in Table 1, there are overlaps between papers using the same groups of skin lesion datasets.
Through the process, 54 different skin lesion datasets were identi�ed from these papers. Table 2 summarizes
each dataset’s reporting of the following metadata: age, gender, ethnicity, and Fitzpatrick skin type. The number
of images is also shown. 

Table 2 54 different publicly available skin lesion datasets used in publications and their reporting of four main
metadata, showing a lack of reporting of skin type information to cover skin type diversity in datasets.
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Skin lesion datasets

 

No.
Images

 

Metadata

Gender Age Ethnicity Skin
type

7-point criteria evaluation dataset (Kawahara et al. 2018) > 2,000 √ - - -

Asan (Han et al. 2018) 120,780 √ √ √ -

Atlas (Mendes and da Silva 2018) 3,816 - - - -

AtlasDerm (Zhang et al. 2021) 9,503

 

- - √ -

BCN20000 (Combalia et al. 2019) 19,424 √ √ - -

Cancer Genome Atlas  (Argenziano et al. 2000) 2,860 - - - -

Clinical Atlas (Tschandl et al. 2018) 839 - - - -

DanDerm (Liao H 2016) 1,110

 

- - √ -

Derm7pt (Kawahara et al. 2018) > 2000 - - - -

Derm101 (Boer and Nischal 2007) 107,656 - - √ -

Dermatology Dataset (G√venir et al. 1998) 336 - √ - -

DermIS (Hosny et al. 2019;
Mikołajczyk and Grochowski 2018)

7,172 - √ √ -

Dermnet (Liao et al. 2016) 19,500

 

- - √ -

DermNet NZ (Zhang et al. 2021) 246 - - - -

Dermo�t Image Library (Fisher 2016) 1300 - - √ -

Dermoscopic Atlas (Tschandl et al. 2018) 872 - - - -

Dermoscopy Skin Lesion Multispectral Image
Database (Lézoray et al. 2014)

30 - - - -

DermQuest (Hosny et al. 2019) 137 - - - -

DDI (Daneshjou et al. 2022) 656 √ √ - √

Edinburgh (Ballerini et al. 2013) 1,300 √ √ √ -

EDRA Interactive Atlas of
Dermoscopy (Argenziano et al. 2000)

 

1,000  - - - -

Fitzpatrick 17k (Groh et al. 2021) 16,577 - - - √
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Hallym (Han et al. 2018)  152 √ √ √ -

HAM10000 (Tschandl et al. 2018) 10,015 √ √ - -

Interactive Atlas of Dermoscopy
(IAD) (Argenziano et al. 2000)

 

> 2, 000 - - - -

ISBI 2016 (Gutman et al. 2016) 1,279 - - - -

ISBI 2017 (Codella et al. 2018) 2,750 - - - -

ISIC challenge 2020 (Rotemberg et al. 2021) 33,126 √ √ √ -

ISIC-MSK (Gutman et al. 2016) 225 √ √ - -

ISIC-UDA (Gutman et al. 2016) 557 - - - -

Kaggle (Zhang et al. 2021)  367 - - - -

Light Field Image (de Faria et al. 2019) 250 √ √ - -

MClass (Brinker et al. 2019) 100 - - - -

MED-NODE (Giotis et al. 2015a) 170 - - - -

MoleMap (Gu et al. 2019;
Mikołajczyk and Grochowski 2018)

102,451 - - - -

Monkeypox Skin Lesion Dataset (MSLD) (Ali et al. 2022) 228 - - √ -

Normal (Han et al. 2020) 48,271 √ √ √ -

OLE (Liao et al. 2016) 1,300 - - - -

PAD-UFES-20  (Pacheco et al. 2020) 2,299 √ √ √ √

PH2 (Mendonça et al. 2013) 200 - - - -

SD-128 (Sun et al. 2016) 5,619 - - √ -

SD-198 (Sun et al. 2016; Yang et al. 2018) 6,584 √ √ √ -

SD-260 (Yang et al. 2019) 20,600 √ √ √ -

SIIM-ISIC Melanoma (Rotemberg et al. 2021) 33,126   √ - -

Skin-10 (He et al. 2019) 10,218 - - - -

Skin-100 (He et al. 2019) 19,807 - - - -

Skin Cancer’ Malignant vs. Benign (Ashim et al. 2021;
Fanconi 2019)

6,594 - - - -

SkinCon (Daneshjou et al. 2022) 3230 - - - -

SkinL2 (de Faria et al. 2019) 376 - - - -

SMARTSKINS (Vasconcelos et al. 2014) - √ √ - -
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SNU (Han et al. 2020) 2,201 √ √ √ -

Web (Han et al. 2020)  51,459 √ √ √ -

XiangyaDerm (Xie et al. 2019)  107,565 - - - -

Yonsei University Health System South
Korea (Yu et al. 2018)

724 - - - -

Ideally, skin lesion datasets should achieve skin type diversity as well as have transparency in
their metadata. As a result not only would their diversity be easily measured, but also any bias will be detected
before training models using these datasets. As seen in Table 2, only three datasets: PAD-UFES-20, Fitzpatrick
17k, and DDI provide metadata on skin type. They have skin type labels based on the Fitzpatrick rating
system (Wen et al. 2022). Fig. 5 also shows the breakdown of reporting in the metadata for gender, age,
ethnicity, and skin type. As shown, skin type metadata are the least frequently provided, being included in just 3
of 54 datasets (5.56%). Age metadata were the most frequently provided, being included in 35.19% of the
datasets.

Although the PAD-UFES-20 and Fitzpatrick 17k datasets provide skin type metadata, they contain far fewer
images of darker skin types (e.g. only 635 out of 16,577 images in Fitzpatrick 17k are of skin type VI and only
one image of skin type VI in PAD-UFES-20). Thus, apart from the lack of reporting of skin type metadata, even if
datasets cover skin type information, there is not any guarantee that they have enough representation for
darker-skinned groups. Fig. 6 and Fig. 7 show the distributions of skin types in the PAD-UFES-20 and Fitzpatrick
17k datasets respectively. It can be seen that skin type VI accounts for the lowest percentage in both datasets:
0.07% in PAD-UFES-20 and 3.97% in Fitzpatrick 17k. Note that in the Fitzpatrick 17k dataset, the full number of
images is 16,577, but 565 images were excluded, because they had unknown Fitzpatrick skin type (they were
labelled “-1”).

Fig. 8 shows the distribution of three groups of Fitzpatrick skin types in the DDI dataset. As shown, the
distribution percentages of these three groups are close to each other.

As shown in Fig. 8, the DDI dataset metadata classify images into three skin type groups, rather than providing
exact information for each of the six individual Fitzpatrick skin types. Therefore, although the dataset is
balanced with respect to these three groups, it does not guarantee that for each individual skin type group it is
balanced. More importantly, due to its small size, it is not suitable for generalizing deep learning models for all
skin types. In the case of ethnicity label, it should be noted that ethnicity is different from skin type. To a
signi�cant degree, shared ethnicity re�ects shared ancestry, but people of the same ethnic group can have a
wide range of skin types. 

4 Conclusions
This study is the �rst review to date which investigates publicly available skin lesion datasets and their
metadata in detail for the crucial issue of skin type diversity. As these datasets are used for training deep
learning models, inadequate skin type diversity within the datasets could affect the performance of the models,
in terms of having low accuracy and bias toward speci�c groups of people. To overcome this issue, it is
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important that, �rstly, information about skin type distribution be provided for datasets, and secondly that skin
type diversity in datasets be evaluated prior to using them for training models.

The issue of inadequate skin type diversity has been discussed in previous works, but without reporting a
measurement for each skin type. For example, in the Gender Shades study (Buolamwini and Gebru 2018),
although the authors used the Fitzpatrick skin type descriptions for their facial image datasets, they just
divided the datasets into two skin type groups: darker and lighter. In (Karkkainen and Joo 2021), a balanced
dataset, FairFace, was created according to different ethnicities, rather than different skin types. Also, Wen et
al. (2022) discussed the issue for skin lesion datasets, but did not measure skin type diversity for those
datasets. Failure to report the distribution of skin types used in a dataset raises concerns about the extent to
which different populations are represented in that dataset, and also about generalizability of machine learning
algorithms that have been trained using it.

Our results showed a lack of skin type reporting in all identi�ed skin lesion datasets, with the exception of three:
PAD-UFES-20, Fitzpatrick 17k, and DDI. Of the skin lesion datasets used in the papers identi�ed in our review,
these three are the only ones that provide information about skin type using the Fitzpatrick scale. However, as
was shown in the results, two of those datasets - PAD-UFES-20 and Fitzpatrick 17k - have considerably less
representation of darker skin. The DDI dataset reports skin tone distribution in three aggregate groups, rather
than for each of the six Fitzpatrick skin types; therefore, exact information about the number of images
belonging to each individual skin type is not available. Furthermore, it is too small for training a generalized
model that works for all skin types. Also, the distinction between ethnicity and skin type should be restated as
one ethnicity can include different skin types.

Finally, our review highlights that deep learning-based models should be developed with inclusion of all skin
tones to mitigate algorithmic biases toward darker skin types. They should ideally include dermatologist-
assigned Fitzpatrick skin type labels, which would allow the skin type diversity within the dataset to be
evaluated.
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Footnotes
1. The full list of 121 publications is available here: https://arrow.tudublin.ie/engschelecon/15/

Figures

Figure 1

Range of skin tones in Fitzpatrick skin type scale which classi�es skin tones to six types.

Figure 2

Some sample images from PAD-UFES-20 dataset. (a) Skin type I. (b) Skin type II. (c) Skin type III. (d) Skin type
IV.
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Figure 3

Some sample images from Fitzpatrick 17k dataset. (a) Skin type I. (b) Skin type II. (c) Skin type III. (d) Skin type
IV.

Figure 4

PRISMA �ow chart of study selection.
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Figure 5

Percentage of the 54 skin lesion datasets that provide metadata for gender, age, ethnicity, and skin type
respectively.

Figure 6

Skin type distribution for 1,494 images in the PAD-UFES-20 dataset (Pacheco et al. 2020), according to
dermatologist-assigned Fitzpatrick scale labels.



Page 26/26

Figure 7

Skin type distribution for 16,012 images in the Fitzpatrick 17k dataset (Groh et al. 2021), according to
dermatologist-assigned Fitzpatrick scale labels. The original number of images was 16,577, but 565 images
had unknown Fitzpatrick skin type.

Figure 8

Skin type distribution for the 656 images in the DDI dataset (Daneshjou et al. 2022), according to
dermatologist-assigned Fitzpatrick scale labels.


