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I N TRODUC TION

Basal cell carcinoma (BCC) is one of the most common forms 
of cancer,1- 3 with a rising incidence worldwide. To date, his-
topathological examination of a punch biopsy is the gold 
standard to distinguish BCC from alternative diagnoses and 
to determine the BCC subtype.1,4 However, a punch biopsy is 
an invasive procedure, with risks of pain and bleeding during 
the procedure and the additional chance of infection and/or 
scarring.5 Moreover, awaiting histopathological assessment 
may be stressful for many patients. Considering the rising in-
cidence of BCC, which causes a major burden on healthcare 
systems, finding alternatives to an invasive biopsy is desired.

The last century has seen many advances in medical im-
aging from the first X- ray to more sophisticated imaging 
techniques, such as computed tomography (CT) and mag-
netic resonance imaging (MRI).6 This progress, concurrent 
with advances in computational power and machine learn-
ing techniques, often termed artificial intelligence (AI) in 
the literature, eased the transformation of medical images 
into quantitative minable data that could be used to build 
diagnostic, predictive and prognostic clinical decision sup-
port systems (cDSS).7,8

Quantitative imaging analysis techniques that are being 
extensively investigated to develop cDSS include handcrafted 
radiomics and deep learning. Handcrafted radiomic features 
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Abstract
Basal cell carcinoma (BCC) is one of the most common types of cancer. The grow-
ing incidence worldwide and the need for fast, reliable and less invasive diagnostic 
techniques make a strong case for the application of different artificial intelligence 
techniques for detecting and classifying BCC and its subtypes. We report on the cur-
rent evidence regarding the application of handcrafted and deep radiomics models 
used for the detection and classification of BCC in dermoscopy, optical coherence 
tomography and reflectance confocal microscopy. We reviewed all the articles that 
were published in the last 10 years in PubMed, Web of Science and EMBASE, and 
we found 15 articles that met the inclusion criteria. We included articles that are 
original, written in English, focussing on automated BCC detection in our target 
modalities and published within the last 10 years in the field of dermatology. The 
outcomes from the selected publications are presented in three categories depend-
ing on the imaging modality and to allow for comparison. The majority of articles 
(n  =  12) presented different AI solutions for the detection and/or classification of 
BCC in dermoscopy images. The rest of the publications presented AI solutions in 
OCT images (n = 2) and RCM (n = 1). In addition, we provide future directions for 
the application of these techniques for the detection of BCC. In conclusion, the re-
viewed publications demonstrate the potential benefit of AI in the detection of BCC 
in dermoscopy, OCT and RCM.
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(HRFs) are mathematical formulas applied to the array of 
intensity values representing the medical image. There are 
different groups of HRFs, which give insight into the distri-
bution of pixel intensities (first- order features), the relation-
ship between pixels intensities (textures), complex relations 
between pixel values and position (higher order features) 
and many more.9 These HRFs can be further correlated uni-
variably or multivariably with clinical outcomes or biologi-
cal characteristics using machine learning techniques.

Deep learning (DL) is a branch of machine learning that 
is data- driven and uses neural network- like structures to 
mimic the structure of the human brain. A neural network 
is a layered- like structure, consisting of an input, hidden lay-
er(s) and an output layer.10 These networks can be trained on 
past data to make predictions about unseen, new data and are 
considered ‘deep’ when it contains more than one hidden layer. 
Unlike HRFs, quantitative features extracted for DL purposes 
are less well- understood, leading to the term ‘black box’ to be 
applied to such models.11 Trained networks are used to recog-
nize patterns within the image to perform different tasks, such 
as segmentation, classification and prediction.12 Hence, it is no 
surprise that DL is gaining increased popularity for medical 
imaging analysis including dermatological images for various 
skin conditions, such as BCC which is the focus of this study.

In this systematic review, we focus on three non- invasive 
imaging modalities used for diagnosing BCC: (i) dermos-
copy, a routine step in diagnosing BCC; (ii) optical coherence 
tomography (OCT), a relatively new tool using light interfer-
ometry to provide morphological insight similar to histopa-
thology; and (iii) reflectance confocal microscopy (RCM), 
which provides high- resolution transversal images. We report 
on the published state- of- the- art AI methods used for auto-
mated detection, localization and classification of BCC, their 
challenges and limitations, as well as future perspectives for 
the clinical use of these techniques in the diagnosis of BCC.

DER M ATOLOGICA L ASSE SSM E N T 
A N D I M AGI NG TOOL S

Dermoscopic images

Dermoscopy (epiluminescence microscopy) is a non- 
invasive diagnostic technique, developed to assist the der-
matologist in the identification of pigmented skin lesions.13 

It helps with the visualization of the lesion beyond the abili-
ties of the naked eye using a hand- held microscope device, 
sometimes in conjunction with an immersion fluid to de-
crease reflections and to make the skin layer more permeable 
to light (Figure 1a).14

A few studies investigated the diagnostic accuracy 
before and after the introduction of dermoscopy. For 
instance, Braun et al.15 reported a 20% increase in the 
diagnostic accuracy of pigmented lesions (from 75% to 
95%). Furthermore, Reiter et al. reviewed 17 studies com-
paring the sensitivity and specificity in diagnosing BCC 
with and without dermoscopy and reported that the over-
all sensitivity and specificity improved by 18% and 1%, 
respectively.16

The diagnostic accuracy can still be suboptimal when 
dermoscopy is performed and evaluated by an inexperienced 
dermatologist.17 Moreover, dermoscopic images are sub-
jected to intra-  and interobserver variabilities. Ultimately, 
this visualization/interpretation subjectivity issue together 
with the advancements of machine learning methods paved 
the road for exploring computerized techniques. This also 
potentially reduces the lack of reproducibility induced by the 
subjectivity of human interpretation.18

OCT images

By the late 1990s, OCT imaging was introduced to dermatol-
ogy practices.19 The core concept of OCT is similar to ultra-
sound imaging as it measures the echo delay and intensity 
produced by a reflected signal, in this case infrared light 
instead of sound.20 OCT acquires real- time cross- sectional 
images of the skin with a penetration depth of approximately 
1.0– 1.5 mm and a <7.5 μm lateral and <5 μm axial optical 
resolution (Figure  1b), although new techniques may in-
crease penetration depth.21

Based on the reflections, architectural details of lesions 
and tissues can be visualized enabling the identification 
of a lesion as BCC and its respective subtype (superficial, 
nodular or infiltrative). Hussain et al.22 established a set of 
morphological features such as a honeycomb- like structure, 
disruption of the dermal– epidermal junction, hypo reflec-
tive lateral border and dilated vasculature. Sinx et al.23 in-
vestigated the added diagnostic value of OCT in diagnosing 
BCC and its subtypes. The prospective cohort included 250 

F I G U R E  1  Showing a BCC nest: (a) Dermoscopy image of a BCC. (b) OCT scan showing a BCC nest. (c) RCM image showing a BCC nest.
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suspicious lesions requiring a biopsy to confirm the diagno-
sis of BCC. The accuracy of clinical examination alone was 
compared with the diagnosis based on OCT in conjunction 
with a clinical photograph of the lesion. The results showed 
a higher area under the curve (AUC) of 91.2% for the OCT 
combined with the clinical photograph compared to 85.6% 
for the clinical and dermoscopic examination alone in dis-
criminating BCC from non- BCC lesions. In addition, Adan 
et al.24 investigated the percentage of biopsies that could be 
omitted by relying only on OCT. The results showed that 
66% of punch biopsies could be omitted, since the diagnosis 
of BCC and its subtype could be made with high confidence 
on OCT. Moreover, compared with regular care (i.e. biopsy), 
OCT was cost- effective and noninferior regarding the effec-
tiveness of the total diagnostic and therapeutic strategy. If 
OCT analysis leads to a high- confidence diagnosis of BCC 
and its subtype, a patient could potentially receive a diagno-
sis and a treatment within a single consultation. Efficiency 
is thus increased by saving time, costs and finally yet im-
portantly, it may improve the patient's well- being during the 
diagnostic procedure.

Reflectance confocal microscopy

Reflectance confocal microscopy is a non- invasive imag-
ing technique that allows for the visualization of cellular 
and subcellular structures of skin.25 This imaging modal-
ity works by selectively collecting the laser light reflected 
from the specimen horizontally, allowing the light source 
to scan the area (skin) at a fixed depth with high resolution 
using a two- dimensional grid. Furthermore, confocal mi-
croscopy captures multiple, in- real two- dimensional images 
(Figure 1c) that can be stacked allowing for the reconstruc-
tion of three- dimensional images.26

Nori et al.27 investigated the sensitivity and specificity of 
RCM in diagnosing BCC. The data set consisted of a total 
of 152 benign and malignant lesions. The authors used his-
tological criteria that correlate with the presence of BCC in 
RCM, such as the presence of elongated monomorphic nu-
clei, increased vasculature and prominent inflammatory in-
filtration. The authors reported a sensitivity and specificity 
of 83% and 95%, respectively, when four or more histological 
criteria are present.

M ATER I A L S A N D M ETHODS

Search and databases

In July 2022, we searched PubMed, Web of Science and 
EMBASE using the combinations of the following keywords 
(‘Basal cell carcinoma’ OR ‘Skin cancer’ OR ‘Skin neoplasms’ 
OR ‘Non- melanoma skin cancer’) AND (‘Deep learn-
ing’ OR ‘Computer- aided diagnosis’ OR ‘Machine learn-
ing’ OR ‘Automated detection’) AND (‘Optical Coherence 

Tomography’ OR ‘Dermoscopy’ OR ‘Dermatoscopy’ OR ‘re-
flectance confocal microscopy’).

We included articles that are original, written in English, 
focussing on automated BCC detection in our target modali-
ties and published within the last 10 years in the field of der-
matology. We excluded reviews, editorials, opinion papers, 
non- English studies, studies with no distinction between 
BCC and other nonmelanoma skin cancers (NMSC), studies 
with invasive sampling, studies with nonoriginal methodol-
ogy and studies that do not provide a clear metric for BCC 
detection.

In total, 883 publications were exported from the three 
databases to the EndNote citation manager.28 Then, 123 
duplicates were removed leaving 760 articles. Based on the 
title, we removed 666 articles. Furthermore, we removed 51 
publications based on reading their abstracts. Furthermore, 
we excluded 28 articles based on the following reasons, 
nonoriginal methodology (n  =  5); invasive diagnostic mo-
dality (n  =  4); BCC accuracy was ancillary (n  =  9); differ-
ent imaging modality (n = 2); nonhuman studies (n = 1); no 
diagnostic parameter is provided (n = 1); inaccessible manu-
script (n = 3); and conference papers (n = 3). Consensus was 
achieved between the two reviewers (Y.W and T.W) in each 
mentioned step in the inclusion and exclusion process. The 
publications selection was performed in accordance with 
the PRISMA statement,29 and 15 articles were selected for 
the systematic review (Figure 2). Furthermore, the selected 
articles were divided into three categories according to the 
imaging modality.

This study reports on the classification performance of 
the selected studies using three main metrics, accuracy, sen-
sitivity and specificity when these were available or could be 
derived. Otherwise, the AUC or detection rate is reported. 
Accuracy is defined by the total number of correct predic-
tions made by the classifier, divided by the total number of 
predictions ((true positive + true negative)/(true positive + 
true negative + false positive + false negative)). It is ideally 
used in data sets with a balanced class distribution. In the 
case of multiclass classifiers, with unequal class distribution, 
we calculated the sensitivity and specificity for the specific 
class (BCC). Sensitivity refers to the ability of the classifier 
to correctly predict the positive class out of the total number 
of the positive class. While specificity refers to the ability of 
the classifier to predict correctly the negative class out of the 
total number of the negative class.

R E SU LTS

BCC detection in Dermoscopy images

Twelve articles reported on the detection of BCC in dermos-
copy images.30- 41 Half of the studies included used retrospec-
tively collected datasets, such as ISIC- 2018 and ISIC- 2019, 
which contain multiple skin conditions including malig-
nant lesions such as BCC and benign conditions.42,43 The 
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number of images used to train the model varied between 
studies, with only one publication using less than 1000 im-
ages to train and test the model.34 Two articles used more 
than 22,000 images, whereas the rest used between 1000 and 
20,000 images.31,33

The performance of the algorithms was reported using 
different outcomes, with sensitivity and specificity being 
the primary metric in eight studies, while AUC was re-
ported in four studies (Table 1). Two articles reported on 
the accuracy for multiple classes; hence, we calculated 
sensitivity and specificity from the provided confusion 
matrix (Table  1).30,31 The accuracy (for binary outcome) 
was reported in one study,37 while one study39 reported the 
detection rate as the main outcome. Two studies32,34 devel-
oped a binary classier (BCC vs no- BCC) using relatively 
comparable data set sizes. However, both used different 
training methods; Kefel et al. used logistic regression for 
classification, while Kharazmi et al. utilized a spare auto- 
encoder to achieve the same task. When comparing the 
performance, Kharazmi et al. and Kefel et al. reported 
different results with AUCs of 0.91 and 0.88, respectively 
(Table 1).

Two studies35,37 approached BCC detection in dermos-
copy images by segmenting the vascular structures (telan-
giectasia). Kharazmi et al. used an unsupervized learning 
algorithm (K- means clustering) to categorize unlabelled 
data depending on feature similarity. Finally, a random 
forest classifier was used to differentiate benign lesions 
from BCC. The proposed method achieved an AUC of 0.97. 

Maurya et al. used U- Net, which is a deep neural network 
often used for pixel- based segmentation tasks. The proposed 
method achieved an accuracy of 99% on the detection and 
classification tasks. Moreover, the study by Maurya et al. 
used an external validation data set composed of 217 images.

Maron et al.36 compared the performance of the state of 
art algorithm to the 112 dermatologists in diagnosing der-
matological lesions including BCC. The sensitivity was sim-
ilar for both (73.8%). However, in terms of specificity, the 
proposed CNN model scored higher (99.5%) outperforming 
the dermatologist specificity (97.8%).

BCC detection in OCT images

Two studies44,45 reported on BCC detection in OCT im-
ages. Different types of OCT devices were used for imag-
ing: polarization- sensitive OCT and conventional OCT. The 
number of images used to train and validate was <100 scans 
in both studies.

The study by Jorgensen et al. used the approach of the 
leave- one- out validation strategy to use the whole data set 
to train and validate the model. In addition, SVM, ensem-
ble and N- tuple classifiers were used to discriminate be-
tween BCC and actinic keratosis. Marvdashti et al. used a 
machine learning algorithm called minimal- redundancy- 
maximal- relevance to guide the feature selection from 
multiple features extracted from polarization and the in-
tensity images.

F I G U R E  2  Articles selection process.

Reports not retrieved
(n = 51)

Records identified from: 883 articles
Embase (n = 185)
Pubmed (n = 205)

Web of Science (n = 185)

Records excluded 
(n = 666)

Reports excluded
(n = 28)

Records removed before screening:
Duplicates removed, (n =123)

Records screened
(n = 760)

Reports sought for retrieval
(n = 94)

Reports assessed for eligibility
(n = 43)

Studies included in review
(n = 15)
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Marvdashti et al. reported the model's performance using 
accuracy (95%), AUC (0.97), sensitivity (95%) and specificity 
(95%). The accuracy was higher than the accuracy reported 
by Jorgensen et al. who reported accuracy (81%) as the only 
primary outcome (Table 1).

BCC detection in RCM images

Campanella et al.46 investigated the automated detection of 
BCC in RCM images using a deep- learning model. The inter-
nal data set consisted of retrospectively collected 276 stacks of 

T A B L E  1  Articles, models and performance metrics.

Study Objective Data set size Model Resultsb
External 
validation

Dermoscopy

Al- masni et al.30 Multiclass skin cancer 
classification

11,720 Segmentation: FrCN
Classification: ResNet- 50

Sens = 76%a

Spec = 98%a
No

Igbal et al.31 Multiclass skin cancer 
classification

ISIC- 18:
10,015
ISIC- 19:
25,331

DCNN ISIC- 18:
Sens = 89%a

Spec = 95%a

AUC = 0.99
ISIC- 19:
Sens = 89%a

Spec = 97%a

AUC = 0.99

No

Kefel et al.32 Binary classifier (BCC vs No 
BCC)

1378 Logistic regression AUC = 0.88 No

Khan et al.33 Multiclass skin cancer 
classification

HAM- 10,000: 
10,015

ISIC- 18: 10,015
ISIC- 19: 25,331

DenseNet201, MobileNetV2 
and ScMFO, Multiclass 
extreme learning machine

HAM- 10,000: Sens = 100%
ISIC- 18:
Sens = 88%
ISIC- 19: Sens = 85%

No

Kharazmi et al.34 Segmentation of cutaneous 
vasculature in dermoscopy 
to detect BCC

659 K- means clustering & Random 
Forest

AUC = 0.97 No

Kharazmi et al.35 Binary classifier (BCC vs No 
BCC)

1199 Sparse auto- encoder AUC = 0.91 No

Maron et al.36 Five- way classification 11,444 ResNet- 50 Sens = 74%
Spec = 100%

No

Maurya et al.37 Segmentation of telangiectasia 
to detect BCC

630 U- Net Acc = 99% Yes

Molina- Molina 
et al.38

Eight- way classification 25,331 Ensemble classifier containing 
KNN, SVM, linear Gaussian 
kernels

Sens = 68%
Spec = 93%

No

Shimizu et al.39 Four- way classification 964 Linear classifier Detection rate = 83% No

Wang et al.40 Four- way classification 7192 Pretrained CNN from 
GoogLeNet Inception v3

Sens = 80%
Spec = 100%

No

Zhu et al.41 Segmentation and classification 
of 14 skin conditions

13,603 Pretrained EfficientNet- b4 on 
ImageNet

Sens = 97%
Spec = 98%

No

OCT

Jørgensen et al.45 Binary classifier BCC vs actinic 
keratosis on conventional 
OCT

76 Linear discriminator, N- tuple 
classifier, SVM

Acc = 81% No

Marvdashti 
et al.44

BCC detection on PS- OCT 42 SVM Acc = 95%
Sens = 95%
Spec = 95%
AUC = 0.97

No

RCM

Campanella 
et al.46

BCC detection on RCM 365 CNN AUC = 0.86 Yes

Abbreviations: Acc, accuracy; ANN, artificial neural network; AUC, area under the curve; CNN, convolutional neural network; DCNN, deep convolutional neural network; 
ELM, Epiluminescence microscopy; FFNN, feedforward neural network; FrCN, full resolution convolutional network; HAM, Human Against Machine, HD- OCT, high- 
definition OCT; ISIC, International Skin Imaging Collaboration; OCT, optical coherence tomography; PS- OCT, polarization- sensitive optical coherence tomography; RCM, 
reflectance confocal microscopy; Sens, sensitivity; Spec, specificity; SVM, support vector machine.
aDiagnostic estimated calculated from confusion matrix.
bDiagnostic estimates were rounded.
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RCM images from 52 patients after the expert RCM readers 
excluded stacks that contain malignancies other than BCC 
and stacks with bad quality. The proposed CNN model was 
composed of a previously trained ResNet34 backbone along 
two extra residual block layers and was trained using fivefold 
cross- validation. In addition, the trained model was further 
validated on an external data set consisting of 53 stacks. The 
proposed classifier achieved an AUC of 0.90, 0.88 and 0.86 at 
the stack level, lesion level and external validation, respectively.

CH A L L E NGE S A N D FU T U R E  
DIR EC TIONS

In this systematic review, we focussed on the current hand-
crafted radiomics and deep- learning models for detecting 
and classification of BCC following different non- invasive 
imaging techniques. The results of this systematic review in-
dicate a high potential for using AI to improve the diagnos-
tic accuracy for diagnosing BCC by non- invasive diagnostic 
modalities. Despite the reported potential of AI in medical 
imaging analysis, the number of studies including radiomics 
and deep- learning models for detecting BCC is still limited.

The performance of AI models varied substantially be-
tween the studies included in the review. Generalizability of 
AI models depends strongly on the quality and variety of 
images used both in training and later in testing.47 However, 
we attribute the main cause of the differences to the fact that 
there is significant variation in the models used and amount 
of data. Unfortunately, the heterogeneity of the data sets 
acquired for training and the variety in reporting metrics 
made comparison between the models difficult.

In order to make comparison easier, Luo et al.48 recom-
mended that future studies on models focussing on classifi-
cation report their results in specificity, sensitivity, positive 
and negative predictive values, as well as AUC. In case of 
predictive models with more than one outcome, accuracy 
should be additionally reported.

Several challenges currently limit the applicability of the 
majority of developed algorithms in clinical settings. The 
major challenge is the lack of repeatability and reproducibil-
ity of features. Repeatable features can be defined as features 
that continue to be the same when imaged multiple times 
in the same subject with the same acquisition parameters.49 
Reproducible features, on the contrary, are those that remain 
constant even with a change in the acquisition parameter or 
the imaged subject.50

Repeatability and reproducibility of handcrafted radio-
mic features (HRFs) have been investigated in several stud-
ies. For example, a test– retest study is a well- established 
method to investigate whether imaging features are re-
producible and repeatable.51 In a test– retest study, medical 
images are acquired repetitively on the same patient/lesion 
with exactly the same imaging parameters. A significant 
number of HRFs appeared not to be reproducible in test– 
retest scenarios.52- 54 The majority of HRFs appeared to be 
affected by the changes in imaging parameters indicating 

that reproducibility of HRFs is also strongly dependent on 
the variations in these imaging parameters.55- 58 Including 
reproducibility assessment of HRFs is therefore a necessity 
for the development of high- quality prediction models.59

For deep learning (DL), currently, three major challenges 
are facing the field. First is the interpretability of DL- based 
algorithms. Because of their nontransparent nature of pro-
viding details about what made the algorithm predict a 
specific class, DL is considered a black box, which makes it 
hard to understand and interpret the outcomes.60 The sec-
ond challenge is the need for data. In order to train a DL 
model, enormous amounts of correctly labelled data should 
be fed to the model.61 Open access to research data and other 
digital research resources according to the FAIR principles, 
assuring the findability, accessibility, interoperability and 
reuse of data is essential.62 For dermoscopy, the international 
imaging initiatives Human Against Machine (HAM) and 
International Skin Imaging Collaboration (ISIC) are good 
examples of collective open- source databases, providing 
many dermoscopy images. Acquiring a large data set of rela-
tively new imaging modalities such as OCT is still challeng-
ing, as OCT is not widely used yet. The third challenge is the 
harmonization of scans acquired with different imaging pa-
rameters as heterogeneity in imaging standards could affect 
the generalizability of the proposed model when used on dif-
ferent data. Harmonization can take place at imaging level 
or at feature level. At imaging level, harmonization can be 
achieved through a standardized imaging protocol, whereas 
at feature level, harmonization could be achieved for exam-
ple by selecting only high reliable features.63- 66

There are further challenges that hinder the adoption 
of AI algorithms in daily dermatological practices. First, 
privacy concerns, such as sharing dermatological images, 
which could lead to identifying the patient. Second, there is 
a lack of standardization in storing and sharing images in 
dermatology as there is an absence of a unified system such 
as the picture archiving and communication system used in 
the field of radiology. Third, the over- representation of some 
skin conditions and lack of skin tone diversities will lead to 
the development of biased models that would not be applica-
ble to other conditions or demographics.67

CONCLUSION

The reviewed publications demonstrate the potential ben-
efit of AI in the detection of BCC in dermoscopy, OCT 
and RCM. If the current challenges are overcome, AI tools 
can be used to develop clinical decision support systems 
for BCC diagnosis which potentially save time and costs 
and lead to a higher diagnostic accuracy and safety for the 
patient.
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