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Novel strategy for applying hierarchical density-based spatial
clustering of applications with noise towards spectroscopic
analysis and detection of melanocytic lesions

Jason Yuan Ye®", Christopher Yu®, Tiffany Husman?,

Bryan Chen® and Aryaman Trikala®

Advancements in dermoscopy techniques have elucidated
identifiable characteristics of melanoma which revolve
around the asymmetrical constitution of melanocytic
lesions consequent of unfettered proliferative growth as
a malignant lesion. This study explores the applications
of hierarchical density-based spatial clustering of
applications with noise (HDBSCAN) in terms of the
direct diagnostic implications of applying agglomerative
clustering in the spectroscopic analysis of malignant
melanocytic lesions and benign dermatologic spots.
100 images of benign (n=50) and malignant moles
(n=50) were sampled from the International Skin
Imaging Collaboration Archive and processed through
two separate Python algorithms. The first of which
deconvolutes the three-digit tupled integer identifiers
of pixel color in image composition into three separate
matrices corresponding to the red, green and blue

color channel. Statistical characterization of integer
variance was utilized to determine the optimal channel
for comparative analysis between malignant and benign

Background

Cutanecous melanoma is a significant problem that per-
sists despite medical and diagnostic innovation. Global
incidences of melanoma occur at approximately 160000
cases a year with an associated mortality of 48000 deaths
annually [1]. Furthermore, metastatic melanoma is highly
resistant to conventional therapies, and this necessitates
the development of novel methodologies for carly diag-
noses and detection [2].

Dermoscopy involves the magnification and in-vivo obser-
vation of lesions via handheld instruments, combined with
diagnostic algorithms based on dermoscopic-histological
correlations [1]. Advancements in dermoscopy techniques
have elucidated key identifiable physical characteristics
of melanoma which revolve around the asymmetrical con-
stitution of melanocytic lesions consequent of unfettered
proliferative growth as a malignant lesion [1]. Such factor
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image groups. The second applies HDBSCAN to the
matrices, identifying agglomerative clustering in the
dataset. The results indicate the potential diagnostic
applications of HDBSCAN analysis in fast-processing
dermoscopy, as optimization of clustering parameters
according to a binary search strategy produced an
accuracy of 85% in the classification of malignant and
benigh melanocytic lesions. Melanoma Res 31: 526-532
Copyright © 2021 The Author(s). Published by Wolters
Kluwer Health, Inc.
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described in established dermoscopic criteria include
atypical pigment networks and branching, irregular pig-
ment blotches, general asymmetry of the pigmentation,
atypical vascular patterns and blue-white veils formed on
the surfaces of some lesions [3]. Currently, clinical diagno-
sis of melanocytic lesions is based on the subjective delin-
eation of dermatologic spot or mole borders which gives
rise to observational variance [4].

Previous research has shown promise in applying clus-
tering techniques in detecting lesion borders for the
purposes of image segmentation in advancing medical
diagnosis and treatment. Clustering has been persistently
explored as an option regarding border detection in algo-
rithm-based dermoscopy, with techniques such as PC'T/
median cut algorithm, Markov random field segmenta-
tion and nonlinear diffusion.5 Recently, density-based
clustering has been popularized as an intelligent method
for the selection of query points in image analysis, by
treating image data as vectors in a space with a given
density and distance from disparate data points.5 In a
comparative analysis of density-based and fuzzy c-means
clustering, Kockara found that density-based spatial
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clustering of applications with noise (DBSCAN) was
more effective in lesion border delineation as opposed to
the popularly utilized alternative in image segmentation,
Fuzzy C-Means clustering.6

This study explores the applications of hierarchical den-
sity-based spatial clustering of applications with noise
(HDBSCAN) in terms of the direct diagnostic implica-
tions of applying agglomerative clustering in the spec-
troscopic analysis of malignant melanocytic lesions
and benign dermatologic spots. HDBSCAN contrasts
DBSCAN in the way that it manages its interpretation
of data. It consolidates an ordered representation of den-
sity-based analysis across all possible density parameters,
whereas DBSCAN is limited by its epsilon parameter
for density, which it applies as a global distance param-
eter.7,8 DBSCAN’s limitation in terms of its epsilon
parameter means that it fails to discover clusters that
might exist with different densities that do not fall within
the parameter.8 Different approaches towards automated
cluster selection were proposed to handle this problem,
and the method proposed by Campello ¢z al., [9] excess
of mass selection, stands out as a practical and efficacious
solution through calculating an optimal global solution
to determining appropriate variable densities by finding
clusters of high stability and persistence in terms of their
devised density value A. Campello’s method consolidates
HDBSCAN as a potential use for exploratory data-mining
where, functionally, only one parameter of the algorithm,
the minimum cluster size of HDBSCAN, is necessitated,
making the HDBSCAN alternative a promising avenue
for fast-processing dermoscopy. 8 Solving the problem
of determining a global epsilon parameter value, clus-
tering-driven data extraction can be focused on a more
simplistic form of optimization based upon the linear
adjustment of a single parameter, giving HDBSCAN an
advantage towards diagnostic utilization, as the single
parameter may be optimized to elucidate clinically useful
clustering data, as illustrated in our approach.

Methods

Image analysis dataset description

The images used in this analysis were obtained from a bal-
anced data set, randomly sampled from The International
Skin Imaging Collaboration (ISIC), which contains a
public gallery of up to 69445 primarily dermoscopic
images.10 Of the images, 33632 (48%) are confirmed to
be melanocytic, and the largest proportion of images are
sampled from patients ranging from 40 to 70 years of age,
with that demographic comprising 44% of all sampled
images.10 The ISIC extracted their images from patient
databases of high-risk clinics and tertiary referral centers
for melanoma, such as Memorial Sloan Kettering Cancer
Center, the Hospital Clinic Barcelona, the University of
Queensland and the Medical University Vienna, with
institutional review board approval.11 Accordingly, iden-
tifying patient information was stripped from images

Novel strategy for applying hierarchical density Ye et al. 527

prior to publication and the images published to the ISIC
were filtered from an original sample of images based on
image quality, associated qualifying diagnoses and his-
topathological confirmation of diagnoses.11 To demon-
strate the generalizability of HDBSCAN in elucidating
clinically significant features of dermoscopic images, the
ISIC images were sampled from the broad categories of
either ‘malignant’ or ‘benign’ according to ISIC image
gallery filters.

Matrix deconvolution and red, green and blue channel
sorting

In total 100 dermoscopic images of either malignant mel-
anocytic lesions (7 =50) or benign, nonmelanocytic moles
(7=50) were obtained based on random sampling from
the ISIC archive and sampled for image data. Images
of center region portions of moles were individually
deconvoluted using a Python algorithm which auto-
matically separates and quantizes the three-digit tupled
integer identifiers of pixel color composition inherent in
all images portrayed digitally (Fig 1a). From each indi-
vidual image, a matrix of integers corresponding to the
red, green and blue (RGB) color channels was produced,
and the primary endpoint was determining whether the
image data retrieved were representative of the physi-
cal dermoscopic differences between melanocytic and
non-melanocytic lesions or moles (Fig. 1a). Because an
individual pixel contains three tupled integer identifiers
of color, three matrices were produced per image mak-
ing 300 total matrices with 100 per color channel with
color channel integers located in the matrix with respect
to their spatial positioning in the original sample image
(Fig. 1a). Accordingly, the average SD of color channel
matrix integer values, per each individual matrix of the
300 produced, were obtained and compared between the
malignant and benign experimental groups, as shown in
Fig. 1b.

Applying hierarchical density-based spatial clustering
of applications with noise

A secondary endpoint was determining the efficacy of
the application of HDBSCAN analysis in elucidating the
physical differences of malignant and benign moles in
terms of objective and quantifiable results. Accordingly,
the B channel matrices were identified as a target for clus-
tering due to the high difference in SD in matrix inte-
ger values between malignant and benign experimental
groups (Fig. 1c). A greater disparity in pixel identifier val-
ues will yield more robust clustering in grouping signifi-
cant cluster-associated matrix vector values from noise. An
HDBSCAN algorithm developed in Python was applied
to the blue channel matrices corresponding to the two
experimental groups and results were assessed compar-
atively between the groups. The algorithm was applied
to 100 samples corresponding to 50 B channel matrices
of the malignant experimental group and 50 B channel
matrices of the benign experimental group. The algorithm
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Fig. 1
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(a) Schematic representation of RGB channel deconvolution into constituent matrices formed from RGB tupled integer pixel color identifiers. (b)
Graphical comparison of average standard deviation values between malignant and benign RGB channel matrix integer values corresponding to
R, G, and B channels independently. (c) Comparative boxplot of malignant and benign standard deviation value distribution and spread.

converted the B channel matrix projection integer values
corresponding to pixel color into vector quantities corre-
sponding to Euclidean distance. The approach allowed
for the delineation of grouped color vertices from sparse
points, allowing for robust clustering to noise[8]. For each
matrix, the algorithm produced a clustering plot of the X
and Y principal component of clustering, whereby the X
component represents cluster core points and the Y com-
ponent corresponds to weighted edges or border points of
the established clusters (Fig. 2a,c). Data points belong-
ing to clusters were labeled with different colors corre-
sponding to their parent cluster and points representing
cluster noise were grayed out. Data points were grouped
into clusters or classified as noise based on the cluster-
ing selection method of excess of mass (eom), an internal
function of HDBSCAN, which serves as an optimized
global solution to determining clusters of high stability
based on their persistence in continually determined
nested parent and child clusters[8]. The automated selec-
tion of clusters based on the eom protocol is visually

depicted by the condensed tree dendrogram plot, also
produced automatically by the HDBSCAN algorithm,
shown in Fig. 2b,d, where detected individual clusters are
circled and highlighted. The number of clusters per color
channel matrix was determined from the circled clusters
in the condensed tree dendrogram, as shown in Fig. 3a.

Hierarchical density-based spatial clustering of
applications with noise parameter selection and
diagnostic criteria

The primary parameter of the HDBSCAN algorithm,
the minimum cluster parameter, was adjusted for the
determination of malignancy by the presence of clus-
tering. The established diagnostic criteria according to
our implementation of the HDBSCAN algorithm was
that the presence of clustering in the data set is indica-
tive of a malignant dermatologic spot, and the absence of
detected clusters would classify the spot as being benign.
The aim of our implementation of the algorithm was to
adjust the minimum cluster parameter for exacerbating
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Fig. 2
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(a,c) HDBSCAN clustering plots of malignant and benign dermatologic spots graphed against the principle component X and Y, which respec-
tively correspond to identified core points of clusters and average weighted distances of data points within the cluster. (b,d) Condensed Tree
plots of HDSCAN illustrate detected clusters through circled child cluster branches. No clustering detected in the B channel projection of the
benign dermatologic spot, and 5 clusters detected in the malignant dermatologic spot. HDBSCAN, hierarchical density-based spatial clustering of

applications with noise.

the difference in the presence or absence of clustering
between the two experimental groups (Fig. 3¢). Accuracy
of the HDBSCAN algorithm was determined per value
of the minimum cluster parameter by the total number
of matrices without clusters in the benign group summed
with the total number of matrices with clusters in the
malignant group out of the 100 total matrices across both
groups (Fig. 3¢). Accordingly, the parameter was adjusted
continually from its default of a minimum cluster size
of 20 towards 0 according to the improvement of accu-
racy in terms of the aforementioned diagnostic criteria
(Fig. 3b,c).

Discussion

Of the deconvoluted RGB color channel matrices, the
difference of average SD values between the malignant
and benign groups was the greatest for the matrices
obtained from the blue channel (Fig. 1b). The malig-
nant group (#=>50) had an average SD of 25.3 whereas

the benign group (#2=50) had an average SD of 16.8
(P<0.0001). Results indicated that spectroscopic differ-
ences between the benign and malignant dermatologic
groups would be best represented quantitatively through
the B channel matrices, making the B channel matrix
projections the most appropriate target for HDBSCAN
analysis. Our results are consistent with previous der-
moscopic correlative analyses of the blue color channel
plane with malignant dermoscopic features, where blue
color skin pigmentation is considered a positive criterion
in discrimination of melanocytic lesions from benign
lesions [12]. Figure 1c confirms the correlation between
the blue channel or plane with melanocytic characteris-
tics and validates the targeted application of HDBSCAN
towards the blue channel matrices.

Applying the HDBSCAN algorithm to the blue channel
image plane yielded a high difference in the numbers
of clusters formed from B channel matrices of the two
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Fig. 3
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(a) Graph of the number of clusters detected with the HDBSCAN algorithm by different minimum cluster size parameter values. (b) Graphical rep-
resentation of determined accuracy according to the presence or absence of clustering between the benign and malignant experimental groups
in terms of minimum cluster number. (c) Data table of amount of samples with detected clusters between the benign and malignant experimental
groups with corresponding minimum cluster parameter values and relative accuracy calculations. HDBSCAN, hierarchical density-based spatial

clustering of applications with noise.

experimental groups, and the adjustment of parameters
allowed for the improved differentiation of melanocytic
and nonmelanocytic lesions simply based on the pres-
ence or absence of clustering, whereby clustering is con-
sidered an identifier of malignancy (Fig. 3a). Under the
minimum cluster parameter value of 10, only 5 clusters
were detected in the benign group and 40 were produced
in the malignant group, corresponding to an accuracy of
85% according to the diagnostic criteria (Fig. 3c¢). Based
on the diagnostic accuracy model shown in Fig. 3a,b
minimum cluster parameter value of 10 was established
under our review to be the most efficacious in determin-
ing malignant melanocytic lesions from benign moles
across parameter values ranging from 8 to 20.

While skin biopsy is the most established definitive form
of diagnosis for cutaneous melanoma following clinical
examination, imaging techniques have a potential role in
serving as an adjunct to histopathological determinations
of melanocytic neoplasms [13]. Surface-level examina-
tions of cutaneous lesions, suspected of being melano-
cytic, face difficulties in determining morphologically

atypical nevi from melanocytic lesions, which are com-
mon in cases with patients exhibiting ‘atypical mole
syndrome’ [14]. Furthermore, seborrheic keratoses and
pigmented basal cell carcinomas are also difficult to
distinguish from melanoma, owing to their superficially
irregular appearance, typically indicative of melanoma
[15,16]. A commonly adhered to clinical method for
examination, the ABCD(E) clinical rule, relates iden-
tification of melanoma to the aforementioned acronym,
where the letters correspond respectively to asymmetry,
border irregularity, color variegation, diameter and evolu-
tion in size and shape [14]. According to the ABCD clin-
ical rule, a lesion exhibiting said criteria should undergo
excision and biopsy for a histopathological verification
of melanoma [14]. Exceptions for the ABCD clinical
rule include nodular melanoma, which initially presents
as perfectly symmetric tumors, and under such circum-
stances, the EFC clinical rule, corresponding to elevated
tumor, firm consistency and rapid growth, is applied
in clinical examination [14]. In terms of conventional
melanoma generalized clinical rules can be applied for
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preliminary evaluations of lesions; however, subtypes
of melanoma, including facial, acral, nail and amelanotic
melanoma all require more specific differential diagnoses
following initial identification [14].

The method detailed in this study focuses on the ‘C’
criteria of the ABCD clinical rule, as the deconvolution
of 2D images followed by processing with HDBSCAN
focuses the analysis to associating color variegation with
the classification of a melanocytic lesion. By our methods,
sparse and dense pigmental networks or blobs, generally
characteristic of most melanocytic lesions, are repre-
sented as clusters elucidated by the HDBSCAN algo-
rithm. This is because pixels of similar and contrastive
color to their environment, such as pigment blobs of a
melanocytic lesion, are numerically represented as vector
points of a similar integer value with significant distance
to other points in the matrix.

As such, it comes as no surprise that the analysis is imper-
fect with an accuracy of 85% in distinguishing melanoma
from benign moles, as the analysis mainly applies just
one facet of a clinical rule for the preliminary examina-
tion. Furthermore, because the analysis was applied to
a balanced data set of benign and malignant moles, the
mentioned elusive characteristics of various subtypes of
melanoma, as well as the presence of morphologically
atypical nevi contribute to a decline in accuracy.

A potential limitation to the accuracy of our results may
stem from the lack of resolution and clarity of the ISIC
database images used in our analysis, as a majority of
images published have a resolution of 640x480 pixels
[10]. Because each pixel is treated as a data point under
our utilization of the HDBSCAN algorithm, it is plau-
sible that a higher resolution, providing more pixels for
analysis, would allow for more definitive and accurate
clustering of pigmented regions.

A promising alternative for analysis is fluorescent
images produced by Wood’s light, a cutaneous imag-
ing technique which uses UV-A light to accentuate
the contrast in pigmentation between a lesion and
surrounding skin [17]. Coupling our methods with
techniques such as Wood’s light could yield promising
results under circumstances where changes in color
variegation is a diagnostic endpoint, such as detecting
pigment recurrence after dysplastic nevus excisions or
monitoring segmental atypical lentiginous naevus for
evolution [17]. The contrastive outcomes of clustering
between benign and malignant moles demonstrate that
our techniques elucidate and profile atypical pigmen-
tal variegation and relate digital encoding of images to
confirmed clinical diagnoses with some exception to
abnormalities (Fig. 3a). Clustering data can potentially
be used as an objective and quantitative point of ref-
erence for measuring the evolution of a single nevus
over time, where observable changes in pigmentation
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would surely result in spatial changes of clusters as well
as clustering detection.

Another common, noninvasive method that facilitates
early melanoma diagnoses is total body photography,
which involves digitally photographing a patient’s entire
skin surface with high-resolution images for the purpose
of tracking changes in existing lesions and the forma-
tion of new lesions [18]. Our methods, which employ a
two-part algorithm of deconvolution and then clustering
detection, may be advantageous over machine learning
techniques in terms of being fast-processing, allowing
for the detection of clustering to serve both as a warning
of potential malignancy and a reference for the study of
evolution in the lesion.

Conclusion

Applying HDBSCAN for the purposes of fast-processing
dermoscopic analysis is promising in terms of its clin-
ical applications. This study validates the effectiveness
of agglomerative hierarchical clustering in illustrating
and quantifying the physical differences of melanocytic
lesions and benign, nonmelanocytic moles. HDBSCAN
employs efficient implementation into Python with the
support of a variety of metrics such as the sckikit-learn
library [8]. Images were sampled in the JPG file format
and this speaks to the applicability of using Python-
based algorithms in potentially generating a tangible
application for widespread use by the general public and
physicians, assisting in the early detection of melanoma
[8]. With an accuracy of 85% based on a sample size of
100, HDBSCAN shows practicality in assimilation into
dermoscopic scoring criteria established for clinical diag-
nosis. Current diagnostic methodologies for melanoma
diagnoses fall within methods such as the 7-point check-
list for key melanocytic features such as an atypical pig-
ment network or blue-white veil, the Menzies method,
and ABCD rule, which all purport a structured analysis of
dermatological features [19]. Further analysis into deeper
parameters of the algorithm such as a comparison of par-
ent and child clustering sizes and cluster lambda values
could provide more insight towards improving the clini-
cal application of HDBSCAN for diagnostic purposes.
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