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The incidence of cutaneous malignant melanoma (CMM)
in Italy has increased in the last decade, leading to public
health concern and rising costs of healthcare (1, 2). In
addition to individual susceptibility to development
of CMM, several environmental variables influence
prognosis in this disease. These variables include social
disparities, socioeconomic status, education and marital
status (3). However, the impact of these variables on costs
is unknown. The current study used a new methodology,
based on an artificial neural network (ANN), to decodify
this complexity by simultaneously describing the relationships between clinical, sociodemographic, outcome, and
cost variables, and grouping patients into clusters (4, 5).

MATERIALS, METHODS AND RESULTS
This study evaluated a collaborative registry of 556 patients (Veneto Tumor Registry & Veneto Oncology Network)1, who were
diagnosed with CMM by a board certified dermatopathologist in
2015 in 4 of the 7 provinces of the Veneto Region in Northern Italy
(3). For each patient, the CMM registry includes a set of tumour
characteristics, including: tumour-node-metastasis (TNM) stage
at diagnosis; Breslow thickness (mm); Clark’s level of invasion
(I–V); presence of ulceration (yes/no); site (trunk, head, limbs);
cost categories tertiles (scintigraphic, surgical, medical, instrumental, cyto/histological, microbiological, blood examinations,
radiotherapeutic, radiological and total (costs based on “Hospital
Discharge Forms” (SDO)) CMM-specific mortality.
Costs were assessed from the perspective of the Italian National
Health System (Italian NHS), taking only direct costs into account.
Patients were linked via unique anonymous identification codes
to all administrative data regarding their hospital admissions, day
hospital service use, drug usage, visits to emergency services,
medical devices used at home, and hospice admissions. These
data were used to compute the direct costs for each patient in the
5 years after diagnoses of their CMM.
Descriptive analyses were performed using absolute and relative
frequencies for categorical variables. A semantic connectivity map
was constructed using Auto Contractive Map (AutoCM, Semeion©,
Rome, Italy) to elucidate variable links (4). The system highlights
the natural links on a graph based and distances between variables reflect the weights of the ANN (Appendix S12). AutoCM has
many relevant features: (i) non-linear associations among vari-
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ables are preserved; (ii) patterns of connections between clusters
of variables are captured; and (iii) complex similarities among
variables emerge.
Clinical/histological and demographic data for the 556 included
CMM are summarized in Table SI2.
The AutoCM results are shown in Fig. 1. The item “1–6 mitoses”
is the centre (main attractor) of our unsupervised analysis, demonstrating its clustering value vis-à-vis the spread of its 4 main branches
(strength > 0.60) depicting 4 endotypes. The use of radiotherapy,
education and marital status were central descriptors in our database.
The 1st endotype grouped together (or “clusters”) those patients
with advance-stage CMM who had nodular and ulcerated CMM, a
high risk of death, and a heavy economic burden. The 2nd endotype
clustered patients > 60 years of age who had CMM on the trunk or
face, and high procedural and therapeutic costs. The 3rd endotype
clustered patients with stage Ib CMM. The 4th endotype clustered
patients with no radiotherapy costs, comprising 4 main subsets,
each with their own biological and socioeconomic variable items.
Further details of the items interactions are shown in Appendix
S22. Our results, in-line with the idea of precision medicine, also
suggest a potential endotype-guided treatment Appendix S32 that
may implement CMM follow-up visits.

DISCUSSION
Through a combined analysis of the clinical, sociodemographic and economic variables associated with CMM,
using an ANN, endotypes were identified that can be used
to estimate an individual patient’s final costs based on their
baseline characteristics. Based on these patient clusters,
further tests can be suggested to add to the routine tests
used for patients with CMM at each TNM stage.
Use of a machine learning approach such as this can
generate a comprehensive model that establishes complex
links between clinical, sociodemographic, outcome, and
cost variables. Machine learning has also been used by
Finlayson et al. (6) on a small database containing the
clinical, therapeutic and molecular features of 237 cases
of advanced CMM, with the aim of helping clinicians
predict patients survival and make therapeutic decisions.
In our database the main variable, also regarded as the
“attractor”, was “1–6 mitoses. Mitotic index is not included in the 8th edition of the American Joint Committee
on Cancer TNM system, suggesting that it is optional to
report this variable for prognostic purposes. The value of
the mitotic index as a prognostic indicator in CMM has
been debated, partly because of its moderate interobserver
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Fig. 1. Auto Contractive Map (AutoCM) semantic map, showing cutaneous malignant melanoma (CMM) endotypes created by clustering
variables belonging to different fields (clinical, therapeutic, histological, demographic and costs). “0_MM”: absence of metastases; “1_MM”:
metastases clinically and/or radiologically evident; Breslow_1: <0.76 mm; “Breslow_2”: 0.76–1.75 mm; “Breslow_3”: >1.75 mm; “Breslow_4”:
missing data; “Breslow_5”: regression or metastases; “CMM”: cutaneous malignant melanoma; “Death”: melanoma-specific mortality; No diagnosis: no
comorbidities. Note: it was opted to exclude branches radiating from “1–6 mitoses” (which has a bond strength <0.60) as endotypes, so the branches
“separated” and “high costs of medical therapies” were excluded. Four main endotypes were identified (I, II, III, IV). The fourth endotype has 4 subendotypes, which were termed IV-a, IV-b, IV-c, IV-d. The endotypes are as follows: (I) advanced-stage patients: with nodular and ulcerated CMM on lower
limbs (Clark IV, Breslow III–IV, TNM IV or II with metastases and >6 mitoses), high risk of death, and heavy economic burden; (II) patients >60 years,
widowed, with primary school diploma, with unstable chronic disease, non-nodular CMM on the trunk, or lentigo maligna on the face, with 1–6 mitoses,
associated with high costs of SDO (Hospital Discharge Form), diagnostic procedures (visits, cytohistology, radiological and instrumental investigations),
and therapies (medical, surgical); (III) patients with stage Ib disease: patients with TNM Ib, and Breslow II with 1–6 mitoses; (IV) a cluster around the
absence of costs for radiotherapy, which includes 4 main subsets, each with their own biological and socioeconomic items: (IV-a) female under 30 years
old with non-metastatic, regressive and superficial spreading CMM of the upper limb, with 1–6 mitoses; (IV-b) male aged 50–60 years with CMM with
1–6 mitoses, and without microbiological costs; (IV-c) male aged 40–50 years with a high-school diploma, with TNM Ia, Clark II, Breslow I CMM, with
no mitosis, associated with moderate radiology costs; (IV-d) a miscellany of CMM patients with 1–6 mitoses, further classifiable as: (a) married and
uneducated, with a stable chronic condition, which was associated with moderate costs of cytohistology, surgery, low costs of instrumental investigations,
and low total costs; (b) single with a university degree, associated with moderate hospital discharge records (SDO), and low costs of surgery; (c) male
aged 30–40 years with acral lentiginous CMM, with 1–6 mitoses, associated with moderate costs of blood tests, specialist visits, and microbiological tests.

variability (7). The findings of the current study suggest
that the mitotic index is relevant for predicting the costs
of CMM from baseline information.
The semantic map used in the current study revealed 4
endotypes, through using the database as “learning material” for the evolutive algorithm of the ANN (8). The
internal validity of the algorithm is high and measurable;
however, further study is required to determine its external
validity, since the ANN was designed to find connections
among variables in the database in the current study. Evidence to support external validity come from the literature,
specifically regarding marital status and education. In
line with literature (3), we confirmed that marital status
represents a valuable information to be recorded in CMM
patients. An association between married status and lower
costs may stem from the presence of a partner resulting
in earlier diagnosis of a skin cancer. This suggests that
patients with little or no formal education are less inclined
to access healthcare services (3).
This study has some limitations. Data regarding the patients’ self-reported educational level may not be reliable,
although a previous Italian study on the validity of data
www.medicaljournals.se/acta

on education levels recorded in hospital discharge records
found that it was in the good-to-excellent range (9). The
current study lacks information on patients’ lifestyles
and other socioeconomic parameters that might reduce
the influence of educational level on the natural history
of their CMM.
A strength of this study is its population-based dimension, which minimizes selection bias by using independentlyacquired administrative data. The socioeconomic impact
of education level and/or income is likely to be mitigated
in a universalistic health system like the Italian NHS.
In conclusion, in CMM, clinical variables together with
costs were indispensable to cluster patients in endotypes
by ANN. Endotypes-guided management is affirming as
new promising strategy to guide medical and surgical
therapies (10, 11).
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Appendix S1.

SUPPLEMENTARY MATERIAL AND METHODS
Auto Contractive Map insights
The Auto Contractive Map (AutoCM, Semeion©, Rome, Italy) is
a fourth-generation unsupervised artificial neural network (ANN)
that can be used to assess databases, elucidating the network of
links between considered variables and enabling network-based
clustering of patients.
The database is regarded as a series of matrixes and weighted,
it is filtered using a minimum spanning tree algorithm (MST),
generating a graph that contains biological evidence which has
already been tested in the medical field (S1–S4). The aim of this
data-mining model is to reveal hidden trends and associations
among variables. The algorithm can be used to create a semantic
connectivity map in which non-linear associations are preserved
and explicit connection patterns are described. This approach
maps relevant connections between and among variables, and the
principal hubs of the system. Hubs can be defined as variables with
the maximum number of connections in the map. From a mathematical standpoint, the specificity of the AutoCM algorithm lies
in its ability to minimize a complex cost function by comparison
with traditional algorithms.
Traditional cost minimization function:
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AutoCM cost minimization function:

seems to equate to the ranking of the joint probability between
each variable and the others. AutoCM requires a training phase
in which the algorithm learns how variables are interconnected.
The AutoCM’s learning algorithm can be summarized in 4 orderly
steps: (a) signal transfer from the input into the hidden layer; (b)
adaptation of the connections value between the input layer and
the hidden layer; (c) signal transfer from the hidden layer into the
output layer; (d) adaptation of the connections value between the
hidden layer and the output layer.
The MST equates to the “nervous system” of a given dataset.
From the sum of all the connection strengths among all the variables, the total energy of the system is obtained. The MST selects
only the connections that minimize this energy, which are the only
ones needed to keep the system coherent. So, all the links included
in the MST are fundamental, but not every “fundamental” link in
the dataset needs to be in the MST. This limitation is intrinsic in
the nature of the MST: every link that gives rise to a cycle in the
graph (viz., that destroys the graph’s tree-like shape) is removed,
whatever its strength and meaningfulness. To fix this shortcoming,
and better capture the intrinsic complexity of a dataset, more links
need to be added to the MST, based on 2 criteria: (i) the new
links have to be relevant in the quantitative sense; and (ii) from
the qualitative standpoint, they have to be able to generate new,
regular cyclic microstructures. The additional links superimposed
on the MST graph generate a maximally regular graph (MRG).
This MRG is the graph with the hub function achieving the
highest value among all the graphs generated by putting the connections previously skipped during the computation of the MST
back into the original MST, one by one. In other words, starting
from the MST, the MRG presents the largest number of regular
microstructures, highlighting the most important connections of
the dataset. The resulting “diamond” expresses the core complexity
of the system and, in our particular case, the core of the disease.
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Appendix S2.

SUPPLEMENTARY RESULTS
Detailed evaluation of the AutoCM analysis
It is notable that the so-called “diamond” describing the
higher rank of interrelationships between items devel
oped entirely within endotype IV, with both its economic
and clinical centres in “no costs of radiotherapy”, “no
costs of instrumental investigations”, “no costs of medical therapies”, “no costs of chemotherapies”, “no costs
of scintigraphy”, “no costs of microbiological tests” and
“no metastases”, “no mitoses”, “TNM Ia”, “Breslow I”,
“non-specific site”, and “superficial spreading”.

Appendix S3.

SUPPLEMENTARY RESULTS
Endotypes clinical implications
The current study reports only preliminary results;
however, the authors propose some potential clinical
implications of the endotypes formed.
Endotype I: Once a primary lesion has metastasized,
clinical and dermatoscopic monitoring of new skin and
mucosal lesions is recommended, together with testing
for occult blood in the stool.
Endotype II: For patients with unstable, chronic disease,
dermatologists and oncologists should interact more
closely with other specialists and the family doctor.
Endotype IV-c: Given the moderate costs, it is recommended to add the following to the routine tests: chest
X-ray; urine microbiological testing; C-reactive protein
(CRP) and procalcitonin (if CRP levels are altered) to
rule out bacterial infections.
Endotypes III, IV-a, IV-b, IV-d: Wait and see.
These suggestions also need further validation in other
cohorts with the same clinical/economic and legislative
context.
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Table SI. Clinical/histological and demographic characteristics of
the enrolled patients with cutaneous malignant melanoma (CMM)
who presented on the index date (CMM date)

Table SI. contd.

Characteristics

Characteristics

Sex
Male
Female
Age
Under 30 years
30–40 years
40–50 years
50–60 years
60–70 years
Over 70 years
Married status
Single
Married
Separated
Widowed
Undefined
Education
Uneducated
Primary school
Secondary school
High school
University degree
T stage
IA
IB
IIA
IIB
III
IV
Metastases
Yes
No
Chronic conditiona
No chronic conditions
Chronic, stable
Chronic, unstable
Site (label assigned in AutoCM)
Back (trunk)
Upper limbs (limbs)
Thorax (trunk)
Face (head)
Anterior thigh (limbs)
Armpits (limbs)
Medial leg (limbs)
Posterior leg (limbs)
Abdomen (other sites)
Posterior thigh (limbs)
Ears (head)
Instep (other sites)
Sole (other sites)
Scalp (head)
Gluteal area (other sites)
Anus (other sites)

www.medicaljournals.se/acta

%

n

47.66
52.34

265
291

3.78
9.53
24.64
20.68
17.99
23.38

21
53
137
115
100
130

7.37
30.22
2.16
1.98
58.27

41
168
12
11
324

7.91
16.01
24.46
41.91
8.81

44
89
136
238
49

58.63
24.10
5.22
3.96
6.83
1.26

326
134
29
22
38
7

3.80
96.20

21
535

79.32
12.95
7.73

441
72
43

29.86
18.53
8.45
6.66
6.66
5.40
5.22
4.68
4.32
2.52
1.80
1.80
1.80
1.26
0.90
0.18

166
103
47
37
37
30
29
26
24
14
10
10
10
7
5
1

Histotype
Superficial spreading
Nodular
Lentigo maligna melanoma
Acral lentiginous
Not specified
Clark’s level of invasion
I
II
III
IV
Ulceration
Ulcerated
Not ulcerated
Mitoses
0
1–6
>6
Regression
No regression
Regression
Breslow thicknessb
Mean ± SD, mm
I (<0.76 mm)
II (0.76–1.75 mm)
III (> 1.75 mm)
IV (missing data)
V (regression or metastases)
a

%

n

71.94
7.19
2.16
2.16
16.55

400
40
12
12
101

2.88
36.51
39.75
20.86

16
203
221
116

11.51
88.49

64
492

60.61
33.09
6.29

337
184
35

70.50
29.50

392
164

1.12 ± 1.90
65.47
17.81
5.04
2.70
8.99

364
99
28
15
50

Chronic conditions were retrieved using ICD10-codes and the Chronic Condition
Indicator for the International Classification of Diseases, Tenth Revision, Clinical
Modification (ICD-10-CM) (https://www.hcup-us.ahrq.gov/toolssoftware/chronic_
icd10/chronic_icd10.jsp#overview). In the Hospital Discharge Form (SDO) codes
used in the administrative database for hospitalization, there is a different code for
stable and unstable disease, hence the criteria to define stability or instability are
clinical ones and in accordance with the adopted disease-specific guidelines. bThese
Breslow categories are coded in the Italian Nomenclature for Pathology Codes.
SD: standard deviation; AutoCM: Auto Contractive Map (AutoCM, Semeion©,
Rome, Italy).

