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Abstract: Keratinocyte carcinomas are the most common cancers with different etiological risk factors.
The aim of this study was to assess the predictive value of spectrophotometric parameters of skin
color in correlation with environmental/behavioral factors to estimate the risk of skin cancer. The
case–control study involved 389 patients. The analysis was performed on the training group to build
a predictive model and on the testing group to check the quality of the designed model. Area under
the curve based on the spectrophotometric skin parameters varied from 0.536 to 0.674. A statistically
significant improvement of the area under curve was achieved by adding the number of sunburns for
some models. The best single spectrophotometric measurement for estimating skin cancer is the skin
melanin index measured on the arm or buttock. Spectrophotometric skin parameters are not very
strong but are essential elements of models for estimating the risk of skin cancer. The most important
environmental/behavioral factor seems to be the number of sunburns, but not the total exposure
to ultraviolet radiation or usage of photoprotectors. Some other pigmentation predictors should
be taken into account when creating new models, especially those that can be easily measured in
objective and repeatable way. Spectrophotometric measurements can be employed as quick screening
skin examination method.

Keywords: skin cancer; spectrophotometry; predictive factor; predictive model

1. Introduction

According to the latest terminology, non-melanoma skin cancers (NMSC) are now
named keratinocyte carcinomas (KCs). They include basal cell carcinoma (BCC) and squa-
mous cell carcinoma (SCC) [1,2]. Both neoplasms are derived from epidermal keratinocytes
but diverge along distinct oncogenic pathways, leading to two phenotypically distinct
cancers [3]. KCs account for 95% of malignant skin tumors [4]. Melanoma of the skin
comprises only 1% of all skin cancers but it is responsible for approximately 90% of deaths
associated with cutaneous tumors [4].

Keratinocyte carcinomas are the most frequently diagnosed neoplasms in the Western
world, with one in every three tumors diagnosed as skin cancer [2,5]. Although the exact
worldwide incidence of KCs is unknown, they represent a significant health burden in
many countries [2]. As KCs mainly affects older individuals, and as the aging population
in the world grows with increasingly longer life expectancies, BCC and SCC will continue
to afflict more people worldwide [1,2,4].

Both genetic and environmental factors play a role in KCs and melanoma etiopathol-
ogy. Susceptibility to skin cancers has been identified through family and familiar studies
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and genome-wide association studies [1]. The epidermis is exposed to many external
environmental factors, including ultraviolet radiation, chemical agents (insecticides, fungi-
cides, herbicides, and arsenic), and ionizing radiation [1,2,5,6]. These factors can cause
mutations that eventually lead to carcinogenesis [1]. Since genetic factors are not modi-
fiable, we should put our effort into changing alterable variables, such as sun exposure
and sun-protective behaviors, to lower the risk of skin cancer formation. That is why it is
important to know which behaviors are the most significant and should be eliminated from
the healthier lifestyle.

Some medical models identify individuals at the highest risk for KCs or melanoma [2,7,8].
However, presented models vary—different factors are included, quite a small sample
of patients are described—so they cannot be generalized to the worldwide population.
However, such a screening tool is needed to diagnose skin cancer at an early stage or even
prevent its formation from reducing morbidity and mortality in an aging global society and
associating costs.

One of possible method that can be used to estimate skin color is spectrophotometry,
which offers a suitable, objective, and reproducible way for evaluating skin pigmentation [9].
Measuring the optical attributes of the skin depends on the degree to which the skin reflects,
absorbs, diffuses, and transmits incident light. The surface of the skin is heterogeneous,
and depending on localization, the skin has different blood supply and pigmentation. Most
of the pigment is found in the basal part of the epidermis. In the dermis, blood (mainly
hemoglobin), beta-carotene, and bilirubin can absorb light, while the fibrous structure of the
dermis can diffuse light. Skin erythema causes reddening of the skin and is associated with
dilatation of blood vessels closest to the skin’s surface. The spectrophotometric analysis
of the skin under controlled lighting conditions provided by the spectrophotometer (with
white light emitting diode-LED) offer a precise characteristic of individual pigments. In
clinical practice, spectroscopy is routinely used to assess the level of melanin (melanin index
(MI)—the higher is the index value, the darker the skin) and level of erythema (erythema
index (EI)—the higher is the index value, the stronger the skin erythema). In addition to
melanin and erythema measurements, the most currently used spectrophotometers provide
additional skin color measurements in the RGB system (R: red; G: green; B: blue; values
range from 0 to 255, 0 for all of the coordinates gives black color, whereas 255 is white) and
the CieLab color space (three coordinates: L, lightness—values range from 0 (black) to 100
(white); a, the green–red axis–positive values indicate the amount of red whereas negative
values indicate the amount of green; b, the blue–yellow axis—yellow is positive and blue
is negative).

This study aimed to assess the predictive quality of the spectrophotometric parameters
of human skin color proposed in the previous work as variables useful for predicting the
risk of skin cancer [10] and chosen environmental and behavioral factors to build the most
precise prognostic tool.

2. Materials and Methods

The study material was based on two groups: the training group and the testing group.
The testing group validated the models created on the basis of the training group (Figure 1).

The training group was examined between 2011 and 2014 and consisted of 289 people
of Polish ancestry. There were 133 patients with skin neoplasms (100 with BCC, 21 with
SCC, and 12 with melanoma) aged from 41 to 92 years and 156 healthy controls aged from
45 to 93 years (Table 1). The testing group was examined between 2020 and 2021 and
consisted of 100 people of Polish ancestry. There were 50 patients with skin neoplasms (46
with BCC and 4 with SCC) aged from 43 to 90 years and 50 healthy controls aged from
45 to 87 years (Table 1). Written consent to participate in the study was provided by all
patients. The study was approved by the ethics review board of the University of Lodz
(approval no. KBBN-UŁ/II/8/2010) and the Medical University of Lodz (approval no.
RNN/364/18/KE).
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Figure 1. Graphic abstract to summarize the methodology. MI—melanin index; EI—erythema index.

Table 1. Characteristics of training and testing groups.

Characteristics Training Group Testing Group Training Group vs.
Testing Group

Evaluation time 2011–2014 2020–2021

N 289 (100%) 100 (100%)

Sex
F 189 (65%) 61 (61%) χ2

Yates = 0.45
p = 0.5029M 100 (35%) 39 (39%)

Absence of skin
cancer 156 (54%) 50 (50%) χ2

Yates = 0.33
p = 0.5680Presence of skin

cancer 133 (46%) 50 (50%)

Type of skin cancer
BCC 100 (75%) 46 (92%)

χ2 = 7.41
p = 0.0246

SCC 21 (16%) 4 (8%)
MM 12 (9%) 0 (0%)

Age (years)
M = 69;

Q1–3 = 62–78
min–max = 41–93

M = 67;
Q1–3 = 56–75

min–max = 43–90

Zcorrection = 2.37
p = 0.0179

M—median; BCC—basal cell carcinoma; SCC—squamous cell carcinoma; MM—melanoma malignum;
Q1–3—lower and higher quartile; Zcorrection—testing statistics for Mann–Whitney test. p < 0.05—result
statistically significant.

The inclusion criteria were as follows: no diseases related to skin pigmentation, no
exposure to ultraviolet radiation (holidays, indoor tanning) in the last 3 months before
the test, no usage of skin bronzing cosmetics, age above 40 years. All patients (both
from the training group and testing group) were treated at the Plastic, Reconstructive and
Aesthetic Surgery Clinic of the Medical University of Lodz. In all patients, the diagnosis
was confirmed by histopathological examination. People from control groups were treated
for scars, posttraumatic deformities, eyelid ptosis, xanthelasma, or chronic wounds.

The same study plan was used for both trials. Therefore, the same dataset was available
for all respondents. Because in the training group the number of patients with SCC and
melanoma was not numerous, the binary system was introduced; finally, two groups were
analyzed: patients with skin cancers (regardless of type) and people without skin neoplasm.
The same procedure was applied in the testing group.

2.1. Study Plan

The same dermospectrophotometer was used to measure the training and testing
group. The skin was tested by DSM II equipment (Cortex Technology, Hadsund, Denmark).
The following measurements were performed: melanin index (MI), erythema index (EI),
and skin color in the CIELab and RGB color space (as mentioned in the Introduction
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section). Skin color measurements were conducted on the medial regions of the right and
left arms and on the right buttock. The measurements were conducted in triplicate in each
region, each time at a slightly different location, avoiding melanocytic moles and visible
discolorations. Eventually, the mean value from three measurements from the right buttock
and the mean value from six measurements from arms (three from right one and three form
left one) were included in the statistical analysis.

The set of environmental/behavioral variables was selected a priori on the basis of the
literature. The most common six variables were chosen: (1) exposure to solar radiation due
to the longest-held occupation; (2) overall level of exposure to solar radiation; (3) exposure
to chemical agents (e.g., herbicides, fungicides, petroleum derivatives, arsenic); (4) fre-
quency of sunbathing during the holidays; (5) frequency of photoprotectors usage during
exposure to solar radiation; (6) total number of sunburns (the number was given by the each
patient). The first three factors were assessed in the scale from 1—no exposure to 5—very
high exposure. The possible answers to the points concerning frequency (factor 4 and 5)
were never, rarely, sometimes, often, and always.

2.2. Predictive Models

Logistic regression was used to develop the predictive models. Models were built
on the basis of individual skin color variables (MI, EI, R, G, B, L, a, b) as well as on sets of
variables within various skin color evaluation systems (MI and EI, CIELab, RGB). These
spectrophotometric parameters that were selected as best predictors by Sitek et al. were
used to build up models in the current study to validate them. Six models based on the
parameters of arms skin color (MI, R, MI with EI, Lab, La, Lb) and five models based
on the parameters of the buttock skin color (MI, R, MI with EI, Lab, La) were chosen
as the best predictors. In the next step, these models were supplemented with such
environmental/behavioral variables that showed statistically significant relationship with
skin cancer. Models were built on the training group, and their quality was assessed on the
testing group (validation process).

However, the age and sex were not included as predictors in assessed models. The
age was not taken into account due to the fact that some people from the testing group
were not able to provide the exact time of appearance of the skin lesion. Thus, we could
not determine the age of onset of the disease (assuming that the lesion was malignant from
the beginning). The age at the study point also could not be used as a predictor because
the time between the appearance of the lesion and the patient’s first visit may take up to
several years. Additionally, what was shown in previous research was that the age of the
subjects did not affect the prediction results in any of the models, and therefore it was not
relevant in connection to spectrophotometric measurements as they can be independent
variables [10]. In addition, in both studies, the inclusion criterion was the patient’s age
at the time of the study—at least 40 years, which excluded younger patients and thus
disturbed the probabilistic nature of the trial. The sex was also not taken into account due
to the fact that the study was based on patients who themselves came to the Department
of Plastic Surgery for consultation/treatment due to having some distressing skin lesions
or for other reasons. In both groups (training and testing), the majority of patients were
females, probably due to the fact that women consult doctors more often about their health
problems than men. Therefore, none of the samples (training and testing) can be considered
as representative in terms of age and sex.

2.3. Statistical Analysis

To compare categorical data for the sex, the chi2 with Yates correction was used. The
Pearson chi2 test was used to compare the distribution of cancer types in groups. The
Mann–Whitney test was used to check the difference between ages (Z-corrected).

Logistic regression was used to assess the influence of particular environmental and be-
havioral factors on cancer occurrence, followed by standard models and stepwise regression
models to obtain an optimal set of parameters to assess the risk of skin cancer.
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The predictive quality of particular models was assessed by receiver operating charac-
teristic (ROC) curve and area under the curve (AUC) for the tested group (validated group).
The AUC was within the range (0–1). However, values higher than 0.5 indicated that the
analyzed factor had a useful predictive value. The higher AUC, the better the predictive
value. The Hanley proposed algorithm for the Z model can be used to compare two AUC
values [11]. The Holm–Bonferroni corrections were used for multiple comparisons. Sta-
tistical analyses were performed using StatSoft STATISTICA 13.1 software for Windows
(StatSoft, Tulsa, OK, USA).

3. Results
3.1. Demographic Characteristic of Training and Testing Groups

Training and testing groups have not presented significant differences for sex and
occurrence of skin cancer. There was a statistically higher frequency of BCC in the testing
group than the training group, and a higher percentage of SCC in the training group than
the testing group. MM was not represented in the validation group. There was a significant
difference between ages; participants in the training group were older than the testing
group, although the age range was similar (more than 40 and less than 95 years) (Table 1).

3.2. The Predictive Quality of Models According to the Spectrophotometric Parameters of Skin
Color to Estimate the Risk of Skin Cancer

The parameters for spectrophotometric models were created on the basis of training
data (Supplementary Data, Table S1). On the basis of the testing group, it has been shown
that AUC for analyzed models varied from 0.536 (L, a, b of buttock skin) to 0.674 (MI for
the inner side of the arm). The Z-test demonstrated that R parameter (of RGB system)
for arm and buttock skin, as well as coordinates L, a, b and L, a for buttock skin, were
not useful in predicting the risk of skin cancer because AUC for these variables was not
significantly different than 0.5. This means that these parameters did not provide a better
prediction than the random assignment of people to the patient group or healthy group.
The remaining variables described skin color increase in the ability to predict the disease
(Table 2). The model with the highest AUC (0.674) was based on the MI indicator for the
skin of the arm and was not demonstrated as a significantly better predictor from remaining
spectrophotometric parameters with AUC > 0.5 (Tables S2 and S3).

Table 2. The predictive quality of analyzed models validated on testing group.

Models Spectrophotometric
Parameters

I II III

AUC SE AUC SE AUC SE

Arm

1 MI 0.674 0.0549 0.689 0.0535 0.686 0.0539

2 R 0.584 0.0581 0.622 0.0569 0.609 0.0574

3 MI, EI 0.656 0.0567 0.671 0.0556 0.664 0.0555

4 L, a, b 0.630 0.0566 0.660 0.0553 0.663 0.0550

5 L, a 0.650 0.0563 0.682 0.0541 0.691 0.0542

6 L, b 0.657 0.0554 0.679 0.0541 0.676 0.0545

Buttock

7 MI 0.643 0.0568 0.657 0.0553 0.665 0.0556

8 R 0.566 0.0582 0.612 0.0569 0.608 0.0577

9 MI, EI 0.636 0.0567 0.652 0.0555 0.664 0.0555

10 L, a, b 0.536 0.0590 0.578 0.0579 0.576 0.0583

11 L, a 0.545 0.0588 0.600 0.0572 0.586 0.0578

I—models based on spectrophotometric parameters examined by Sitek et al. [10]; II—models based on spec-
trophotometric parameters examined by Sitek et al. extended with the number of sunburns, exposure to UV
radiation related to the longest-held occupation, and usage of photoprotectors; III—models based on spectropho-
tometric parameters examined by Sitek et al. extended with the number of sunburns; MI—melanin index; R—red;
EI—erythema index; AUC—area under curve; SE—standard error AUC.
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3.3. The Predictive Quality of Spectrophotometric Models Extended with Environmental and
Behavioral Factors Significantly Associated with the Risk of Skin Cancer

The univariate logistic regression analyses revealed that out of the six variables men-
tioned in the Materials and Methods section and in the graphical abstract, only three showed
a relationship with skin cancer: (1) exposure to solar radiation related to the longest-held
occupation (Wald statistic = 4.47, p = 0.0342), (2) frequency of using photoprotectors (never
vs. ever) (Wald statistic = 4.55, p = 0.0330), and (3) the total number of sunburns (Wald
statistic = 10.86, p = 0.0010). In the next step, spectrophotometric models were completed
with these factors, and by use of the testing group, the predictive utility of the extended
model was assessed (checked if AUC was different than 0.5). Then, they were compared
with initial spectrophotometric models. The parameters of the extended models with the
three environmental/behavioral variables mentioned above are presented in Table S2. It
is worth noting that after including all three environmental/behavioral variables in the
spectrophotometric models, two of them (exposure to solar radiation associated with the
longest occupation and the frequency of using photoprotectors) lost their significance in
each classifier (Table S2).

When three environmental/behavioral variables were added, the AUC significantly
exceeded 0.5 for the coordinate R models for the arm and buttock skin, which were not
significantly different from 0.5 before modification. However, this extension did not result
in the predictive utility of models based on the L, a, b and L, a coordinates and for the
buttock skin (Table 2).

As a result of comparing the initial and extended models, no statistically significant
differences were found in terms of their classification quality (Table 3). The modified model
with the highest AUC (AUC = 0.689), which included, apart from the MI for the skin of
the arms, three environmental/behavioral variables after taking into account the Holm–
Bonferroni correction, did not turn out to be a statistically significantly better classifier than
the remaining extended spectrophotometric models with AUC > 0.5.

Table 3. The comparison of the quality of analyzed models validated on testing group.

Models Spectrophotometric
Variables in Models

AUC I vs. AUC II AUC I vs. AUC III AUC II vs. AUC III

p p p

Arm

1 MI 0.4021 0.3095 0.7940
2 R 0.1120 0.0611 0.4129
3 MI, EI 0.4299 0.8836 0.8664
4 L, a, b 0.2965 0.1172 0.8630
5 L, a 0.1513 0.0160 0.5434
6 L, b 0.3147 0.1541 0.8653

Buttock

7 MI 0.4482 0.0370 0.5872
8 R 0.0598 0.0166 0.7601
9 MI, EI 0.3678 0.0212 0.4377
10 L, a, b 0.1529 0.0210 0.9370
11 L, a 0.0427 0.0083 0.4839

AUCI—AUC for models based on spectrophotometric parameters examined by Sitek et al. [10]; AUCII—AUC
for spectrophotometric models extended with the number of sunburns, exposure to UV radiation related to the
longest-held occupation, and usage of photoprotectors; AUCIII—AUC for spectrophotometric models extended
with the number of sunburns; MI—melanin index; R—red; EI—erythema index p—probability for z test testing
“0” hypothesis AUCn = AUCm vs. alternative hypothesis AUCn 6= AUCm. Significant differences after usage of
Holm–Bonferroni correction are bolded. p < 0.05—result statistically significant.

3.4. The Predictive Quality of Spectrophotometric Models Extended with the Number of Sunburns

Statistical model building by backward stepwise method included the gradual removal
of consecutive environmental/behavioral variables from the extended model until only one
significant factor remained in the model. It turned out that in each case, the only expansion
variable remaining in the model was the number of sunburns. This factor significantly
increased the AUC of the three spectrophotometric models (Tables 4, 5 and S4). The highest
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value of AUC was revealed for the model based on L, a parameters for the skin of arms
(AUC increased from 0.650 to 0.691, p = 0.0160) (Table S3).

Table 4. Comparison of the predictive quality of models to assess the probability of skin cancer
occurrence according to a testing sample and on the spectrophotometric models extended by the
number of sunburns (testing sample).

Compared Models Z p

MI arm

R arm 2.77 0.0055

MI, EI arm 0.78 0.9151

L, a, b arm 1.35 0.8289

L, a arm 1.11 0.2660

L, b arm 0.42 0.6747

MI buttock 0.67 0.5043

R buttock 2.11 0.0352

MI, EI buttock 0.80 0.4258

L, a, b buttock 2.50 0.0126

L, a buttock 2.39 0.0170

Compared models Z p

L, a arm, number of
sunburns

MI arm, number of sunburns 0.28 0.7819

R arm, number of sunburns 2.61 0.0090

MI, EI arm, number of sunburns 0.64 0.5251

L, a, b arm, number of sunburns 0.88 0.3800

L, b arm, number of sunburns 0.35 0.7279

MI buttock, number of sunburns 0.56 0.5583

R buttock, number of sunburns 1.62 0.1058

MI, EI buttock, number of sunburns 0.64 0.5251

L, a, b buttock, number of sunburns 2.10 0.0354

L, a buttock, number of sunburns 1.99 0.0463
Z—The Hanley proposed algorithm for the Z model; p—probability of differences between compared models.
The Holm–Bonferroni correction is included.

Table 5. Comparison of the predictive quality of spectrophotometric models extended by the number
of sunburns (based on a testing sample).

Compared Models Z p

L, a arm, number of
sunburns

MI arm, number of sunburns 0.28 0.7819

R arm, number of sunburns 2.61 0.0090

MI, EI arm, number of sunburns 0.64 0.5251

L, a, b arm, number of sunburns 0.88 0.3800

L, b arm, number of sunburns 0.35 0.7279

MI buttock, number of sunburns 0.56 0.5583

R buttock, number of sunburns 1.62 0.1058

MI, EI buttock, number of sunburns 0.64 0.5251

L, a, b buttock, number of sunburns 2.10 0.0354

L, a buttock, number of sunburns 1.99 0.0463
Z—The Hanley proposed algorithm for the Z model; p—probability of differences between compared models.
The Holm–Bonferroni correction is included.



J. Clin. Med. 2022, 11, 2969 8 of 11

In the next stage of the analysis, it was checked as to whether the extended model with
the highest AUC = 0.691 (L, a for the skin of arms, the number of sunburns) is a statistically
significantly better classifier than the other models increased by the number of sunburns.
After introducing Holm–Bonferroni correction, the Z test did not show any differences in
terms of this (Tables 4, 5 and S5).

4. Discussion

Skin cancers have become a serious worldwide health problem, and their incidence is
increasing [12]. This is why it is important to emphasize early detection and treatment of
skin neoplasms to decrease the morbidity, mortality, and costs associated with treating the
tumors, especially in their advanced stages [13]. Setting up a tool that can assess the risk of
skin cancer formation requires objective methods that can be measured in an independent,
reliable, and honest way.

In the current study, we used objective method spectrophotometry to build a model
for estimating the risk of skin cancer. We found that the predictive value of the following
spectrophotometric classifiers: MI for arms and buttock skin and L, a, b, L, a, L, b for arms
skin, confirms our previous results. The AUC values for these variables in both studies
ranged from 0.6 to 0.7. This means that they were not strong classifiers but had a valuable
contribution in terms of estimating the risk of skin cancer. Of course, they are not a sufficient
tool alone, but they can fulfill their function when enriched with other predictors.

Additionally, we found that for some spectrophotometric skin color parameters (L,
a for arms and buttock skin and R for buttock skin), the prediction quality is improved
when information on the number of sunburns is included. At the same time, the number
of sunburns in these models successfully replaced the information about the level of sun
exposure and the frequency of photoprotectors usage. This is a valuable message as
information about the number of sunburns is quite easy to obtain from the patients (they
usually remember that they had blisters on the skin after sunbathing) while assessing
the total exposure of sun (from no exposure to very high exposure), and the frequency
of photoprotector usage (never, rarely, sometimes, often, always) is very subjective and
depends on the patients’ opinion, so the bias cannot be excluded.

After adding the information on the number of sunburns, the highest classification
quality was achieved by the parameters L, a for arms skin (AUC = 0.691), but this value did
not differ, among others, on the predictive quality of melanin index for arms (AUC = 0.686)
and buttocks (AUC = 0.665) extended by the number of sunburns, as well as the predictive
quality for the melanin index itself for arms (AUC = 0.674) and buttocks (AUC = 0.643).
Due to the fact that there is no difference between mentioned spectrophotometric classifiers,
we suggest using the simplest of them—the skin melanin index (MI).

The lack of influence of environmental and behavioral variables (the level of sun
exposure and the frequency of photoprotectors usage) on the predictive quality of melanin
index (MI) may result from the fact that this index is directly related to the melanin level,
which determines the skin sensitivity to the sun, and thus it correlates with the number of
sunburns, making these variables redundant to each other. Performing spectrophotometric
skin measurements during routine patients’ visit to out-patient clinics may have clinical
meaning in skin cancer prevention as the melanin index provides quite good predictive
quality. The technique of measurements is easy and can be done by all doctors in contrast
to, e.g., dermatoscopy, which requires a specialist knowledge and training.

Various risk prediction models of skin cancer formation have been described in the
literature. Most of these refer to melanoma alone, and there are many different risk factors
described with little consistency and poor validation in the model evaluation, as stated by
Kaiser et al. [8]. Good prediction with high AUC was presented by Bhalla et al. [14]. The
authors used genomics profiles of patients, and their results showed that AUC can be more
than 0.93 when analyzing mRNA and 0.84 or more when analyzing miRNA [14]. However,
advanced genetic studies are not possible in all populations, mainly due to the lack of
such databases in general populations and their costs. In another study, it was shown that
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elevated concentrations of proteins such as cathelicidin and β-defensin 2 are associated
with the presence of BCC [15]. However, these factors are not specific only to this condition,
which is why it could be interesting to find a relationship between spectrophotometric skin
measurements and the above-mentioned proteins.

Roffman et al. presented their model of predicting KCs via a multi-parameterized
artificial neural network and reached AUC from 0.79 to 0.82 [16]. The described model was
mainly based on demographic data with other comorbidities that patients suffer from [16].
A similar model extended with photosensitizing medicaments was proposed by Wang et al.
with an even higher AUC from 0.87 to 0.91 [17]. However, even these authors emphasized
that further clinical studies are needed and that models require validation efforts to prove
their efficiency because models were based only on training groups [16,17]. According
to the Newcastle Ottawa Scale, both of the above-mentioned studies were assessed as
“poor” [18]. In the current study, we present the validated results. Usually, such results
turn out to be worse than those generated on the training group, but it provides the true
priority of designed model.

It is well known that skin color or skin phototype is related to skin neoplasm. Fitz-
patrick proposes a descriptive scale; however, this is not popular due to its subjective
manner. In one study, phototype III/IV was paradoxically associated with an increased
risk of BCC compared with phototype I/II [19]. The descriptive method of characterizing
skin color as light/fair or medium versus dark/olive is also confusing and subjective [20].
A previously presented study has shown that AUC for models predicting skin cancers
based on Fitzpatrick’s phototypes is 0.576, and it is lower than AUC for models based
on spectrophotometric parameters (AUC = 0.661–0.687). This results from the fact that
dermal spectrophotometry, performed in this research, offers objective measurements,
which remarkably increase repeatability and enable the exact, quantitative assessment of
skin color.

This study is not free from limitations. This is mainly due to the small number of
examined cases. However, they provide the validation of results, which many studies
do not present. Another limitation is our placement of all types of cancers in one group.
Further studies on separate skin cancer groups are needed to check spectrophotometric
models in patients separated by the types of cutaneous neoplasm.

5. Conclusions

Spectrophotometric skin parameters are essential but not very strong predictors for
estimating the risk of skin cancer. The simplest spectrophotometric predictor of skin cancer
is the melanin index (similar predictive value, whether measured on the skin of the inner
surface of the arms or the buttock), and it should be included in predictive models. From
environmental/behavioral factors, the most important one seems to be the number of
sunburns, but not the total exposure to ultraviolet radiation or usage of photoprotectors.
Further studies concerning skin cancer predictive models based on spectrophotometric
measurements should be continued, but perhaps some other pigmentation predictors
should be taken into account (like iris and hair color) when creating new models. In
future, spectrophotometric measurements can be employed as a quick screening skin
examination method.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/jcm11112969/s1, Table S1: Parameters of predictive models
for assessing the probability of skin cancer occurrence based on spectrophotometric variables re-
ported by Sitek et al. 2016 (generated on the basis of the training sample); Table S2: Parameters of
spectrophotometric predictive models to assess the likelihood of skin cancers extended by environ-
mental/behavioral factors (generated on the basis of a training sample); Table S3: Parameters of
spectrophotometric predictive models for assessing the likelihood of skin cancer occurrence extended
by the number of sunburns (generated on the basis of a training sample); Table S4: Comparison of
the predictive quality of spectrophotometric models extended by environmental/behavioral factors
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(based on a testing sample); Table S5: Comparison of the predictive quality of spectrophotometric
models extended by the number of sunburns (based on a testing sample).
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