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ABSTRACT

It is critical to develop new methods to assess genotoxic effects in human biomonitoring since the
conventional methods are usually laborious, time-consuming, and expensive. It is aimed to evaluate if
the analysis of a drop of serum by Fourier Transform Infrared spectroscopy, allow to assess genotoxic
effects in occupational exposure to cytostatic drugs in hospital professionals, as obtained by the
lymphocyte cytokinesis-block micronucleus assay. It was considered peripheral blood from hospital
professionals exposed to cytostatic drugs (n = 22) and from a non-exposed group (n = 36). It was observed
that workers occupationally exposed presented a higher number of micronuclei (p < 0.05) in lympho-
cytes, in relation to the non-exposed group. The serum Fourier Transform Infrared spectra from exposed
workers presented diverse different peaks (p < 0.01) in relation to the non-exposed group. The hierarchi-
cal cluster analysis of serum spectra separated serum samples of the exposed group from the
non-exposed group with 61% sensitivity and 88% specificity. A support vector machine model of serum
spectra enables to predict exposure with high accuracy (0.91), precision (0.89), sensitivity (0.86), F1 score
(0.87) and AUC (0.96). Therefore, Fourier Transform Infrared spectroscopic analysis of a drop of serum
enabled to predict in a rapid and simple mode the genotoxic effects of cytostatic drugs. The method
presents therefore potential for high-dimension screening of exposure of genotoxic substances, due to
its simplicity and rapid setup mode.

© 2021 Elsevier B.V. All rights reserved.
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1. Introduction

Cancer may be partially prevented by identifying and
consequently controlling risk factors [1], as social, biological, and
physical factors, that account for 39%, 18% and 31% of the causes
of cancer, respectively [2]. Genotoxicity biomarkers allow the
detection of early effects that result from the interaction between
the individual and the environment, enabling to access health risks
derived from exposure to complex mixtures as associated with
occupational and environmental exposure [3-5]. The monitoring
of these biomarkers is consequently used in cancer epidemiology,
to identify risk factors while increasing the understanding of the
complex relationship between exposure to genotoxic substances
and cancer, and consequently enable better strategies for cancer
prevention.

The most used matrices for human biomonitoring of exposure
to genotoxic chemicals are blood and urine. These biofluids are
analysed to identify the chemical substance and/or its metabolites,
or its effect on biochemical targets, as proteins adducts (e.g., in
albumin and haemoglobin), DNA adducts, DNA strand breaks or
8-hydroxy-2'-deoxyguanosine and chromosome aberrations, e.g.,
sister chromatid exchanges, micronuclei, among others [6].

One common method to analyse genotoxic effects in occupa-
tional studies, including medical based environments, chemical
industry and agriculture, is based on the culture of human lympho-
cyte, obtained from peripheral blood, and the in vitro blocking of
cytokinesis, and the subsequent microscope observation of nuclear
abnormalities [7]. Among the wide range of cytogenetic biomark-
ers, the observation of micronucleus (MN) in lymphocytes after
cytokinesis-blocked micronucleus (CBMN) assay provide a promis-
ing approach to assess health risk [8], being the preferred in vitro
test in genotoxicity for human biomonitoring studies [9]. CBMN
assay is a comprehensive system for measuring DNA damage,
cytostasis and cytotoxicity-DNA damage events scored specifically
in once-divided binucleated cells. It is a method for assessing DNA
damage caused by xenobiotics, allowing detection of effects caused
by clastogenic agents (that provoke chromosome breakage) and
aneugenic agents (abnormal chromosome segregation associated
with loss) [10-14]. Other eexamples of applications of this funda-
mental methodology to evaluate human health risks, supporting
the establishment of a safe work environment, are reviewed e.g.
in Ladeira and Smajdova [15].

Despite the high relevance of biomonitoring genotoxic expo-
sure, as the ones based on CBMN assay, their impact in large scale
epidemiological studies and consequently on public health are
highly limited since, usually, the analytical techniques associated
are laborious, time consuming and expensive. The present work
will focus on evaluating a new method for biomonitoring, enabling
to predict genotoxic exposure in a simple, economic, and high-
throughput mode, but also with high sensitivity and specificity. A
new biomonitoring technique presenting these characteristics,
could be more easily implemented in routine analysis of popula-
tions at risk, or in large-scale monitoring studies to identify popu-
lations at risk. The method under evaluation is based on Fourier
Transform InfraRed (FTIR) spectroscopy, since it is possible to con-
duct the technique with a simple sample processing, without
expensive reagents, in a rapid mode (as a spectrum can be acquired
in one minute) and in a high-throughput mode based on micro-
plates with multi-wells [16,17]. The technique’s simplicity is usu-
ally also associated to a high sensitive and specific analysis,
enabling to acquire the metabolic status of the system, directly
from the cells or from the cells environment, being consequently
applied in a high diversity of biomedical applications, such as
detection of infections [18], monitoring the impact of bio-
compounds consumption in plasma profile [19], identify the
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mechanism of cell death [20], cancer diagnosis and cancer grading
[21,22], and diagnosis and prognosis of diverse other diseases and
monitoring of treatments efficiency [23-25]. The technique’s ver-
satility also enables its application to a high diversity of biological
samples, from tissue-based biopsies to body fluids such as blood,
serum, urine, saliva and tears [24,26,27].

In the present work, it was considered serum obtained from
peripheral blood of hospital workers potentially exposed to anti-
neoplastic drugs due to their professional activity, such as pharma-
cists, pharmacy technicians and nurses and a control group from
academia without exposure to cytostatic drugs. This sample is part
of a previous research from the present group described in Ladeira
et al. [28] and Ladeira et al. [29]. The hospital professionals worked
in two Portuguese hospitals, with contact with working surfaces
that were contaminated with the cytotoxic drugs Cyclophos-
phamide, 5-Fluorouracil and Paclitaxel [29]. These cytostatic drugs
were evaluated as surrogate markers for surfaces contamination
since they are amongst the most used in these hospitals, both in
frequency and amount. In the present work, serum samples from
exposed workers (n = 22) and controls (n = 36) from the previous
studies [29] were analyzed by FTIR spectroscopy. Univariate and
multivariate analysis of spectra were conducted to study if the
new technique enabled to acquire the molecular profile of serum
in comparison with the endpoints measured by the CBMN assay.

2. Materials and methods
2.1. Human volunteers

The human volunteers participating in the current study are
described in the previous publications of Ladeira et al. [28,29].
Briefly, the study was conducted in accordance with standards of
ethics and received necessary approvals (ACT project 036APJ/09)
from the institution’s administration and from each study partici-
pant with the informed consent form. From these participants,
the available serum samples were analysed by FTIR spectroscopy,
being included 22 serum samples from hospital workers occupa-
tionally exposed to antineoplastic drugs from two different hospi-
tals, as nurses, pharmacists and pharmacy technicians, and 36
samples from controls, i.e. non-exposed group, with workers from
an academic institution, namely teachers and office workers, cho-
sen for having no contact with cytostatic drugs and for being sta-
tistically comparable to the exposed group, in terms of gender
and age distribution.

2.2. CBMN assay

CBMN assay was conducted as described in Ladeira et al. [28].
Briefly, peripheral blood was collected by venipuncture for lym-
phocytes gradient isolation (Ficoll-Paque®, Sigma-Aldrich) and
subsequently processed according to Fenech [30]. The cells were
observed by optical microscope after air drying cells smears, in
microscope slides and subsequently double-stained with May-G
riinwald-Giemsa and mounted with Entellan®. Two slides were
analyzed per sample, each one analyzed by an independent
observer as described by Fenech et al. [31].

2.3. FTIR spectra acquisition

Serum was obtained by centrifugation of 1 mL heparinised
whole blood samples at 3500 rpm for 10 min (Mikro with 1195/L
rotor, Hettich) and maintained at —20 °C until further analysis.
Triplicates of 25 pL of serum from each volunteer, previously
diluted at 1/8 in NaCl (0.9%, w/v), were transferred to a 96-wells
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Si plate and then dehydrated for about 2.5 h, in a desiccator under
vacuum (Vacuubrand, ME 2, Germany). Spectral data was collected
using a FTIR spectrometer (Vertex 70, Bruker, Germany) equipped
with an HTS-XT (Bruker, Germany) accessory. Each spectrum rep-
resented 64 coadded scans, with a 2 cm™! resolution, and was col-
lected in transmission mode, between 400 and 4000 cm . The first
well of the 96-wells plate did not contain a sample and the corre-
sponding spectra was acquired and used as background, according
to the HTS-XT manufacturer.

2.4. Spectra pre-processing and processing

All spectra were pre-processed by atmospheric correction.
Some spectra were also pre-processed by baseline correction, first
derivative or second derivative using a Savitzky-Golay filter with a
second order polynomial over a 15-point window. Atmospheric
and baseline corrections were conducted with OPUS® software,
v.6.5 (Bruker, Germany). All remaining pre-processing and process-
ing analysis such as principal component analysis (PCA), hierarchi-
cal cluster analysis (HCA) and support vector machine (SVM)
models were conducted with Orange 3 v.3.19.0 (Bioinformatics
Lab, University of Ljubljana, Slovenia). HCA was based on absolute
Pearson distances, complete linkage. SVM was based on a radial
basis function kernel and a maximum iteration limit of 100 tests,
in which the random sampling of the training size comprised of
80% of all samples, with the remainder for testing (i.e., prediction
of exposed). t-student analysis was performed by SPSS® v.26
(IBM Corp, Armonk, NY, USA).

3. Results
3.1. General characterization of the sample and CBMN assay results

The volunteer’s characteristics of exposed and non-exposed
groups, including gender, age, tobacco, and alcohol consumption
are shown in Table 1. It was observed that the exposed group pre-
sented lymphocyte with a significantly higher number of MN
(p < 0.05) in relation to the non-exposed group (Table 2, Fig. 1).

3.2. Univariate data analysis of serum spectra

Fig. 2 represents the normal and derivative FTIR spectra of par-
ticipants serum. It was observed a high variability of absorbances
among participants, highlighting the high sensitivity of the FTIR
spectroscopic technique to capture the variability of the serum bio-
chemical composition among individuals (Fig. 2A).

To further highlight the biochemical information associated to
the serum spectra, the spectra second derivative was considered
(Fig. 2C-2F), as derivatives increase bands resolution, particularly
relevant in biochemical complex biological samples, such as serum.
From the second derivative spectra, 60 negative peaks were iden-
tified along the whole spectra. In relation to these peaks, 28 out

Table 1
Characteristics of human volunteers.
Control Exposed
Number of volunteers 36 22
Gender Female 27 (75%) 19(86.4%)
Male 9 (25%) 3(13.6%)
Age (mean # SD, years) 40.6 £ 9.47 342 +8.1
Range 20 - 61 24 - 58
Exposure time (mean and Not applicable 8.8 (0.5 - 30 years)
range)
Smoking habits - Smokers 7 (19.4%) 1 (4.5%)
Occasional drinkers 9 (25%) 4 (18.2%)
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Table 2
Micronucleus (MN) in lymphocytes.

Mean, MN lymphocytes + SD (range)

Control (not exposed) 5.31 £ 6.42 (0-34)
Exposed 11.41 £ 11.10 (1-58)
p-value 0.03

60
50
40
30

20 8

10
——

0

Fig. 1. Boxplots for the MN. Control group is shown in light grey, whereas the
exposure group is represented in dark grey.

of the 60 peaks (Table 3), were significantly (p < 0.01) different
between the exposed and non-exposed groups, that included
wavenumbers along the whole spectra, including vibrations in
amide A and B f proteins (3300 and 3062 cm™!), CH; in lipids
(2960 and 2871 cm™!), phospholipid esters (at 1749 cm™!), amide
Il and I from proteins (1657, 1639, 1545 cm™'), CH; and CH, vibra-
tions present in lipids and proteins (1453, 1368 cm™!), creatinine
(1400 cm~! [32], CO-0-C bonds in lipids (1171 cm™!), carbohy-
drates (1053 and 1030 cm™!), phosphate groups in lipids, proteins
and phospholipids (1242 and 1081 cm™') and diverse peaks from
the fingerprint region (936, 851, 782, 744, 723, 701, 676, 658,
548, 426 and 421 cm™!) (Fig. 2). Fig. 3 points to second derivative
absorbances obtained at the 3 wavenumbers that presented the
lowest p-values between the two groups.

From the 28 wavenumbers identified as significantly different
among the two groups, its standard deviation values were higher
in the exposed group in relation to the non-exposed group except
for 4 wavenumbers (426, 677,713 and 782 cm™!) (Table 3). Indeed,
18 out of the 28 wavenumbers of the exposed group presented 2-
fold-higher standard deviations than the non-exposed group. Nine
out of the 28 wavenumbers of the exposed group presented 10-
fold-higher standard deviations values than the non-exposed
group, 2960, 2871, 1657, 1545, 1453, 1401, 1314, 1242 and
1172 cm™!, respectively. This points to a higher diversity of molec-
ular profiles of serum, as acquired by FTIR spectroscopy, on
exposed participants in relation to non-exposed participants.

3.3. Multivariate data analysis of serum spectra

To evaluate the whole spectra, diverse spectra multivariate data
analysis was conducted, as principal component analysis (PCA),
hierarchical cluster analysis (HCA) and support vector machines
(SVM). Due to the relevance of pre-processing on spectra analysis,
it was evaluated the impact of spectra baseline correction, first and
second derivative on PCA (Fig. 4). PCA reduces the spectra data
dimensionality, facilitating its data pattern analysis. The apparent
best separation between data clusters from exposed and non-
exposed participants was achieved with second derivative spectra,
were the two first principal components (i.e. PC1 and PC2) repre-
sented a high data variance of the original spectra, of 88%. It was
also with the second derivative as pre-processing that a lower
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Table 3

Average values and standard deviations of peaks of the serum second derivative spectra for the control and exposed group, with the corresponding p-value of Student’s t-test.
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Wavenumber (cm 1) Control Exposed p-value (control vs exposed)
Average Standard deviation Average Standard deviation
3299.92 —8,34E-05 1,45E-05 —1,06E-04 5,67E-05 2,09E-03
3062.70 —5,00E-05 7,77E-06 —6,08E-05 2,82E-05 3,59E-03
296048 —2,32E-04 3,69E-05 —2,94E-04 1,63E-04 3,70E-03
2871.76 —1,92E-04 3,05E-05 —2,38E-04 1,32E-04 6,82E-03
1740.61 —1,62E-04 5,53E-05 —1,27E-04 7,25E-05 1,20E-03
1657.68 —1,14E-03 1,66E-04 —1,61E-03 1,04E-03 6,27E-04
1639.35 —5,70E-04 1,07E-04 —7,26E-04 4,03E-04 3,12E-03
1545.81 —8,71E-04 1,18E-04 —1,16E-03 6,84E-04 1,29E-03
1500.49 —4,05E-05 8,76E-05 3,57E-05 1,23E-04 2,78E-05
1453.24 —2,79E-04 4,09E-05 —3,41E-04 1,82E-04 7,59E-03
1401.16 —3,34E-04 4,67E-05 —4,14E-04 2,33E-04 7,85E-03
1345.23 —6,05E-05 1,73E-05 —5,12E-05 2,46E-05 8,69E-03
1314.38 —1,02E-04 1,64E-05 —1,30E-04 7,73E-05 4,36E-03
1242.05 —1,10E-04 1,84E-05 —1,41E-04 8,02E-05 2,86E-03
1172.62 —1,42E-04 2,33E-05 —1,76E-04 9,82E-05 7,27E-03
1081.01 —9,63E-05 2,02E-05 —1,25E-04 7,74E-05 4,20E-03
1053.04 —8,79E-06 9,57E-06 —1,38E-05 1,33E-05 9,71E-03
936.36 —3,14E-05 1,08E-05 —4,26E-05 2,17E-05 2,01E-04
851.50 —1,43E-05 1,10E-05 —2,36E-05 2,11E-05 1,49E-03
782.07 7,60E-06 1,63E-05 —1,88E-05 1,30E-05 3,26E-23
744.46 —7,77E-05 2,23E-05 —1,03E-04 5,61E-05 8,32E-04
723.24 1,16E-05 1,83E-05 1,14E-06 1,70E-05 2,11E-04
701.06 —1,92E-04 3,17E-05 —2,47E-04 1,28E-04 1,05E-03
676.96 —1,59E-05 2,08E-05 —5,94E-06 1,98E-05 2,03E-03
658.63 —1,41E-05 1,88E-05 —4,76E-05 4,12E-05 2,50E-08
548.70 —2,96E-05 2,86E-05 —1,27E-05 4,26E-05 5,65E-03
426.23 —2,92E-04 1,18E-04 —5,40E-05 1,31E-04 1,35E-22
421.41 1,87E-04 1,23E-04 3,35E-05 1,62E-04 1,84E-09
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Fig. 3. Boxplots of serum second derivative absorbances at 426, 658 and 782 cm™' of exposed (left bars) and non-exposed individuals (right bars).
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corresponding Hotelling’s ellipse at 1% significance.

number of sample outliers, that were samples outside the Hotell-
ing’s ellipse, were identified. All this highlights the relevance of
second derivatives on deconvolution spectral bands, and conse-
quently on increasing the information retrieved from the spectra
as mentioned above. Consequently, the remaining analysis was
based on second derivative spectra.

Fig. 5 represents the loadings of PC1 of the PCA based on second
derivative spectra, pointing the spectral regions that most con-
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Fig. 5. PC2 loading of PCA based on second derivative spectra.
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with baseline correction (A), first derivative (B) and second derivative (C), and the

tributed for samples separation between exposed and non-
exposed individuals, and that included regions along the whole
spectra, such as between 400 and 1500 cm~!, known as the finger-
print region, due to overlapped vibrations from diverse molecules
(Fig. 2D); between 1500 and 1800 cm™!, mostly due to double
bonds as C = O, C = C, and C = N, as present in amide I
(~1650 cm™') amide II (~1550 cm™!) of proteins, C = O as from
phospholipids esters (~1740 cm™!) (Fig. 2E); and between 2000
and 3600 cm~!, mostly due to vibrations between X-H
(where X can be C, O, or N), as present in amide A (~3300 cm™!),
from proteins, CHs (~2955 and ~2870 cm~') and CH, (~2918 and
~2850 cm™!) groups from lipids (Fig. 2F).

An HCA based on serum second derivative spectra was con-
ducted to better evaluate the discrimination between samples
from the exposed and non-exposed group. The HCA dendrogram
represents the similarities between samples in a tree mode, where
the distances relate quantitatively the samples similarities. Cluster
1 of the dendrogram of HCA based on second derivative spectra,
was classified as the cluster of the exposed group, containing 60%
of serum samples from exposed individuals, whereas cluster 2,
was designated of non-exposed individuals since it contained
88% of samples from non-exposed individuals (Fig. 6). However,
cluster 1 and 2 also presented, 40% and 12% of samples of non-
exposed and exposed individuals, respectively, which resulted in
a classification to detect exposed individuals with a sensitivity
and specificity of 60% and 88%, respectively.



Riiben Araiijo, Luis Ramalhete, Hélder Paz et al.

T e e T T

Fig. 6. HCA of serum spectra from exposed and non-exposed individuals, pre-
processed with second derivative.

Supervised models based on serum second derivative spectra
were also developed based on SVM to evaluate if it was possible
to predict from the serum spectra if that individual was exposed
to cytostatic drugs as observed by the CBMN assay. SVM uses
spectra close to the class borders as support vectors to define a
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discriminant surface [33], presenting high advantages for high
dimension input space [34,35]. A SVM model with high accuracy
(0.91), precision (0.89), sensitivity (0.86) and a high weighted aver-
age of prevision and sensitivity (i.e. F1 score) (0.87) was obtained.
This model also resulted in an excellent area under the curve
(AUCQ), i.e. with a value close to 1 (0.96), which allowed to max-
imise true positive rate (i.e. the recall) and minimise false positive
rate. In Table 4 it is presented the SVM confusion matrix.

4. Discussion

The significant higher MN (p < 0.05) observed by the CBMN
assay in lymphocytes of the exposed group to cytostatic drugs
(n = 22) in relation to the control (i.e. non-exposed) group
(n = 36), are most probably due the antineoplastic drugs effect,
since the exposed group was composed by professionals that han-
dled cytostatic drugs at hospital services were 37% of the surfaces
were contaminated with the 3 most used antineoplastic drugs in
hospitals, i.e. Cyclophosphamide, 5-Fluorouracil and Paclitaxel as
previously studied by the present research group [28,29]. All these
antineoplastic drugs can interact with DNA, inducing double and
single strand breaks, crosslinks, alkylation’s, and DNA intercala-
tions, which could account, at least partially, for the genotoxicity
observed.

It was subsequently observed that the FTIR spectra enabled to
discriminate individuals from the group presented genotoxic
effects due to exposition to cytostatic drugs in relation to individ-
uals from the control group. Indeed, the HCA based on the spectra
second derivative, clustered individuals between exposed and non-
exposed groups with a sensitivity and specificity of 60% and 82%,
respectively. A very good SVM model, based on the second deriva-
tive spectra, also enabled to predict if a participant was exposed to
cytostatic drugs with high value of accuracy (0.91) precision (0.89),
sensitivity (0.86) high F1 score (0.87) and AUC (0.96).

The serum molecular profile as acquired by the spectra, also
pointed that the exposition to genotoxic substances imply alter-
ations on the serum whole molecular profile, as affected its compo-
sition on a high diversity of chemical functional groups. For
example, the loading of PC2 highlighted the proteins’ regions
(amide I and II at ~1650 and ~1550 cm™!) (Fig. 5), were 28 peaks
of the second derivative spectra were significantly different
between the exposed and non-exposed group, and that were asso-
ciated to high diversity of molecular bonds related to different
types of groups/ molecules as phosphates, proteins, lipids and
polysaccharides (Table 3). These observations are according to
the high impact the cytostatic drugs, as 5-FU based therapy on
patients’ whole blood composition, including its cells constituents
and serum composition as total proteins, creatinine, triglycerides,
and cholesterol [36,37].

Spectral data also indicated that the serum molecular profile of
exposed individuals presented higher variability among individu-
als than the serum composition among non-exposed participants.
This was deduced from: i) a higher data dispersion in the PCA
score-plot from exposed participants in relation to non-exposed
participants (Fig. 4); ii) a higher standard deviation value in 23
out of 28 wavenumbers referred above observed among exposed
individuals in relation to non-exposed individuals (Table 3). This

Table 4
Confusion matrix of SVM model.
Predicted
Exposed Control
Experimental Exposed 89.9% 8.4%
Control 11.1% 91.6%
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higher variability in serum composition in exposed individuals
may result from the different exposure time, that varied from
5 months to 30 years, (Table 1) and/or due to individual different
metabolic sensitivity to cytostatic drugs. For example, in relation
to 5-FU, it is known that its pharmacokinetics depends on diverse
factors as genetic variations of the enzyme responsible by 80% of
the drugs catabolism (i.e. the dihydropyrimidine dehydrogenase),
but also from patients age, serum alkaline phosphatase, among
other factors [38,39].

Therefore, FTIR spectroscopy enabled to acquire the molecular
profile of serum, pointing a molecular whole composition on the
occupationally exposed participants substantial different from
the non-exposed participants to cytostatic drugs. The technique
presents the advantage of acquiring the serum molecular profile
based on the analysis of a drop of serum, as acquired in an rapid
(i.e. in a time scale of 1 min), and simple (with only a previous
dehydration step is needed) and high-throughput (based on micro-
plate with multi-wells) mode.

5. Conclusions

It is relevant to monitor the impact of exposure to a high diver-
sity of genotoxic chemicals present in living and working environ-
ments. However, the routine human monitoring of these
exposures, as based on CBMN assay, is impaired as the methods
used are usually costly, laborious, time-consuming, and in need
of human expertise, at times not found in local hospitals and even
clinical laboratories. The present study considered the effect of
cytostatic exposure to antineoplastic drugs on exposed hospital
professionals in relation to a control group, i.e., not exposed to
these cytostatic drugs, and that presented a significant different
mean value of MN as analysed by the conventional CBMN assay.
Univariate and multivariate data analysis of serum FTIR spectra
enabled to predict if a defined individual belonged to the exposed
or not exposed group, i.e., enabled to predict the individual cyto-
static exposure, with in a high specificity, sensitivity, and accuracy.
The serum molecular profile acquired by the spectra also pointed
to a higher variability on serum composition among exposed par-
ticipants in relation to non-exposed participants. It was observed
that cytostatic exposure resulted in a high metabolic impact since
it led to a significant alteration of a high diversity of biomolecules
(as proteins, polysaccharides, and lipids) of serum, as observed by
univariate analysis of specific wavenumbers and in the PCA load-
ings. All these information’s were acquired by a rapid, simple,
high-throughput and economic spectroscopic analysis, and based
in a small serum sample. The major limitation of the present study
is the population’s low dimension (n = 22 and n = 36 for the
exposed and control samples, respectively). Therefore, for a contin-
uing work, a higher dimension population should be evaluated.
Despite this limitation, the method presents, characteristics with
a high potential to be applied e.g., in routine analysis of popula-
tions at risk, or in large-scale monitoring studies to identify popu-
lations at risk, and/or new genotoxic substances. It also presents
high potential to evaluate the complex relationship between expo-
sure to genotoxic substances and cancer. All of these could con-
tribute to a decrease in exposure to genotoxic substances and
consequently enable better cancer prevention strategies going
forward.
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