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Abstract: Different analytical techniques were used in this work to investigate the relationships
between oxidative potential (OP) and metal, Br, P, S, and Se concentration in PM10 samples.
Dithiothreitol and ascorbic acid acellular assays were used to determine the oxidative potential (OP)
in PM10 samples. The particle-induced X-ray emission technique was used to estimate the mass
concentration of specific chemical elements. PM10 samples were collected in Lecce, a coastal site of
the Central Mediterranean away from large sources of local pollution. Both winter and spring samples
were analyzed to study the seasonal dependence of the relationships between OP values and chemical
element concentrations. The Redundancy Discriminant Analysis (RDA) was applied to (volume-
and mass-normalized) OP values as response variables and metal, Br, P, S, and Se concentrations as
explanatory variables. RDA triplots allowed to visualize the main relationships between PM10 OP
values and corresponding chemical element concentrations. Spearman correlation coefficients were
also used to investigate the relationships between OP values and metal, Br, P, S, and Se concentrations,
besides comparing RDA outcomes. The integrated approach based on two different techniques
allowed to better highlight the potentially harmful effects associated with specific metals and other
chemical elements in PM10 samples.

Keywords: PM chemical composition; air pollution; air quality observations; seasonal variations;
oxidative potential; metals; redundancy discriminant analysis; Spearman correlation coefficient

1. Introduction

Particulate matter (PM) is a complex mixture of particles with different characteristics (e.g., mass,
size, shape, surface area, solubility, acidity, and number) and different chemical components. Metals
come from impurities derived from fuel additives and/or brakes and tires attrition, and they can be
generally found adhered to PM particles [1,2]. Iron (Fe), nickel (Ni), vanadium (V), chromium (Cr),
and copper (Cu) are the most studied and analyzed transition metals due to their potential to produce
reactive oxygen species (ROS) in biological systems [3]. Fe, Cu, Ni, and V in fine PM have been found
to be associated with cardiovascular and respiratory hospital admissions and mortality [4,5], as well
as increased heart rate and decreased lung function [6]. Heavy metals such as cadmium (Cd), lead
(Pb), and mercury (Hg) are generally produced by industrial, combustion, extraction, and processing
activities. They are also able to exert their toxic effects by the production of ROS [1]. These toxic
effects are generally quantified by oxidative potential (OP), which is a measure of the capacity of PM to
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deplete certain antioxidant molecules such as ascorbic acid (AA) or dithiothreitol (DTT) in synthetic
airway fluid and to generate ROS ([7,8] and references therein). OP has been proposed as a more
relevant exposure metric that is closely related to biological responses to PM exposure compared to
PM mass concentration [9,10]. In fact, oxidative stress is considered to be the main link between PM
exposure and associated diseases [11–13]. PM OP was found to contribute to oxidative stress and
inflammation in cultured human lung carcinoma cells [14]. Significant variations in PM OP levels
were reported in the Netherlands and Belgium [15,16], London (UK) [17], Hungary [18], Chamonix
(France) [19,20], and Canada [21,22]. Daher et al. [23] explained that the differences in the OP levels of
PM samples are mostly related to transition metal content. In fact, the measurement of OP involves the
redox activity of transition metals and organic chemicals, and it reflects interactions between different
metals in the reaction [2].

In this study, two common acellular techniques based on low-cost spectrophotometric UV–Vis
measurements, dithiothreitol ([24]) and ascorbic acid ([25]) assays were used to determine PM OP
responses and study their relationships with metal, Br, P, S, and Se mass concentrations. Several
studies have been devoted to the analysis of the relationships between the main features of the PM
OP values and specific metals ([23] and references therein). Liu et al. [22] performed an explanatory
study in Toronto (Canada) and proved that the metal constituents in ambient PM may have partially
contributed to the generation of OP and its adverse effects like systemic inflammation, oxidative
stress, the perturbation of neural function, and physiological stress. Nishita-Hara et al. [26] carried
out a continuous sampling of both fine and coarse PM particles in spring 2016 in Fukuoka (Japan)
to study the effects of the main chemical components of Asian dust on PM OP. In particular, they
investigated the contributions of both total and water-soluble metals to the OP determined by the DTT
assay activity. They found a significant increase of OP during the analyzed Asian dust events, but
the water-soluble transition metals were only responsible for 37% and 60% of the measured OP of the
fine and coarse PM fraction, respectively. Saffari et al. [27] performed a year-long sampling campaign
of quasi-ultrafine particles (with an aerodynamic diameter of less than 0.25 µm) at 10 distinct sites
with different characteristics near Los Angeles (USA). They observed, particularly during winter, a
strong correlation between DTT activity and transition metals (Cr, Mn, V, Fe, Cu, Cd, and Zn) generally
associated with the vehicular traffic source. Calas et al. [20] reported the main findings related to the
seasonal OP variations from both the DTT and AA acellular assays, as well as their correlations with
PM chemical composition over a one-year period in seven French urban background sites. They also
found that correlation between volume-normalized OP and metal mass concentration was strongly
seasonal-, assay-, and location-dependent.

Two previous works defined the main features of PM OP over Southeastern Italy at the same
site of this study. First, Pietrogrande et al. [8] investigated the OP measured with both the AA and
DTT assays in PM10 samples collected from December 2014 to October 2015 in order to highlight the
sensitivity of both acellular methods. The seasonal dependence of the PM10 OP responses was also
analyzed in relation to chemical composition and meteorological parameters. Then, Perrone et al. [28]
simultaneously evaluated the OP responses of both PM10 and PM2.5 samples. They compared
the DTT- and AA-OP responses to associate changes in the OP activity with particle size and the
concentration of the redox-active species in PM10 and PM2.5 fractions. Being carried out at the center
of the Mediterranean area, the main results of these last works could be considered representative of
Mediterranean coastal sites away from large sources of local pollution [29]. With respect to the two
previous works related to OP characterization over Southeastern Italy, this study is mainly related to
the association of OP response sensitivity with several metal and Br, P, S, and Se mass concentrations by
using two different analytical techniques: the Redundancy Discriminant Analysis (RDA) and Spearman
correlation coefficients. To the best of our knowledge, this study was the first to apply RDA to relate
PM OP responses with specific metal and Br, P, S, and Se mass concentrations. The RDA outcomes
were compared with Spearman correlation coefficients to highlight benefits and limits of both used
methodologies. The seasonal variations of the relationships between (volume- and mass-normalized)
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OP and chemical element concentration were also evaluated since the PM10 samples were collected
both in winter and in spring.

2. Experiments

2.1. Site Description and Sample Collection

The measurements analyzed in this study were performed at the Aerosol and Climate Laboratory
of the Mathematics and Physics Department of the Salento University in Lecce (40.33◦ N, 18.11◦ E,
30 m a.s.l.) in Southeastern Italy. The monitoring site is located in a flat peninsular area, about 6 km
away from the city center of Lecce, 20 km away from both the Ionian and Adriatic seas, and 100 and
800 km away from the Balkan and North African coasts, respectively. Therefore, the study site could
be considered as representative of coastal sites of the Central Mediterranean, away from large sources
of local pollution [30,31].

A low volume (2.3 m3 h−1) Hydra dual-sampler (FAI Instruments, Fonte Nuova, Rome, Italy)
was used to simultaneously collect 72-h winter and 48-h spring PM10 samples on two different
47-mm-diameter filters. Polytetrafluoroethylene (PTFE) filters (TEFLO W/RING 2 µ from VWR
International, Radnor, Pennsylvania, USA) and quartz filters (Tissuquartz from PALLFLEX, Putnam,
Connecticut, USA) were used to determine the chemical element mass concentrations and the OP
responses, respectively. Both filters are characterized by an excellent aerosol collection efficiency [32].
Ten PM10 samples were collected, approximately once a week, both in winter (from January to
March 2018) and in spring (from May to June 2018) to study the seasonal impact on the analyzed
parameters. The PM10 mass concentrations of this study (Supplementary Table S1) were in reasonable
agreement with previous data [8,33] and, therefore, could be considered as representative of PM10
measurements at the study site.

2.2. Chemical Element Mass Concentrations and Oxidative Potential Acellular Assays

Metal (Al, As, Ba, Ca, Cd, Cr, Cu, Fe, K, Mn, Mo, Ni, Pb, Rb, Si, Sr, Ti, V, Zn, and Zr) and Br,
P, S, and Se mass concentrations in each PM10 sample (Supplementary Table S1) were determined
by the particle-induced X-ray emission (PIXE) technique at the INFN (Istituto Nazionale di Fisica
Nucleare) LABEC (LAboratorio di tecniche nucleari applicate ai BEni Culturali) laboratory in Florence,
Italy [34,35]. Each sample was irradiated with a 3.0 MeV proton beam (10–150 nA intensity) for 90 s.
The beam was collimated to ~2 mm2, and filter scanning was carried out to analyze most of the deposit
area. Elemental concentrations were obtained by a calibration curve from a set of thin standards.
Measurement accuracy was tested by the use of a NIST RM 8785 (National Institute of Standards and
Technology, USA) standard. The minimum detection limits (MDLs) were of the order of few ng m−3

for the low Z elements, down to a minimum value of 0.2 ng m−3 for Cu–Zn. The total uncertainties
on elemental concentrations were determined by the sum of independent uncertainties on sample
thickness (5%), deposition area (2%), air flow (2%), and X-ray counting statistics (2%–20%). The
uncertainties increased when concentrations approached minimum detectable limits (MDLs). More
details about the used methodology can be found in [34,35].

The oxidative potential responses of the collected PM10 samples were determined by the DTT and
AA acellular assays (Supplementary Table S1). Both the assays were performed on 3 mL of the aqueous
extract of a quarter of the sampled filters (extracted for 15 min in an ultrasonic bath using 10 mL of a
0.1 M buffer at pH 7.4). The extract was filtered on a regenerate cellulose syringe filter (13 mm and
0.22 µm, Kinesis) to remove the suspended solid particles, and then it was introduced into an amber vial
at a constant temperature of 37 ◦C using a dry bath. The OP response was evaluated as the antioxidant
depletion rate of a known quantity of DTT and AA, according to the experimental procedure described
in [8]. In more detail, both DTT and AA depletion rates were determined by linear fitting the reagent
concentration as a function of time using five experimental points (at 5, 10, 15, 25, and 40 min). A good
linearity was, on average, found with correlation coefficient R2

≥ 0.98 [36]. Both DTT and AA depletion
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rates were also determined for blank quartz filters (Table S1) and subtracted from the response of each
real PM10 sample in order to estimate the detection limits of the two used methods. The obtained
OP values were then normalized to the total volume of sampled air, i.e., volume-normalized OPV

(expressed in nmol min−1 m−3), and to the PM10-sampled mass, i.e., mass-normalized OPm (expressed
in nmol min−1 µg−1), as reported in Table S1. In particular, the volume-normalized OPV provides
a measure of the atmospheric concentration of PM OP response, while the mass-normalized OPm

represents a measure of the intrinsic OP of the overall PM10 contribution [8] (i.e., an indication of the
PM10 “toxicity” in terms of OP). Therefore, the OPV response is an extensive parameter depending on
the PM10 mass concentration, as proven by [8,28], while the intrinsic OPm can also provide insight on
contributions of specific sources to the overall PM oxidative potential.

2.3. Data Analysis

The Redundancy Discriminant Analysis represents a widespread chemometric procedure to
compare different types of data as chemical species or meteorological parameters [37,38]. The RDA
could be considered as the multivariate extension of a simple linear regression applied to some sets
of variables [39]. More specifically, the application of RDA needs the combination of two datasets:
“species data” as response (or dependent) variables and “environmental variables” as explanatory (or
predictive) variables [40]. In this work, the RDA technique was used to investigate the relationships
between oxidative potential as “species data” and metal, Br, P, S, and Se mass concentrations as
“environmental variables.” The RDA analysis was applied to the selected datasets using the Fathom
Toolbox for MATLAB [41]. In particular, the selected datasets were first standardized and then used as
input (samples as rows and variables as columns) of the function f_rda included in the Fathom Toolbox
estimating all the statistical parameters needed for the RDA triplot. As described by [38], Monte Carlo
tests were also used by setting 499 unrestricted permutations as input for the f_rda function. Then,
the structure of outputs from f_rda function, the datasets of the transformed response variables, the
weighted average scores, and a selected scaling factor (optimized to better visualize data) represented
the inputs of the f_rdaPlot function. This latter was used to plot two RDA outputs on the same graphical
framework: the sample and the OP datasets represented the response variables in the first and in the
second plot, respectively, while the chemical dataset represented the predictive variables in both plots.
This overlap of two plots representing three variables (in this work, sample dataset as points, OP and
chemical species dataset as arrows) is generally called an RDA triplot.

The regression analyses performed on the parameters used in this study were based on the
non-parametric Spearman correlation coefficients, which are strictly related to rank and not dependent
on data distribution. The thresholds of the p-value were 10%, 5%, and 1% for the statistical tests
(Supplementary Table S2).

3. Results and Discussion

The main features of the metal, Br, P, S, and Se mass concentrations and DTT and AA volume- and
mass-normalized oxidative potential responses (OPV and OPm, respectively) were analyzed in this
Section. RDA and Spearman correlation coefficients were the tools used to analyze major relationships
between chemical element mass concentrations and oxidative potential responses. The changes of the
relations between the winter and spring PM10 samples were also investigated.

3.1. Metal, Br, P, S, and Se Mass Concentration Characterization

Figure 1 shows the percentage mass concentrations of the analyzed chemical elements in winter
and spring PM10 samples. Al, Ca, Fe, K, S, and Si were the most abundant elements in the analyzed
samples. All the other chemical components were characterized by a not significant relative abundance
of, in total, less than 3%. In particular, among the analyzed chemical elements, S, Ca, and Si showed
the highest relative abundance (28%, 19%, and 16%, respectively, in winter and 35%, 21%, and 18%,
respectively, in spring). According to [42], the most abundant chemical elements in this study (S, Ca,
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and Si) can be associated with the “Agriculture Soil” and the “Natural Soil” sources characterized
by respective abundancies larger than 1% in both sources (Table 1). Anthropogenic contributions
were likely significant, since Al, Ca, Fe, K, S, and Si can also be associated with the “Paved Road
Dust,” “Unpaved Road Dust,” and “Construction” sources (Table 1). Road dust typically consists
of particles deposited over the street pavement and resuspended into the atmosphere by passing
vehicles [43]. Road dust represents one of the main components of anthropogenic coarse-mode PM [44],
as also proven at the study site [29]. Al, Ca, Fe, K, S, and Si can also be related to the “Motor Vehicle,”
“Coal-Fired Boiler,” and “Oil Fired Power Plant” sources (Table 1), but with a lower percentage
contribution, according to [42].
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Figure 1. Bar plot of the mass concentration percentages of the investigated chemical elements in the
20 analyzed samples (S1–S10 in winter and S11–S20 in spring). The reported percentages are referred
to the total sampled mass of all the 24 analyzed chemical elements.

Table 1. Clustering of the 20 PM10 samples analyzed in this study, according to Romano et al. [45]. Main
pollution sources and corresponding chemical fingerprints (according to the Chow [42] classification)
are also reported.

Cluster Samples PM Sources Chemical Fingerprints

Anthropogenic S1, S2, S10

Road Dust, Construction,
Motor Vehicle,

Coal-Fired Boiler,
Oil Fired Power Plant

Al, Ca, Fe, K, Pb, S, Si

Heavy Rain S5, S9, S11, S13

Desert Dust S3, S6, S12 Natural Soil Al, Ca, Fe, K, Mg, P, S, Si, Ti

Marine S4, S7, S8 Marine Al, Ba, Ca, Cu, Fe, K, Si, Zn

Late Spring S14, S15, S16, S17, S18, S19, S20
Natural Soil,

Agricultural Soil,
Vegetative Burning

Al, Ca, Fe, K, Mg, P, S, Si, Ti

According to [45], the PM10 samples analyzed in this study can be associated with five
different clusters, which are listed in Table 1. Main pollution sources contributing to each identified
cluster are also given in Table 1, in addition to the main chemical fingerprints of each source [42].
Romano et al. [45] identified the sample clusters listed in Table 1 by mainly using the four-day
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analytical air mass back-trajectories (Figures SI9–SI23 of their paper). They used the HYbrid
Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model version 4.8 from NOAA/ARL
(https://www.ready.noaa.gov/; [46]). They identified a “desert dust” cluster composed of samples S3,
S6, and S12 that were mainly characterized by a high concentration of elements associated with the
“Natural Soil” source (Table 1). Samples S4, S7, and S8 represented the “marine” cluster (Table 1),
characterized by Al, Ca, Fe, K, and Si abundances larger than 1%, as well as a reduced S abundance,
according to [42]. Then, the “continental” cluster composed of samples S1, S2, and S10 was also
characterized by significant abundances of Al, Ca, Fe, K, S, and Si, all generally associated with
anthropogenic-related pollution sources. The “late spring” cluster was mainly composed of chemical
components typically associated with the “Natural Soil,” “Agricultural Soil,” and “Vegetative Burning”
PM sources (Table 1). A “heavy rain” cluster was also identified by [45] during the analyzed monitoring
campaign (Table 1).

Significant seasonal variations of the investigated chemical element mass concentrations can be
observed from Figure 1: the winter samples (S1–S10) were clearly characterized by a larger variability
with respect to the spring samples (S11–S20). In fact, in winter, low air temperatures associated with
cloudy, wet, and stormy days likely contributed to the marked changes of the chemical species’ mass
concentrations in the collected samples. In contrast, the meteorological conditions occurring in spring
all over the Mediterranean basin favored the air mass aging, enhanced natural and anthropogenic
dust resuspension, and limited the removal of atmospheric particles by wet deposition. Therefore, the
spring meteorological conditions contributed to a decrease of the PM chemical composition variability.
Different previous works related to the PM main features at the study site proved the above-reported
comments [28,33,47].

3.2. Oxidative Potential Characterization and Relationships with Metal, Br, P, S, and Se Total Concentration

Figure 2 shows the temporal evolution of the DTT and AA volume- and mass-normalized
OP responses during the analyzed period from January to June 2018. Observe from Figure 2
that OPVDTT and OPVAA values largely varied among the analyzed samples, both in winter and
in spring. Such a large variability was probably due to the specific characteristics of the study
site, where both the PM concentration and chemical composition were characterized by a high
variability. The impact of long-range transported air masses from Northern and/or Eastern Europe
(likely characterized by high anthropogenic pollution contributions) and from desert regions and the
Mediterranean Sea (all surrounding Southeastern Italy) could be considered responsible for these
results [29,31,48–50]. Figure 2 also shows that the OPVAA response was, on average, significantly
larger than the corresponding OPVDTT response (with mean values ± standard deviation (SD) equal
to 0.35 ± 0.11 and 0.17 ± 0.05 nmol min−1 m−3, respectively, as reported in Table 2). Perrone et al. [28]
found a similar result when investigating autumn–winter PM10 OPV values. They explained that the
larger OPVAA values compared to those of OPVDTT were mainly related to a different sensitivity of
the two assays to some chemical species. In particular, they demonstrated by multi-linear regression
analyses that the OPVAA sensitivity to K+ was significantly greater than that of OPVDTT. In this study,
a significant seasonal variation was found only for the OPVAA values (mean value equal to 0.32 ± 0.08
in winter and to 0.38 ± 0.13 in spring; Table 2). Different results were found by the authors of [51], who
investigated the seasonal variability of OPVDTT and OPVAA values for PM10 samples monitored in
Chamonix (France). They observed OPVAA values that were significantly greater in winter than in
summer, in contrast with the finding of this study. Note also from Figure 2 that the OPm assumed a
lower variability range than OPv, both for DTT and for AA assays.

https://www.ready.noaa.gov/
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Figure 2. Temporal evolution of volume-normalized ascorbic acid- and dithiothreitol-oxidative potential
(OPVAA and OPVDTT, respectively, expressed in nmol min−1 m−3), mass-normalized ascorbic acid-
and dithiothreitol-oxidative potential (OPmAA and OPmDTT, respectively, expressed in nmol min−1

µg−1), and the total mass concentration of all the analyzed chemical elements. OPmAA and OPmDTT
values were multiplied by 10 to better visualize data.

Table 2. Mean values and standard deviations (SD) of PM10 volume- and mass-normalized oxidative
potential responses (OPV and OPm, respectively) obtained from ascorbic acid (AA) and dithiothreitol
(DTT) assays and total mass concentration of all the analyzed metals (Al, As, Ba, Ca, Cd, Cr, Cu, Fe, K,
Mn, Mo, Ni, Pb, Rb, Si, Sr, Ti, V, Zn, and Zr) and Br, P, S, and Se. The data related to the total analyzed
period, the 10 winter samples (from January to March 2018), and the 10 spring samples (from May to
June 2018) are reported. Values with a significant seasonal difference (with p-value < 0.10) are marked
in bold.

Oxidative Potential
TOTAL WINTER SPRING

Mean SD Mean SD Mean SD

OPVAA
(nmolAA min−1 m−3) 0.35 0.11 0.32 0.08 0.38 0.13

OPVDTT
(nmolDTT min−1 m−3) 0.17 0.05 0.16 0.05 0.18 0.05

OPmAA
(nmolAA min−1 µg−1) 0.016 0.007 0.014 0.005 0.018 0.008

OPmDTT
(nmolDTT min−1 µg−1) 0.008 0.002 0.007 0.002 0.008 0.002

Total Mass
Concentration

(µg m−3)
3.1 1.5 2.5 1.4 3.7 1.3

The main features of OPV and OPm previously described in this section were consistent with
those reported by [8,28] at the same site. In particular, Pietrogrande et al. [8] investigated the OPV

and OPm seasonal trend in relation to the meteorological and atmospheric conditions and the PM10
chemical composition over a full year (from November 2014 to October 2015). They also proved that
the OPV values from the DTT and AA assays had a similar association with the distinct chemical
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species analyzed in the PM10 samples, as also found by [15,52]. The two previous works on the OP
characterization at the same site also demonstrated that the OPV response is an extensive parameter
depending on the PM10 mass concentration, since high OPV responses were associated with high PM10
mass concentrations, according to [52]. Consequently, it is also particularly interesting to compare the
OPV relationships with the total mass concentration of all analyzed chemical elements (black bars in
Figure 2), which were also characterized by high variability during the analyzed period, as previously
discussed in Section 3.1. In detail, the seasonal variation of the total mass concentration of all analyzed
chemical components between winter and spring analyzed samples could be considered significant, as
also proven by its corresponding mean values (2.5 and 3.7 µg m−3, respectively, as shown in Table 2).
The larger mean value of the chemical element mass concentration found in spring was mostly due
to the larger occurrence of desert dust outbreaks that were responsible for the transport of crustal
matter during the sampling time [8,29,31]. The seasonal variation of the total mass concentration was
in agreement with the corresponding average increase of OPVAA from winter to spring, as previously
reported. In fact, observe from Figure 2 that the spring samples characterized by the highest total mass
concentration (more than 5 µg m−3 for S13, S14, and S15) also presented larger values of OPVAA and
OPVDTT responses. Romano et al. [45] grouped S13, S14, and S15 as a “late spring sample” cluster
(Table 1). S3 and S12, which were identified as “desert dust” samples by [45], assumed the largest value
of the total mass concentration of the analyzed elements (5.8 µg m−3) and the largest value of OPmAA
(0.039 nmol min−1 µg−1). The “marine samples” S4, S7, and S8 (Table 1) assumed the lowest values
of total mass concentration (less than 2 µg m−3), but they were also characterized by larger values of
OPVAA. Conversely, the “continental samples” S1, S2, and S10 presented the highest value of total
mass concentration of all analyzed chemical elements and the highest value of OPVDTT among the
winter samples. A similar variability between “desert dust” and “continental” PM10 samples was also
found by the authors of [28], who analyzed the main features of OPVAA, OPVDTT, and PM chemical
composition at the same site.

3.3. Relationships between Metal, Br, P, S, and Se Concentration and Oxidative Potential by RDA

A graphical view of the chemical element mass concentration–oxidative potential relationships
is provided by the RDA triplot shown in Figure 3. As described in Section 2.3, this technique was
applied to the metal, Br, P, S, and Se concentration dataset as predictive variables and the oxidative
potential dataset as dependent variables. More specifically, Figure 3 shows the RDA triplot relating
the AA and DTT OPV and OPm responses (green arrows, dependent variables) to chemical element
mass concentrations (red arrows, predictive variables) in (a) winter and (b) spring. Note that the arrow
length and direction are strictly related to the variance that can be explained by analyzed variables [40].
Stronger correlations between two parameters involve a greater absolute value of the cosine of the
angle between the two corresponding arrows. Arrows in the same and in the opposite direction suggest
a positive and a negative correlation, respectively, among the corresponding variables [53].

Figure 3 shows that the red arrows associated with the analyzed chemical elements were, on
average, spread in the canonical axis plane over a wider area in spring than in winter. The typical
spring–summer air mass aging over the Mediterranean favored the mixing of particles of different
types/sources [29,50] and, therefore, likely contributed to this result. In contrast, OP green arrows were
spread over a similar area of the canonical axis plane in winter and in spring (Figure 3a,b, respectively).
Both OP response and chemical element arrow lengths were, on average, similar among winter and
spring samples likely because the corresponding variables assumed a similar value of the explained
variance among the two analyzed seasons. Conversely, OP responses (mainly for the AA assay)
experienced a larger explained variance with respect to the analyzed chemical species concentrations,
both in winter and in spring, as proven by their larger arrow length. In addition, note from Figure 3 that
the OPV and the OPm arrows are located in a different region of the RDA triplot, proving their different
features in relation to the metal, Br, P, S, and Se concentrations. In fact, as reported in Section 2.2, OPV

represents an extensive parameter depending on the total mass concentration of the analyzed chemical
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elements, and, hence, this can likely be responsible for the lower angles between OPV and chemical
element arrows in the RDA triplot. Conversely, OPm represents an intrinsic sample parameter that is
not dependent on the total mass concentration of the analyzed chemical species, and, therefore, the
corresponding arrows are located in a different area of the RDA triplot. Note also that the lower OPm

variability range with respect to OPv, both for the DTT and AA assays (as shown in Figure 2 and
discussed in Section 3.2), could also have contributed to this last result. The angles between OPVAA
and OPVDTT arrows and the angles between OPmAA and OPmDTT arrows are small and, likely,
they highlight similar characteristics in relation to metal, Br, P, S, and Se concentrations. It is worth
observing that these last relations are not dependent on the season, since they were similar both in
winter and in spring (Figure 3a,b, respectively).
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Figure 3. Ordination triplot based on the Redundancy Discriminant Analysis (RDA) between the mass
concentrations of all analyzed chemical elements as predictive variables (red arrows), ascorbic acid
and dithiothreitol volume-normalized oxidative potential (OPVAA and OPVDTT, respectively) and
mass-normalized oxidative potential (OPmAA and OPmDTT, respectively) as response variables (green
arrows), and detected samples (black full dots) in (a) winter and (b) spring. Black arrows indicate the
two identified clusters (coarse-mode cluster (CMC) and fine-mode cluster (FMC)) based on the sources
associated with the analyzed chemical elements. The total variance explained by the two RDA axes is
also reported in parentheses.
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The RDA triplots reported in Figure 3 also allowed for the identification of some clusters of
chemical species that could be associated with different pollution sources according to [42] and Table 1.
In particular, both in winter and in spring, two main clusters of chemical components can be clearly
identified: a cluster related to both natural and anthropogenic sources mainly composed of Al, Fe, Mn,
Si, and Ti (metals generally associated with coarse-mode crustal matter and/or road dust, denoted
as CMC in Figure 3) and an anthropogenic source-related cluster that consists of As, Cd, Cr, Pb,
and S (generally associated with fine-mode PM, denoted as FMC in Figure 3). According to the
classification reported in [42], the main components of the metal coarse-mode cluster are included
in the sources “Agriculture Soil,” “Natural Soil,” “Paved Road Dust,” and “Unpaved Road Dust”.
Conversely, the chemical components of the fine-mode cluster are mainly associated with the sources
“Smelter Fine,” “Motor Vehicle,” and “Oil Fire Power Plant”. The selected clustering can be considered
consistent with those reported in previous studies related to the characterization of PM sample chemical
composition [54,55].

Winter and spring PM10 samples are also reported in Figure 3a,b, respectively, by black full dots.
Only two main sample clusters could be identified in the winter RDA triplot (Figure 3a), according
to the classification reported by [45]: the “marine” cluster composed of S7 and S8 and the “heavy
rain” cluster composed of S5 and S9 (Table 1). The samples S7 and S8 were associated with air masses
that crossed the Atlantic and the Mediterranean Sea before reaching the study site, according to [45].
In particular, the location of S7 and S8 is, on average, close to the OPVAA arrow, which assumed
higher values in the corresponding days, as previously discussed in Section 3.2. In fact, note that the
location of the samples in the RDA triplot is close to the arrows associated with the metals and/or
the other chemical elements that reached the highest concentrations in that sample and/or with the
arrows related to the OP responses that assumed the highest values in that sample. Consequently, the
winter sample S3, associated with the “desert dust” cluster by [45], is located very close to the arrows
related to the “crustal matter” metals (Al, Fe, Mn, Si, and Ti). Analogously, Figure 3a shows that the
winter sample S1 (classified among the “continental” samples by [45]) is close to the “anthropogenic
source-related” metals (As, Cd, Cr, Pb) and S. In contrast, Figure 3b shows a larger variability in the
location of the spring samples. As reported in Section 3.2, S13, S14, and S15 were the spring samples
characterized by the highest total mass concentration of all the analyzed elements and also presented
larger values of OPVAA and OPVDTT responses. As a consequence, the location of S13, S14, and S15,
all grouped by [45] as “late spring samples” (Table 1) and characterized by a larger occurrence of desert
dust advections, is close to the “crustal matter” metal, OPVAA, and OPVDTT arrows. The highest
value of OPmAA measured during the day of the “desert dust” sample S12 explains its location in
the RDA triplot. Note that the impact of long-range transported air masses on the ion and metal
speciation of PM samples collected at the study site has been widely reported/discussed in several
previous works [29,31,56].

The oxidative potential response association with specific chemical elements represents one of the
main outcomes of the RDA triplot. As previously discussed, the metals Al, Fe, Mn, Si, and Ti were
strongly correlated with each other, ultimately defining a coarse-mode cluster CMC, while the strong
correlation among As, Cd, Cr, Pb, and S defined an anthropogenic source-related fine-mode cluster
FMC. The RDA triplot reported in Figure 3 shows that the OPVDTT arrow was located near the arrows
related to the elements associated with the CMC (both in winter and in spring). The highest values
of OPVDTT associated with the highest values of the total mass concentration of the tested elements
(S1, S2, and S10 in winter and S13, S14, and S15 in spring) could have contributed to this last result.
Conversely, the location of OPVAA in the RDA triplot is in a different area with respect to the chemical
elements associated with the CMC and FMC clusters in winter (Figure 3a). In fact, the winter OPVAA
arrow is close to the “marine” cluster composed of S7 and S8 that is characterized by low concentrations
of metals, Br, P, S, and Se. In spring, the OPVAA arrow is close to the FMC arrows, probably strictly
related to higher OPVAA values associated with higher total mass concentration of the tested chemical
elements (in particular, samples S13, S14, and S15), as shown in Figure 2. Different relationships
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between OPm and specific chemical elements, with similar seasonal features, can be observed in
the RDA triplot. In fact, both OPmAA and OPmDTT arrows are located in opposite directions with
respect to both metal CMC and FMC clusters (Figure 3), showing out an anti- correlation between
OPm responses and the analyzed chemical element concentrations. Note that, as previously discussed,
OPm is an intrinsic parameter that is not related to the mass concentration of specific chemical species.
In conclusion, Figure 3 and the above reported comments show that the clustering of some chemical
elements in the analyzed PM10 samples allowed for the inference of the main pollution sources and,
hence, their association with OP values.

3.4. Relationships between Metal, Br, P, S and Se Concentration and Oxidative Potential by Spearman
Correlation Coefficients

The relationships between oxidative potential responses and chemical element concentrations
were also analyzed by Spearman correlation coefficients (r) for both winter and spring samples.
The main goals of this section are to highlight the relationship strengths, identify the main elements
responsible for the relationships, and compare the results from the correlation coefficient analysis
with corresponding RDA results. Table 3 summarizes significant positive and negative relationships
between OP responses and metal, Br, P, S, and Se mass concentrations for both winter and spring
samples. The Spearman correlation coefficients, with values significant at p-levels of <0.01 and 0.05 in
bold and in bold–italic, respectively, are reported in Table S2 for all the analyzed parameters.

Table 3. AA and DTT volume- and mass-normalized oxidative potential responses (OPV and OPm,
respectively) positively and negatively correlated with total (all analyzed chemical elements) and
PM10 mass concentration for the 10 winter samples and the 10 spring samples. Spearman correlation
coefficients are reported in brackets (values significant at p-levels of < 0.01 and 0.05 are in bold and in
italics, respectively).

WINTER SPRING

OPVAA OPmAA (0.67), Br (−0.65)

OPVDTT
PM10 (0.67), Ba (0.68), Cr (0.85), Ni (0.85), Pb (0.70), P

(0.85), K (0.97), Ca (0.73), Mn (0.65), Fe (0.69), Cu (0.94),
Zn (0.85), Rb (0.84), Zr (0.67)

PM10 (0.82), Pb (0.80), P (0.76), Ca
(0.72), Fe (0.63), Zn (0.66)

OPmAA PM10 (−0.77), As (−0.87), Cd (−0.86), Pb (−0.92), S
(−0.63), Zn (−0.70) OPVAA (0.67)

OPmDTT

According to the Spearman correlation coefficients reported in Table 3, different relationships
between OP responses and specific chemical element concentrations could be found in winter and
in spring. The OPVDTT values were correlated with a larger number of elements in winter than in
spring. More specifically, the winter OPVDTT values were characterized by strong correlations with
metals associated with the anthropogenic sources (such as Cr, Ni, Cu, and Zn) and chemical elements
associated with the natural sources (such as K and P), according to [42]. This last result is consistent
with those reported by [8,28] at the study site. The previous results outlined from the Spearman
correlation coefficients appear to contrast with the RDA outcomes, indicating strong correlations of
winter OPVDTT, but only with some elements related to natural sources and/or road dust. Significant
winter OPVDTT-related Spearman correlation coefficients with lower p-values were also found with
other metals generally associated with some natural sources and/or road dust (such as Ca, Mn, and Fe)
and metals characterized by very low concentrations (such as Ba, Rb, and Zr). As one can observe from
Table 3, a smaller amount of chemical elements (Pb, P, Ca, Fe, and Zn) was correlated with OPVDTT in
spring. Nishita-Hara et al. [26] sampled both fine and coarse PM particles in spring 2016 in Fukuoka
(Japan). According to the results of this study, they found a significant correlation of OPVDTT with Fe
in the PM coarse-mode fraction, which they mainly associated with mineral dust events. They also
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found that OPVDTT was associated with Pb in PM fine-mode fraction, likely due to anthropogenic
combustion sources. Calas et al. [19] also reported a strong correlation between OPVDTT response
and Fe mass concentration (r = 0.71, significant with a p-level < 0.01) in PM10 samples monitored
in Chamonix (France). The latter results from Spearman correlation coefficients are not consistent
with the previously reported RDA outcomes (Figure 3), thus indicating relationships between spring
OPVDTT and several element concentrations, related to both natural and anthropogenic sources. Note
also from Table 3 that OPVDTT was correlated with PM10 mass concentration both in winter and in
spring, since it represents an extensive parameter (Section 2.2). Accordingly, the highest values of
OPVDTT were associated with the highest values of the total mass concentration of all the analyzed
chemical elements (S1, S2, and S10 in winter and S13, S14, and S15 in spring), as shown in Figure 2.
Janssen et al. [52] also found a strong correlation between OPVDTT and PM10 mass concentration
(r = 0.75, significant with p-level < 0.01) when analyzing some PM10 samples from March to October
2009 in different sites of the Netherlands.

The main results from Spearman correlation coefficient analysis on the winter OPVAA relationships
with chemical components were in reasonable accordance with the corresponding ones from RDA.
In fact, OPVAA response did not present any correlations with specific element concentrations in
winter. The higher values of OPVAA found in relation to the “marine” cluster composed of S7 and S8
that was characterized by low chemical element mass concentrations could have likely contributed to
this last result. In spring, OPVAA assumed an inverse correlation with Br, which is generally associated
with anthropogenic sources according to [42]. Accordingly, the RDA outcomes indicated a strong
relation between OPVAA and the anthropogenic cluster in spring (Figure 3b).

The winter OPmAA was anti-correlated with the mass concentration of some chemical species
generally associated with anthropogenic sources (As, Cd, Pb, S, and Zn), in agreement with the
RDA outcomes (Figure 3a). OPmDTT did not present correlations with any element concentrations,
both in winter and in spring. The corresponding small length of the OPmDTT arrow in the RDA
triplot is consistent with this result, indicating a reduced variance explained by OPmDTT in the
analyzed samples.

Table 3 showed that the relations of a given OP response with a specific chemical element
presented some seasonal characteristics, in accordance with RDA results. To further investigate these
mean seasonal variations among the analyzed parameters, Figure 4a,b shows the OPV responses, and
Figure 4c,d shows the OPm responses as a function of the total mass concentration of the analyzed
chemical elements for both the winter (blue circles) and spring (red circles) samples. OPVDTT assumed
the largest correlation coefficients with respect to the total mass concentration due to all chemical
species (r = 0.58 in winter and r = 0.75 in spring, both significant at a p-level < 0.05), as suggested by the
large number of specific mass concentrations correlated with OPVDTT responses (Table 3). As shown
in Figure 2, the highest values of OPVDTT associated with the highest values of chemical species mass
concentration (S1, S2, and S10 in winter and S13, S14, and S15 in spring) also likely contributed to
this last result. OPVAA also showed an increasing trend as a function of total mass concentration
(Figure 4a), but it was characterized by a not significant correlation coefficient (r = 0.34 in winter and
r = 0.49 in spring). The higher winter values of OPVAA were found in relation to the “marine” samples
S7 and S8 that were characterized by low total mass concentrations, and, therefore, this could have
probably contributed to the low r value in winter. The low number of specific elements correlated
with OPVAA also confirmed the results of Figure 4a. A slight decreasing trend of OPm response as
a function of the total mass concentration was found (Figure 4c,d). Only the correlation coefficient
between OPmAA and total concentration in winter (r = −0.52) was significant (at a p-level < 0.10), in
agreement with the larger number of specific element concentrations anti-correlated with OPmAA
(Table 3).
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Figure 4. Scatterplot of the (a) ascorbic acid and (b) dithiothreitol volume-normalized oxidative potential
(OPVAA and OPVDTT, respectively) and the (c) ascorbic acid and (d) dithiothreitol mass-normalized
oxidative potential (OPmAA and OPmDTT, respectively) as a function of the mass concentration of all
the analyzed chemical elements (Al, As, Ba, Br, Ca, Cd, Cr, Cu, Fe, K, Mn, Mo, Ni, P, Pb, Rb, S, Se, Si,
Sr, Ti, V, Zn, and Zr) for the 10 winter samples (blue circles) and the 10 spring samples (red circles).
The correlation coefficients r and the corresponding fitting lines are also reported in each plot.

The results previously reported in this section showed some contrasting results between the
analysis of Spearman correlation coefficients and RDA about the determination of relationship strengths
and the identification of the main chemical elements responsible for the relationships with oxidative
potential responses. The discrepancies between Spearman coefficient results (Table 3) and RDA triplots
(Figure 3) were likely due to the fact that the location of a specific arrow in the RDA triplot is dependent
on more factors (mainly the sample location in the plot, the chemical element relationships with other
elements, and the relationships of OP values with chemical elements) that may contrast among them.
Conversely, Spearman correlation coefficients link the relationship between two specific parameters.

4. Conclusions

Redundancy Discriminant Analysis and Spearman correlation coefficients were used in this work
to investigate the oxidative potential sensitivity to the mass concentration of specific chemical elements
(metals, Br, P, S, and Se) in PM10 samples. The monitoring was performed from January to June 2018
in an Italian coastal site of the Central Mediterranean away from large sources of local pollution.
Dithiothreitol and ascorbic acid acellular assays and the particle-induced X-ray emission technique
were used to estimate oxidative potential responses and mass concentrations of 24 specific chemical
elements, respectively. The main results of this study are reported below.

Al, Ca, Fe, K, S, and Si were the most abundant chemical elements among those analyzed
in the detected samples, both in winter and in spring. They were associated both with natural
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sources like soil and/or desert dust and with anthropogenic sources like road dust. Total and
specific mass concentrations assumed significant seasonal variations: winter samples were clearly
characterized by a larger variability with respect to spring samples, mainly because of the different
meteorological conditions.

OPVDTT and OPVAA were both characterized by a large variability among the analyzed samples,
both in winter and in spring, a variability that was, in turn, related to the large variability of PM
concentration and chemical composition. The OPVAA response was, on average, significantly larger
than the corresponding OPVDTT response, and its significant seasonal variation was consistent with
that of the total mass concentration of all the analyzed chemical elements. OPm assumed a lower
variability range than OPv, both for the DTT and AA assays.

The RDA—which was applied to oxidative potential responses as dependent variables and
metal, Br, P, S, and Se concentrations as explanatory variables—allowed to visualize main relations
between PM10 oxidative potential and the corresponding concentration of specific chemical elements.
A coarse-mode cluster related to both natural and anthropogenic sources (such as desert dust and road
dust, respectively) and a fine-mode cluster related only to anthropogenic sources were identified by
RDA. OPVDTT was mainly related to the chemical elements associated with the coarse-mode cluster
(both in winter and in spring), while OPVAA was associated with the fine-mode cluster only in spring.

Spearman correlation coefficients were used to compare the main RDA results contributing to
the evaluation of benefits and limits of both used techniques. According to Spearman correlation
coefficients, winter OPVDTT was characterized by strong correlations with metals associated with
anthropogenic sources (such as Cr, Ni, Cu, and Zn) and with chemical elements related to natural
sources (such as K and P). Conversely, less element mass concentrations (Pb, P, Ca, Fe, and Zn)
were correlated with OPVDTT in spring. OPVAA response did not present any correlations with
specific element mass concentrations. Both RDA triplots and Spearman coefficients suggested an
anti-correlation between OPm responses and specific chemical element concentrations.

In conclusion, this work has contributed to the validation of the main results from previous
studies related to the OP characterization over Southeastern Italy. In addition, it represents the
first work relating PM OP responses and specific chemical elements (metals, Br, P, S, and Se) by the
RDA technique. Its main results have demonstrated that the integrated approach based on both
RDA and Spearman correlation coefficients can provide new insights about the relations between
OP responses and chemical element concentrations. We are aware that the RDA technique can be
affected by different factors (e.g., sample location in the plot, chemical element relationships with other
elements, OP relationships with all the analyzed chemical elements), while the Spearman correlation
coefficients depend only on the relations between two specific parameters. However, their integration
can contribute to the better evaluation of harmful effects associated with specific chemical components
in PM samples.
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Table S1: Dataset of PM10 mass concentration, ascorbic acid and dithiothreitol volume- and mass-normalized
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coefficients between PM10 mass concentration, ascorbic acid and dithiothreitol volume- and mass-normalized
oxidative potential, and mass concentration of all analyzed chemical elements.
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