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1. ABOUT THIS DOCUMENT

Source apportionment (SA) is a common modelling exercise aimed at identifying main sources of pollutants, and
quantifying source contributions. This can be done for atmospheric pollutants, such as particulate matter (PM), but
also for its components, by using direct or receptor modelling. Among the diverse SA receptor modelling
techniques, Positive Matrix Factorization (PMF) is the most widely used model that uses the time-series
concentrations (and their uncertainties) of multiple PM components to identify the main factors/sources
responsible for their variations. However, other approaches can allow receptor modelling for SA.

In another guidance document (ST10), RI-URBANS reports on the SA of PM and PM components using PMF, and
input data from both offline (sampling and post-analyses at laboratories) and online measurements. This document
offers an overview of the best available procedures for performing SA analysis of equivalent black carbon (eBC),
particle number concentration (PNC) from particle number size distribution (PNSD), oxidative potential (OP) of PM
and volatile organic compounds (VOCs).

This is a RI-URBANS/ACTRIS guidance for this specific service tool that is part of the RI-URBANS deliverable D46
(D6.1, containing guidance for all service tools provided in the project) with the support for publication from AXA
Research Fund to build up the final dissemination D55 (D7.6). Any dissemination of results must indicate that it
reflects only the author’s view and that the European Commission is not responsible for any use that may be
made of the information it contains.

2. eBC SOURCE APPORTIONMENT
2.1. Review on eBC source apportionment methods

eBC is used in the present document (instead of BC, for instance) to refer to the concentration of black carbon
containing particles estimated from filter absorption photometer, following the recommendations of Savadkoohi
et al. (2024) and as also detailed in the Service Tool ST2 of RI-URBANS (https://riurbans.eu/project/#service-tools).

An increasing number of SA studies has reported the proportion of eBC originating from liquid fuel combustion
(e.g., vehicular exhaust emissions; eBCir) and solid fuel combustion (primarily from residential and commercial
wood and coal burning; eBCs¢) across different urban, traffic, and regional background environments. Such eBC
source apportionment (eBC-SA) efforts are of outmost importance due to the potential health and climate impacts
of soot (Blanco-Donado et al., 2022; Grange et al., 2020; Helin et al., 2018; Kumar et al., 2020; Liakakou et al., 2020;
Milinkovi¢ et al., 2021; Mousavi et al., 2018, 2019; Sandradewi et al., 2008; Favez et al., 2009; Segersson et al.,
2017; Titos et al., 2017).

The most commonly-used and operational eBC-SA method is the so-called Aethalometer model (AE model),
consisting of a bilinear approach that uses source-specific absorption Angstrom exponents (AAEs) derived from
experimental measurements or established literature values (Sandradewi et al., 2008; Zotter et al., 2017). The AAE
is an optical parameter that describes the spectral dependence of light absorption by aerosols. An AAE of around 1
indicates that the absorption is dominated by pure black carbon containing aerosols, while a progressive increase
in AAE is associated with an increasing contribution of other types of absorbing components such as brown carbon
(BrC) or mineral dust (Zhang et al., 2020a, 2020b). AAEs spectra are derived for specific types of eBC sources, such
as vehicular emissions, biomass burning (BB), coal combustion, industrial or shipping emissions (Helin et al., 2021;
Basnet et al., 2024). However, there are certain limitations to consider when using the AE model. The output of this
model is highly sensitive to the input of AAEs. The method relies on accurate calibration factors and representative
AAEs for different sources, which may introduce uncertainties. The AE model assumes that the absorption
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properties of eBC remain constant, irrespective of aging or mixing with other aerosol components. However,
variations in the mixing state and aging processes of soot can impact the accuracy of SA results due to changes of
characteristics of optical properties of a specific source over time (Harrison et al., 2013; Helin et al., 2021; Luo et
al., 2023; Virkkula, 2021).

Several experimental studies have highlighted challenges regarding the reliability of the estimations derived from
the AE model. This model was originally developed in a region accounting for only two predominant sources of eBC:
biomass burning and fossil fuel combustion primarily linked to traffic (Sandradewi et al., 2008). The most widely
used AAE values are the ones recommended by Sandradewi et al. (2008) and Zotter et al. (2017). These values
(AAEfossit fuet = 1.0 or 0.9 and AAEgs= 2.00 or 1.68) have been obtained in Switzerland with a significant contribution
from BB emissions. However, a robust AAE value may vary over location and time depending on the type of fuel
burnt and the combustion conditions and efficiency including emissions from shipping, coal, traffic and residential
wood burning (Helin et al., 2021). In addition, AAE value is sensitive to both particle geometry, morphology and size
distribution. Overall, it can range from 0.8 to 1.3 for “pure eBC”, and reaches values up to more than 2.0 when eBC
is co-emitted with BrC (Virkkula, 2021; Ferrero et al., 2021; Li et al., 2016; Liu et al., 2018; Luo et al., 2023).
Therefore, the eBC-SA results obtained through the use of AE models can exhibit bias, attributable to AAE values
that are relatively higher or lower in magnitude (Harrison et al., 2013; Helin et al., 2021; Zotter et al., 2017). There
are studies that have recommended the use of the AAE probability density function (AAE PDF) as an alternative
method to estimate site-specific AAE values (Tobler et al., 2021; Glojek et al., 2024; Savadkoohi et al., 2023). With
this approach the AAE is calculated from multi-wavelength absorption measurements (e.g. from aethalometers) as
linear fit between the measured absorption coefficients and the corresponding wavelengths in a log-log space.
Then, a visual inspection of the AAE PDF is performed to estimate site-specific AAE values considering that the tails
of the AAE PDF end at the values that represent the local AAEs that can be used in the AE model. This methodology
is recommended here for eBC-SA, as described in the following sections and after a brief description of alternative
approaches sometimes used for research activities.

As mentioned in introduction, PMF is a widely used technique for aerosol source apportionment in air pollution
studies (Grange et al., 2020; Liu et al., 2022; Masiol et al., 2019; Massabo and Prati, 2021; Rivas et al., 2019;
Squizzato et al., 2018; Tobler et al., 2021; Wang et al., 2021). PMF is a receptor model that aims at identifying and
quantifying the contributions of different sources to ambient concentrations. It may use eBC along with additional
data such as PM chemical composition, particle size distribution, and meteorological data. The advantages of PMF
for eBC-SA include its ability to identify distinct emission sources, even in complex atmospheric environments with
multiple source contributions. It can provide quantitative estimates of source contributions and help in
understanding the spatial and temporal variations of a wide set of eBC sources. However, like any other modeling
technique, PMF has certain limitations. The accuracy of the results depends on the quality and representativeness
of the input data matrices, including the measurement and related uncertainty datasets. Model assumptions and
parameter selection can also highly influence the results. Moreover, interpretation of the factors requires expert
knowledge and careful consideration of potential cofounding factors (Hopke, 2016; Hopke et al., 2023).

Other previous studies have employed different methodologies to compare the outcomes of the AE model with SA
results using offline auxiliary measurements such as levoglucosan (LG), elemental carbon (EC), radiocarbon (**C), or
a combination of different SA methods such as coupled radiocarbon-levoglucosan marker method to effectively
attribute carbonaceous aerosol (Salma et al., 2017). For instance, Bibi et al. (2021) and Zheng et al. (2021) have
recently employed a combination of PMF and AE modeling techniques. In addition, advanced SA methods are
recommended using big data to enhance the analysis and interpretation of eBC-SA results (Hopke et al., 2023).
Based on this, several recommendations have been put forth in the literature. Firstly, it is recommended to adopt
a multi-tracer approach or macro-tracer method that combines eBC measurements with other complementary
measurements, such as EC, OC, and other chemical species (Briggs and Long, 2016; Fourtziou et al., 2017).

2
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Nevertheless, these types of measurements are not extensively accessible at all monitoring sites. Secondly, the use
of high-resolution time series measurements is needed to capture the temporal variability of eBC sources to identify
diurnal, weekly, and seasonal patterns, and quantify different source contributions especially for human exposure
assessments (Gregoric et al.,, 2020; Hamilton and Harley, 2021). To ensure the comparability of results across
different studies, it is essential to report detailed information on filter absorption measurement techniques,
instrument calibration, data quality control, and uncertainty estimation.

2.2. Overview of eBC source apportionment studies on selected EU urban sites

To evaluate the relative contributions of eBCsr and eBCir in urban Europe, the AE model was applied to data from
23 monitoring sites between 2017-2019 extracted from the RI-URBANS database. This study followed the
conventional approach of using fixed AAE values for the SA of AE33 observations due to the lack of ancillary
measurements such as *C that could be used to determine site-dependent AAEs. Thus, AAE values of 1.00 and 0.90
were used for eBC¢, while AAE values of 2.00 and 1.68 were used for eBCse for the 470-950 nm wavelengths,
respectively (Sandradewi et al., 2008; Zotter et al., 2017). The obtained results of relative contributions of eBCs¢
and eBCir using two sets of fixed AAE values were compared to evaluate the variations across different regions due
to the limitation of constant AAE values (Savadkoohi et al., 2023). Figure 1 shows the results of the eBC-SA in
Europe. The cities included were: Athens (ATH), Barcelona (BCN), Berlin (BER), Birmingham (BIR), Bucharest (BUC),
Granada (GRA), Helsinki (HEL), Hyytiala (SMR), Lille (LIL), London (LND), Madrid (MAD), Marseille (MAR), Milano
(MLN), Paris (PAR), Stockholm (STH), and Zurich (ZUR). The Figure shows the regional variations in the relative
contributions of eBCir and eBCse with an increasing trend in the eBCir from Northern to Central, Western, and South-
Western Europe. In general, the relative contribution of solid fuel sources to eBC increased by 25-45% when using
the values from Zotter et al. (2017). It should be noted that the AAE values proposed by Zotter et al. (2017) were
determined at Swiss sites, strongly influenced by BB emissions. However, based on the available data, it was not
definitively concluded which AAE pair (1.00 and 2.00 vs. 0.90 and 1.68) was more appropriate for the sites
considered in the study. Thus, it cannot be assumed that the AAE values remain constant across all sites.
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Figure 1. The results of the SA analysis of eBC mass concentrations for 23 European sites used over 2017—-2019. The black color
(eBCr) stands for traffic related eBC (eBCir), while the brown color (eBCrc) illustrates solid fuel combustion (mainly from
residential and commercial wood and coal burning) related eBC (eBCsr). The aethalometer model was applied using (AAE.r =
1.00 and 0.90) for traffic emission sources and (AAEsr = 2.00 and 1.68) for solid and liquid sources. Modified from Savadkoohi
et al. (2023).
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Figure 2. SA analysis comparing traffic (TR) and urban/suburban (UB/SUB) sites. Variance in the two sources across different
sites presented using stacked histograms with error bars. The black color stands for traffic related eBC (eBCir), while the brown
color illustrates solid fuel combustion (mainly from residential and commercial wood and coal burning) related eBC (eBCs).
Modlified from Savadkoohi et al. (2023).

2.3. Recommendations for eBC source apportionment

The methodology for eBC determination using aethalometers, including all steps to harmonize absorption
measurements, is comprehensively detailed in the guidelines document for eBC (see the RI-URBANS guidance
document for measurements of eBC document, ST2, in https://riurbans.eu/project/#service-tools). This includes all
relevant theory and calculations. Here, we focus only on the recommendations for applying the AE model for eBC-
SA purposes.

2.3.1. Selection of AAEr and AAEsr for eBC source apportionment

For the application of the AE model, the source-specific absorption AAEs factor for liquid (AAE.f) and solid (AAEse)
fuel combustion have to be selected. The AE model is based on the fact that solid fuel sources emit eBC together
with some specific organic aerosols (OA) that can absorb in the UV-VIS spectral range (the so-called brown carbon,
BrC), thus causing an increase of AAE. Conversely, it is commonly assumed that BrC is not emitted, or it is emitted
in very low amounts, from liquid fuel combustion sources such as traffic and that the AAE is close to one. Usually,
two pairs of values are used: 1.0 and 2.0 for AAEr and AAEs:, respectively, or 0.90 and 1.68, respectively
(Sandradewi et al., 2008; Zotter et al., 2017). The latter values from Zotter et al. (2017) were calibrated using **C
measurements and may be considered as the values to be used where traffic and BB are the only sources of eBC.
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However, other solid sources than biomass burning (e.g., coal combustion), or liquid fuel sources as shipping, can
emit BrC but the AAEss associated to these sources has been poorly characterized. Laboratory studies have shown
that especially for heavy fuel oil combustion the AAE can be >2 (Helin et al., 2021).

The AAE can be calculated as the linear fit in a log-log space between the seven harmonized absorptions from AE
instruments and the corresponding wavelengths. The model performance was investigated using site-dependent
AAE;r and AAEss determined from measurements in ambient air. To do this, we calculated the 1% and 99t
percentiles of the experimental AAE values and associated them to the AAEr and AAEs, respectively, needed for
BC-SA. Only AAE values obtained from fits with R2>0.99 should be used to calculate the 1t percentile, whereas
unfiltered AAE values should be used to calculate the 99*" percentile. Moreover, in order to minimize the
contribution to absorption from BrC sources, the 1 percentile should be calculated using summer absorption data.
Conversely, and in order to maximize the contribution from BrC sources, winter data should be used to calculate
the 99% percentile. This minimization/maximization of BrC sources is based on the fact that BrC emissions from BB
maximize in winter. This approach is similar to the approach proposed by Tobler et al. (2021) with the main
difference that here we used the 1%t and 99" percentiles instead of a simple visual inspection of the AAE PDF. As an
example, a sensitivity study was performed using simultaneous absorption measurements at three monitoring sites
in Barcelona and at one site in a small town (Manlleu, NE Spain) where the latter was affected by traffic and high
BB emissions. In contrast, the BCN measurement sites were much less affected by BB emissions than Manlleu, while
road traffic together with industries, power plants, and the port of Barcelona represent the main sources of eBC at
these sites. In addition, there is a strong influence from sea breezes, which can transport traffic-related pollution
into the city (Veld et al., 2021). Thus, in BCN, shipping emissions can be considered as an important source of BrC.
Despite ships burning fossil liquid fuels, the emissions classified as fossil-based eBC actually fell into the category of
solid fuel especially if high sulfur content heavy fuel oil was used (e.g. Helin et al., 2021). Considering this, shipping
emissions can represent a significant source of light-absorbing OAs, particularly in port areas. As a result, precisely
defining liquid and solid sources of eBC to accurately attribute emissions from different sources is important.

Figure 3 shows the frequency distributions of the AAE for different locations: BCN_Port, BCN_TR, BCN_UB, and
Manlleu based on eBC concentration. At BCN_Port, the 1° percentile was 1.02, and the 99 percentile was 2.01,
confirming the contribution of shipping emissions to both eBC and BrC. Recently, Helin et al. (2021) reported AAE
values up to 2.0 £ 0.1 for shipping emissions using high sulfur content heavy fuel oil. The eBC concentration at BCN-
Port showed higher values in the left tail of the PDF, which can be attributed to low AAE values associated with
liquid fuel sources, such as traffic emissions. At BCN_TR, the 1° percentile was 1.05, and the 99t percentile was
1.49. The concentration of eBC showed variability with a higher concentration in left tile associated with traffic and
liquid fuel sources. Based on our observation, the 99" percentile calculated for example at traffic sites with low
impact from solid sources can often be too low (e.g., < 1.4—1.5), thus resulting in an overestimation of solid fuel
contribution to eBC from the AE model. Thus, the 99t percentile should be used with cautions and only at sites
with significant contribution to absorption from solid sources. At BCN_UB, the 1°t percentile was 1.04, and the 99"
percentile was 1.6. The eBC is indicated with some high concentration values in the left tile of the PDF. In Manlleu,
the 1% percentile was 1.05, and the 99" percentile was 1.72 and eBC showed high concentrations in a wide range
of AAE values being slightly more pronounced in the right tile attributed to solid fuels. The AAEs (i.e. the 99
percentile) obtained in Manlleu was close to the value of 1.68 proposed by Zotter et al. (2017) for a Swiss site
strongly affected by BB emissions. Based on the results in Figure 3 from multiple measurement sites in BCN, it can
be concluded that the best AAEse value to apportion eBC in the city was the AAEse obtained at the port of BCN.

Thus, the values reported above obtained for the 1°* percentile aligned with those reported in the literature for
fossil, traffic, or liquid sources (i.e. AAEr around 1). Results indicated that whilst the 1% percentile provided a robust
AAE ¢ for the AE model, the use of the 99" percentile to estimate the AAEss was limited to those measurement sites
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with a strong impact from solid fuel sources. Figure 4 presents a series of pie charts that compare the contributions
of eBCir and eBCse across the considered three types of environments: port, urban, and traffic sites in Barcelona.
The comparisons were based on the use of four different AAEs pairs: Sandradewi, Zotter, Frequency Distribution
(i.e., 1t and 99" percentiles), and Rolling Percentiles. The Rolling percentiles method involved calculating
percentiles within a moving window across a time series of AAE values. This helped understand the temporal
distribution and trends of AAE. At BC_Port eBC contributions ranged from 44% to 65%, and eBCs contributions
ranged from 35% to 56%. At BCN_UB, the eBCr contributions ranged from 48% to 67%, and eBCs¢ contributions
ranged from 33% to 52%. At BCN_TR, the eBC.r contributions ranged from 44% to 68%, and eBCse contributions
ranged from 32% to 56%. The results highlighted how the choice of AAE values and methods can significantly affect
the apportionment of eBC sources. This variability underscored the importance of method selection and parameter
settings in SA studies. For example, Figure 4 shows that the eBCs contribution to eBC s clearly too high at the traffic
site if the 99" percentile or rolling percentile were used to determine the AAE:. Similarly, the AAEss proposed by
Zotter et al. (2017) for sites strongly affected by BB also led to high and overestimated eBCse contribution for the
traffic site. The eBCse contribution obtained using the AAEs pair from Sandradewi et al. (2008) led to a more
reasonable estimation of eBCsr and eBCir at BCN_TR. Note also that the AAEs obtained at the BCN_Port using the
percentiles were very close to the Sandradewi’s AAE values.
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Figure 3. Simultaneous measurement of eBC at four sites, the AAEi and AAEs obtained using 1°t and 99t percentile of AAE
frequency distribution. Adapted from an ongoing study currently under review by Savadkoohi et al., 2025.
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Figure 4. Simultaneous aethalometer model results at the port, urban and traffic sites of Barcelona. The black color stands for
traffic related eBC (eBCir), while the brown color illustrates solid fuel combustion related eBC (eBCsr). Zotter AAE values provide
too high solid contribution (mathematical consequence of using low AAEsr in the Aethalometer Model). Adapted from an
ongoing study currently under review by Savadkoohi et al., 2025.

Moreover, a sensitivity study using near-real time eBC data from pilot sites was performed in 2023 in order to
obtain the site specific AAE values. In this study, the AAEs;, calculated as 99" percentiles, were compared with the
AAEs obtained in an independent way using simultaneous AE and aerosol chemical speciation monitor (ACSM)
data. Specifically, ACSM data, including the signal at mass-to-charge ratio (m/z 60), may be highly relevant for these
analyses. Indeed, m/z 60 is often associated with certain organic compounds produced by solid fuel combustion,
such as polycyclic aromatic hydrocarbons (PAHs) and oxygenated organic aerosols. For instance, m/z 60 can
correlate with BB markers like levoglucosan in many regions. Here, we used m/z 60 data from ACSM to determine
the AAEsr as explained below. As a first step, we estimated the AAEr and AAEst from the 1t percentile of R*-filtered
summer experimental AAE values (from 470 to 950 nm) and from the 99 percentile of unfiltered winter AAE value,
respectively. As an example, figure 5 shows the summer and winter AAE PDF and the corresponding AAE ¢ (1.07)
and AAEse (1.72) for an urban background site in Athens (NOA) strongly affected by BB emissions in winter (e.g.,
Kaskaoutis et al., 2021).
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Figure 5. Experimental AAE PDF obtained at NOA urban site (Athens, Greece). R?-filtered summer (yellow) and unfiltered winter
(grey) AAE PDF are reported together with the corresponding 1% (AAE.r) and 99" (AAEse) percentiles. Adapted from an ongoing
study currently under review by Savadkoohi et al., 2025.

In the second step, the Sandradewi model was applied using fixed AAEr as the 1t percentile and by varying the
AAEsr from 1.1 to 2.6. The correlations between the obtained eBCss and the m/z 60 at each site were then studied
and the final AAEss was set as the value for which the highest R? in the eBCsk vs. m/z 60 correlation was obtained
while intentionally minimizing the correlation for eBCr. The example for NOA measurement site is reported in
Figure 6.

Thus, this approach led to a higher correlation between eBCs and m/z 60, while deliberately seeking a lower
correlation for eBCr and should preferentially be done on wintertime dataset, in order to get sufficient amount of
both eBC subfractions in ambient air.
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Figure 6. Correlation of eBCir and eBCsr fractions with m/z 60 as a function of AAEsr for NOA site. Adapted from an ongoing
study currently under review by Savadkoohi et al., 2025.
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As reported in Figure 6 for the NOA measurement site, the optimal AAEss using the m/z 60 was around 1.70-1.72
calculated as the 99%" percentile of winter AAE data.

The results of this sensitivity study using data from many measurement sites will be detailed in an upcoming
scientific paper, which will combine eBC-SA results obtained in the frame of the RI-URBANS project from both the
pan-European overview of historical data and the piloting activities.

2.3.2. Summary and final considerations for eBC source apportionment

Recent findings from the sensitivity study mentioned above revealed a diverse range of values when fixing the lower
percentiles and examining the impact of upper percentiles on the coefficient of determination (R2). Notably, the
application of the 1% percentile appeared to be suitable by filtering the R2. However, uncertainties persist
concerning the use of upper 99" percentile, and these uncertainties could not be addressed completely by
exclusively using winter data for AAE estimation.

Comprehensive site characterization, including detailed information about local emission sources, meteorological
conditions, traffic patterns, and other relevant factors is necessary to improve the accuracy of eBC-SA results. Use
of high-quality and continuous measurements to study the source-specific AAE variation is recommended.
Consistent and reliable data are crucial for robust SA. Post-processing of the aethalometer data, considering the
ACTRIS procedures and following the recommendations provided by Savadkoohi et al. (2023, 2024) in the
framework of the RI-URBANS project is essential. This allowed to harmonize measurements of the wavelength-
dependent absorption coefficients (basss), recalculated from Attenuation (ATN) measurements provided by the
AE33 using harmonization factors (H*) to convert into baps according to ACTRIS recommendation guidelines. Once
corrected in this way, measurements could then be used to quantify the two main eBC subfractions, using the AE
model.

In practice, recommending the use of harmonized and fixed AAE values for eBC-SA is not feasible due to the
mathematical limitations of the AE model. The AE model primarily provides qualitative rather than quantitative
results, making it difficult to achieve robust outcomes. As a result, using fixed and standardized AAE values across
different locations or scenarios may not provide reliable and consistent results. The selection of AAE values is reliant
on the site operators and can be analysed through the use of collocated eBC measurements with other auxiliary
measurements, such as mass-to-charge ratio (m/z 60) or **C. This approach allows for the derivation of robust AAE
values adapted to the specific site characteristics. Nevertheless, despite the robustness of this approach, a certain
degree of subjectivity may remain in the process.

3. UFP-PNSD SOURCE APPORTIONMENT
3.1. Review on UFP-PNSD source apportionment methods

Ultrafine particles (UFP) can be present in the atmosphere through direct emissions, such as from motor vehicles,
or through new particle formation (secondary particles). It is possible to perform source apportionment analysis
using receptor models. Typically, receptor models for source apportionment use chemical composition data to
provide information on sources of particulate matter (PM) mass concentrations (Amato and Hopke, 2012; Pancras
et al., 2013; Amato et al., 2016; Zikova et al., 2016; Taghvaee et al., 2018). However, sources dominating particle
number concentration (PNC) differ from those dominating PM mass concentrations. Thus, several studies have
applied receptor modelling for the source apportionment of UFP particle number size distribution (UFP-PNSD),
using the variability of the PNSD instead of the chemical composition (Liu et al., 2014; Brines et al., 2014; Beddows
et al., 2015; Sowlat et al., 2016; Rivas et al., 2019; Vérosmarty et al., 2024, Hopke et al., 2024). There are only a few
studies on source apportionment of UFP compared to larger particles. Hopke et al. (2022) identified 55 peer-review
journal papers as reporting source apportionments of PNSD at 102 locations/time periods. Almost all of these
9
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studies were performed with Positive Matrix Factorization (PMF), but other methodologies were also used, such as
Principal Component Analysis (PCA) and K-Means Clustering.

Pey et al. (2009) performed PCA using STATISTICA v4.2 software on datasets composed of particle number size
distributions, meteorological parameters, gaseous pollutants, and chemical speciation of PM;s, following the
methodology proposed by Thurston and Spengler (1985). PCA was also used in other studies (Wehner and
Wiedensohler, 2003; Chan and Mozurkewich, 2007; Oliveira et al., 2009; Cusack et al., 2013; Khan et al., 2015).
Beddows et al. (2009) analyzed the data using K-Means Cluster Analysis, in which the particle size distributions are
generalized by cluster types (characteristic of an emission or formation process), facilitating an understanding of
the temporal and spatial trends of the size distribution. This method was used in several studies (e.g., Dall’Osto et
al., 2011; Wegner et al., 2012; Brines et al., 2014; Brines et al., 2015; Dall’Osto et al., 2019; Chen et al., 2021).
Furthermore, Rodriguez and Cuevas (2007) developed a methodology to split PNCs affected by fresh vehicle
exhaust emissions into two components: N1, accounting for primary particles directly emitted in the particle phase
or nucleating immediately after the emissions, and N2, accounting for the new particle formation (NPF) and other
secondary UFP.

PMF is the most recently used data analysis method to identify and apportion the sources of PNSD. The increased
use of PMF came as a result of the freely available implementation provided by the U.S. Environmental Protection
Agency (US EPA; Norris et al., 2014). EPA PMF 3.0 (Gu et al., 2011; Wang et al., 2013; Liu et al., 2014; among others)
and EPA PMF 5.0 (Squizzato et al., 2019; Dai et al., 2020; Pokorna et al., 2020; among others) are the last versions
of PMF Model software, using graphical user interfaces that ease data input, visualization of model diagnostics, and
exporting of results. They use the underlying program Multilinear Engine 2 (ME-2, Paatero, 1999) as the factor
analytic problem solver. However, this software does not handle datasets of more than approximately 500,000 data
points, and Hopke et al. (2023) has developed a protocol to use the ME-2 for larger datasets without EPA software.

3.2. Source apportionment of UFP-PNSD using Positive Matrix Factorization

Source apportionment of UFP-PNSD for large datasets may be performed by PMF using the tool developed by
Hopke et al. (2023). Data should include not only all size bins of PNSD, but also particulate matter mass (PMio,
PM,s), gaseous pollutants (NO,, NO, SO,, O3, CO) and black carbon (BC) if available. These variables should be
included in order to help the interpretation of the results, since they can be related to main sources.

To start the process, a comma separated values (.csv) file has to be prepared, in which data/time values are
provided in the first column and the pairs of data values and related uncertainties are provided for each variable
until all of the variables have been included. The first variable would be particle number concentration, then all the
size bins, and finally ancillary pollutants.

PMF requires individual uncertainty estimates for each data value. The uncertainty of PNC must be three times the
concentration, since it is the total variable. To calculate the uncertainties of the size bins (s;), a methodology
established by Ogulei et al. (2007), Squizzato et al. (2019) and Hopke et al. (2024) can be followed in Equation 1:

Sij = a;j + (3 nyj (1)
where:
a;; = 0.01(n;; + ;)
n;jis the concentration of sample i in size bin column
7jis the arithmetic mean of concentration in size bin j

C; is a constant determined by trial-and-error testing values between 0.001 and 0.15.

10



RI-URBANS
WP6 Deliverable D46 (D6.1) source apportionment BC, UFP, OP, VOCs

The lowest and highest bins of the PNSD have been reported to increase the measurement error (Wiedensohler et
al., 2018). Consequently, uncertainties for the 3% lowest and 3% highest size bins are multiplied by a factor of 2,
and by a factor of 1.5 for the subsequent 3% lower and 3% higher size bins (Rivas et al., 2019).

Uncertainties for the ancillary pollutants are calculated following the methodology established by Polissar et al.
(1998). An additional uncertainty K is applied to all the variables.

The program reads in a control file that is modified for the specific data set and the stage of the analysis. A step-by-
step set of instructions is provided in the supplemental material files of Hopke et al. (2023). The initial step is to
choose the number of factors (sources) to obtain and to execute the base run in which the number of random starts
is specified by the number of tasks. Each solution provides an objective value Q, and the lowest value is typically
explored to determine the utility of this solution. The residuals (difference between the measured and modeled
values for a given measured variable) need to be plotted to examine if the given number of factors has provided an
adequate fit to the data. Then, factor profiles and contributions that are obtained should be plotted to explore their
physical interpretability. If the results are not consistent, PMF should be run again with a different number of
factors.

Once the number of factors has been determined and the related base case solution has been selected, the
displacement (DISP) analysis should be run. This calculation assesses the amount of rotational displacement that
exists in each preselected element of each profile for a very small change in the Q value. This will give the minimum
and maximum DISP results, and these values can then be plotted along with the base case results.

The selection of the best solution is chosen based on the accepted criteria and guidelines (Belis et al., 2019; Hopke
et al., 2023), considering: (i) scaled residuals approximately randomly distributed between -3 and 3, (ii) @ Qtrue/Qexp
ratio close to 1, (iii) profile uncertainties determined by the displacement (DISP) method, and (iv) the provision of
the most physically meaningful profiles and temporal behaviours.

To support the identification of the sources, the contributions of each factor to the variance of the co-located
ancillary pollutants, daily patterns, seasonality and polar plots can be evaluated, and sources have to be identified
using existing literature.

Primary pollutants and the particle number size distributions of primary particles can be affected by dispersion,
which can result in additional covariance. The process is essentially related to the available air volume in which the
pollutants can be mixed. This can be assessed in the first approximation by the mixing layer height MLH and wind
speed (WS). The dispersion effect can be corrected by normalizing the input dataset with the ventilation coefficient
(VC; Dai et al., 2021) in Equation 2:

VC; = MLH; X u;, (2)

where u; is the mean wind speed obtained by vectorial averaging for the observation i. In Equation 3, the
concentration data can be multiplied by the ratio of VC; and its overall mean value VC:

CVl'=Cix:" (3)

After completing the PMF analysis on the corrected dataset, the derived source contributions are to be divided by
the respective VC ratios to obtain the real contributions. The meteorological variables may affect secondary
pollutants and particles in a more complex way. Therefore, it can be advantageous to perform independent PMF
modelling both with and without dispersion correction (Vérosmarty et al., 2024). The modelling results can be
compared and interpreted together.
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3.3. Overview of UFP-PNSD source apportionment studies in Europe

Garcia-Marles et al. (2024b) analysed datasets in urban Europe to identify and quantify sources contributing to UFP-
PNSD using the receptor model PMF, and they also evaluated long-term trends of the source contributions. These
datasets were compiled and used with other purposes in previous studies by Trechera et al. (2023), Liu et al. (2023)
and Garcia-Marles et al. (2024a).

3.3.1. Monitoring sites and methodology

The study is based on 24 UFP-PNSD datasets from the period 2009-2019 covering from 3 up to 11 years of data.
Data were compiled by the RI-URBANS project and supplied from advanced air quality monitoring networks and
research supersites (such as those from ACTRIS). These include (Figure 7 and Table 1):

e Fourteen urban background (UB) sites covering most of Europe: Antwerp (ANT_UB), Athens (ATH_UB),
Barcelona (BCN_UB), Budapest (BUD_UB), Dresden (DRE_UB), Granada (GRA_UB), Helsinki (HEL_UB), Lecce
(LEC_UB), Leipzig (LEI_UB), London (LND_UB), Madrid (MAD_UB), Miilheim (MUL_UB), Zurich (ZUR_UB), and
Rochester (ROC_UB) in New York State in USA.

e Five traffic (TR) sites in Central (C), West (W) and North (N) Europe: Dresden (DRE_TR), Helsinki (HEL_TR),
Leipzig (LEI_TR), London (LND_TR) and Stockholm (STO_TR).

e Four suburban background (SUB) sites: Athens (ATH_SUB), Lille (LIL_SUB), Paris (PAR_SUB) and Prague
(PRA_SUB).

e One regional background (RB) site in the Po Valley in Italy (Ispra, IPR_RB), which was included because no
datasets could be obtained from urban areas in the Po Valley, and this is a pollution hotspot in Europe, where
most of the PM pollution has a regional origin.

Figure 7. Location of the cities supplying data on particle number concentrations and size distributions for the study and the
type of station. UB, Urban background; TR, Traffic; SUB, Suburban background; RB, Regional background. Adopted from Garcia-
Marleés et al. (2024b).
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The data collected from 24 sites were located in 18 European and one USA cities, with different climate and urban
structure patterns, UFP concentrations and sources. Data were provided as hourly means of PNSD for this study.
The instrumentation used for measuring UFP-PNSD at the different stations is reported in Table 1. The period was
selected to obtain relatively recent data without the effect of the decrease of pollution due to the COVID-19
lockdown-associated measures, which were variable across urban Europe and globally (Salma et al., 2020; Dinoi et
al., 2021; Eleftheriadis et al., 2021; Petit et al., 2021; Putaud et al., 2021 and 2023).

Table 1. List of air quality sites supplying UFP-PNSD datasets to this study with location, type of environment, period of study,
particle size range and equipment used in the study. UB, Urban Background; TR, Traffic; SUB, Suburban Background; RB,
Regional Background; Alt., Altitude; SMPS, Scanning Mobility Particle Sizer; DMPS, Differential Mobility Particle Sizer; TSMPS,
Twin Scanning Mobility Particle Sizer; TDMPS, Twin Differential Mobility Particle Sizer; CPC, Condensation Particle Counter; TRO,
TROPOS; LDMA, long DMA; VDMA, Vienna type DMA; AIRM, Airmodus. Adopted from Garcia-Marlés et al. (2024b).

City (Country) Station Name Coordinates (Alt., m a.s.l.)  Acronym Period Range Equipment

Antwerp (BE) Borgerhout 51.21N, 4.43E (10) ANT_UB 2017-2019 10-808 SMPS Grimm C5420 L-DMA

Athens (GR) Thissio 38.00N, 23.72E (110) ATH_UB 2015-2019 10-470 SMPS TSI 3034

Barcelona (ES) Palau Reial 41.39N, 2.13E (80) BCN_UB 2013-2019 12-478 SMPS TSI 3080, CPC TSI 3772
Budapest (HU) BpART Lab 47.48N, 19.06E (115) BUD_UB 2009-2019 11-816 DMPS, CPC TSI 3775

Dresden (DE) Winckelmann Str. 51.04N, 13.73E (120) DRE_UB 2010-2019 10-800 TRO-TSMPS VDMA 28, CPCTSI 3772
Granada (ES) UGR 37.16N, 3.61 W (680) GRA_UB 2017-2019 11-496 SMPS TSI 3082, CPCTSI 3772

Helsinki (F1) SMEAR Il 60.12N, 24.58E (26) HEL_UB 2009-2019  10-708  TDMPS Hauke-DMA, CPC TSI

Lecce (IT) ECO Observatory 40.20 N, 18.07 E (50) LEC_UB 2015-2019 10-800 TRO-SMPS VDMA, CPC TSI 3772

Leipzig (DE) TROPOS 51.35N, 12.43 E (113) LEI_UB 2009-2019 10-800  TRO-TDMPS VDMA, CPC TSI 3025/3010
London (GB) North Kensington 51.52 N, 0.21 W (27) LND_UB 2011-2018 17-604  SMPS TSI 3080, CPC TSI 3775 LDMA
Madrid (ES) CIEMAT-Moncloa 40.45 N, 3.73 W (669) MAD_UB 2013-2019 15-661  SMPS TSI 3080L, CPC TSI 3775
Mulheim (DE) Milheim-Styrum 51.45N, 6.87 E (39) MUL_UB 2009-2019 14-496  SMPS TSI 3080, CPC TSI 3772
Rochester NY (US) NYS DEC 43.15 N, 77.55 W (137) ROC_UB 2011-2019 12-470  SMPS TSI 3071, CPC TSI 3010

Zurich (CH) Kaserne 47.38 N, 8.53 E (410) ZUR_UB 2015-2019 17-478 SMPS TSI 3034, Nafion dryer

Dresden (DE) North 51.07 N, 13.74 E (116) DRE_TR 2009-2019 10-800  TRO-TSMPS VDMA, CPC TSI 3025/3010
Helsinki (FI) Makeldnkatu 60.19 N, 24.95 E (26) HEL_TR 2015-2019 11-800 UHEL DMPS VDMA, CPC AIRM A20
Leipzig (DE) Mitte 51.34 N, 12.38 E (111) LEI_TR 2010-2019 10-800  TRO-TDMPS VDMA, CPC TSI 3025/3010
London (GB) Marylebone Rd 51.52 N, 0.15 W (35) LND_TR 2010-2019 17-604  SMPS TSI 3080, CPC TSI 3775 LDMA
Stockholm (SE) Hornsgatan 59.32 N, 18.05 E (20) STO_TR 2012-2018 10-410 DMPS homemade, CPC TSI 3010/3775
Athens (GR) Demokritos 37.99 N, 23.82 E (270) ATH_SUB 2010-2019 10-550  SMPS TSI 3080, CPC TSI 3772

Lille (FR) Villeneuve d’Ascq 50.61 N, 3.14 E (70) LIL_SUB 2017-2019 20-496  SMPS TSI 3082, CPC TSI 3750

Paris (FR) SIRTA 48.71N, 2.16 E (162) PAR_SUB 2013-2019 11-800  SMPS GRIMM 5416, OPC GRIMM
Prague (CZ) Suchdol 50.13 N, 14.38 E (277) PRA_SUB 2012-2019 10-475 SMPS TSI 3034 TRO rebuilt

Ispra (IT) JRC 45.80 N, 8.63 E (209) IPR_RB 2016-2019 10-800 DMPS VDMA, CPC TSI 3010/3772

To perform the source apportionment, PMF was applied following the methodology described in the previous
section. The datasets for each site were independently analysed by PMF. PMF was run multiple times for different
numbers of factors (sources), from 3 to 7 factors, and the number of factors was finally determined by examining
the results and choosing the best solution. Then, the results were plotted, and sources were identified using existing
literature.

At some sites, nucleated particles from photochemical processes and emitted from road traffic sources were not
distinguished by PMF due to their similar PNSDs. A methodology developed by Rodriguez and Cuevas (2007) and
Rivas et al. (2019) was used to separate them, using NOx and BC as proxies for traffic emissions. During morning
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peaks, NOx or BC levels were scaled to match traffic-related PNC. The 10™ percentile of the PNC to BC or NOx ratio
during morning rush hours was used as the scaling factor.

After conducting source apportionment, inter-annual trend analysis of the source contributions was conducted
using the same methodology as described by Garcia-Marlés et al. (2024a). Monotonic trends over the time were
detected using the non-parametric Theil-Sen method (Sen, 1968; Theil, 1992). The magnitude of the trends was
qguantified by the Theil-Sen slope, which is the median of all the possible slopes between the data pairs, and the
statistical significance (ss) was also evaluated. These analyses were conducted using the Openair R package (Carslaw
and Ropkins, 2012). The individual slopes, expressed as a percentage change per year with their 95% confidence
interval, were summarised using random-effects meta-analysis due to the large heterogeneity of the data between
the included sites (Chen and Peace, 2013). The mean effect was calculated for each class of site individually (urban,
suburban, and traffic sites) as well as globally to provide a comprehensive overview of the results. Meta-analyses
were carried out using the Meta R package (Balduzzi et al., 2019).

3.3.2. Results

From 4 to 7 sources were identified at each site. In total, 10 different sources were found for the 24 datasets
analysed. Figure 8 shows the relative contributions of the sources at the different sites. Below, the sources
identified in the study are described. They were very compatible with the ones identified as dominant in the recent
review by Hopke et al. (2022):

e Traffic-1: Major size mode around 25-35 nm. Associated to gasoline vehicle emissions, freshly emitted traffic
particles or nucleation of diesel particles. Peaks observed during traffic rush hours and minimum values occur
on weekends.

e Traffic-2: Major size mode around 60—100 nm. Associated to diesel vehicle emissions or coagulation of traffic
particles when moving from the sources. Peaks observed during traffic rush hours and minimum values occur
on weekends.

e Mixed traffic: Major size mode between those of Traffic-1 and Traffic-2, due to a mix of all traffic sources and
other sources not related to traffic, such as domestic heating.

e Traffic-Nucleation: Major size mode around 10-20 nm. Associated to the nucleation of particles generated
during dilution of diesel exhaust emissions. Diurnal trends are similar to those described for the
aforementioned traffic sources.

e Photonucleation: Major size mode around 10-20 nm. A midday peak is found when high photochemical activity
leads to new particle formation events.

e Urban background: Major size mode around 100-180 nm. It is influenced by traffic emissions, exhibiting similar
diurnal trends to those of the traffic sources.

e Summer regional: Typically, it shows a bimodal distribution with a primary size mode above 150 nm, reaching
its maximum during summer and at midday.

e Winter regional: It shows a distribution similar to the previous one, but with the maximum occurring during
winter and at night.

e Domestic heating: Major size mode around 100 nm. It is associated with the combustion of fuels, and peaks
during the night and winter.

e Longdistance transport: Multimodal distribution with a primary mode around 300 nm. Associated to dust from,
e.g., deserts, traffic, and forest fires.
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Figure 8. Average source contributions (%) to PNCs obtained for each study site. Next to the site name, the total traffic

contribution (%) is presented. Adopted from Garcia-Marleés et al. (2024b).

The results show that road traffic is the major contributor to UFP/PNC in urban Europe. The sum of the 2 to 4
traffic contributions (Traffic-1, Traffic-2, Mixed traffic and Traffic-Nucleation) reached the highest source
contribution to UFP/PNC in all cities, with 70-88% of the UB average UFP/PNC concentrations in 9 of the 14 cities
analysed, and 47-61% in the remaining 5 (Figure 9). Following traffic, Photonucleation (new particle formation
mostly at regional scale) was contributing with 31 and 24% in BCN_UB and DRE_UB (and 4-18% in the remaining
10 UB sites that this source was identified). Continuing with the UB sites, lower contributions were obtained for
Summer regional (0-16%), Winter regional (0-7%) and Urban background (0-14%). The long-range transport
(desert dust, forest fires, etc.) was only identified in BCN_UB and with very low contributions.

As it could be expected, at TR sites the traffic contribution was the main source of UFP/PNC, with 77-95% share at
the five study sites, with much lower contributions of other sources. It is important to note that the Traffic-
Nucleation was more relevant in these TR sites than in the UB ones. This nucleation might have arisen from gasoline
emissions but mainly from the nucleation of SVOCs escaping the diesel particle filters (DPFs) (Harrison et al., 2011;
Damayanti et al., 2023). These nucleated particles grow very fast as the distance from the traffic source increases.
However, it is also very relevant to note that in many cases, the PMF analysis yielded a mixed Traffic-Nucleation
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and Photonucleation source contribution with major peaks at traffic rush hours and at midday, and these had to be
split based on the NO; or BC tracer method (Rodriguez and Cuevas, 2007). In these cases, the error in quantifying
source contributions might have been higher. Furthermore, in HEL_TR, the PMF analysis yielded a source profile
with regional background and traffic patterns that was not possible to be split.

At the SUB and RB sites, traffic was also the major contributor to average UFP/PNC, with 22-77% share.
3.4. Recommendations for UFP-PNSD source apportionment

3.4.1. Source apportionment of UFP-PNSD

Recommendations for UFP-PNSD are the following:

e Check carefully the quality of the data sets from particle number size distribution (PNSD) measurement, by
identifying anomalous data with extremely high or low values, detecting anomalous jumps in the PNSD, among
others. Clean the dataset of possible spurious data.

e Be sure that the lower size limit value starts at least at 10 nm, and that recommendations from CEN and ACTRIS
are followed (CEN, 2020, 2024; ACTRIS, 2021). See also RI-URBANS ST1 guidance for UFP-PNSD measurements
in https://riurbans.eu/project/tservice-tools.

e Use the Positive Matrix Factorization (PMF) algorithm as a receptor model.

e Use ancillary co-pollutants measured in-situ and simultaneously (NO,, NO, SO,, CO, BC, O3, PM,) and include
these in the PMF.

e Collect also meteorological data, especially wind direction and speed.

e Use hourly data for the urban background and higher resolution if measurements are done around specific
sources (e.g., airports, harbours).

e Source apportionment of UFP-PNSD for large datasets may be performed by PMF using the tool developed by
Hopke et al. (2023).

e PMF requires individual uncertainty estimates for each data value. The uncertainty of PNC must be three times
the concentration since it is the total variable. To calculate the uncertainties of the size bins, a methodology
established by Ogulei et al. (2007), Squizzato et al. (2019) and Hopke et al. (2024) is recommended.

e PMF has to be run multiple times with different number of factors. The selection of the best solution is chosen
based on the accepted criteria and guidelines (Belis et al., 2019; Hopke et al., 2023), considering: (i) scaled
residuals approximately randomly distributed between -3 and 3, (ii) a Q:uue/Qexp ratio close to 1, (iii) profile
uncertainties determined by the displacement (DISP) method, and (iv) the provision of the most physically
meaningful profiles and temporal behaviours.

3.4.2. Main findings on source apportionment of UFP-PNSD

e The results show that road traffic is the major contributor to UFP/PNC in urban Europe.

e Four traffic contributions were identified (traffic from diesel vehicles, traffic from gasoline vehicles, traffic
nucleation, and mixed urban traffic). The sum of these reaches the highest source contribution to UFP/PNC in
all cities, with 70-90% of the UB average UFP/PNC concentrations in 8 of the 12 cities analysed, and 56-62% in
the remaining four.

e In the UB sites, following traffic, photonucleation (new particle formation mostly at regional scale) is
contributing with 31 and 24% in BCN_UB and DRE_UB (probably due to enhanced shipping and regional coal
fired power plant emissions, respectively); and domestic heating, with 26% in both ZUR_UB and LEC_UB. Lower
contributions were obtained for regional summer (0-16%), regional winter (nitrate 0-10%) and urban
background (14% in BUD_UB) while long-distance transport (e.g., desert dust, forest fires) was only identified
in BCN_UB and with very low contributions.

e Ascould be expected at TR sites, the traffic contribution was the main source of UFP/PNC, with 79-85% at the
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four study sites, with much lower contributions of other sources. It is important to note that the traffic
nucleation is more relevant in the TR sites than in the UB ones. As stated in the trend analysis section, this
nucleation might arise from gasoline emissions but mainly from the nucleation of SVOCs escaping the DPFs in
diesel vehicles. These nucleated particles grow very fast as the distance from the traffic source increases.

e At the SUB sites, traffic is also the major contributor to average UFP/PNC, with 68—77% share.

e To abate UFP pollution in urban areas, emissions from road traffic should be targeted, although contributions
from photochemical nucleation from power plants’ plumes, harbours, airports, or domestic sources might also
contribute to the increase of urban UFP.

4. OXIDATIVE POTENTIAL OF PM SOURCE APPORTIONMENT
4.1. Context

The capacity of aerosols to generate reactive oxygen species (ROS) in vivo has recently been introduced as a pivotal
indicator of PM biological mechanism with direct implications for oxidative stress and cellular damage called
oxidative potential (OP) of PM (Li et al., 2008; Lodovici and Bigagli, 2011; Mudway et al., 2020; Ayres et al., 2008;
Akhtar et al., 2010; Leni et al., 2020). In this document, the oxidative potential is only related to particulate matter
(even if gas may also affect it), and the oxidative potential of PM is abbreviated as OP here.

The relationship between PM chemical components and OP levels may indicate which components are the most
prone to generating ROS (Calas et al., 2019; Godri et al., 2011; Crobeddu et al., 2017; Calas et al., 2018). However,
this research pathway struggles with the co-variation between measured and unmeasured PM components (Calas
et al., 2018; Weber et al., 2018), with detailed chemical characterization being very costly and a very large number
of organic species being currently not determined in PM. An alternative approach is to examine the association
between OP and sources of PM obtained using the so-called “receptor models” such as chemical mass balance
(CMB), PMF, or principal component analysis (PCA). PMF is the most popular method for its ability to quantify PM
source contributions without extensive prior information on specific sources at the site studied (Paatero and
Tappert, 1994; Paatero and Hopke, 2009; Rusanen et al., 2024; Via et al., 2022).

After this first step, it is possible to estimate the redox activity of receptor-model-derived PM sources (Bates et al.,
2015; Weber et al., 2018, Deng et al., 2022; Shangguan et al., 2022). Generally, this is achieved by multiple linear
regression analyses (MLR) to characterize the relationship between OP activities (nmol min~* m=3) and PM source
contributions (ug m™3). This approach provides the OP activities attributed to each microgram of each source (nmol
min ug for a source), labelled “intrinsic OP”, which can be used to calculate the contribution of each source for
each observation day. This method of attribution of OP to sources does not require to know the very detailed
chemistry of the samples, but only the specific tracers of each of the sources. With such an approach, designing the
dataset such that sufficient source variation is included is crucial. Generally, at least one year of equally spaced 24
h filters every 3—4 days for PM,s or PMyg is ideal. The proper set of tracers also needs to be determined and
analysed. Recommendations on all these points were provided by the EU FAIRMODE Working Group®. Insufficient
variability in the contributions of sources can lead both to issues in resolving PM’s sources via PMF as well as in
attributing OP to its sources via MLR. Overall, independent of the chosen regression model, the quality of the PMF-
derived sources (i.e., time series) governs the quality of the OP source apportionment. However, there is a need for
more research to improve these methods and overcome some issues in order to reduce the uncertainties of the
results.

Lhttps://fairmode.jrc.ec.europa.eu/activity/ctl
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4.2. Selection of the regression model

Particularly, numerous regression models can be used for such OP SA, with MLR fitted by ordinary least squares
(OLS) being the most common regression technique (Bates et al., 2015; Deng et al., 2022; Shangguan et al., 2022;
Weber et al., 2018). Additionally, weighted least squares can be used to introduce a weighting term, generally using
the OP analysis uncertainties to consider the measurement uncertainties of the OP assays (Borlaza et al., 2021;
Daellenbach et al., 2020; Dominutti et al., 2023; Fadel et al., 2023; in't Veld et al., 2023; Weber et al., 2021). Two
critical assumptions in regression analysis are that (i) there is little collinearity between independent variables (the
PM1g sources in this study) and (ii) the variance of the regression residuals is constant (called “homoscedasticity”).
Collinearity occurs when one or more of the independent variables is close to a linear combination of the other
independent variables. Heteroscedasticity occurs when the variance of regression residuals is not constant but
varies for different values of the dependent variable. In this case, the estimated standard errors of the regression
coefficients are not reliable. These assumptions should be tested in different ways. Dinh et al. (2024) proposed a
workflow to select the best model of inversion regarding the dataset properties (Figure 9).

PM sources
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Figure 9. Workflow in model selection considering the data characteristics. Adopted from Dinh et al. (2024).
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4.3. Accuracy of the modelling and recommendations

Several challenges exist in the source apportionment of OP of PM. One is overfitting, i.e., including too many PM
sources as predictors in the multilinear regression model for explaining OP, that can lead to highly uncertain results
and even non-physical intrinsic OP (i.e., negative). The effect of overfitting and the model’s performance in general
can be accessed via cross-validation, i.e., leaving data out that are only used to check the predictive power of the
model. Such risk of overfitting can be handled in different ways. Some studies exclude sources with negative
intrinsic OP, assuming that negative OP activities are geochemically not meaningful (Bates et al., 2018; Weber et
al., 2018). Others group predictors to reduce collinearity (Camman et al., 2024; Cheung et al., 2024) or select
sequentially (forward or backward) a subset of predictors based on information criteria (Daellenbach et al., 2020;
Bhattu et al., 2024).

Finally, interactions between PM components affecting their OP activity have been postulated, e.g., solubility of
metals or interaction with biological particles (Samake et al., 2017). Non-linear models such as multilayer
perceptron (MLP) or Random Forest (RF) (Borlaza et al., 2021; Elangasinghe et al., 2014) were used in attempts to
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capture such processes. However, these approaches require larger datasets than the ones typically used with linear
models, even larger than most existing databases so far. As a rule of thumb, the number of OP data points should
be at least 15 times the number of predictors. Cross-validation for non-linear models is even more important than
for the linear multilinear regression models and requires even more data. In addition, these models based on
machine learning do not provide estimates of intrinsic OP (nmol min™ ug™) but only the importance of each
PMo source to the OP prediction. This is a major drawback, since the intrinsic OP of sources is a prerequisite for
the modelling effort of OP with chemical transport models (CTM) (Daellenbach et al., 2020). However, RF and MLP
could be useful for OP prediction in the case of larger datasets generated by online instruments.

4.4. Overview of OP of PM source apportionment studies in Europe

Despite suggestions that OP of PM plays a significant role in the acute health impacts of PM, the precise links remain
unclear. Investigations into which components of PM exhibit oxidative activity have produced contrasting findings,
leaving much yet to be understood about the sources of PM that may influence OP. Consequently, there is growing
interest in exploring the health risks associated with PM exposure by examining OP, particularly in the European
context. Here we report on primary findings collected from studies conducted in the region applying source
apportionment and MLR models.

A study in Spain (In ‘t Veld et al., 2023) included the evaluation of PMjg, PM, s, and PM; samples collected roughly
every four days at an urban background site and a rural background site. This is one of the few studies in Europe
evaluating the OP at three different PM sizes over one year and also comparing two different site typologies. The
assessment of the chemical composition of PM samples allows the application of source apportionment using PMF
to identify the main PM sources. The OPP™ and OP** of PM were determined. OP°™ and OP** are OP measurements
related to the use of different probes (lung antioxidant or surrogate), DTT (1,4-dithiothreitol) and AA (ascorbic acid)
assays, respectively. More information on the selection of the assay can be found in the RI-URBANS Service Tool
ST4 (https://riurbans.eu/project/#service-tools). Finally, to link the sources with the measured OP, MLR models
were applied to the datasets. The findings revealed that in Barcelona, OP of PM1 was notably higher compared to
that of PM,sand PM. Conversely, at the rural site, the results across all PM sizes were within a similar range but
notably lower than those observed in the urban site. In the urban area, various anthropogenic sources emerged as
the primary influencers of OP in PMyo (including combustion, road dust, heavy oil, and OC-rich sources) and PM; s
(road dust and combustion). In contrast, the rural site showed no distinct factors influencing OP evolution, which
likely accounts for the absence of a notable difference in OP among PMio, PM. 5, and PM. This study underscored
the importance of size fractions in determining OP, depending on the environmental context. In urban settings, OP
is influenced by both PM3gand PM; size fractions, whereas in rural environments, only the PM; fraction is significant
(in "t Veld et al., 2023).

In the study of Daellenbach et al. (2020), the authors used field observations and air-quality modelling to assess the
primary and secondary origins of PM and OP across Europe. The main findings were in line with the results observed
in Switzerland (Grange et al., 2022), which reveal that the mass concentration of PM is predominantly influenced
by secondary inorganic components, crustal material, and secondary biogenic organic aerosols. In contrast,
anthropogenic sources, notably fine-mode secondary organic aerosols from residential biomass burning and
coarse-mode metals from vehicular non-exhaust emissions, are the primary contributors to OP activities.

Similar results were also obtained from the OP measurements conducted using two distinct acellular assays (OP°™
and OP**) on PM;o samples collected over a yearly time series from 14 diverse locations across France from 2013
to 2018 (Figure 10). Distinct positive redox activity towards the OPP™ assay was observed for primary road traffic,
biomass burning, dust, MSA-rich, and primary biogenic sources. Conversely, biomass burning and road traffic
sources exhibited significant activity solely for the OP** assay. The daily median contribution of each source to total
OPP™ emphasized the predominant influence of the primary road traffic source. Both biomass burning and road
traffic sources contributed equally to the observed OP** (Weber et al., 2021). The OP was found to be comparable
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between the French datasets and those obtained in Switzerland through the same sampling and laboratory
procedures.

Consequently, residential biomass burning and road traffic stand out as the primary targets for prioritization in
significantly reducing OP levels in Western Europe. In addition, these results suggest that strategies focused solely
on reducing the mass concentrations of PM may not effectively decrease OP levels. If the oxidative potential is
closely linked to significant health impacts, targeting specific sources of PM rather than overall PM mass could be
a more efficient mitigation approach (Daellenbach et al., 2020; Weber et al., 2021).
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Figure 10. Median daily contribution of the sources to the OP*v, the OP’™'v and the PM mass. The bars represent the mean,
and the error bars represent the 95 % confidence interval of the median.

A recent study (Dominutti et al., 2023) explored five distinct acellular OP assays and their sensitivity to the chemical
composition of atmospheric PMio and its emission sources collected at an urban alpine city in France. This included
the assessment of well-established assays like AA, DTT, and DCFH (2,7-dichlorodihydrofluorescein), alongside novel
assays such as Ferric-Xylenol Orange (FOX) and direct ROS quantification via ® OH. The main findings underscored
the significant influence of seasonality on source contributions and OP activities. In winter, when anthropogenic
emissions dominate, all OP assays exhibited strong agreement. Conversely, in warmer months, with reduced
anthropogenic influence, biogenic and secondary organic-related aerosols exerted a greater impact. Additionally,
the study observed varying sensitivities of each OP assay to PMio sources, likely reflecting differences in chemical
composition and processes (Dominutti et al., 2023, Figure 11).

The results also emphasize the necessity of employing multiple OP assays to capture diverse sensitivities to redox-
active species, providing deeper insights into the intrinsic capacity of PM sources to induce OP reactions. Given the
heterogeneity of sources identified by different OP assays for a given ambient PM exposure, the selection of a single
or combination of OP method(s) should be carefully considered as part of the assessment strategy. Such informed
choices can provide valuable source-related information guiding targeted reduction policies (Dominutti et al.,
2023).
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Figure 11. OP sensitivity contribution of each PM source. Relative normalised contribution of OP assays to the PMio sources.
Colours represent each OP test evaluated. Adopted from Dominutti et al., 2023.

4.5. Recommendations for OP source apportionment

The current state of the art of the source apportionment (SA) of oxidative potential (OP) already provides useful
results to evaluate what are the main sources of OP, e.g., the sources of sanitary interest that are potentially
detrimental for human health. The OP results also begin to be used in chemical transport models (CTM) for large
sale studies over Europe and the USA, and an increasing number of models now include OP for forecasting,
retrospective studies, and future scenarios. However, there are still many pathways for investigations to improve
these methods of attribution. It is recommended:

e Using the most widely used OP measurement protocols until the harmonisation of OP analysis (see RI-URBANS
Service Tool ST4 on OP of PM)!

e Analysing the speciation of PM using a complete list of PM source tracers including inorganic and organic
compounds/elements (see RI-URBANS Service Tool ST3 on PM speciation?).

e Generally, at least 1 year of equally spaced 24h filters every 3—4 days for PM,s or PMy is adequate.

¢ Implement a detailed SA, using positive matrix factorization (PMF) or other receptor models ensuring a robust
solution, otherwise the OP SA will be uncertain (see RI-URBANS Service Tool ST10 on SA of PM?Y).

1 The Service Tools are available at https://riurbans.eu/project/#service-tools.
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Implement a post multilinear regression (MLR) analysis, by combining OP and PMF outputs of the samples, to
associate OP and source contributions. This approach provides the OP activities attributed to each ug of each
source (nmol min~* pg for a source), labelled “intrinsic OP”, which can be used to calculate the contribution of
each source for each observation day.

The choice of the model has to be done according to the dataset properties, and two critical assumptions
(collinearity and heteroscedasticity) need to be tested to select the best adapted model.

5. VOC SOURCE APPORTIONMENT

5.1. Overview of VOC source apportionment studies in Europe

The literature review on the source apportionment of VOCs in urban and urban background areas showed that, to
our knowledge, 18 studies have been performed in Europe. In Table 2, we present these studies as well as additional
studies performed in rural areas in Europe. Positive Matrix Factorization model (PMF), using the EPA 5.0 software
in general or older versions, was used in the majority of the papers to perform the source apportionment either on
seasonal basis when long term data is available, or on specific campaign’s data. The EPA software is the most
suitable as it does not require previous knowledge on the source composition profile, and it has built-in
bootstrapping and error estimations for the model. This section focuses on the summary of these studies and
highlights their conclusions as follows:

The majority of the studies used online gas chromatograph with flame ionization detector (GC-FID), and proton
transfer reaction mass spectrometry (PTR-MS), using either a quadrupole or time of flight mass detector to
measure ambient VOC concentrations.

o The online GC-FID allows the measurement of C;—C11 NMHC covering alkanes, alkenes including isoprene,
alkynes, and aromatics on hourly basis in general.

o The PTR-MS allows the measurement of mainly aromatics, oxygenated VOCs, sum of monoterpenes, with
high time resolution.

A variety of factors were identified in the urban environment. In all articles, a total of around 100 unique VOCs

were measured. The identified sources are described with their common tracers/markers below. Note that

some sources are only identified in some specific seasons, like wood-burning in winter.

o Natural gas source was mostly identified by high contributions of ethane and propane, with minor
contributions from butane.

o Wood-burning source was traced by acetonitrile, acetylene, ethylene, and benzene.

o Biogenic source was identified by isoprene and its oxidation products (Methyl Vinyl Ketone (MVK) and
Methacrolein (MACR)). Although isoprene has a biogenic origin, its anthropogenic origin is rarely described.
The addition of monoterpenes can potentially aid in identifying its biogenic origin, although they are often
emitted from other vegetation (potentially being identified as a separate factor), and also monoterpenes
can be emitted from anthropogenic sources.

o Motor vehicle exhaust was characterized by high contributions from C,—Cs alkanes, especially butane and
pentane, and BTEX (benzene, toluene, ethylbenzene, and xylenes) compounds. The exact tracers highly
depend on the type of traffic and engines most commonly used in the urban area, and depending on the
VOCs included in the study. The traffic exhaust was either separated or combined with fuel evaporation
related to traffic.

o Solvent source markers often had high contributions of OVOCs and aromatics in these studies.

o Some specific industry sources were found, but this highly depended on the type of industry and on which
VOCs were used to identify this source.

o Various studies found a secondary source composed of OVOCs mainly, although some studies identified
this source as long-lifetime VOCs.
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Within RI-URBANS, three source apportionment studies were performed after data collection at two
urban/urban background sites with different VOC datasets in Marseille, France (Dufresne, 2022), and Zurich,
Switzerland. The Marseille database covered one year and a half of hourly measurements of C,—Cis non-
methane hydrocarbons (NMHCs) while the Zurich database covered two-years of hourly measurements of C,—
C; NMHCs, monoterpenes, C,—Cs oxygenated VOCs (OVOCs), and acetonitrile. Both datasets have been
obtained by using online thermal-desorption gas-chromatography flame-ionization-detector (TD-GC-FID) on an
hourly basis (Marseille) or 90 minutes (Zurich).

The 5.0 version of the PMF tool from the Environmental Protection Agency (EPA) was used on a seasonal basis
for both datasets. The PMF inputs are the measured concentrations and their associated uncertainties. At both
sites, the uncertainties estimation followed the ACTRIS guideline
(https://www.actris.eu/sites/default/files/inline-files/WP3 D3.17 M42 0.pdf).

For both datasets, some data were missing or below the limit of detection (LOD) and should be replaced since
missing values are not accepted by the PMF. Concerning concentrations below the LOD, the concentrations
were replaced by the LOD divided by 2 and uncertainties were calculated following the Equation 4:

U= 2 x LOD (4)
Where U is the uncertainty (in pug m).

The missing values were replaced with the hourly median of the same month. In this case, the associated
uncertainty was the hourly median multiplied by 4. These replaced values had a low impact on the PMF results
as the weight given by the PMF to a measurement depends on the uncertainty.

For each season of both datasets, twenty runs were performed with a number of factors varying from 3 to 12.
Several parameters were plotted versus the number of factors to determine the best solution following the
method from Lee et al. (1999) and Hopke (2000).
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Table 2. Overview of VOC source apportionment studies in Europe (urban and rural sites). Continues on the next page.

Reference

Title

Station

Location

Method

Apportionment

European Urban

Borbon et al.
(2002)

Characterisation of NMHCs in a
French urban atmosphere:
overview of the main sources.

Urban

Lille, FR

GC-FID

PCA

Hellén et al. (2003)

Source contributions of NMHCs in
Helsinki using chemical mass
balance (CMB) and multivariate
(Unmix) receptor models.

Urban

Helsinki, Fl

GC-FID
GC-MS

CMB
Unmix

Hellén et al. (2006)

Ambient air concentrations, source
profiles and source apportionment
of 71 different C2-C10 volatile
organic compounds in urban and
residential areas of Finland.

Urban

Helsinki, FI

GC-FID
GC-MS

CMB

Badol et al. (2008)

Using a source-receptor approach
to characterize VOC behaviour in a
French urban area influenced by
industrial emissions Part |: Study
area description, data set
acquisition and qualitative data
analysis of the data set

Urban

Dunkerque,
FR

GC-FID

CMB

Lanz et al. (2008)

Receptor modelling of C; — C;
hydrocarbon sources at an urban
background site in Zurich,
Switzerland: changes between
1993 — 1994 and 2005 — 2006.

Urban

Zurich, CH

GC-FID

EPA PMF 5.0

Gaimoz et al.
(2011)

Volatile organic compounds
sources in Paris in spring 2007.
Part II: Source apportionment
using positive matrix factorization.

Urban

Paris, FR

GC-FID
PTR-QMS

PMF2

Hellén et al. (2012)

Importance of isoprene and
monoterpenes in urban air in
Northern Europe.

Urban

Helsinki, FI

GC-MS

Unmix

Yurdakul et al.
(2013)

Volatile organic compounds in
suburban Ankara atmosphere,
Turkey: Sources and variability

Urban

Ankara, TR

GC-FID

PMF2

Patokoski et al.
2014

Winter to spring transition and
diurnal variation of VOCs in Finland
in an urban background site and a
rural site.

Urban/rural

Helsinki, FI

PTR-QMS

Unmix

Baudic et al. (2016)

Seasonal variability and source
apportionment of volatile organic
compounds (VOCs) in the Paris
megacity (France).

Urban

Paris, FR

PTR-QMS
GC-FID

EPA PMF 5.0

Kaltsonoudis et al.
(2016)

Temporal variability and sources of
VOCs in urban areas of the eastern
Mediterranean

Urban

Athens+
Patras, GR

PTR-QMS

PMF

Thera et al. (2019)

Composition and variability of
gaseous organic pollution in the
port megacity of Istanbul: source
attribution, emission ratios, and
inventory evaluation

Urban

Istanbul,
TR

PTR-QMS
GC-FID

EPA PMF 5.0

Languille et al.
(2020)

Wood burning: A major source of
Volatile Organic Compounds
during wintertime in the Paris
region

Urban

Paris, FR

PTR-QMS

EPA PMF 5.0

Panopoulou et al.
(2021)

Variability and sources of non-
methane hydrocarbons at a
Mediterranean urban atmosphere:
The role of biomass burning and
traffic emissions

Urban

Athens, GR

GC-FID

EPA PMF 5.0

Dufresne (2022)

Sources et déterminants des
composés organiques
volatils a Marseille

Urban

Marseille,
FR

GC-FID

EPA PMF 5.0
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Reference Title Station Location Method Apportionment

Variability and sources of NMHCs
at a coastal urban location in the Urban Piraeus, GR GC-FID PMF
Piraeus Port

Liakakou et al.
(2022)

Détermination des sources de

I(_§(|)Ig35)|mon, PhD composés organiques (gazeux et Urban Pglrritsa ;R PTR-MS PMF ME-2
particulaires) en lle-de-France ’
Identification of volatile organic

. compounds and their sources Barcelona, )

|(r210t2\3/;a|d etal. driving ozone and secondary lér::;? ES P'E"-FI{-?TC%I\—/II\?IS EPA PMF 5.0
organic aerosol formation in NE NE Spain
Spain.
Long term measurement and

Sauvage et al. source apportionment of non- .

(2009) methane hydrocarbons in three Rural France GC-FID PMF2

French rural areas

Can positive matrix factorization
help to understand patterns of

I(.;gfg)ner etal. organic trace gases at the Rural Germany GC-FID EPA PMF 3.0
continental Global Atmosphere

Watch site Hohenpeissenberg.

Origin and variability in volatile

Debevec et al. organic compounds observed at an PTR-QMS
(2017) Eastern Mediterranean Rural Cyprus GC-FID EPAPMF 5.0
® background site (Cyprus)
a2 Organic carbon at a remote site of
c | Michoud et al. the western Mediterranean Basin: PTR-ToF-MS
@ | (2017) sources and chemistry during the Rural Ersa, FR GC-FID EPAPMF 3.0
g ChArMEx SOP2 field experiment
2 Seasonal variation and origins of
volatile organic compounds
Debevec et al. observed during 2 years at a .
(2021) western Mediterranean remote Rural Ersa, FR GC-FID EPAPMF 5.0
background site (Ersa, Cape
Corsica)
Assessing volatile organic
Vestenius et al. compound sources in a boreal .
(2021) forest using positive matrix Rural Finland GC-MS EPAPMF 5.0

factorization (PMF)

(x Dynamics of volatile organic
;(Iarz%—zsle)rrano et compounds in a western Rural NE Spain PTR-QMS EPA PMF 5.0
) Mediterranean oak forest.

Shipping and algae emissions have
a major impact on ambient air
mixing ratios of non-methane
hydrocarbons (NMHCs) and
methanethiol on Ut6 Island in the
Baltic Sea

EPA PMF 5.0

Hellén et al. (2024) Rural Finland GC-FID/MS

To summarize, the latest two PMF studies at two European urban background sites show some common sources
between Marseille and Zurich (like road transport, natural gas, heating/wood burning, and local emissions). One
source related to solvent use was identified only in Zurich thanks to OVOC data (Figure 12). Additional sources were
identified in Marseille related to industrial sources surrounding the site. Since the two datasets did not cover the
same VOCs, having a wide range of VOCs with varying volatility, including intermediate-volatility organic
compounds (IVOCs) and both primary (non-methane hydrocarbons, NMHCs) and secondary origins (oxygenated
VOCs, OVOCs), is essential. This broader spectrum can aid in identifying the sources and assessing their
contribution. Additionally, the measurement of OVOCs is important as it is an indicator of the impact of
photochemistry and covers some markers of solvent use emission source.

25



RI-URBANS
WP6 Deliverable D46 (D6.1) source apportionment BC, UFP, OP, VOCs

Zurich .
Marseille
. = VOC
Spring 2016 Summers Spring 2019 Summers
® Fuel evaporation
m solvent use Traffic exhaust
slaoil o Industrial 1
m road transport
® Industrial 2
Falls heating /
wood burning ® Residential

murban Heating

background

W Biogenic

= local
emssions

= Local and
regional urban
Background

Figure 12. Source apportionment results at Marseille (Dufresne et al. 2022) and Zurich.

The third RI-URBANS study (In ‘t Veld et al., 2023) was carried out in Barcelona, Spain, using PTR-QMS and PTR-ToF-
MS in rural and urban background sites (for several months in summer and winter), using a similar PMF 5.0
approach to the one described for Zurich and Marseille. However, in this case the number of species analysed was
lower (11) compared with the studies from Zurich and Marseille. They found 5 major factors contributing to VOCs:

Anthropogenic I. Traffic and industry: Traced by toluene (81% of the total toluene explained by this factor)
and Cg aromatics (67%), with tracers of benzene (25%) and isoprene (19%).

Anthropogenic ll: Traffic and biomass burning: Traced by benzene (69%), acetaldehyde (67%), and acetonitrile
(36%), as well as various oxidized VOCs (OVOCs), such as MEK (27%), methanol (19%), and Cs aromatics (19%).
Isoprene oxidation: traced by isoprene (81%) and MVK + MACR (65%), both of which are oxidation products
of isoprene.

A biogenic source: At both stations contained only monoterpenes.

Long-lifetime VOCs: A source combining the VOCs with long atmospheric lifetimes traced by various OVOCs,
including acetone (71%), methanol (69%), acetonitrile (61%), MEK (40%), MVK + MACR (31%), and
acetaldehyde (23%).

All these studies calculated also the individual contributions to the maximum O3z and SOA formation potentials from
the identified sources at Marseille, Zurich, and Barcelona.

5.2. Recommendations for VOCs source apportionment

VOCs datasets (preferable online) should be obtained following the recommendations of RI-URBANS Service
Tool ST5 on VOCs (see https://riurbans.eu/project/#service-tools).

Before applying the PMF on a dataset, the possible outliers have to be checked by applying the lognormal law.
If a value is detected as a possible outlier, this does not mean that the value is invalid (QA/QC measures should
apply), but uncommon concentrations considered as outliers disrupt the performance of the PMF analysis and
have to be ignored from the database used for PMF.

QA/QC measures based on ACTRIS guideline (ACTRIS, 2018) should apply before running PMF to be sure about
the good quality of the measurement data. The quality of data can be checked using the ACTRIS QA Tool called
@VOC@ developed by EMPA in the framework of ACTRIS-CiGas. The principle consists in plotting species mixing
ratio time series, xy scatterplots, seasonal and yearly comparisons, etc. This procedure is described in the ACTRIS
guideline for key VOCs (ACTRIS, 2018). Afterwards, during PMF analysis, each compound will be considered

YN}

“strong”, “weak”, or “bad” depending on its measurement quality and S/N ratio (Signal/Noise).
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If a specific compound has very high concentration values, much higher than the other VOCs, it should be
treated differently (subtraction of the background or other statistical analysis) and should not be considered in
the VOC database used for PMF, but as ancillary data.

We recommend that the uncertainties calculated for the PMF analysis should follow the ACTRIS guideline
(ACTRIS, 2018) since they have an impact on the weight attributed by the PMF to a measurement. Then, a
harmonization of the uncertainty’s calculation method is useful to compare the source apportionment studies
from different measurement sites.

When determining the optimal number of factors, several parameters (like maximum individual column mean
(IM) and standard deviation (IS) of standardized residuals) were plotted versus the number of factors to
determine the best solution following the method from Lee et al. (1999) and Hopke (2000). The r? between
model and measurement should also be checked. For each n+1 factor, it is important to verify how the
fingerprint of the previous factors has changed to generate a new factor, and how independent the factors are
between them. The determination of the optimal solution is finding the right balance between these
parameters.

When the optimal number of factors has been decided it is important to check the r? between all factors. If
there is a correlation between some factors the determination of an optimal Feeak (Hopke, 2000) value can help
on establishing independency and stability of the factors.

Bootstrapping PMF solutions is also highly advised since it provides statistical rotational ambiguity error
assessment.

For annual or multi-annual data series, the PMF is usually applied on a seasonal basis. If a season has a high
proportion of missing data (higher than 50%), it is recommended to ignore the PMF analysis of this season
because this could lead to a misinterpretation of the results and bad representativeness of the season.

Where possible, it is very useful when conducting a source apportionment study to have a large variety of VOCs
covering primary anthropogenic and biogenic non-methane hydrocarbons (NMHCs) but also secondary
compounds (OVOCs) which contain markers helping to identify and confirm new sources.

The use of constraints to guide the model towards the a priori knowledge of sources at the site is recommended
where possible.

The use of meteorological data (temperature, solar radiation, wind speed, and wind direction) can give the
possibility to create a conditional probability function (CPF) plots based on wind speed and direction, which
could help in identifying the sources of various factors, such as specific industries, given their specific location.
Dispersion-normalized PMF (DN-PMF) can be applied to decrease the impact of atmospheric dispersion, by
using the mixed layer height and mean wind speed. Temperature and solar radiation correlation help in the
identification of secondary and biogenic sources.

Correlations with other pollutants, such as NOx (NO; + NO), 05, CO, and SO,, organic aerosols, and heavy metals,
could further aid in the identification of various sources. For instance, NOy and CO are clear indicators of
anthropogenic activities.

It must be mentioned that most of the VOC source apportionment studies are conducted on the observed VOC
concentrations instead of the initial VOC concentrations. Many VOCs, especially alkenes and aromatics, have a
substantial decrease from photochemical loss, and therefore their contribution might be underestimated.
Although, this did not hinder the source identification, it is important to assess the impact of photochemistry
on the dataset before.
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