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ARTICLE INFO ABSTRACT
Keywords: Assessing air benzene is mandatory in the European Union due to potentially harmful human
Air quality effects. Current exposure data are lacking since there is a limited number of fixed stations. This
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research provides an easy approach to estimating daily urban benzene levels potentially appli-
cable in other geographical areas. Madrid City was regarded as a case study. They were calculated
mathematical models explaining the relationship between dependent and predictor inputs using
an original 2019-2020 dataset (r from 0.881 to 0.903) and were tested using a 2021 dataset (r
from 0.682 to 0.914). Similarly, the suggested mathematical expressions were satisfactorily
implemented in another geographic region (r = 0.936 and 0.764 for urban traffic and rural
background sites, respectively). Furthermore, the recommended approach helps identify the most
representative fixed benzene measuring locations without lost spatial information, given that a
similar spatial distribution gradient was sustained between estimated and the most representative
benzene levels (r = 0.959), which is translated into acceptable quantitative differences (0.07 pg/
m®, 0.01 pg/m® and 5.01 % for RMSE, MAE, and MAPE, respectively). Applying the proposed
approach furnishes enriched benzene exposure data, thus decreasing uncertainty generated by the
lack of actual information and complements European Legislation directrices concerning air
pollutants monitoring using air quality networks.

1. Introduction

Numerous investigation studies link harmful effects in human beings to air pollutants exposure (Madruga et al., 2019; Ghaffar-
pasand et al., 2020; Broomandi et al., 2023). To minimize the potential adverse effects of air pollutants on human beings’ health and
the environment, the current European legislation sets air quality objectives, which should not be exceeded (Directive 2004/107/EC,
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2024; Directive 2008/50/EC, 2024). To comply with these objectives, the European Union urges Member States to monitor ambient air
pollutant levels (Galan-Madruga et al., 2023). In this regard, air quality monitoring networks are implemented within each Member
States’ territory. These networks consist of fixed stations measuring legislated air pollutants (Galan-Madruga, 202.3), such as nitrogen
oxides, carbon monoxide, sulfur dioxide, ozone, airborne atmospheric particles (PM;o and PMj 5, with an aerodynamic diameter lower
than 10 and 2.5 pm, respectively), and benzene. The current legislation provides requirements to lay down the minimum number of
fixed stations as a function of the number of inhabitants and pollutants (Annex V from Directive 2008/50/EC, 2024). Based on the
previous argument and given that atmospheric pollution is the leading environmental risk for human beings (Galan-Madruga, 2021),
exposure control is translated into a primordial activity within the Public Health frame (Qi et al., 2023; Galan-Madruga et al., 2025).
The legislation allows Member States to evaluate air quality using diverse methodologies, such as fixed and indicated measurements
and modeling studies (more information in Annex I from Directive 2008/50/EC).

Research groups worldwide have been utilizing modeling approaches to estimate polluting levels in ambient air (Mao et al., 2021;
Huang et al., 2024; Pyae and Kallawicha, 2024; Zhai et al., 2024; Zhang et al., 2024). In this context, our study aims to provide a
reliable and easy-to-implement tool that has the potential to significantly advance the estimation of daily urban benzene levels in
ambient air. This study represents a promising step forward in the field of air quality monitoring.

Benzene (CgHg) is a compound included in the volatile organic compounds family (VOCs) (Sowmya et al., 2024), and it deserves
awareness because it is the VOCs pollutant most troublesome in urban areas (Zhao et al., 2004). C¢He plays a fundamental role in
public health due to its potentially harmful effect on human health (Sassano et al., 2024). Over the last several decades, there has been
rising proof sustaining that via inhalation exposure to this contaminant relates to acute myeloid leukemia and, presumably, lymphoma
and childhood leukemia (Smith, 2010). It is part of group 1 of the IARC carcinogenic classification system (IARC, 2012; IARC, 2018;
Andersson et al., 2024).

Estimating a target variable using predictor variables implies a previous relationship between the variable set. In this sense, CcHg
participates in yielding secondary pollutants, being the NOx/VOCs ratio a key factor in the atmospheric ozone (O3) chemistry
(Costagliola et al., 2014), and dependent on the presence of sunlight and other meteorological features, mainly temperature since an
increase in temperature is related to the rise in photochemical reactivity (Deng et al., 2019). Other research groups have already
demonstrated the strong influence of temperature on ambient air benzene concentrations (Krol et al., 2012). Relative to the NOx/VOCs
ratio, it is important to highlight that NOx includes nitrogen monoxide and dioxide (NO and NO,, respectively) (Jacob, 2000).
Nevertheless, NO reacts within minutes with Os to yield additional NO (Lin et al., 2016). In terms of VOCs, toluene, ethylbenzene,
xylene, and CeHg explain about 95 % of the total VOCs (Zhao et al., 2011). The leading VOCs role in the tropospheric O3 formation is
the oxidation of NO to NO5 (Finlayson- Pitts and Pitts, 1993). Within the COVs family, C¢Hg is the major contributor to O3 formation
(Xu et al., 2018). Gomez-Moreno et al., 2022 investigated VOCs levels in Madrid City (CIEMAT facilities), evidencing the highest
concentrations in the case of C¢Hg. In addition, both compounds (C¢He and NO3) share local emission sources, mainly road traffic (Carr
et al., 2002; Schnitzhofera et al., 2008), evidencing a direct chemistry relationship between them. To potential readers, atmospheric
chemistry involving NOx, COVs, and Os has already been described by Atkinson, 2000; Monks et al., 2015; and Lu et al., 2019. In the
specific case of Madrid City, Reche et al., 2018 and De la Paz et al., 2024 studied the process influencing the formation of tropospheric
Os.

The assessment of ambient air benzene is paramount and mandatory in European Member States. However, not all fixed stations
within an air quality monitoring network measure this atmospheric pollutant. For this reason, modeling studies are highly needed,
providing complementary polluting data in previously non-monitored points. In the case study, our proposed approach estimates daily
ambient air benzene levels using variables easily monitored by air quality networks. This tool will enrich the available information
within any network on the benzene levels in the ambient atmosphere, decreasing uncertainty derived from the lack of actual benzene
exposure information when supplying target pollutant data reliably in non-measured zones.

2. Materials and methods
2.1. Study area and reference pollution dataset

Madrid City was regarded as a case study for developing the proposed objective. It is Spain’s capital and is located in the Com-
munity of Madrid (central region of the Iberian Peninsula). The city of Madrid has an estimated population of over 3.3 million people
and encompasses a land area of approximately 600 km? (National Statistical Institute 2023, http://www.ine.es). It is divided into 21
districts and 128 neighborhoods. In a European context, Madrid City is one of the European capitals with greater population density
(see https://ec.europa.eu/eurostat/web/products-eurostat-news/-/DDN-20200430-1, accessed May 29, 2024).

Given that each geographic area is characterized by a particular polluting level, the proposed model will be implemented in another
air quality network to guarantee its independence from the potential effect of meteorological conditions and emission sources specific
to each zone (Dayan et al., 2023).

The covered period to develop the suggested objective involved 2019 and 2020. Daily C¢Hg, NO2, O3, and temperature (T) data
were acquired from Madrid City Council’s open data portal (https://www.madrid.es/portal/site/munimadrid). C¢Hg corresponds to
the dependent variable, whereas the rest of the input are predictor variables. Madrid City’s network uses reference methods for
measuring the involved gases (gas chromatography for CsHe, chemiluminescence for NO9, and ultraviolet absorption for Os, according
to the current European Directive). The previously mentioned reference methods are applicable up to 50 pg CsHe/m?, 500 g NOo/m®,
and 500 pg O3/In3 (more information on method foundation, maintenance, verifications, calibrations, among other factors related to
the measurement method, see EN 14662-1, 2005, EN 14211, 2013, and EN 14625, 2013 for C¢Hg, NO5 and Os, respectively).
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It’s important to note that the original dataset used to develop the mathematical models (urban traffic, suburban background, and
rural background) involved data from 2019 to 2020. To ensure the relevance and applicability of our research, 2021 data was selected
to test the proposed model’s performance.

As additional information, 2019-2020 polluting concentrations recorded by the selected fixed stations reached average levels of
0.43 + 0.35, 52.29 + 24.72, and 30.42 =+ 20.28 pg/m® for C¢Hg, O3, and NO,, respectively. Regarding meteorology, Madrid City is
characterized by temperate and dry winters and warm summers (Kottek et al., 2006). Over the study time, an average temperature
value of 16.29 + 7.58 °C was reached.

2.2. Modeling daily urban benzene levels from other inputs measured in air quality networks

The leading objective proposed in this study is to formulate a mathematical model that can effectively explain the relationship
between the dependent variable and those predictors. Over the covered time, the target network consisted of 24 fixed stations (see
Fig. S1). The station organization within Madrid City’s air quality network is based on two criteria: (i) location (urban or suburban) and
(ii) main pollution source (traffic or background) (more information in Table S1). The current legislation reports the definition of the
different types of fixed stations (Directive 2008/50/EC, 2024), as well as other International Organisms (such as European Envi-
ronment Agency, https://www.eea.europa.eu/en/topics/in-depth/air-pollution/monitoring-station-classifications-and-criteria,
acceded September 10, 2024).

A comprehensive multiple linear regression analysis (MLR) was conducted to include all variables involved in the study, allowing
the construction of a robust mathematical model to estimate ambient air urban benzene concentrations from the limited predictor
variables, which are commonly monitored by air quality networks.

The MLR analysis deemed the organization criteria of fixed stations, both the location and main combustion source (urban traffic,
urban background, and suburban background). The mathematical formula explaining the relationship between urban daily benzene
levels in ambient air and the predictor inputs is reported in eq. (1):

CsHg = Cte +ax; +bxy +cx3 +¢ &)

where, Cte equals to a constant value (intercept); a, b, and ¢ correspond to linear regression coefficients (slope); x;, X2 and x5 are the
predictor inputs (NOg, O3 and T, respectively), and ¢ is the bias associated with the proposed model development. Table S2 reports the
outcomes reached when implementing MLR analysis regarding regression coefficients, intercept values, and Pearson coefficients.

2.3. Validating the proposed model to estimate ambient air daily urban benzene levels

The validation of suggested methodologies to enhance or complement any subject at the science level is a highly relevant in-
strument that allows for quantifying the degree of certainty regarding the functional implementation of the proposed method. A linear
regression analysis was performed between the estimated and current urban daily benzene concentrations (candidate and reference
method, respectively) to assess the confidence of the proposed method. The criteria used to value the reached outcomes when applying
linear regression were the following: (i) measuring the correlation between estimated and current urban daily benzene levels, (ii)
statistical significance of the simple linear regression equation with one-way ANOVA (Analysis of Variance), and (iii) statistical sig-
nificance of the regression coefficient of the independent variable.

Within the same context, the association degree between a candidate method (in this case, the proposed method to estimate urban
daily benzene levels) and a reference method (real benzene levels measured by reference methods in the fixed stations within an air
quality network) is evaluated from bias determination (Eurachem, 2012). In the function of the type of station, the proposed model
bias was quantified, calculating the difference between the daily estimated and actual benzene concentrations during 2019-2020.
Subsequently, every model equation (urban traffic, suburban background, and rural background) was adjusted with the average value
of the bias, thereby allowing for improvement in the proposed model performance (Bravo et al., 2012).

2.4. Applicability of the suggested model to complement the information provided by air quality networks

During 2021, the target air quality network measures urban benzene levels in six sampling points, although it comprises 24 stations.
Implementing the proposed model in those stations measuring predictor inputs (NO3, O3, and T) will provide an estimate of urban daily
benzene concentrations, thereby supplementing the information supplied by the network. In this regard, estimating benzene may be
addressed in additional 10 fixed stations, substantially improving the available information on daily exposure to urban benzene levels
(see Fig. S2).

At the environmental level, a study to identify the most representative fixed stations within the target network monitoring benzene
is performed since the total number of fixed stations that provide benzene information (current and estimated measurements in six and
ten stations, respectively) is higher than the requirement set in the current European Directive. Note that the spatial benzene distri-
bution gradient in the target area should not vary once removing those non-representative fixed stations. A hierarchical method of
partitive clustering (k-means clustering with 10 maximum iterations) was applied to achieve this objective (Salem et al., 2018).
Clustering analysis is usually employed in diverse scientific subjects due to its efficiency and simplicity (Jain, 2010). To not repeat
information already published, those readers needing more information on clustering analysis, see Govender and Sivakumar, 2020. In
the case study, applying the selected clustering test to the sixteen fixed stations providing benzene data (estimated and current)
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identifies different clusters of fixed stations with similar benzene levels. Each cluster is represented by the average benzene concen-
tration calculated from every fixed station included in this cluster. In line with other studies, Euclidean distance and cluster standard
deviation were used to value each cluster as the spatial indicator and cluster membership identifier, respectively (Galan-Madruga
et al., 2023). Note that the Euclidean distance is the difference between the average benzene concentration of a target cluster
(representative concentration) and the benzene concentration for each fixed station included in this cluster. In contrast, the standard
deviation of the benzene concentrations of this cluster corresponds to the cluster standard deviation term (Galan Madruga et al., 2018).

Identifying the most representative fixed stations is to adapt the existing resources within the network without losing information
regarding the spatial benzene distribution gradient. To test this hypothesis, monthly average isoconcentration maps of estimated and
current benzene were built using a geographical information system (Surfer for Windows, Win32: Surface Mapping System, v.6.04.
Golden Software, Inc., Golden, CO, USA). The Kriging method was used for estimating benzene levels in non-measured points since it is
appointed as the best geospatial interpolation method (Cintron et al., 2024). In order to quantify the similarity percentage of the
interpolated spatial information at sixteen fixed monitoring stations versus those most representative stations, a linear regression-
based analysis was used. On the other hand, to assess the performance of the previous hypothesis, root mean square error (RMSE),
mean prediction error (MAE), and mean absolute percentage error (MAPE) were employed as metric measures, which is in line with
other studies within the environmental sciences field (Karunasingha, 2022). The following equations were used to calculate previously
cited indicators (Dai et al., 2022).

Hg r — CoHs ¢)*
RMSE = \/E (Cs e CoHs c) "
_ > (CsHg g — CsHs o)’
MAE = N @
— 0
MAPE = Z/C6H6E CeHs C/X 100% “

N CeHs ¢

where, CoHg 5 (ng/m>) and CeH ¢ (ng/m?) correspond to the estimated and current benzene concentrations, respectively. N equals the
number of samples.

3. Results and discussion
3.1. Modeling daily urban benzene levels from other inputs measured in air quality networks

In order to offer an overview of air quality status over the study time, a statistical summary is presented. In the function of the
category of the fixed station, and during the 2019-2020 period, averaged CsHg levels of 0.62 + 0.39, 0.35 + 0.30 and 0.32 + 0.27 pg/
m® in the target urban traffic and background, and suburban background fixed station (ESA, FAR, and CDC, respectively) provide
crucial insights. Similarly, average O3 values of 46.35 + 21.74, 55.00 + 26.48 and 55.42 + 24.67 pg/m® were observed in the target
urban traffic and background and suburban background location, while NO; levels of 43.33 + 20.01 (urban traffic), 29.88 + 17.91
(urban background) and 18.36 + 14.28 pg/m? (suburban background) were averaged over the studied period. Regarding temperature,
similar levels were recorded (16.27 + 7.26 in the urban traffic site, 17.13 + 7.65 in the urban background site, and 15.01 + 7.74 °C in
the suburban background).

According to the information reported in the 2.2 section, mathematical models were developed in the function of the type of
station. Irrespective of the station type, the mathematical equations demonstrated an outstanding predictive daily benzene capacity,
relying on the independent variables (with a coefficient of correlation ranging from 80 % to 90 %). They sustained the highest pre-
dictive ability in suburban and urban background categories, respectively, and in the urban traffic site as the minor. C¢Hg emission into
the atmosphere is higher and more fluctuant in traffic sites than in background sites, which generates the greatest predictive difficulty.
It needs to be highlighted that all 2019-2020 data monitored by Madrid City’s air quality network were included in the suggested daily
benzene model study since there were no run outlier tests.

Once daily urban benzene levels were modeled for each type of fixed station (2019-2020), the bias associated with the proposed
approach was calculated according to the 2.2 section, and then, the mean bias value was included in each model (urban traffic, urban
background, and suburban background). In this sense, average bias values of —0.002 pg/m> (0.25 % expressed as a relative value),

Table 1
Equations of generic multiple linear regression to estimate the daily urban benzene concentrations in ambient air as the
function of the type of station.

Category of station Mathematical equation (proposed model for estimating daily urban benzene levels)
Urban traffic CeHe = 0.3210 - (0.005 x 03) + (0.013 x NOB) - (0.001 x T%)
Urban background CgHg = 0.2173 — (0.002 x O%) + (0.011 x NOb) - (0.005 x T
Suburban background CgHg = 0.2900 — (0.001 x 03) + (0.013 x NO3) — (0.009 x T¢)

Key: ? Ozone (03) in pg/m3, b nitrogen dioxide (NOy) in ug/ms, and © Temperature (T) in °C.
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—0.0003 pg/m® (0.09 %), and 1.7+107'% ug/m® (5.3*10715%) were observed for urban traffic and background, and suburban back-
ground, respectively (see Fig. S3). Table 1 shows equations of generic multiple linear regression to estimate the daily urban benzene
concentrations in ambient air as the function of the type of station. When considering all predictor variables together, the individual
influence that each one exerts on the estimated daily urban benzene concentrations evidenced that NO was the dominant independent
input in all stations regardless of its category. Nevertheless, the least influencing predictor variable was Os, except for the urban traffic
category, for which T was the least dominant predictor variable. As a potential explanation and in line with the atmospheric chemistry
of nitrogen oxides-ozone, lower O3 levels in the ambient air of traffic locations occur than in urban and suburban background envi-
ronments. Similar findings were observed regarding individual predictor variables (NO as the most influencing predictor variable,
followed by O3 and T, see Fig. S4). As can be seen, NO; levels were positively correlated with C¢Hg concentrations (they are primary
pollutants and share common emission sources, Hien et al., 2014) since ambient air NOy formation occurs within minutes (see
introduction section). Nevertheless, the relationship between the rest of the independent variables and benzene is negatively corre-
lated, which was expected since both predictor inputs favor the photochemical reactions of this polluting compound in ambient air,
assisting its reduction (Liu et al., 2019). These observations align with other outcomes reported by scientific literature in urban en-
vironments (Marc et al., 2014).

Given the need-to-know exposure benzene levels, paramount research groups have developed different approaches to estimate
ambient air benzene concentrations in unmeasured points. So, the passive methodology has been employed in this sense, given that it
allows monitoring of an extensive study surface (Bozkurt et al., 2018; Khuriganova et al., 2019). The measured benzene data
employing this methodology have a higher uncertainty level than those monitored by air quality networks (reference methods) since
the passive methodology doesn’t comply with the reference method set in the current European legislation (Directive 2008/50/EC,
2024), sustaining the main difference concerning the current research study (data of the dependent and independent variables were
collected using reference methods).

Other authors used historical data series to conduct descriptive and estimate analysis. So, an investigation group belonging to the
Department of Computer Science of the Bhagwan Parshuram Inst. of Technology, Rohini, in New Delhi, forecasted benzene trends up
to 2022, employing data from 2009 to 2017 (Sharma et al., 2018). They did not validate the developed approach, so forecasted
benzene concentrations were not tested (either in the same geographical area or another one); therefore, the approach’s performance is
not known. In the present study, a validation process of mathematical expressions suggested for estimating ambient air benzene levels
was addressed. Other groups have conducted their investigations within the same objective based on diverse approaches. Chang et al.,
2015 regarded a novel modeling approach combining dispersion models, traffic emissions, and transportation networks to estimate
exposure levels to traffic-related air pollutants in Portland, Oregon. They implemented the proposed model in two distinct
geographical areas but did not set an uncertainty value associated with this model, constituting the leading difference concerning our
work. Using regression models, Su et al., 2010 assessed the impact of physical geography, traffic density, population density, and land
use on benzene levels, among other volatile organic compounds. They developed the modeling approach based on a short-term time
(from July 25 to August 9, 2006, 16 days), unlike our work (from January 1, 2019, to December 31, 2020, 731 days). This fact is highly
relevant because modeling that covers a lot of time carries greater model reliability. The approach proposed by Su et al., 2010 presents
a more complex implementation than our approach, given that it needs a more significant number of study variables that are difficult
to obtain and set. In addition, they did not test the suggested approach in other geographical areas, unlike our work. Like the present
work, other authors implemented an MLR model to investigate the influence of meteorological conditions and emission sources on
benzene and other volatile organics in outdoor residential locations of diverse cities in the USA (Kwon et al., 2016). They did not
validate their approach using data non-included in the development of the approach. In the same context, more complex techniques
were used to estimate spatiotemporal variations in benzene concentrations (Hsu et al., 2022). They employed various land-use
Regression-based multiple machine learning algorithms, such as random forest, deep neural network, gradient boosting, light
gradient boosting, CatBoost, extreme gradient boosting, and ensemble algorithms. A validation process was not addressed. In addition,
this approach is complex to implement due to the application of machine learning techniques.

In summary, our research work offers scientific advances concerning the notorious previously reported investigations, as listed
following: (i) a model estimating ambient air benzene levels has been proposed only using three predictor variables (commonly
measured in air quality networks), (ii) C¢Hg and NO5 data used in this investigation, to develop the suggested model, were measured by
reference methods according to the current European Legislation, (iii) modeling outcomes complies with legislative air quality
modeling criteria, (iv) the suggested model has been validated using data from a different period to that one employed to develop the
model, (v) the generated mathematical expressions have been satisfactorily tested in another geographical area, and (vi) the proposed
model has allowed identifying the most representative fixed stations for measuring benzene in the studied domain.

Although the previously indicated notable studies contributed to scientific advancement, the performance of the suggested models
was not validated. The proposed mathematical model in this work was tested in a period other than that employed to engineer the
estimating model and applied to a different geographic area as leading contributions.

3.2. Validating the proposed model to estimate ambient air urban daily benzene levels

Given that 2019-2020 daily benzene concentrations were used to develop the mathematical models, 2021 daily benzene data were
employed to test the performance of the suggested approach. To achieve that objective, the same fixed stations in both sceneries
(2019-2020 and 2021) were considered, encompassing an urban traffic station (identified as ESA), urban background station (FAR),
and suburban background station (CAC).

A simple linear regression analysis was conducted between 2021 daily estimated vs current benzene concentrations to evaluate the
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reliability of the suggested model. Pearson’s coefficient was utilized to value the previously cited study. So, coefficients of correlation
of 0.682 (urban traffic location), 0.642 (urban background), and 0.914 (suburban background) were observed. In this context, the
daily current benzene level (independent input) explains 46.5 %, 41.2 %, and 83.6 % (urban traffic and background and suburban
background, respectively) of the daily estimated benzene concentration’s total variance (dependent variable). According to the
approach proposed by Dancey and Reidy (2007), the relationship between 2021 daily estimated vs current benzene levels is moderate
(in the case of the urban background site) and strong (for the urban traffic and suburban background locations). The equation of the
simple linear regression between estimated and current benzene concentrations resulted in values close to 1 and O for the slope (0.74,
0.80, and 0.85 for the urban traffic, urban background, and suburban background stations, respectively) and intercept (0.19, 0.13, and
0.07 for urban traffic, urban background, and suburban background, respectively). Considering together, the linear reliance is sig-
nificant in terms of statistics, promoting the implementation of the suggested mathematical approach to estimate daily urban ambient
air benzene levels. According to results reached in the statistical analysis (ANOVA) of the simple linear regression equation, the
prediction model significantly improves the estimate of daily benzene levels with an F value of 265.430 (p < 0.001), 214.434 (p >
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Fig. 1. Daily accuracy (%) resulting when comparing daily estimated vs current 2021 benzene data.
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0.001) and 1501.598 (p < 0.001) for urban traffic and background, and suburban background. On the other hand, ANOVA of the
regression coefficient of the predictor inputs suggested their insertion in the linear regression equation (p < 0.001).

As a second validation test, the current normative framework was regarded. In this sense, the European legislation lays down data
quality objectives for ambient air quality assessment. In this context, it sets a modeling uncertainty value to estimate annual ambient
air benzene levels of 50 % (Directive 2008/50/CE, see Annex I). During 2021, it was observed an annual average current CqHg level of
0.32 + 0.23 pg/m°. The 2021 annual average C¢Hg level estimated by the suggested mathematical model was 0.38 + 0.25 pg/m>. For
comparing the estimated vs current value, the relative accuracy was calculated according to the Guide to the Expression of Uncertainty
in Measurement published by the International Bureau of Weights and Measures (JCGM 100, 2008; JCGM GUM-6, 2020). In this sense,
a 19.75 % relative accuracy was observed. This value is notably lower than that reported by current legislation. In the function of the
type of station, annual current vs estimated benzene levels of 0.43 + 0.25 and 0.51 + 0.23 pg/m® for the urban traffic station, 0.23 +
0.17 and 0.51 = 0.23 pg/m® for the urban background, and 0.29 + 0.26 and 0.30 + 0.24 pg/m?® for the suburban background were
averaged. Note that the corresponding relative accuracies comply with the legislative requirements (18, 38, and 4 % for urban traffic,
urban background, and suburban background, respectively). Therefore, the proposed model to forecast daily average urban benzene
levels properly and reliably estimates annual average urban benzene levels for each type of fixed station and may be potentially applied
in other geographical areas. This reflection is relevant since the limit value established by current legislation to protect human beings’
health and the environment is 5 pg/m°, expressed as an annual average value. In the case study, yearly average benzene concentrations
(2019-2021) are below the annual air quality standard.

The current European legislation does not set a modeling daily uncertainty value when focusing on daily estimated benzene data.
Fig. 1 represents the daily relative accuracy obtained when comparing daily estimated vs current 2021 benzene concentrations. As can
be seen, most outcomes fall into the +50 % interval laid down by the current legislation (regardless of the station category), and a data
minority drops outside this interval (daily maximum relative accuracy value equals —56, 67, and 68 % for urban traffic, urban
background, and suburban background, respectively). To value this scenery, the difference between daily and annual modeling un-
certainties for other air pollutants included in the legislation (such as sulfur dioxide, nitrogen dioxide, oxides of nitrogen, and carbon
monoxide) was considered. So, daily and annual modeling uncertainties of 50 and 30 % are established for other air pollutants distinct
from benzene. Note that uncertainty associated with daily polluting data is significantly higher than annual, supporting an increase of
63 % (Directive 2008/50/EC, 2024). Whether a similar variation is applied to this case study, modeling daily benzene uncertainty of
83 % is obtained. In this context, daily urban benzene concentrations estimated using the suggested approach are notably lower than
that previously reported uncertainty value. Therefore, the recommended approach helps estimate daily urban benzene levels in no-
measure points from selected predictor variables, complying with legislative uncertainty criteria sets for other pollutants.

As a third validation test, the proposed model was implemented in another geographic area, given that the occurrence and
permanence of air pollutants depend on emission air pollutants sources and meteorological conditions, respectively, specific to each
geographic region. In this regard, fixed stations measuring both dependent and predictor variables and located in other geographic
zones were selected to elucidate whether the recommended mathematical model depends on topography, human activities, and
existing transport networks, among other factors. Within the Community of Madrid’s air quality network, they were regarded the
stations placed in Alcobendas (urban traffic station, national code: 28134002, European code: ES1564A. Distance to the Madrid City:
26 km according to Google Maps, https://www.google.es/maps), and El Atazar (rural background station, national code: 28016001,
European code: ES1802A. Distance to the Madrid City: 99 km according to Google Maps). Fig. 2 shows the obtained outcomes when

1.6| Units: pg/m? +50%

@ Urban traffic station
@ Rural background station

00 02 04 06 08 10 12 14 1.6 1.8
CURRENT DAILY BENZENE LEVEL
Urban traffic station Rural background station
y =1.207x + 0.032 y = 0.868x + 0.020
r =0.936, N=363 p<0.001 r = 0.764, N=364 p<0.001

Fig. 2. Plot of estimated vs current daily benzene levels (2021). Obtained outcomes when applying the suggested approach to a different
geographical area concerning the target studied area.
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applying the proposed approach to another air quality network. The mathematical formula implanted in El Atazar corresponds to the
proposed suburban background model. Note that the performance of the recommended model to forecast daily benzene concentrations
in ambient air, in a geographic zone distinct to that conducted to develop the approach, complies with the annual benzene modeling
uncertainty value set by the current legislative frame. In line with other legislated air pollutants, to highlight that the daily modeling
uncertainty is more permissive than that annual.

3.3. Applicability of the suggested mathematical model

Developing this research has allowed us to elucidate the relationship between daily urban benzene levels (dependent variable) and
three predictor variables commonly measurable in air quality networks, which has been translated into a validated mathematical
equation letting estimate the dependent variable in unmeasured points. This approach may serve as a valuable tool within the
environmental sciences, complementing benzene exposure information provided by air quality networks and identifying the most
representative fixed benzene stations within the study area.

3.3.1. Complementing the polluting information provided by air quality networks

Given the notable increase in the number of fixed stations providing daily benzene information (current and estimated values), a
comparison of monthly 2021 concentrations is conducted. Table 2 shows the monthly average benzene levels for two sceneries (A:
stations measuring current benzene, n = 6, and B: stations providing current and estimated benzene, n = 16). When running a paired
samples test, significant differences are observed (p > 0.001). In this regard, annual levels of 0.31 £+ 0.17 ug/m3 (scenery A) and 0.51
+ 0.23 pg/m? (scenery B) were averaged in 2021, evidencing different polluting sceneries. Note that when covering more study area
(new fixed stations estimating benzene, n = 10), the pollution information may vary due to considering new emission sources and
meteorological features.

According to the reported information in the 2.4 section, Fig. 3 represents the 2021 monthly average isoconcentration maps of
benzene within the covered territory. Broadly, a spatial pattern is observed throughout the year, with the highest monthly average
levels located in the east-north zone, due mainly to the presence of Adolfo Sudrez-Madrid Barajas airport (Latitude: 40°29'43"N,
Longitude: 3°33'36”W). It is well known that polluting emissions from airport areas have a direct impact on the surrounding local
atmosphere (Stettler et al., 2011; Christodoulakis et al., 2022; Trebs et al., 2023). Airport areas have been identified as remarkable
emission sources of volatile organic compounds in urban environments (Zhu et al., 2023), such as benzene (Gaeta et al., 2016). In this
context, Yang et al., 2018 measured volatile organic compounds at Beijing Capital International Airport, identifying benzene as one of
the most abundant species. Note that this environmental scenery is not detected only using the network’s current benzene data. As an
example, average levels of benzene in July 2021 were depicted (see Fig. S5). As can be seen, the influence of airport emissions on the
surrounding atmosphere is not covered only considering the fixed stations monitoring current benzene (n = 6). Therefore, the easy
application of the suggested mathematical model sustains a notable input regarding benzene levels information in no-monitored areas,
which is essential in the public health frame.

Despite this, Madrid City’s air quality network widely complies with criteria laid down in Directive 2008/50/EC regarding a micro-
and macro-implantation requirement and a minimum number of sampling benzene points. Whereas the legislation lays down 3
sampling points for a population from 2,750,000 to 3,749,000 inhabitants (see Annex V of the European Directive), Madrid City’s
network monitoring benzene in 6 sampling locations.

The reported outcomes sustain that the proposed approach in this research work allows easy and reliable short-time urban benzene
estimating, which is relevant to extending urban pollution information provided by any air quality networks at the global level and
expanding the scope of potential epidemiological studies.

The reported outcomes sustain that the proposed approach in this research work allows easy and reliable short-time urban benzene
estimating. This is relevant to extending urban benzene pollution information from three predictor inputs and expanding the scope of

Table 2

Monthly 2021 benzene concentrations. Units: pg/m°.
Monthly Scenery A? Scenery B®
January 0.59 = 0.20 0.55 £ 0.13
February 0.38 £ 0.15 0.48 +0.13
March 0.34+£0.13 0.51 £0.17
April 0.25 + 0.09 0.51 £ 0.24
May 0.22 £ 0.10 0.53 £ 0.30
June 0.18 + 0.08 0.55 £+ 0.35
July 0.17 = 0.07 0.54 £ 0.35
August 0.17 + 0.06 0.52 £ 0.33
September 0.18 + 0.04 0.42 +£0.22
October 0.37 £ 0.16 0.49 £+ 0.15
November 0.41 £0.12 0.49 £ 0.11
December 0.48 £0.11 0.51 £ 0.09

Key: ® Monthly average level obtained from six fixed stations measuring current daily
benzene, and ® Monthly average level obtained from 16 fixed stations providing daily
benzene data (6 and 10 stations measuring current and estimate, respectively).
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Fig. 3. Iso-concentration maps of monthly 2021 benzene levels applying the suggested model (N = sixteen fixed stations, of which six and ten
measure current and estimate benzene, respectively).

potential epidemiological studies, which could potentially be applicable in other geographical zones.

3.3.2. Identifying the most representative fixed benzene stations

2021 monthly studies were conducted to detect those most representative stations within the fixed station set, consisting of stations
measuring current and estimating daily benzene levels (n = 16). To run the k-means clustering analysis, the final number of clusters (k
value) should previously be defined. In this sense, a k = 3 value was considered, coinciding with the legislative requirement about the
minimal number of sampling benzene points in the target domain. Table S3 reports monthly clustering outcomes in the function of the
locations. Broadly, good relationships between monthly average benzene concentrations obtained when applying the suggested
approach (N = 16 fixed stations) and k-means analysis (k = 3) were observed, exhibiting coefficients of determination between 0.816
and 0.971 (average equals 0.918 + 0.054) (see Table S4). This finding is relevant since it sustains similar datasets. In the same context,
maximum values of 0.160 (Euclidean distance) and 0.051 (standard deviation) were observed. To easily understand the results re-
ported in Table S3, Fig. S6 pictures the monthly representativity for 2021, appointing March and April as the months needing more
fixed stations for keeping adequate similitude between the suggested approach and k-means analysis outcomes. Regarding location,
CUC and VIL have the highest number of representations (6), and PLC has the lowest (0). In the function of the fixed station category,
urban background was the station type with the greatest number of times appointing as representative (21 times), followed by urban
traffic (18 times) and suburban background (9). In terms of season, the Spring period (from March to May), Winter (from December to
February), Autunm (from September to November), and finally, Summer (from June to August) with 16, 13, 10, and 9 locations,
respectively. Nevertheless, the cold (Winter and Autumn) and warm (Spring and Summer) periods maintain reasonably similar sta-
tistics (23 and 25 locations). Based on the previous evidence, applying the proposed model in this study to estimate daily urban
benzene levels is also adequate to identify the fixed benzene stations with the highest monthly representativity.

Given that current European legislation sets an annual average benzene concentration to protect human health as a unique air
quality objective, the previously developed exercise is addressed in terms of a yearly concentration of 2021. In this sense, Table S5
reports the reached outcomes. It was observed a maximum Euclidean distance and standard deviation value of 0.131 and 0.039 pg/m?,
respectively. The most representative fixed annual benzene stations were VIL (urban background), EPA (suburban background), and
CDC (suburban background). In order to quantify potential changes in spatial distribution 2021 information, a spatial gradient
valuation is addressed to discern whether spatial information is lost or not when removing those non-representative fixed stations. In
this sense, Fig. 4 represents maps of annual average benzene isoconcentrations (2021). Note that the spatial distribution gradient is
highly similar between both sceneries, exhibiting a coefficient of determination of 0.919, which is translated into acceptable quan-
titative differences (0.07 pg/m> of RMSE, 0.01 pg/m> of MAE, and 5.01 % of MAPE). Therefore, the easy application of the proposed
approach allows for the reliable estimation of annual benzene concentrations and the identification of those more representative fixed

pg/m? LOCATION
1EPA
1.00 2TRO
0.90 St
4BAP
0.80 5JCI
0.70 6ARC
7UEM
10.60 Mo
0.50 9ARS
10 PLC
0:40, 11 FAR
0.30 12PDR
0.20 13 ESA
14CDC
0.10

1SEDV
16 VIL

0.00

Fig. 4. Iso-concentration maps of annual 2021 benzene levels. (A) Applying the suggested model (N = sixteen fixed stations, of which six and ten
measure current and estimate benzene, respectively), and (B) Implementing k-means analysis (k = 3).
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stations.

Since the managers of air quality networks cannot change the location of a specific fixed station monthly, identifying the most
representative fixed stations in air quality networks for an area of study allows for maximizing the polluting information in the function
of the existing resources, which is essential within a limited resources framework (Guigoz et al., 2017), without losing spatial in-
formation due to the lack of measurements at the rest of the stations (Christakos et al., 2017), provided that this data is generated by
spatial extrapolation algorithms and/or statistical procedures, being in line with other authors (Aguilera et al., 2016).

Given that limited data on air pollutants creates uncertainties about current people’s exposure, the proposed approach’s easy
implementation may address paramount issues in environmental sciences, thereby helping to improve air quality network
management.

The proposed model’s capability to reliably estimate ambient air daily urban benzene levels in zones not currently measured may
furnish relevant added data on benzene exposure and its spatial-temporal behavior, thus enhancing adequate compliance with the air
quality networks’ functions.

4. Conclusions

This study presents a straightforward, fast, and reliable approach to estimating daily urban ambient air benzene levels. It uses
predictor variables commonly measured in air quality networks (NO3, O3, and T) and sustains its validity from exhibited outcomes.

Predicting approaches such as this are particularly relevant for urban air quality networks comprising a few fixed stations that
really measure ambient air benzene, thus evading the additional expenses of increasing the number of measuring benzene sites. Within
the same context, air quality networks with an elevated number of fixed benzene stations might be adjusted to the suggested estimating
model, thereby directing surplus economic resources toward other network interests (such as measuring emergent pollutants and
chemical composition of particulate matter, among others).

As a derived application, the proposed model is also valid for evaluating the representativeness of fixed measuring benzene stations
regarding the minimum number of sampling points for monitoring this pollutant in ambient air, which aligns with the requirements of
European legislation.

This model exhibits a robust scientific base that completes the directrices set by European benzene monitoring through air quality
networks legislation, thereby assisting national, regional, and municipal decision-making about future representative fixed stations. To
highlight that the current legislation does not establish a harmonized methodology to assess the representativeness of fixed air
pollutant stations.

In a broader context, the recommended model is not limited to a specific region. It may be potentially implemented in other
geographical areas to estimate daily urban benzene levels in non-measured points using the target predictor variables. This possible
global implementation will help decrease uncertainty and provide reliable data on the target pollutant in those areas, fostering a sense
of inclusivity in the scientific community.
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