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ABSTRACT 

 

Understanding the distribution and sources of polycyclic aromatic hydrocarbons (PAHs) 

and potentially toxic elements (PTEs) is essential for assessing long-term risks to human health 

and ecosystems. This dissertation investigates spatio-temporal variability and source-related 

variations of particulate matter-bound PAHs and PTEs and evaluates their relationship with 

levels in nearby urban soils, using multi-year monitoring data, receptor-oriented multivariate 

methods, and explainable machine learning (ML). The atmospheric analysis integrates 

particulate matter (PM10) composition from four monitoring stations in Zagreb (Croatia) over 

a four-year period, complemented by soil sampling at three locations during two seasons at two 

depth intervals. To capture anthropogenic influences, ERA5 meteorology, gas consumption (as 

a residential-heating proxy), and traffic-volume data were incorporated. The data were analysed 

using correlation analysis, principal component analysis (PCA), non-negative matrix 

factorization (NMF), and Random Forest (RF) models with SHapley Additive exPlanations 

(SHAP) interpretation. NMF separated a heating-related PAH component enriched in 4-ring 

compounds from a traffic-associated profile characterised by 5–6-ring PAHs. Across stations 

and seasons, RF models achieved substantially higher skill for PAHs (R² ≈ 0.60–0.68) than for 

PTEs (R² ≈ 0.24–0.42), with temperature and solar radiation emerging as dominant variables 

explaining PAH variability, while PM10 and NO2 were among the strongest predictors for PTEs 

variability, consistent with mixed contributions from traffic-related non-exhaust processes and 

local site effects. 

 To complement the atmospheric component, soil samples collected near air quality 

stations were used to assess deposition and accumulation trends. Air–soil relationships were 

strongest for Pb and Cu and became more pronounced when airborne pollutant concentrations 

were averaged over longer periods (approximately 3–6 months), consistent with cumulative 

deposition processes, anthropogenic enrichment above geogenic baselines and different 

environmental persistence across pollutants. 

 By integrating spatio-temporal modelling with explainable ML, this work provides a 

coherent, data-driven framework for interpreting urban pollution dynamics across different 

environmental matrices and time scales and supports targeted mitigation strategies that address 

both short-term air quality and longer-term soil pollution. To our knowledge, this study 

represents one of the first systematic studies to connect parallel urban air and soil measurements 

of PAHs and PTEs in Zagreb, and among the relatively few integrated studies in Europe. 

 



PROŠIRENI SAŽETAK 

 

 Policiklički aromatski ugljikovodici (PAU) i potencijalno toksični elementi (PTE) 

predstavljaju skupinu postojanih i toksičnih onečišćujućih tvari koje su prisutne u različitim 

okolišnim sastavnicama, uključujući zrak i tlo. Njihovo porijeklo pretežno je povezano s 

ljudskim djelovanjem, osobito s procesima izgaranja fosilnih goriva, prometom, industrijskim 

emisijama te grijanjem. Zbog svoje sposobnosti dugotrajnog zadržavanja u okolišu i dokazano 

štetnih učinaka na ljudsko zdravlje, ovi spojevi su predmet intenzivnih znanstvenih istraživanja. 

U urbanim sredinama srednje i jugoistočne Europe, razine PAU-a i PTE-a u lebdećim česticama 

(PM, engl. particulate matter) u zraku tijekom zimskih mjeseci pokazuju izrazit porast 

koncentracija, što se povezuje s intenzivnijim grijanjem i meteorološkim uvjetima koji 

otežavaju raspršenje onečišćenja. Uz praćenje koncentracija ovih spojeva u zraku, nužno je 

razumjeti i njihovu prostornu raspodjelu, sezonske varijacije, kao i međusobnu povezanost s 

emisijskim pokazateljima poput potrošnje plina i prometnih obrazaca. S obzirom na 

kompleksnost okolišnih interakcija, fokus ovog istraživanja je na primjeni metoda strojnog 

učenja i statističkih analiza radi identifikacije izvora i boljeg razumijevanja odnosa 

onečišćujućih tvari u zraku i tlu. 

 

Ciljevi i hipoteze 

Ciljevi doktorskog rada uključuju: 

• Kvantificirati sezonske i prostorno-vremenske varijacije koncentracija 11 PAU-a i 8 

PTE-a u frakciji lebdećih čestica PM10 na mjernim postajama za praćenje kvalitete zraka 

u Zagrebu tijekom razdoblja 2017.–2020., te identificirati dugoročne trendove i 

prostorne razlike; 

• Procijeniti utjecaj meteoroloških uvjeta, prometa i potrošnje plina na koncentracije 

PAU-a i PTE-a u PM10 primjenom naprednih statističkih i metoda strojnog učenja, kako 

bi se odredio relativni doprinos pojedinih čimbenika prostorno-vremenskim 

varijacijama; 

• Ispitati koncentracije istih 11 PAU-a i 8 PTE-a u tlu na odabranim lokacijama u Zagrebu 

tijekom dvije sezone, analizirati sezonske i dubinske obrasce akumulacije te ispitati 

povezanost s koncentracijama u zraku; 

• Identificirati izvore PAU-a i PTE-a u zraku i tlu primjenom statističkih metoda i metoda 

strojnog učenja, kako bi se razlučili antropogeni i prirodni izvori onečišćenja; 



Hipoteze su temeljene na pretpostavci da: 

(i) sezonski obrasci grijanja u Zagrebu određuju varijacije razina PAU-a i PTE-a u 

 zraku, s povećanim koncentracijama tijekom razdoblja intenzivnog grijanja; 

(ii) promet u Zagrebu predstavlja ključan izvor PAU-a i PTE-a u zraku i tlu, pri čemu 

 lokacije s većim prometnim intenzitetom pokazuju  povišene koncentracije; 

(iii) tlo u Zagrebu akumulira PAU-e i PTE-e iz zraka, odražavajući sezonske i 

 prostorne obrasce onečišćenja te djeluje kao rezervoar atmosferskih tvari.  

 

Znanstveni doprinos 

Ovo istraživanje predstavlja jedno od prvih sustavnih istraživanja u Hrvatskoj, a jedno od 

rijetkih u Europi koje integrirano pristupa prostorno-vremenskoj analizi PAU-a i PTE-a u zraku 

i tlu primjenom metoda strojnog učenja, poput faktorizacije nenegativne matrice (NMF), 

analize nasumičnih šuma (engl. Random Forest) i SHAP (engl. SHapley Additive exPlanations) 

analize. Korištenjem višegodišnjih podataka s gradskih mjernih postaja za praćenje kvalitete 

zraka, analize su omogućile preciznije razumijevanje izvora onečišćenja i njihovu povezanost 

s lokalnim emisijskim pokazateljima. Dodatno, analiza tla omogućuje razumijevanje 

akumulacijskih procesa i interakcije onečišćujućih tvari iz zraka u tlo. S geokemijskog aspekta, 

analiza tla omogućava razlučivanje geogenog (prirodnog) doprinosa elemenata, vezanog uz 

sastav matičnog supstrata, od antropogenog obogaćenja uzrokovanog atmosferskom 

depozicijom, čime se doprinosi i području okolišne i urbane geokemije. Radi se o jedinstvenim 

integriranim setovima podataka o onečišćujućim tvarima, prometu, potrošnji plina i 

meteorologiji koji do sada nisu analizirani zajedno. Rezultati ovog istraživanja imaju praktičnu 

primjenu u unaprjeđenju urbanog planiranja, prostorne politike i javnozdravstvenih mjera 

kontrole onečišćenja zraka.  

 

Metode i postupci 

U ovom istraživanju korišteni su podaci o koncentracijama 11 PAU-a i osam PTE-a (As, Cd, 

Pb, Mn, Fe, Cu, Zn, Ni) u frakciji lebdećih čestica PM10 tijekom četiri godine (2017.–2020.) na 

mjernim postajama IMI, SIG, ZG-1 i ZG-3. Nikal (Ni) je mjeren na svim postajama, međutim 

koncentracije su pretežno bile ispod granice detekcije analitičke metode te je stoga isključen iz 

daljnjih statističkih analiza i modela. Usporedno su prikupljeni meteorološki podaci 

(temperatura, tlak, padaline, vjetar), prometni podaci (broj vozila s glavnih ulaza u Zagreb s 

autocesta) te podaci o dnevnoj potrošnji plina kao pokazatelj grijanja. Za analizu podataka 

korištene su metode strojnog učenja (Random Forest, SHAP), faktorska analiza (NMF) i 



linearna regresija. Uzorkovanja tla provedena su u blizini mjernih postaja za praćenje kvalitete 

zraka; PAU-i u uzorcima tla analizirani su tehnikom plinske kromatografije vezane na 

spektrometar masa s trostrukim kvadrupolom (GC–MS/MS) nakon ubrzane ekstrakcije 

otapalom uz povišeni tlak i temperaturu (ASE), a PTE-i su određeni rendgenskom 

fluorescentnom spektrometrijom (XRF), sukladno validiranim protokolima. U zraku (PM10), 

PAU-i su nakon ultrazvučne ili ubrzane ekstrakcije otapalom analizirani tekućinskom 

kromatografijom visoke djelotvornosti uz fluorescentni detektor (HPLC-FLD). PTE-i u PM10 

određeni su tehnikom spektrometrije masa uz induktivno spregnutu plazmu  (ICP-MS) nakon 

mikrovalne razgradnje u dušičnoj kiselini pod povišenim tlakom i temperaturom. 

 

Rezultati i zaključci 

 Istraživanje provedeno u urbanom području grada Zagreba jasno je pokazalo izražene 

sezonske i prostorne varijacije koncentracija PAU-a i PTE-a u frakciji lebdećih čestica PM10, s 

višim razinama tijekom zimskih mjeseci. Povišene koncentracije u zimskom razdoblju bile su 

povezane s povećanom potrošnjom energije za grijanje, što je potvrđeno analizom službenih 

podataka o potrošnji plina kao vremenskog pokazatelja sezonskih emisija. Rezultati ukazuju da 

je grijanje jedan od dominantnih izvora onečišćenja zraka zimi, posebno za određene PAU-e, 

dok promet ima izraženu ulogu tijekom cijele godine, osobito za PTE-e i PAU-e s većim brojem 

aromatskih prstenova. Od analiziranih PAU-a, benzo(a)antracen, krizen i benzo(k)fluoranten 

identificirani su kao pokazatelji emisija iz prometa, dok su fluoranten i piren uglavnom bili 

vezani uz izgaranje biomase i fosilnih goriva u kućnim ložištima. PAU-i viših molekulskih 

masa poput benzo(a)pirena, benzo(b)fluorantena, benzo(ghi)perilena i dibenzo(ah)antracena 

pokazali su mješovite doprinose prometnih i sezonskih izvora izgaranja. Ova podjela u skladu 

je i s analizom sezonskih varijacija, pri čemu je većina PAU-a imala povišene koncentracije 

zimi, ali su razine PAU-a nižih molekulskih masa (poput fluorantena i pirena) bile značajnije 

povišene u područjima sa starijim kućanstvima i individualnim ložištima. 

Što se tiče PTE-a, olovo (Pb), cink (Zn), kadmij (Cd) i arsen (As) pokazali su snažnu 

međusobnu povezanost, a njihova prisutnost upućuje na kombinirani utjecaj prometa, grijanja 

i mogućih industrijskih izvora. S druge strane, željezo (Fe), mangan (Mn) i bakar (Cu) su 

pokazali obrasce koji odgovaraju zagađenju iz prometa koje nije vezano uz izgaranje goriva, 

uključujući trošenje guma, kočnica i komponenti vozila. Njihove koncentracije nisu bile toliko 

podložne sezonskim oscilacijama, što dodatno podupire njihovo porijeklo u prometu, a ne u 

sezonskim razlikama u izgaranju goriva. Pritom treba uzeti u obzir da Fe, Mn i Cu mogu dijelom 

imati i geogeno podrijetlo, s obzirom na njihovu prirodnu zastupljenost u mineralnom sastavu 



tla i resuspendirane prašine, što dodatno otežava jasno razlučivanje prometnog i prirodnog 

doprinosa ovih elemenata. 

Prostorna analiza pokazala je razlike među mjernim postajama, pri čemu su na mjernim 

postajama SIG i ZG-3 zabilježene najviše koncentracije PAU-a i PTE-a, što se može pripisati 

njihovoj blizini frekventnim prometnicama, visokoj gustoći naseljenosti, mikroklimatskim 

uvjetima i mogućem utjecaju ostalih izvora poput industrije. Mjerne postaje IMI i ZG-1, 

smještene u stambenim i mješovitim urbanim područjima, pokazale su relativno niže razine 

većine onečišćujućih tvari, uz izraženiji utjecaj sezonskih izvora (grijanje). Ova razlika dodatno 

objašnjava važnost lokacije kao prediktora u modelima zagađenja zraka. Primjenom metoda 

strojnog učenja (Random Forest) i statističke analize (regresija, PCA analiza), utvrđeni su 

glavni prediktori promjena u koncentracijama onečišćujućih tvari. Za PAU-e, to su bili 

temperatura, sunčevo zračenje i masena koncentracija PM10, dok su za PTE-e veći značaj imali 

pokazatelji vezani uz promet, NO2 i tlak zraka. Rezultati SHAP analize dodatno upućuju na to 

da varijable poput temperature i sunčevog zračenja snažno utječu na razgradnju PAU-a, dok 

vjetar i tlak utječu na raspršenje PTE-a. Prediktivna snaga modela bila je veća za PAU-e (R² do 

0,68) nego za PTE-e (R² do 0,42), što upućuje na stabilnije obrasce sezonskih emisija kod 

organskih spojeva, dok su koncentracije PTE-a podložnije epizodnim ili prostorno 

lokaliziranim izvorima. 

Analizom uzoraka tla u blizini mjernih postaja za kvalitetu zraka utvrđene su značajne 

korelacije između koncentracija u zraku i tlu, osobito za olovo (Pb) i bakar (Cu), te za  PAU-e 

većih molekulskih masa poput benzo(a)pirena i benzo(ghi)perilena. Za PAU-e je odnos 

složeniji i ovisan o svojstvima pojedinog spoja: korelacije su bile slabije ili negativne pri 

kratkim vremenskim periodima, što odražava utjecaj hlapljivosti, fotokemijske razgradnje i 

sorpcije na organsku tvar tla na koncentracije u tlu. Korelacije su bile izraženije kada su 

koncentracije u zraku promatrane kao tromjesečni ili šestomjesečni prosjeci, što ukazuje na 

kumulativnu prirodu taloženja. Ukupne koncentracije svih 11 mjerenih PAU (Σ11PAU) u tlu 

kretale su se u rasponu od 1,2 do 524 µg/g, s višim vrijednostima u središnjim urbanim 

područjima. Koncentracije PTE-a bile su uobičajene za gradske zone, no lokalni porasti Cu i 

Zn mogu ukazivati na utjecaj prometa i resuspenziju čestica s površine. Dublji slojevi tla (5–10 

cm) pokazivali su niže vrijednosti, što potvrđuje površinsku akumulaciju kroz suho i mokro 

taloženje. Geokemijska interpretacija ovih obrazaca pokazuje da povišene koncentracije Pb, Cu 

i Zn iznad geogene pozadinske razine odražavaju antropogeno obogaćenje tla. Koncentracije 

Fe i Mn ostale su unutar očekivanog raspona za litogenu pozadinu zagrebačkog aluvijalnog tla, 



no jake pozitivne korelacije s atmosferskim koncentracijama ukazuju na dodatni antropogeni 

doprinos vezan uz resuspenziju i prometne emisije. 

Zaključno, integracijom višegodišnjih podataka o kvaliteti zraka, meteorologiji, potrošnji plina, 

prometu i analizama onečišćujućih tvari u tlu, te primjenom naprednih statističkih metoda i 

metoda strojnog učenja, ovaj rad je omogućio detaljno razumijevanje raspodjele, izvora i 

ponašanja PAU-a i PTE-a u urbanom okolišu. Dobiveni rezultati ističu potrebu za ciljanom 

regulacijom sezonskih i lokaliziranih izvora, osobito tijekom zimskih mjeseci, ali i za jačim 

povezivanjem sustava praćenja onečišćenja zraka i tla u kontekstu javnozdravstvene i okolišne 

politike. 
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1 INTRODUCTION 

1.1 Air pollution: overview and public health relevance 

Air pollution has become an increasingly relevant topic in environmental and health-related 

research, as well as in public discourse, due to its widespread presence and measurable impact 

on human health and ecological systems. In recent years, more scientists, policymakers and 

members of the public have shown interest in understanding how air pollution affects daily life, 

especially in cities where pollution levels often exceed recommended limits. The World Health 

Organization (WHO) has classified air pollution as the single largest environmental health risk 

globally, responsible for approximately 7 million premature deaths annually due to ambient 

and indoor exposure to air pollutants, particularly in urban and industrial regions (WHO, 

2021). 

Particulate matter (PM), nitrogen dioxide (NO2), ozone (O3), sulfur dioxide (SO2), carbon 

monoxide (CO), volatile organic compounds (VOCs), polycyclic aromatic hydrocarbons 

(PAH) and various trace elements constitute the primary components of concern in ambient 

air. These pollutants originate from a combination of anthropogenic sources (traffic, residential 

heating, industry, agriculture, waste burning) and natural sources (desert dust, wildfires, sea 

spray, pollen, volcanic eruptions) (Alolayan et al., 2023), as illustrated in Figure 1. Fine and 

coarse particulate matter fractions, especially fractions PM1 (particles with an aerodynamic 

diameter ≤ 1 µm), PM2.5 (≤ 2.5 µm), and PM10 (≤ 10 µm), are of particular concern due to their 

capacity to penetrate the human respiratory system to varying depths (Polichetti et al., 2009; 

Schraufnagel, 2020). Smaller particles (e.g., PM1 and PM2.5) can reach the alveolar region of 

the lungs, whereas coarser particles typically deposit in the upper respiratory tract (Wan 

Mahiyuddin et al., 2023). These particles can act as carriers of toxic constituents such as PTEs, 

PAHs, and biological agents, posing substantial risks to human health (Anderson et al., 2012; 

Bizualem et al., 2023). 

Numerous epidemiological studies have demonstrated a strong association between elevated 

concentrations of air pollutants and increased morbidity and mortality due to respiratory, 

cardiovascular, and cerebrovascular diseases (Alahmad et al., 2023; Bhatnagar, 2022; 

Jedrychowski et al., 2015; Konduracka & Rostoff, 2022; Mehta et al., 2013; Raaschou-

Nielsen et al., 2011). Long-term exposure to ambient air pollution is also linked to 

neurodevelopmental disorders in children, cognitive decline in adults, and the exacerbation of 
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chronic conditions such as asthma and chronic obstructive pulmonary disease (COPD) 

(Albayrak et al., 2023; Bhatnagar, 2022; Sørensen et al., 2003). Particularly concerning are 

the effects of persistent, low-level exposure to complex pollutant mixtures that include 

carcinogenic compounds such as PAHs and neurotoxic metals like lead and cadmium 

(Błaszczyk et al., 2017; Jakovljević et al., 2015; Potter et al., 2021). 

Figure 1. Main anthropogenic and natural sources of air pollution (schematic illustration; created using 

ChatGPT, version 5.2 and Adobe Illustrator, version 29.5.1) 

The adverse effects of air pollution extend beyond human health. They include ecosystem 

acidification, loss of biodiversity and contributions to climate change through the emission of 

short-lived climate pollutants (SLCPs) such as black carbon (BC) and tropospheric ozone 

(Echendu et al., 2022). As such, air pollution represents not only a public health problem but 

also a cross-sectoral issue relevant to sustainable development, urban planning, energy policy, 

and climate governance. Despite significant regulatory efforts in the European Union (EU) and 

globally, many urban areas continue to exceed the recommended air quality thresholds, 

particularly for PM and NO2. EU air quality legislation sets PM10 limit values of 50 µg/m³ (24-

hour, not to be exceeded more than 35 times per year) and 40 µg/m³ (annual mean), and a NO2 

annual limit value of 40 µg/m³. However, with the aim to align more closely with the latest 

WHO guidelines (WHO, 2021), the Directive 2024/2881/EC on ambient air quality and 

cleaner air for Europe (recast) introduces stricter air quality standards to be met by January 1, 

2030. In Croatia, data from national and regional monitoring networks indicate that PM10 
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concentrations in several urban areas, including Zagreb, frequently exceed the annual and daily 

limit values prescribed by current EU and national legislation.  Seasonal peaks during winter 

are consistently observed, reflecting increased heating demand, reduced atmospheric 

dispersion, and the accumulation of combustion-related emissions (Jakovljević et al., 2018; 

Račić et al., 2024). 

Given the multidimensional nature of air pollution and its far-reaching consequences, research 

into the composition, sources, and environmental behaviour of the main particulate-phase air 

pollutants, such as PAHs and PTEs, is essential. Such knowledge not only supports evidence-

based air quality management but also informs public health interventions and risk assessment 

frameworks at both local and regional levels. 

1.2 Polycyclic aromatic hydrocarbons (PAHs) and potentially toxic elements (PTEs) 

in the urban atmosphere 

Among the many harmful substances found in urban air, PAHs and PTEs are of particular 

concern due to their toxicity, persistence, and potential to cause long-term health effects. PAHs 

are a group of organic compounds made up of two or more fused aromatic rings (Ambade et 

al., 2021), as shown in Figure 2. They are mainly released into the atmosphere through 

incomplete combustion of organic materials, such as coal, wood, oil, petrol, and biomass 

(Morillo et al., 2007). In cities, the most common sources include traffic emissions, residential 

heating, industrial processes, and open burning (Błaszczyk et al., 2017; Lee, 2010). PAHs can 

be found in both the gas phase and adsorbed onto particles, especially fine particles like PM2.5 

and the fine fraction of PM10 (Maharaj Kumari & Lakhani, 2018). Their behavior in the air 

depends on their molecular weight: lighter PAHs tend to be in the gas phase, while heavier 

ones (such as benzo[a]pyrene (BaP) are more often attached to particles (Bukowska et al., 

2022; Guerreiro et al., 2016). These heavier compounds are particularly dangerous because 

of their carcinogenic and mutagenic properties. Once inhaled, PAHs can trigger oxidative 

stress, inflammation, and DNA damage, contributing to respiratory and cardiovascular 

diseases, as well as cancer (Castel et al., 2023; Cirillo et al., 2006). 
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Figure 2. Polycyclic aromatic hydrocarbons (PAHs) included in this study 

PTEs in PM also represent a significant health concern. They can originate from both natural 

sources, such as soil dust or sea spray, and anthropogenic sources, such as vehicle exhaust, 

brake and tire wear, industrial emissions, and waste incineration (Chen et al., 2022; Guo et 

al., 2022). From a geochemical perspective, the natural (geogenic) fraction of PTEs in 

atmospheric particles derives primarily from the weathering and resuspension of crustal 

minerals, and its contribution can be estimated using lithogenic reference elements such as Fe, 

Al, or Ti; concentrations exceeding geogenic baselines are then attributed to anthropogenic 

enrichment (Wedepohl, 1995). Some elements commonly found in urban air include arsenic 

(As), cadmium (Cd), lead (Pb), manganese (Mn), iron (Fe), copper (Cu), nickel (Ni) and zinc 

(Zn). In air pollution research these species are often referred to simply as “metals.” However, 

the term potentially toxic elements (PTEs) is more accurate because it also includes metalloids 

(e.g., arsenic), and because toxicity depends on concentration, chemical speciation, and 

bioavailability (Duffus, 2002, 2003). Therefore, the term PTE is used throughout this thesis. 

Many of these elements are toxic even at low concentrations and can accumulate in the human 

body over time. Like PAHs, PTEs are often bound to particles and can remain suspended in 

the air for long periods (Popoola et al., 2018). Their composition and concentration can vary 

by season and location, depending on weather conditions and local sources. For example, in 

colder months, PTEs levels in PM10 often rise due to increased heating activities and reduced 

atmospheric dispersion (Yang et al., 2015). 
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Because both PAHs and PTEs are commonly found together in urban PM, they are often 

studied together when analyzing air quality (P. Pandey et al., 2013). Among other pollutants, 

NO2 is often used as an indicator for traffic emissions but can originate from other combustion 

sources (Anttila et al., 2011; Carslaw, 2005). Understanding their concentrations, seasonal 

trends, and sources is essential for identifying pollution hotspots and planning effective air 

quality management strategies. All pollutants measured and analyzed in this study, including 

PAHs, PTEs, and other air quality indicators, are listed in Table 1. 

Table 1. Air pollutants included in this study 

PAHs* PTEs* Other Pollutants 

Fluoranthene (Flu) Cadmium (Cd) Nitrogen dioxide (NO2) 

Indeno(1,2,3-cd)pyrene (IP) Manganese (Mn) PM10 

Benzo(a)anthracene (BaA) Copper (Cu) 

Benzo(a)pyrene (BaP) Iron (Fe) 

Benzo(b)fluoranthene (BbF) Zinc (Zn) 

Benzo(ghi)perylene (BghiP) Lead (Pb) 

Benzo(j)fluoranthene (BjF) Arsenic (As) 

Benzo(k)fluoranthene (BkF) Nickel (Ni) 

Dibenzo(ah)anthracene (DahA) 

Chrysene (Chry) 

Pyrene (Pyr) 

*PM10-bound 

1.3 Soil as a receptor of atmospheric pollutants 

Soil has an important role in the environmental fate of airborne pollutants, acting not only 

as a natural filter but also as a long-term sink for various contaminants emitted into the 

atmosphere. Urban soils represent a complex geochemical reservoir that integrates inputs from 

both geogenic (natural, lithogenic) and anthropogenic sources, making their interpretation 

central to understanding urban pollution dynamics (Alloway, 2013; Kabata-Pendias, 2010). 

Among the most persistent of these are PAHs and PTEs, which can accumulate in the upper 

soil layers through both dry and wet atmospheric deposition (D. Li et al., 2023; Ozaki et al., 

2006). Once deposited, these pollutants interact with soil particles, organic matter, and 
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microbial communities, thereby affecting their mobility, bioavailability, and potential for re-

emission (Cachada et al., 2018). PAHs, due to their hydrophobic nature and low volatility, 

tend to adsorb strongly to soil organic matter, making them relatively stable in surface soils 

(Cofield et al., 2007). However, their persistence raises concerns about long-term ecological 

toxicity and the potential for food chain contamination, especially in urban and industrial areas 

where deposition rates are elevated (Wilcke, 2000). Similarly, PTEs such as cadmium, lead, 

arsenic, and zinc can accumulate in soil matrices, where they are not subject to degradation. 

Their geochemical behaviour in soil is governed by a combination of factors including pH, 

redox conditions, organic matter content, clay mineralogy, and cation exchange capacity, all of 

which influence speciation, mobility, and bioavailability (Alloway, 2013; Kabata-Pendias, 

2010). Elements such as Fe and Mn are largely present in soils as components of primary and 

secondary minerals of lithogenic origin, and their background concentrations reflect the 

geochemical composition of the parent material; elevated concentrations above these geogenic 

baselines therefore indicate anthropogenic enrichment (Reimann, 1998). 

In urban environments, proximity to emission sources, such as traffic, industry, and residential 

heating, contributes to localized enrichment of these pollutants in soils above geogenic 

background levels. This anthropogenic overprint on the natural geochemical baseline is a 

defining feature of urban geochemistry and makes it necessary to distinguish geogenic from 

anthropogenic contributions when interpreting soil pollution data. Research by Różański et al. 

(2017) has shown that soils near roads and industrial zones often exhibit higher concentrations 

of specific PTEs and PAHs, reflecting their origin from combustion processes, tire and brake 

wear, and fossil fuel use. This accumulation poses direct or indirect risks to human health 

through dust resuspension, dermal contact, or plant uptake. 

Soil analysis not only complements air quality monitoring but also helps identify persistent 

hotspots of contamination that may not be apparent through airborne measurements alone. In 

the context of environmental and urban geochemistry, the depth distribution of PTEs and PAHs 

in soil profiles provides additional evidence on the relative importance of recent atmospheric 

deposition versus longer-term geochemical redistribution processes, including vertical 

migration, bioturbation, and interaction with soil mineral phases. Monitoring the levels and 

spatial distribution of PAHs and PTEs in soil is therefore essential for evaluating the long-term 

impacts of atmospheric pollution. 
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1.4 Analytical approaches in air and soil pollution studies: from receptor models to 

explainable ML 

Understanding the sources and drivers of PAHs and PTEs in urban environments commonly 

relies on a combination of (i) receptor-oriented source apportionment methods and (ii) 

predictive models that relate concentrations to emission proxies and meteorology (European 

Commission. Joint Research Centre., 2019; Hopke, 2003; Subramaniam et al., 2022). In 

PM studies, multivariate receptor models such as principal component analysis (PCA) and 

factor analysis (FA) have long been used to identify co-varying pollutant groups that can be 

interpreted as source-related patterns (Bro & Smilde, 2014; Souza et al., 2018). More 

quantitative source apportionment is often conducted using Nonnegative Matrix Factorization 

(NMF), which estimates source profiles and their contributions; however, its performance 

depends on data completeness, robust uncertainty estimates, and the degree of chemical 

distinctness among sources (Lekinwala & Bhushan, 2022; Žibert et al., 2016). 

In parallel, supervised ML has gained prominence in air pollution research for modelling 

complex, non-linear relationships between pollutant concentrations and predictors such as 

meteorology, traffic intensity, heating demand, and site characteristics (Alolayan et al., 2023; 

Essamlali et al., 2024). Tree-based ensemble models (e.g., Random Forest) are particularly 

attractive because they capture interactions and non-linearities without requiring strong 

distributional assumptions (Kamińska, 2018; Rubal & Kumar, 2018). However, their use in 

environmental applications increasingly requires transparency: explainable ML tools, such as 

SHAP (SHapley Additive exPlanations) (Vega García & Aznarte, 2020), provide a consistent 

framework to quantify how predictors contribute to model outputs across seasons, locations, 

and concentration ranges (Castronuovo et al., 2023; Pan et al., 2024). Beyond RF, gradient-

boosting models (e.g., XGBoost/LightGBM/CatBoost) and deep learning approaches 

(CNN/LSTM) have also been widely explored for air quality prediction, and more recently, 

graph-based neural networks (GNNs) have been proposed to learn spatial dependencies across 

monitoring networks. However, increasing model complexity can reduce transparency and may 

require larger datasets and careful validation to avoid overfitting, which strengthens the 

motivation for explainable ML in environmental applications (Han et al., 2023; Liao et al., 

2020). 

In both air and soil pollution research, analytical workflows commonly combine descriptive 

statistics (seasonality, trend analysis, exceedances), multivariate pattern recognition (PCA/FA, 
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clustering), and source-apportionment frameworks (Agudelo-Castañeda & Teixeira, 2014; 

Souza et al., 2018; Žibert et al., 2016). For PAHs, diagnostic ratios are also frequently used 

as qualitative indicators of dominant combustion sources, although their interpretation can be 

sensitive to atmospheric processing and therefore requires caution (Dvorská et al., 2011; 

Finardi et al., 2017). In soil studies, contamination and enrichment metrics and geostatistical 

mapping are often applied to characterise hotspots and potential risk relevance, while 

multivariate methods support source signature interpretation (Kowalska et al., 2018). 

In soil pollution studies, multivariate methods (PCA, clustering, factorization) are widely used 

to interpret spatial trends, co-occurrence of contaminants, and potential sources, while 

geostatistical mapping and enrichment metrics are often applied to identify hotspots and 

evaluate ecological or human-health relevance (J. Liu et al., 2023; Mostert et al., 2010; 

Soffianian et al., 2014). Integrating soil with atmospheric observations is particularly 

informative because soils can act as selective, time-integrated receptors of deposition, retaining 

some pollutants more effectively than others depending on their physicochemical properties. 

Building on these methodological procedures, this doctoral thesis combines receptor-style 

factorization (PCA/NMF) with explainable ML (RF + SHAP) to interpret PAHs and PTEs in 

PM10 across multiple urban stations and seasons, and links atmospheric trends to pollutant 

accumulation in nearby soils. 

1.5 Previous investigation in the study area 

This research was conducted in Zagreb, Croatia, an urban area where air quality shows seasonal 

contrasts and winter pollution episodes are frequently associated with increased heating 

demand and meteorological conditions that increase pollutant accumulation. The study area 

covers multiple urban environments within Zagreb, including locations with high traffic 

intensity and sites representative of urban background/residential settings, to capture intra-

urban spatial heterogeneity. The spatial distribution of monitoring station locations is shown in 

Figure 3. 
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Figure 3. Monitoring station locations. The figure was created using Google Maps and Adobe 

Illustrator. IMI – (monitoring station Kasverska cesta, altitude 116 m a.s.l., 45°50’7” N, 

15°58’42” E); SIG – (monitoring station Siget, altitude 116 m a.s.l., 45°46′25” N, 15°59’04” 

E), ZG-1 – (monitoring station Zagreb-1, altitude 113 m a.s.l., 45°48’18” N, 15°58’27” E), 

ZG-3 – (monitoring station Zagreb-3, altitude 116 m a.s.l., 45°40’46” N, 16°0’18” E), CEN – 

(monitoring station Đorđićeva ulica, altitude 113 m a.s.l., 45°48’37” N, 15°59’4” E). 

Air pollution research and monitoring in Croatia have a long tradition, beginning with routine 

measurements in Zagreb in the early 1960s. Early programmes focused on classical 

combustion-related pollutants such as sulphur dioxide (SO₂) and smoke, reflecting the 

dominant energy and industrial context of that period. Over subsequent decades, monitoring 

expanded to include total suspended particles (TSP) and later the chemical characterisation of 

particle-bound species. By the 1990s and 2000s, measurements increasingly targeted other 

gaseous pollutants (NO2, O3), regulated particulate matter fractions (PM10 and PM2.5) and their 

chemical composition, consistent with the growing public-health focus of air quality regulation 

and the need to understand toxicity drivers beyond bulk PM mass. 

The first Croatian studies reporting PAHs in the atmosphere appeared in the early 1970s, 

including measurements of carcinogenic PAHs such as benzo(a)pyrene (Cigula et al., 1972). 

With the adoption of chromatographic techniques from the late 1980s onward, PAH research 

expanded in both scope and analytical robustness. Studies increasingly examined PAHs in a 

range of exposure-relevant environments, including outdoor urban air, indoor environments 

(homes, offices, vehicles), and personal exposure (S. K. Pandey et al., 2011; Poster et al., 
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2006). In Zagreb specifically, earlier work documented seasonal increases of particulate-bound 

PAHs during winter, consistent with intensified combustion activity and atmospheric 

conditions favouring accumulation. Other investigations compared PAH burdens between 

particulate size fractions (PM10 vs PM2.5) and assessed elevated PAH concentrations at traffic-

influenced locations and near specific industrial or energy-related sources (Šišović et al., 2002, 

2005). Collectively, these studies established that PAHs represent a persistent urban exposure 

concern and that their temporal behaviour is strongly shaped by seasonality and source mixture. 

Over the past fifteen years, Croatian PAH research has developed along several parallel lines: 

investigation of spatial and temporal distribution, source identification using diagnostic ratios 

or linear multivariate statistical methods, and characterisation of PAHs across different particle 

size fractions. The primary objective of most of these studies was to establish population 

exposure levels and assess the carcinogenic potential of particle-bound PAHs and the 

associated health risk. Studies focused on spatial and temporal distribution consistently 

demonstrated typical seasonal variations, with elevated winter concentrations more 

pronounced in the continental part of Croatia compared to coastal areas, and high values 

recorded not only in urban but also in rural settings (Jakovljević et al., 2016, 2025; Šišović et 

al., 2012). The distribution of PAHs across particle size fractions and their associated 

carcinogenic potential were also investigated (Jakovljević et al., 2015, 2018; Pehnec & 

Jakovljević, 2018). More recent studies have placed particular emphasis on health impacts, 

health risk assessment, and associations with biomarkers of exposure (Gerić et al., 2024; 

Jakovljević et al., 2023; Matković et al., 2025). 

Monitoring of different elements such as Pb, Cd, Zn and Mn in airborne particles in Croatia 

began in the early 1970s with TSP measurements (Vadjić et al., 2010). From 2006, in line with 

EU air quality directives, measurements focused on the PM10 fraction, targeting health-relevant 

metals such as Pb, Cd, As, and Ni. Long-term records show a marked decline in some elements, 

most notably Pb, reflecting the phase-out of leaded petrol and broader emission controls. Zinc 

has been measured for decades and is frequently found predominantly in the PM10 fraction, 

consistent with contributions from traffic-related and industrial processes (Vadjić et al., 2010). 

More recent work expanded the analytical scope to include emerging traffic tracers, such as 

platinum group elements (Pt, Pd, Rh) measured in PM10 in Zagreb, supporting the impact of 

traffic emissions (including catalytic converters) in urban areas (Rinkovec et al., 2018). It 

should be noted, however, that all the above-mentioned studies relied on linear statistical 
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methods and typically examined PAHs in isolation or alongside only basic meteorological 

variables, without incorporating advanced statistical tools or ML approaches. To date, no 

Croatian study has simultaneously integrated PAHs and PTEs with a broad set of 

environmental predictors. Furthermore, data on PAHs in soil remain very scarce in Croatia; to 

the authors' knowledge, the only available urban-adjacent soil PAH data concern the Raša area 

in Istria, where historical coal mining, processing, and transport activities, as well as a coal-

fired power plant, have elevated PAH levels in the surrounding environment (Jakovljević et 

al., 2022). 

Although prior Croatian studies have provided valuable evidence on PAH seasonality, traffic 

hotspots, and long-term trends of particle-bound elements, important gaps remain for Zagreb, 

This doctoral thesis represents comprehensive research, which at the same time combine: (i) 

multi-station, multi-year PM10 chemical composition, (ii) explicit heating proxies (e.g., gas 

consumption) alongside meteorology and traffic indicators, (iii) source-resolving multivariate 

methods and explainable ML for driver attribution, and (iv) a cross-media perspective linking 

atmospheric pollution to nearby urban soils as long-term receptors. This dissertation addresses 

the gaps of previous studies by integrating long-term monitoring across Zagreb with 

factorisation methods (PCA/NMF), explainable modelling (RF–SHAP), and targeted soil 

sampling to interpret pollution dynamics across both time scales and environmental 

compartments. 
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1.6 Objectives and hypotheses of research 

The main objectives of this research are: 

(1) Quantify seasonal and spatio-temporal variability of 11 PAHs and 8 potentially toxic 

elements (PTEs) in the PM10 fraction across Zagreb air quality monitoring stations during 

2017–2020, including the assessment of long-term trends and spatial differences; 

(2) Evaluate the influence of meteorological conditions, traffic, and gas consumption (as a 

proxy for residential heating) on PM10-bound PAHs and PTEs using advanced statistical 

methods and ML, to determine the relative contribution of key predictors to observed spatio-

temporal trends; 

(3) Assess concentrations of the same 11 PAHs and 8 PTEs in urban soils at selected Zagreb 

locations across two seasons and two depth intervals, describe seasonal and depth-related 

accumulation trends, and examine their relationship with atmospheric concentrations; and 

(4) Identify and interpret dominant sources of PAHs and PTEs in air and soil using statistical 

and ML approaches, with the aim of distinguishing anthropogenic and natural contributions; 

These objectives were based on the following three main hypotheses: 

(i) residential heating seasonality in Zagreb is a major driver of PAHs and PTEs variability in 

PM10, leading to higher concentrations during the heating period; 

(ii) traffic-related emissions are a key source of PAHs and PTEs in both air and soil, with higher 

levels at locations influenced by greater traffic intensity; 

(iii) urban soils in Zagreb accumulate atmospheric PAHs and PTEs over time, reflecting 

seasonal and spatial pollution patterns and acting as a reservoir of deposited contaminants. 

1.7 Data and methodology used 

This dissertation integrates three complementary datasets and a combined analytical workflow 

to investigate the spatio-temporal variability and sources of PM10-bound PAHs and PTEs, and 

to assess their relationship with accumulation in nearby urban soils. 

1.7.1 Data sources and study design 

The atmospheric data is based on 24-hour PM10 sampling and chemical characterisation from 

Zagreb’s air quality monitoring stations over the period 2017–2020. Publication I uses a single 

long-term station (IMI-Ksaverska cesta) measurements to examine seasonal behaviour and the 
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influence of heating-related activity, while Publication II extends the analysis to four 

monitoring stations (SIG, IMI, ZG-1 and ZG-3) to quantify intra-urban spatial contrasts and 

identify main drivers of variability of pollutant concentrations. Air pollutant dataset included 

mass concentrations of 11 PAHs in PM10 (benzo(a)pyrene (BaP), benzo(a)anthracene (BaA), 

benzo(ghi)perylene (BghiP), dibenzo(ah)anthracene (DahA), chrysene (Chry), 

benzo(k)fluoranthene (BkF), benzo(b)fluoranthene (BbF), benzo(j)fluoranthene (BjF), 

fluoranthene (Flu), pyrene (Pyr) and indeno(1,2,3-cd)pyren (IP)) and 8 PTEs in PM10 (arsenic 

(As), cadmium (Cd), lead (Pb), manganese (Mn), iron (Fe), copper (Cu), nickel (Ni) and zinc 

(Zn)), together with PM10 and NO2  mass concentrations (NO2 is often used as an additional 

indicator of combustion and traffic-related conditions). Nickel concentrations were frequently 

below the limit of detection (LOD) and were therefore excluded from most further analyses. 

To interpret atmospheric variability, chemical data were integrated with meteorological 

parameters (e.g., temperature, pressure, wind, precipitation, and solar radiation) and with 

emission proxies. Residential heating intensity was approximated using gas consumption 

(temporal proxy), while traffic volume was represented through available traffic indicators 

and/or station characteristics reflecting proximity to major roads and urban morphology. 

Meteorological data were obtained from the ERA5 reanalysis and/or national meteorological 

observations, depending on the publication and the availability of variables. 

The soil component (Publication III) consists of targeted sampling of urban soils near selected 

air quality monitoring stations, specifically chosen within a defined radius of the IMI, CEN 

and SIG stations to ensure spatial correspondence with the atmospheric measurements and to 

allow direct evaluation of deposition-related coherence between the two media. Soil samples 

were collected in two seasons (spring and autumn) and at two depth intervals (0–5 cm and 5–

10 cm) over three years (2018–2020), resulting in 36 composite samples (3 stations × 2 depths 

× 2 seasons × 3 years). At each sampling location, five individual subsamples were collected 

and homogenised into a single composite sample per depth and season, in order to reduce small-

scale spatial variability and obtain a representative estimate of local soil pollutant 

concentrations. 

The choice of the two depth intervals was based on the expectation that atmospherically 

deposited pollutants accumulate preferentially in the uppermost soil horizon, while the deeper 

interval (5–10 cm) provides a basis for assessing the extent of downward redistribution and 

longer-term, historical accumulation. This depth-resolved design therefore allows the relative 

contribution of recent versus cumulative atmospheric deposition to be distinguished, an aspect 
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that is not directly accessible from PM10 measurements alone. Prior to chemical analysis, soil 

samples were air-dried, homogenised, and finely ground using a vibratory disc mill to ensure 

analytical consistency and to reduce particle size variability in subsequent extraction and 

instrumental analysis. 

Soil samples were analysed for the same suite of PAHs and PTEs measured in PM10, which is 

essential for enabling a direct, pollutant-by-pollutant comparison between the atmospheric and 

soil compartments. By pairing soil sampling campaigns with time-aggregated atmospheric 

concentration windows, this design supports the assessment of atmospheric deposition as a 

contributing pathway to soil pollutant accumulation, while also allowing the identification of 

pollutants for which soil concentrations are decoupled from recent atmospheric levels, 

suggesting alternative or additional sources. 

1.7.2 Analytical framework 

A combined set of statistical and ML methods was applied across the three publications to 

address complementary questions on source-related trends and environmental drivers of the 

variability of pollutant concentrations. Prior to multivariate analysis, the distributional 

properties of pollutant concentration data were examined. As is typical for urban air quality 

datasets, concentrations of PAHs and PTEs exhibited right-skewed, often log-normal 

distributions, with occasional high-concentration episodes reflecting episodic emission events. 

Consequently, non-parametric approaches were preferred where appropriate. Exploratory 

analysis included descriptive statistics and Spearman correlation to characterise variation 

among pollutants and predictors and to quantify air–soil associations. PCA was used to reduce 

dimensionality, identify co-varying pollutant groups, and address multicollinearity among 

predictors. NMF was applied as an unsupervised, receptor-style approach to decompose 

pollutant matrices into additive components, thereby supporting the interpretation of source-

related profiles and their temporal behaviour. 

To model pollutant variability and quantify the relative importance of drivers in the presence 

of non-linear and interactive relationships, RF regression was developed for all pollutants. 

Model interpretation used SHAP analysis to understand the direction and magnitude of 

predictor effects and to identify main variables controlling pollutant concentrations. For the 

air–soil component, atmospheric concentrations were additionally aggregated over multi-

month windows (1, 3, and 6 months prior to each soil sampling campaign) to better reflect 
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cumulative deposition processes and to evaluate whether longer integration times strengthened 

the association with soil concentrations. Overall, this integrated data structure and multi-

method workflow (Figure 4) enabled robust interpretation of urban pollution dynamics across 

time scales and different environmental media, combining source-oriented multivariate 

decomposition with explainable ML methods. 

Figure 4. Integrated workflow across publications 

1.8 Overview of the studies forming this dissertation 

This dissertation is based on three peer-reviewed publications that together provide a coherent, 

stepwise investigation of PAHs and PTEs in the urban environment of Zagreb, Croatia. The 

research is structured to progressively increase complexity and integration: it begins with a 

focused assessment of seasonal trends and heating-related effects in PM10 at a single 

monitoring location, then expands to a multi-station analysis that quantifies spatial differences 

and identifies main spatio-temporal drivers using explainable ML. Finally, it extends the 
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interpretation beyond the atmosphere by connecting PM10 composition with the accumulation 

of the same pollutants in nearby urban soils. 

1.8.1 Publication I overview 

Publication 1 provides the conceptual and methodological foundation for the dissertation by 

characterising PM10-bound PAHs and PTEs at an urban monitoring site in Zagreb and 

examining their seasonal behaviour in relation to meteorology, NO2, and residential heating 

activity using gas consumption as a proxy. Using correlation analysis and multivariate methods 

(including PCA and NMF) alongside regression modelling, the publication identifies pollutant 

groupings and interprets them in terms of source-related trends and seasonality. 

NMF revealed two interpretable pollutant groupings, with a third component showing minimal 

temporal variation and limited interpretability. For PAHs, the factor structure differentiated a 

group characterised primarily by lower molecular weight PAHs (Pyr and Flu, with 

contributions from BjF) consistent with heating-related and biomass combustion emissions, 

from a profile enriched in higher molecular weight (5–6 ring) compounds including BaA, BkF, 

BaP, BghiP, BbF and DahA, which are more commonly associated with traffic-related high-

temperature combustion processes. This separation supports the interpretation of at least two 

major influences: a combustion-driven component with a seasonal effect (consistent with 

heating-related emissions during the cold season) and a component dominated by heavier 

PAHs typically associated with traffic-related high-temperature combustion and proximity to 

road sources. 

For PTEs, NMF separated elements into two main groups. One grouping comprised Fe–Mn–

Cu, interpreted as a traffic-related non-exhaust source (consistent with vehicle component 

wear, brake/tyre wear, and resuspended road dust), while a second cluster including Pb–Zn–

Cd–As indicated a broader mixed anthropogenic influence, reflecting combined contributions 

from combustion-related activities and urban traffic influences. PCA highlighted strong 

collinearity among temperature, gas consumption and NO2, demonstrating that a single 

“heating-season axis” captures much of the shared variability in these predictors and is 

therefore critical for interpreting wintertime concentration elevations. Regression modelling 

using the extracted NMF components showed that the predictability differs across source-

related trends: the strongest performance was obtained for the Fe–Mn–Cu (traffic/wear) 
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component (R² ≈ 0.82), whereas the remaining NMF components showed notably lower 

explanatory power (R² ≈ 0.36 and R² ≈ 0.27), indicating additional complexity in PAH 

variability beyond the heating proxy and basic meteorological controls. Overall, Publication I 

establishes the main interpretative framework applied throughout the dissertation: PM10-bound 

PAHs and PTEs exhibit structured seasonal behaviour explained by emission intensity and 

meteorology, and multivariate factorisation can robustly separate source-related pollutant 

trends in an urban setting. 

1.8.2 Publication II overview 

This publication expands the scope from a single monitoring site to a city-scale framework 

based on four stations across Zagreb and forms the central spatio-temporal driver analysis of 

the dissertation. Using daily PM10 composition data, the study quantifies spatial contrasts 

among stations and evaluates which predictors best explain variability in PAHs and PTEs. The 

publication integrates multiple predictor classes, including meteorological conditions (with 

ERA5 data also), traffic indicators, gas consumption as a proxy for residential heating, and 

station-related factors that capture local context and proximity to sources. 

Methodologically, the main advancement is the use of supervised ML (RF) combined with 

SHAP to identify and interpret the dominant predictors of pollutant variability under complex, 

non-linear and interacting effects. The results show spatial variability across the monitoring 

network, with some stations exhibiting higher PAH levels and distinct PTE trends reflecting 

local environments and source proximity. Source-related interpretation is supported by 

factorisation, with components that separate pollutant mixtures into profiles consistent with 

heating-related combustion (Flu, Pyr) versus traffic-influenced PAHs enriched in higher-ring 

species. A main quantitative finding is that model performance is systematically higher for 

PAHs than for PTEs: RF achieved R² values of approximately 0.60–0.68 for PAHs, compared 

with approximately 0.24–0.42 for PTEs, suggesting that PAH variability was better captured 

by the predictor set, while PTE variability was more influenced by localised and episodic 

contributions. SHAP interpretation identified temperature and solar radiation as main drivers 

of PAH variability across stations (consistent with seasonal emissions and atmospheric 

processing), whereas PM10, NO2, and station effects were major predictors for PTEs, 

highlighting the combined influence of particle load, co-pollutant indicators, and site-specific 

conditions. Collectively, Publication II provides the dissertation’s strongest evidence on how 
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the relative importance of meteorology, heating, traffic, and location differs between PAHs and 

PTEs and across the different monitoring stations. 

1.8.3 Publication III overview 

Third publication examines cross-media pollutions by connecting atmospheric observations 

with levels in nearby urban soils, addressing whether trends observed in PM10 particles are 

reflected in longer-term deposition and accumulation in soils. The study is built on the concept 

of soil as a selective, time-integrated receptor that can preserve deposition over longer periods, 

with retention efficiency varying by pollutant class. Surface soils collected at selected locations 

near air quality monitoring stations are analysed for the same PAHs and PTEs across two 

seasons and two depth intervals (0–5 cm and 5–10 cm), for 3 years, enabling assessment of 

both seasonal accumulation and vertical concentration profiles. 

To compare air and soil levels, in the publication time-aggregated air concentration windows 

(1, 3 and 6-month rolling medians prior to each soil sampling campaign) were used, knowing 

that soil concentrations reflect cumulative inputs rather than day-to-day variability. The results 

show evidence of deposition-related coherence between air and soil for a subset of pollutants, 

with the strongest and most consistent air–soil associations observed for Pb and Cu. This is 

evident particularly when atmospheric concentrations are averaged over longer windows 

(approximately 3–6 months), supporting a cumulative deposition interpretation. Soil PAH 

concentrations covered a wide range (Σ11PAHs ≈ 1.2–524 µg/g), with higher levels at more 

urbanised locations. Depth analysis indicated that concentrations were often lower in the 5–10 

cm layer than in the 0–5 cm layer, consistent with surface enrichment, while several elements, 

most notably Pb (and partly Cu), showed trends consistent with longer-term accumulation and 

depth-dependent behaviour, suggesting that vertical redistribution and local site processes may 

contribute alongside deposition. For PTEs, soil levels were within the range expected for urban 

environments, while local enrichments, particularly for Cu and Zn, are consistent with traffic-

related non-exhaust inputs and resuspension. Fe and Mn concentrations remained within the 

expected range for the lithogenic background of Zagreb's alluvial substrate, although their 

strong positive air–soil correlations suggest a measurable anthropogenic contribution from 

traffic-related resuspension. Overall, Publication III shows that combining atmospheric 

monitoring with soil measurements strengthens interpretation of urban pollution across 
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different environmental matrices and provides an empirical basis for identifying which PAHs 

and PTEs show the clearest long-term deposition signals in the urban environment. 

1.9 Scientific contribution 

This dissertation advances the scientific understanding of urban environmental pollution by 

integrating multiple long-term datasets: measured concentrations of PAHs and PTEs in PM10, 

NO2, traffic density data, gas consumption data as a proxy for heating activity and 

meteorological parameters from both local stations and ERA5 reanalysis data. The study 

addresses a particularly complex urban pollution setting in which residential heating during 

cold seasons and year-round traffic emissions represent competing and temporally overlapping 

sources, whose relative contributions are difficult to understand using conventional approaches 

alone. Using a combination of statistical and ML approaches, including NMF, PCA, and RF 

models, the study identifies dominant pollution sources and quantifies their seasonal and spatial 

influences. The soil component of this research is particularly relevant from the perspective of 

environmental and urban geochemistry: by examining the geochemical distribution of PTEs 

and PAHs across urban soil profiles at two depth intervals, and by distinguishing anthropogenic 

enrichment from geogenic background contributions, this dissertation provides new insights 

into the geochemical behaviour of these elements in a continental urban setting. Additionally, 

the inclusion of PAHs and PTEs in soil samples collected near air monitoring stations offers 

new insights into soil as a long-term receptor of atmospheric pollutants. The multi-matrix 

design, simultaneously examining PAHs and PTEs in atmospheric PM10 and in urban soils 

collected near monitoring stations, further extends the scope of the analysis beyond short-term 

air quality assessment toward an evaluation of long-term pollutant accumulation and inter-

media transfer. To date, such a comprehensive and multidisciplinary approach, linking 

atmospheric measurements, source apportionment, and soil pollution, has not been applied in 

Croatia, and has been applied only in a limited number of studies across Europe, making this 

research a novel and valuable contribution to the field of air quality and environmental science. 

Beyond the Croatian and European context, several methodological aspects of this dissertation 

are not widely reported in the global air pollution literature. Most existing studies apply either 

receptor-style decomposition methods or ML-based driver attribution separately; the 

systematic combination of NMF source profiling with RF–SHAP predictor attribution 

alongside parallel soil sampling within a single analytical framework is, to the authors' 
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knowledge, rarely applied. The use of gas consumption as an explicit, quantitative proxy for 

residential heating intensity offers a more direct link between heating demand and pollutant 

variability than the calendar-based or temperature-based season definitions typically used in 

international studies. The time-aggregated air concentration windows applied in the air–soil 

comparison represent a methodological approach that goes beyond simple seasonal matching 

and enables evaluation of cumulative deposition at multiple time scales, an aspect that is not 

commonly addressed in the existing cross-media literature, where air and soil are typically 

compared using concurrent or annual mean concentrations. Finally, the measurement of the 

same suite of 11 PAHs and 7 PTEs in both atmospheric PM10 and urban soils using validated 

analytical protocols enables direct, pollutant-by-pollutant comparison across environmental 

matrices, which is rarely achieved in practice due to differences in monitoring programmes, 

analytical methods, or target compound lists between air and soil studies. 

This methodology, which effectively bridges atmospheric chemistry, data science, and soil 

science, offers a novel and valuable contribution to environmental science, providing a robust, 

data-driven framework for targeted air quality management and the assessment of long-term 

geochemical, ecological and human health risks in continental urban environments. 
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2 DISCUSSION 

2.1 Overview of main findings and overall interpretation 

Before addressing the broader implications and comparison with previous studies, it is 

important to interpret the main findings obtained across the three parts of this doctoral research. 

The results provide a comprehensive understanding of the occurrence, behaviour, and sources 

of PAHs and PTEs in PM10 and urban soils in the Zagreb area, explaining complex seasonal, 

spatial, and cross-media pollution trends. 

The atmospheric component revealed seasonal variations in PAHs concentrations with elevated 

levels during the heating season (Figure 5), which is common in urban areas (Balcioğlu et al., 

2021; Siudek, 2022; Y. Zhang & Tao, 2008) and was observed in previous studies at the area 

(Jakovljević et al., 2018; Račić et al., 2025). These findings corresponded closely with 

increased gas consumption and adverse meteorological conditions, highlighting the importance 

of domestic heating and reduced dispersion in explaining wintertime air quality (Ayoobi et al., 

2022; L. Zhang et al., 2001). Unlike PAHs, PTEs showed a less pronounced seasonal pattern 

(Figure S1), with generally higher concentrations observed during the colder months. This 

weaker seasonality suggests that while heating emissions may contribute to PTEs levels during 

winter, traffic-related sources such as brake wear, tyre abrasion, and road dust resuspension 

represent a more continuous year-round input (Arruti et al., 2010; Truong et al., 2022). 

Figure 5. Daily concentrations of selected PAHs (BaP, BghiP, and IP) in PM10 at the IMI monitoring 

station during the period 2017–2020 (ng/m3). 
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Overall, the atmospheric results indicate that wintertime PAHs increases are driven by the 

combined effects of seasonal emissions and meteorology, whereas PTEs variability shows a 

stronger contribution from traffic-related inputs and station-dependent influences. Consistent 

with this, predictive modelling captured PAHs variability more robustly than PTEs variability, 

indicating clearer seasonally structured drivers for PAHs and a larger role of localised 

processes for PTEs. The soil component showed heterogeneous pollutant distributions across 

Zagreb, with higher Σ11PAHs and PTEs concentrations near main traffic areas and older 

residential zones (Figure 6). 

Figure 6. Annual variation of sum PAHs (Σ11PAHs) concentrations in soil at depths (a) 0-5 cm; (b) 5-

10 cm at monitoring sites IMI, CEN, and SIG, in µg/g. 

It should be noted that the composite sampling approach, in which five subsamples were 

combined into a single sample per depth and season, was chosen to reduce the influence of 

small-scale spatial heterogeneity inherent to urban soils, following standard practice in urban 

soil research. However, this design does not yield within-site replicates or standard deviations, 

meaning that apparent seasonal difference, particularly at SIG, where absolute concentrations 

are low, may fall within the range of natural soil heterogeneity and analytical uncertainty. The 

seasonal patterns discussed here are therefore treated as indicative trends rather than 

statistically confirmed differences. 

Vertical gradients (0–5 cm vs. 5–10 cm) generally indicated surface enrichment consistent with 

atmospheric deposition, while spatial trends reflected proximity to sources identified in the air 

dataset. Correlation analysis indicated statistically significant relationships between airborne 

and soil concentrations of Pb and Cu across all temporal windows, while PAH associations, 
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including BaP and BghiP, became more apparent when atmospheric concentrations were 

integrated over longer periods (3–6 months), consistent with their cumulative deposition 

behaviour. 

Taken together, these findings suggest how traffic and residential heating act as major pollution 

sources in Zagreb, while meteorological conditions modulate their behaviour. The integration 

of soil and air data further highlights the cumulative but pollutant-specific nature of urban 

pollution, where persistent, particle-bound species show the clearest evidence of long-term 

accumulation in surface soils, while more volatile compounds exhibit weaker or temporally 

lagged deposition signals. These results form the basis for the subsequent discussion, which 

examines the identified emission sources and environmental drivers in greater depth, compares 

the observed patterns with those reported in other European cities, and explores the broader 

environmental and policy implications of the findings. 

2.2 Sources and drivers of PAHs and PTEs in the urban atmosphere 

The identification of sources and drivers of PM10-bound PAHs and PTEs in Zagreb requires 

distinguishing (i) emission-related sources linked to urban activities and (ii) meteorological 

factors that modulate dispersion, partitioning, and atmospheric processing. In this dissertation, 

source-related trends were analysed primarily through multivariate decomposition 

(PCA/NMF), while the relative influence of predictors was quantified using explainable ML 

(RF with SHAP interpretation). Together, these approaches provide complementary evidence 

on both source-related groupings and predictor attribution. The methodological combination 

applied here aligns with a broader trend in air-pollution studies, in which explainable ML is 

increasingly being combined with receptor-style decomposition to move beyond descriptive 

source profiles toward quantitative driver attribution (Jain et al., 2022; Pan et al., 2024; Peng 

et al., 2024; Rybarczyk & Zalakeviciute, 2018), an approach that has not previously been 

applied to PAHs and PTEs datasets in Croatia. 

Across the atmospheric datasets, multivariate grouping revealed at least two major urban 

influences (Figure 7). First, PAH groupings enriched in higher molecular weight compounds 

(5–6 ring PAHs), including BaP, BbF, BkF, DahA and BghiP, were interpreted as traffic-

influenced high-temperature combustion. This association between high-ring PAHs and traffic-

related combustion has been widely reported in urban PM studies (Gunawardena et al., 2012; 
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X. Liu et al., 2019). In contrast, PAHs with stronger representation of lower molecular weight 

compounds, most notably Flu and Pyr, showed pronounced seasonal behaviour and were 

interpreted as indicators of cold-season heating-related combustion, including residential 

biomass and fossil fuel burning. For PTEs, the grouping of Fe–Mn–Cu was consistent with 

non-exhaust traffic sources and resuspension processes, whereas Pb–Zn–Cd–As reflected a 

broader mixed anthropogenic signal potentially influenced by both traffic and combustion-

related emissions. Fe and Mn are major crustal elements whose presence in PM10 may partly 

reflect resuspension of lithogenic soil material alongside non-exhaust traffic emissions; their 

dual origin complicates straightforward source attribution and is consistent with the strong air–

soil correlations observed for these elements. Similarly, As concentrations in PM10 may include 

a geogenic component linked to the regional geological substrate, in addition to combustion-

derived inputs. 
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Figure 7. NMF bi-plots for PAHs and PTEs in PM10 at four monitoring stations 
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This separation is consistent with the expected emission mechanisms: PAHs are strongly 

affected by combustion intensity and atmospheric processing, whereas several PTEs are 

emitted through more mechanically driven processes and show stronger site dependence. 

Taken together, these PAHs and PTEs groupings align with source-apportionment outcomes 

widely reported in European and global studies (Dvorská et al., 2011; Fussell et al., 2022; 

Grigoratos & Martini, 2015; Ribeiro et al., 2012; Vardar et al., 2008). Figure 8 shows main 

PAHs and PTEs sources in urban environments. 

Figure 8. Main PAHs and PTEs sources in urban environments (adapted according to Pacyna & 

Pacyna, 2001; Ravindra et al., 2008) 

Explainable ML strengthened these interpretations by quantifying the relative importance and 

directionality of predictors. Model performance was systematically higher for PAHs than for 

PTEs (PAHs R² up to ~0.68 vs. PTEs up to ~0.42), indicating that PAH variability is more 

consistently captured by the predictor set (meteorology + proxies for heating/traffic), while 

PTEs variability is more influenced by localised and episodic processes. SHAP analysis (Figure 

9) highlighted temperature and solar radiation as main drivers for PAHs, with mechanistic 

interpretation discussed in Section 3.2.1. 

In contrast, PTEs variability was more strongly associated with PM10, NO2, and site-related 

factors, supporting the interpretation that particle load, traffic intensity, co-pollutant conditions, 

and local source proximity are most important variables. Overall, the combined results indicate 

that wintertime elevations of PM10-bound PAHs in Zagreb are primarily driven by the 

interaction between increased combustion emissions during the heating season and 
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meteorological conditions that favour accumulation (low temperatures, reduced solar radiation, 

low wind speeds, and stable atmospheric conditions associated with temperature inversions), 

whereas PTEs trends reflect a stronger contribution of traffic-related non-exhaust processes 

and spatial heterogeneity. This differentiation is important for mitigation, as it implies that 

reductions in PAHs require measures targeting cold-season combustion sources, while 

effective control of PTEs additionally depends on traffic management and strategies that 

address non-exhaust emissions and resuspended road dust. 

2.2.1 Seasonal and meteorological effects 

The strong seasonal effects observed in PAHs concentrations is consistent with the 

physicochemical properties of these compounds. Their semi-volatile nature results in enhanced 

partitioning to PM at low temperatures, leading to increased persistence in winter. In contrast, 

during warmer months, volatilization and photochemical degradation dominate, reducing 

atmospheric concentrations (Naydenova et al., 2022). This inverse relationship between PAHs 

and temperature or solar radiation was clearly revealed by the RF and SHAP analyses, which 

identified these meteorological variables as main predictors of PAHs variability. SHAP plots 

indicated that temperature exerted a non-linear negative influence on PAH concentrations, a 

pattern consistent with temperature thresholds reported in other urban studies, where small 

decreases in cold conditions produced disproportionately large increases in PAH levels 

(Michalicová et al., 2024; Shin et al., 2022). This threshold-like behaviour is consistent with 

the temperature sensitivity of gas–particle partitioning for semi-volatile organics and with 

reduced atmospheric processing under low irradiance in winter. However, it should be noted 

that temperature is also strongly correlated with residential heating activity, meaning that its 

negative association with PAH concentrations likely reflects a combination of direct 

physicochemical effects and indirect emission-driven seasonality; disentangling these 

contributions remains inherently difficult in observational datasets affected by 

multicollinearity among meteorological and anthropogenic predictors. 

For PTEs, meteorological impact was less notable, reflecting their predominantly mechanical 

emission mechanisms. While wind speed and atmospheric pressure influenced short-term 

dispersion, their overall temporal variability was modest compared to combustion-related 

PAHs. Elements such as Fe and Cu exhibited stable annual concentrations, explaining their 

connection to constant sources like traffic. In contrast, Cd and As showed stronger winter 
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maximum concentrations, reflecting their partial association with combustion and coal-derived 

aerosols, consistent with findings reported in other studies (Elminir, 2005; Grigoratos & 

Martini, 2015; Piscitello et al., 2021; Qi et al., 2016). Overall, PAHs were more strongly 

modulated by thermodynamic and photochemical conditions, whereas PTEs variability 

reflected a larger contribution from persistent emissions and local dispersion conditions. 

2.2.2 Spatial distribution and influence of urban characteristics 

Spatial differences among monitoring stations provided additional information into local 

source contributions. The SIG and ZG-3 stations, located in the southern part of the city near 

major traffic corridors, consistently recorded higher concentrations of Fe, Cu, Zn, and traffic-

associated PAHs. This trend is partly connected to the prevailing north-to-south wind direction 

in Zagreb, which transports pollutants from the city centre toward the southern districts of Novi 

Zagreb, where the proximity to the Sava river and associated microclimatic conditions, 

including frequent fog formation and reduced mixing, promote pollutant accumulation, 

particularly during winter months (Bešlić et al., 2007; Sopčić et al., 2024). In contrast, IMI 

and ZG-1, situated in residential or mixed-use areas, exhibited relatively lower levels with a 

stronger winter heating signal. Comparable roadside-background contrasts and near-road 

gradients (with concentrations decreasing towards background within a few hundred metres 

from major roads) are widely documented in the literature (Karner et al., 2010). For PTEs, Cu 

and Fe (often with Zn) are well-established tracers of non-exhaust traffic emissions (brake/tyre 

wear and resuspension), which typically show the strongest enrichment at traffic-influenced 

sites (Fussell et al., 2022; Grigoratos & Martini, 2015). 

These spatial contrasts were further reflected in NMF bi-plots, where traffic-associated 

compounds showed stronger loadings at SIG and ZG-3, while heating-related PAHs dominated 

at IMI during winter months. Such findings emphasize the importance of local urban 

morphology and land-use patterns in determining exposure gradients, supporting the argument 

that city-specific emission inventories should integrate land-use and traffic microdata rather 

than relying on generalized assumptions. The multi-site design of this research was thus critical 

in capturing urban variability, which is often overlooked in national monitoring networks. 
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2.2.3 Application of ML for identifying environmental drivers 

Traditional linear approaches such as PCA and regression models are powerful for exploring 

variability and latent trends in pollution but are often limited when relationships between 

predictors and pollutant concentrations are non-linear. To address this, RF regression was 

applied in this research as a flexible, non-parametric method capable of capturing complex 

dependencies between predictors and pollutant concentrations (Pan et al., 2024; Rubal & 

Kumar, 2018). Air pollution time series typically exhibit strong non-linearities, interactions 

between emissions and meteorology, and partial collinearity among predictors (e.g., 

temperature, heating proxies and co-pollutants). In this context, tree-based ensemble models 

such as RF are widely used for meteorological normalisation and trend attribution because they 

flexibly capture non-linear responses without strong parametric assumptions. SHAP further 

supports transparent interpretation by quantifying the direction and magnitude of predictor 

contributions in a consistent additive framework (Grange et al., 2018; Mallet, 2021). RF 

models were developed separately for PAHs and PTEs using an expanded set of predictors, 

including meteorological parameters, gas consumption as a proxy for residential heating, NO₂ 

as an indicator of combustion processes, and temporal or spatial identifiers representing 

measurement stations and seasons. 

RF models achieved higher predictive accuracy than the linear regression models applied in 

the earlier publication, particularly for PAHs, where R² reached up to 0.68, compared to 0.42 

for PTEs. This difference highlights the inherently non-linear behavior of semi-volatile organic 

compounds, whose concentrations depend simultaneously on emission intensity, 

meteorological transformation, and atmospheric processes. For PTEs, where sources are often 

more mechanical and temporally stable, the predictive advantage of RF was smaller but still 

evident, particularly under variable dispersion conditions. The SHAP analysis, applied as a 

post-hoc interpretation to RF outputs, provided quantitative analysis into variable importance 

and direction (Figure 9). 
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Figure 9. SHAP Feature Importance for best (BkF) and worst (Pb) models. The x-axis shows the SHAP 

value, representing the impact of each feature on the model output. Positive SHAP values indicate an 

increase in pollutant concentration, while negative values indicate a decrease. 

SHAP results indicated that lower temperatures and lower solar radiation were associated with 

higher PAH concentrations, while gas consumption showed a positive contribution during the 

heating period. For PTEs, predictor importance was more strongly linked to PM10, NO2, and 

station-related effects, consistent with the importance of particle load, co-pollutant conditions, 

and local site context. It should be noted that predictor importance as quantified by SHAP 

reflects statistical associations within the model and does not constitute direct causal attribution 

or quantitative source apportionment. The identified predictors serve as proxies for underlying 

emission and transformation processes rather than as directly measured source contributions. 

Similar RF–SHAP workflows have been applied in air pollution studies to interpret 

meteorological controls and complex predictor interactions, supporting the relevance of 

explainable ML for environmental driver attribution (Rybarczyk & Zalakeviciute, 2018). 

Higher wind speeds were generally associated with lower concentrations, consistent with more 

effective dispersion, although the strength and shape of this association varied by pollutant. 

Overall, combining receptor-style decomposition (NMF) with explainable ML (RF–SHAP) 

provided an interpretable framework for linking pollutant variability to measurable predictors. 
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This integration also helped distinguish broadly seasonal drivers from site-dependent 

influences. 

2.3 Air–soil coherence and accumulation processes 

Urban soils act as long-term receptors of atmospheric deposition and can preserve pollution 

that are not evident from air measurements alone (Cui et al., 2024; P. Liu et al., 2023). In this 

dissertation, the soil component enabled an evaluation of whether PM10-bound PAHs and PTEs 

measured in Zagreb show deposition-related coherence with concentrations in nearby soils, and 

over which time scales such relationships are most detectable. Two depth intervals (0–5 cm 

and 5–10 cm) provided additional evidence on whether contaminants are primarily retained 

near the surface, as expected for deposition-driven accumulation. 

The interpretation of air–soil relationships require consideration of both the anthropogenic and 

the geogenic background concentrations inherent to the local soil parent material. Elements 

such as Fe and Mn are major constituents of crustal minerals and their soil concentrations in 

Zagreb were broadly consistent with values previously reported for Zagreb soils (Halamic & 

Miko, 2009; Romic & Romic, 2003). However, the strong positive air–soil correlations 

observed for these elements indicate that atmospheric deposition from traffic-related 

resuspension provides a measurable anthropogenic contribution added to the lithogenic 

baseline. 

Air–soil relationship was most consistent for particle-bound PTEs (e.g., Pb and Cu), supporting 

deposition-driven transfer for these elements, whereas PAH coherence was more compound- 

and time-window dependent, consistent with their semi-volatile behaviour and post-

depositional processes. Accordingly, air–soil relationships for several PAHs strengthened 

when air concentrations were aggregated over longer windows (3–6 months), reflecting 

seasonal-scale integration rather than day-to-day variability. 

To explore the correlation between atmospheric and soil pollution, Spearman correlation 

analysis was applied to paired datasets of air and soil concentrations for corresponding 

pollutants. Statistically significant positive correlations were identified for Pb (R = 0.94, p = 

0.005) and Cu (R = 0.71) at 0–5 cm depth, while PAH associations, including heavier 

compounds such as BaP and BghiP, became statistically significant only when atmospheric 

concentrations were integrated over longer periods (3–6 months). These associations indicate 

that areas experiencing elevated atmospheric concentrations of these pollutants also tend to 
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exhibit higher soil concentrations, consistent with deposition-driven transfer. The strength of 

correlations was higher for traffic-related pollutants (Pb, Cu, Zn, BaP, BkF), suggesting that 

near-surface soil layers act as an integrated archive of urban emission activity. Interestingly, 

low- to mid-molecular-weight PAHs such as Flu and Pyr showed weaker air–soil relationships, 

likely due to their higher volatility and lower deposition efficiency. These compounds are more 

susceptible to photochemical degradation and volatilization, leading to shorter atmospheric 

lifetimes and less accumulation in soil. Comparable findings have been recorded in other 

European urban soil studies, which indicated that atmospheric PAHs with fewer aromatic rings 

are more prone to re-emission and degradation, resulting in limited soil retention (G. Li et al., 

2018; Škrbić et al., 2017). Conversely, high-ring PAHs and traffic-associated PTEs behave as 

persistent, low-mobility pollutants, whose deposition contributes to long-term soil pollution 

even after emission reductions. These results highlight that soil does not function as a uniform 

archive of atmospheric pollution, but rather as a selective, time-integrated receptor whose 

response varies across different pollutant. For PTEs, particularly Pb and Cu, the strong and 

consistent air–soil correlations reflect their chemical persistence, low mobility in soil, and 

predominantly particle-bound atmospheric transport, all of which favour efficient deposition 

and long-term retention in surface soils. For PAHs, however, the air–soil relationship is more 

complex: their semi-volatile nature means that post-depositional processes, including re-

volatilisation under higher temperatures, photochemical and microbial degradation, 

partitioning to soil organic matter, and vertical redistribution through the soil profile, can 

modify or obscure the original atmospheric signal. This explains why air–soil correlations for 

PAHs were generally weaker, often negative at short time windows, and became significant 

only when atmospheric concentrations were integrated over longer periods, reflecting the time 

needed for cumulative deposition to exceed post-depositional losses. Consequently, the degree 

to which soil concentrations reflect atmospheric inputs is pollutant-specific and cannot be 

generalised across different measured compounds. 

The correlation structure observed in Zagreb’s dataset also revealed the temporal differences 

between emission events and soil accumulation. While air concentrations fluctuate on daily or 

seasonal scales, soil concentrations integrate these variations over years, smoothing out short-

term dynamics. This makes soil a valuable environmental indicator for assessing historical and 

cumulative pollution exposure, complementing the temporally resolved information obtained 

from air quality monitoring. The observed accumulation trends can be explained by several 

connected processes governing pollutant transfer from air to soil. Dry deposition of particles is 

particularly important for PAHs and PTEs attached to PM10 particles, where gravitational 
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settling and impaction dominate. In contrast, wet deposition through rainfall contributes to the 

transfer of both particle-bound and dissolved species. Once deposited, pollutant retention in 

soil depends on chemical and physical factors such as organic carbon content, pH, and texture. 

Soils rich in organic matter tend to adsorb and stabilize hydrophobic PAHs, while acidic 

conditions can enhance PTEs mobility. The predominance of clay-rich and moderately acidic 

soils in Zagreb promotes partial immobilization of PTEs, reducing leaching but enhancing 

long-term persistence (Romic & Romic, 2003). 

2.3.1 Soil pollution profiles and spatial differences 

Soil concentrations of Σ11PAHs and the analysed PTEs showed spatial heterogeneity across the 

Zagreb urban area. Higher concentrations were observed at locations characterised by denser 

urban fabric and stronger traffic influence, while comparatively lower levels occurred at more 

open residential settings with reduced direct traffic exposure, consistent with the well-

documented micro-scale dependence of urban soil pollution (Różański et al., 2017). Across 

sites, concentrations were generally higher in the 0–5 cm layer than in the 5–10 cm layer, 

indicating that recent and ongoing atmospheric inputs are primarily retained in the upper soil 

horizon, with limited downward redistribution on short time scales (Alloway, 2013; Wilcke et 

al., 2005). 

Among PAHs, high-molecular-weight compounds (e.g., BaP, BghiP, IP) tended to show the 

clearest spatial contrasts and depth persistence. This behaviour is consistent with their low 

vapour pressures and strong affinity for PM and soil organic carbon, which favours deposition 

and stabilisation in surface soils and slows post-depositional losses through volatilisation and 

degradation (Guerreiro et al., 2016; Wang et al., 2018; Wilcke et al., 2005). In contrast, 

lighter PAHs typically exhibit weaker depth persistence due to greater volatility and higher 

susceptibility to degradation and re-emission after deposition, which can blur spatial gradients 

in soils (Cachada et al., 2018). A notable exception was the CEN station, where Σ11PAH 

concentrations at 5–10 cm consistently equalled or exceeded those at 0–5 cm, with the most 

extreme case in spring 2020 (524 vs. 106 µg/g). This inverted depth profile suggests that 

elevated PAH levels at CEN reflect local subsurface contamination in the old city centre rather 

than recent atmospheric deposition, possibly amplified by physical disturbance during post-

earthquake clean-up activities in 2020. 
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For PTEs, Pb, Cu and Zn generally showed the most pronounced enrichment in urban soils, 

consistent with their association with traffic-related sources and particle-bound deposition. Pb 

often reflects legacy accumulation from historical leaded fuel emissions; the strong air–soil 

correlations observed in this study further suggest that ongoing atmospheric deposition 

continues to supplement these historically accumulated soil pools. Cu and Zn are widely used 

indicators of non-exhaust traffic emissions such as brake and tyre wear and road dust 

resuspension (Grigoratos & Martini, 2015). By contrast, Fe and Mn are major lithogenic 

elements, although a measurable anthropogenic contribution from atmospheric deposition 

cannot be excluded; their spatial gradients in urban soils are therefore generally weaker unless 

local resuspension or industrial point sources create measurable enrichment (Alloway, 2013; 

Reimann, 1998; Wedepohl, 1995). Beyond atmospheric deposition, urban soils are also 

subject to direct local inputs that can complicate source interpretation. These include fuel and 

motor oil leakage from vehicles, spillage of chemical substances, improper waste disposal, and 

the use of metals in construction and infrastructure works. Such point-source contributions 

operate independently of atmospheric pathways and may create localised enrichment patterns 

that are difficult to disentangle from deposition-driven accumulation, adding further 

complexity to the interpretation of soil pollution profiles in heterogeneous urban environments. 

The depth distribution of PTEs across the two sampled intervals further reflects their 

geochemical behaviour: elements with strong affinity for soil organic matter and fine mineral 

fractions, such as Pb and Cu, tend to accumulate in the uppermost horizon where organic matter 

content is highest, whereas elements with greater mobility under local pH and redox conditions 

may show less pronounced depth gradients (Kabata-Pendias, 2010). Overall, the observed 

soil profiles support a mixed urban pollution signature in which traffic proximity and local 

urban structure act as primary determinants of hotspot formation. 

2.4 Comparison with European urban studies 

When placed in the context of European urban air pollution research, the patterns observed in 

Zagreb are consistent with those reported for medium-sized Central and Southern European 

cities affected by a combination of residential heating and traffic emissions 

(https://www.eea.europa.eu/en, accessed on 15 March 2026). Across the region, wintertime 

peaks in particle-bound PAHs are commonly attributed to intensified residential combustion, 

compounded by stable atmospheric conditions such as temperature inversions that suppress 

vertical mixing and reduce pollutant dispersion. Studies from Ljubljana and Budapest similarly 
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identify heating-related combustion and traffic as the dominant contributors to urban PAH 

mixtures, with higher cold-season concentrations and a stronger contribution of high-

molecular-weight PAHs at traffic-influenced locations (Drventić et al., 2023; Szaniszló & 

Ungváry, 2001). In this respect, Zagreb follows a comparable source structure, with clear 

seasonality and source-resolving profiles that separate a more traffic-influenced PAHs from a 

cold-season combustion related one. 

For PTEs in PM10, the Zagreb results also align with evidence from other European cities where 

Fe, Cu, and Zn are repeatedly linked to traffic-related non-exhaust emissions and resuspension, 

while elements such as Cd, Pb, and As often reflect mixed influences including residual 

industrial contributions and combustion-related sources. Concentrations of PTEs in PM10, 

including Pb, As, Cd, and Ni, remain below the EU target values for As, Cd and Ni and the 

limit value for Pb (Pb: 0.5 µg/ m³; As: 6 ng/m³; Cd: 5 ng/m³; Ni: 20 ng/m³) (Directive 

2008/50/EC) throughout the study period, and are broadly comparable to levels reported at 

urban background stations in other Central and Southern European cities. Such results have 

been reported for cities including Barcelona and Milan and are broadly consistent with the 

station-dependent variability observed across Zagreb’s monitoring network (Amato et al., 

2009; Bernardoni et al., 2011). A methodological strength of the Zagreb framework is the use 

of gas consumption as an explicit heating proxy, which offers a direct, quantitative connection 

between heating demand and pollution dynamics and supports more specific interpretation of 

cold-season drivers than approaches relying only on calendar-based season definitions. Soil 

PTEs concentrations measured by portable XRF in this study are broadly consistent with values 

reported for urban soils in other Central European cities, with Pb, Cu and Zn showing the most 

pronounced anthropogenic enrichment. The XRF method applied here has been shown to 

provide reliable quantification for these elements, with strong correlations with ICP-MS and 

ICP-OES reference methods reported for Pb, Cu and Zn (R2 > 0.90), while accuracy for Cd and 

Ni at lower concentration ranges may be more limited (Jenkins et al., 2025; Romzaykina et 

al., 2024). The observed enrichment of Pb, Cu and Zn in Zagreb's urban soils is consistent with 

patterns reported in urban geochemical research across European cities, where these elements 

are identified as markers of anthropogenic overprint on the natural geochemical baseline 

(Ajmone-Marsan & Biasioli, 2010; Biasioli et al., 2007). 

A further contribution of this dissertation, compared with much of the European literature, is 

the integration of multi-station atmospheric observations with targeted soil sampling. Many 

European studies investigate air and soil pollution separately, whereas the Zagreb dataset 
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allows evaluation of whether patterns observed in PM10 are reflected in longer-term 

accumulation in nearby urban soils. This inter-media and geochemical perspective support 

interpretation of urban pollution as a complex system, where short-term atmospheric variability 

and long-term soil deposition can be assessed together, strengthening the evidence base for 

both air quality management and long-term pollution assessment. 

2.5 Environmental and health implications 

The coexistence of elevated airborne concentrations and soil accumulation of carcinogenic 

PAHs such as BaP, as well as potentially toxic elements like Pb and Cd, revealed the potential 

for multi-pathway human exposure in urban environments. PAHs and PTEs in ambient air 

represent a significant public health concern in urban environments, as prolonged inhalation of 

PM-bound pollutants has been associated with respiratory and cardiovascular diseases, as well 

as genotoxic and carcinogenic effects (Dominici et al., 2003; Kampa & Castanas, 2008; 

Vilcassim & Thurston, 2023), as shown in Figure 10. While air inhalation represents an acute 

exposure route, soil and dust ingestion or dermal contact contribute to chronic, low-dose 

exposure, especially in children and populations living near busy roads. The persistence of 

these substances in soil also implies that reductions in atmospheric emissions may not 

immediately translate into lower human exposure, as resuspension and soil–air exchange can 

maintain background levels for years. Similar conclusions were drawn in other studies, which 

highlighted that soils act not only as sinks but also as secondary emission sources under certain 

meteorological conditions (Cachada et al., 2018; X. Zhang et al., 2023). 
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Figure 10. Conceptual overview of urban exposure pathways and major health outcomes associated 

with air pollution. The schematic is adapted from general mechanisms and health endpoints described 

in (Kampa & Castanas, 2008), created using ChatGPT, version 5.2 and Adobe Illustrator, version 

29.5.1. 

Therefore, understanding the sources of both atmospheric and soil pollution is essential for 

long-term environmental management. The results from Zagreb indicate that traffic-related and 

heating-derived emissions not only impact short-term air quality but also have lasting effects 

in urban soils, with implications for environmental health risk assessment and urban planning. 

The spatio-temporal datasets, source profiles, and air–soil associations generated in this 

dissertation provide a foundation for quantitative health risk and environmental risk 

assessment, including inhalation risk from PM-bound PAHs and PTEs, as well as ingestion and 

dermal exposure pathways through contaminated urban soils. 

2.6 Limitations and uncertainties 

While this study provides valuable information about the spatio-temporal behaviour of PAHs 

and PTEs in PM and soil, as well as the impact of meteorological and anthropogenic factors, 

several limitations and uncertainties must be acknowledged. First, the resolution of the dataset 

for first paper, primarily based on monthly averages constrains the analysis of short-term 

pollution spikes and rapid meteorological changes, which could be important for understanding 

acute exposure risks. Higher temporal resolution (daily or hourly) could uncover different 

dynamics and improve the sensitivity of source apportionment what is used in second paper. 

Secondly, although gas consumption was used as a proxy for residential heating, this variable 
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alone cannot fully capture the complexity and diversity of heating practices in urban areas. The 

lack of disaggregated data on the specific number of households using wood, coal, or other 

biomass fuels limits the accuracy of associating observed pollutant concentrations with specific 

emission sources (Denier Van Der Gon et al., 2015; Du et al., 2017). The assumption that 

gas consumption aligns with general heating demand is reasonable but introduces uncertainty, 

especially in neighbourhoods with mixed energy usage. 

Another limitation lies in the reliance on data from a single or a limited number of monitoring 

stations, particularly when making broader inferences about urban-scale pollution behaviour. 

While IMI and other Zagreb air quality monitoring stations offer a valuable long-term dataset, 

the variability across microenvironments, influenced by traffic density, topography, and local 

industrial activities cannot be fully accounted for in this setup. The lack of vertical sampling 

and comparisons of indoor and ambient air further constrains the ability to track pollutant 

migration across environmental compartments. In terms of analytical methodology, while PCA 

and NMF offer powerful tools for dimensionality reduction and pattern recognition, they also 

carry certain assumptions and weaknesses. PCA assumes linear relationships and can obscure 

non-linear interactions among variables. NMF, though better suited for non-negative 

environmental data, is sensitive to the number of components selected and may not always give 

stable solutions. Interpretability of NMF components requires a degree of subjectivity, as factor 

profiles do not directly map to clearly defined emission sources without additional tracer 

information. 

The regression models, while statistically valid, explain only part of the variability in NMF-

derived components. This suggests the presence of additional, unmeasured variables 

influencing pollutant behaviour, such as industrial activity, localized combustion, atmospheric 

chemistry, or long-range transport. Moreover, multicollinearity, while addressed using PCA, 

still poses challenges for causal interpretation, especially in observational studies without 

experimental control. 

Finally, uncertainties arise from measurement errors, detection limits, and sample handling 

procedures, particularly for trace-level analytes like PAHs and some PTEs which are present 

in low levels. Although some differences may arise if different analytical techniques are 

applied (for example, PTEs were quantified using different analytical techniques across 

compartments: ICP-MS for PM10 samples and XRF for soil samples). 

Recognising these limitations does not undermine the study's conclusions, but it highlights the 

need for cautious interpretation and continued methodological refinement. Future research 
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would benefit from higher temporal resolution, expanded spatial coverage, more detailed 

emission indicators, and further development of harmonised analytical workflows to strengthen 

comparability between atmospheric and soil datasets. 

2.7 Future research direction 

Building upon the insights from this study, several ideas for future research are identified to 

enhance the understanding of PAHs and PTEs in the environment, as well as to refine the 

methodologies used in air and soil pollution assessment. Among the immediate methodological 

priorities, the development and validation of an ICP-MS based analytical workflow for soil 

PTEs quantification is planned, which will enable direct cross-validation with the XRF 

measurements applied in this dissertation and strengthen the quantitative comparability of air 

and soil datasets in future studies. 

Second, expanding the temporal scope of monitoring beyond the four-year period could offer 

deeper insights into long-term trends, enabling assessment of whether air quality management 

policies and changes in energy or transport infrastructure have had measurable effects. 

Third, incorporating finer spatial resolution by adding more monitoring locations within the 

city and its surrounding regions would enable a better understanding of spatial heterogeneity 

and the influence of localized emission sources, such as specific industrial facilities, residential 

heating practices, or traffic patterns. This could also include high-resolution mapping using 

satellite data or mobile monitoring units. In particular, the systematic deployment of traffic 

counters near monitoring stations and along major roads would be highly valuable, as 

continuous and spatially resolved traffic flow data are not available for this area. Such data 

would allow more direct quantification of traffic-related emission contributions and improve 

the specificity of source attribution models. 

Fourth, in-depth analysis of additional environmental matrices such as vegetation, sediments, 

and indoor dust could improve source identification and exposure assessment. Since soil was 

identified as an important receptor of airborne pollutants, further investigation into soil 

properties influencing pollutant retention and mobility would be valuable, including 

experimental studies under controlled conditions. 

Fifth, the geochemical component of the soil analysis represents a particularly valuable results 

for future development. Future research should quantify the geogenic background 

concentrations of PTEs in Zagreb's urban soils by reference to local parent material 
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composition and apply enrichment factor calculations using lithogenic reference elements 

(such as Fe or Al) to more rigorously distinguish natural from anthropogenic contributions. 

Geostatistical mapping of PTEs and PAHs across a denser sampling grid would enable the 

construction of urban geochemical baseline maps, which are essential for long-term 

contamination assessment and land-use planning. Expanding soil sampling to include deeper 

horizons and sediment cores from nearby water bodies would further support interpretation of 

long-term geochemical accumulation and vertical redistribution processes. The soil component 

of this dissertation, as the first systematic urban air-soil dataset of this kind in Zagreb, provides 

the foundation for such geochemical investigations and underscores the relevance of this 

research to the broader field of environmental and urban geochemistry. 

Sixth, the development and application of advanced ML models, including deep learning 

architectures or hybrid approaches, could enhance the predictive accuracy and robustness of 

source apportionment analyses. Future studies may also integrate causal inference techniques 

to move beyond correlation and toward a more mechanistic understanding of pollution 

dynamics. 

Seventh, combining chemical data with human exposure and health outcome data would offer 

a more comprehensive picture of environmental risks. This could be achieved through 

interdisciplinary collaboration involving environmental science, public health, and 

epidemiology. 

Lastly, given the limitations of gas consumption as a proxy for heating-related emissions, future 

work should seek to incorporate more direct indicators of heating types and usage, as well as 

real-time traffic data, which would improve the accuracy of source attribution models. 

Altogether, these research directions can contribute to a more comprehensive and actionable 

understanding of environmental pollution and human exposure and inform more effective 

mitigation strategies. 
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3 CONCLUSION 

This dissertation provides a comprehensive investigation into the spatio-temporal patterns and 

environmental drivers of PAHs and PTEs in PM (PM10) and urban soil, with a particular focus 

on the Zagreb area. By combining traditional statistical methods with modern ML approaches, 

such as NMF, PCA, and RF, this research offers new insights into pollutant behavior, source 

identification, and seasonal dynamics. The soil component of this work further contributes to 

the fields of environmental and urban geochemistry by examining the geochemical distribution 

of PTEs and PAHs in urban soil profiles, distinguishing anthropogenic enrichment from 

geogenic background contributions, and linking atmospheric deposition to long-term 

geochemical accumulation in surface soils. 

The results indicate that air pollution in Zagreb is strongly shaped by seasonal factors, 

especially during the colder months when increased residential heating significantly elevates 

PAH concentrations. Compounds such as BaP, Flu, and Pyr show clear seasonal trends, closely 

linked to temperature and gas consumption patterns. Solar radiation further modulates PAH 

behavior through degradation pathways, particularly under high UV exposure. In contrast, 

PM10 and NO2 serve as markers of broader anthropogenic activity and correlate with PTEs like 

As, Cd, and Pb, indicating sources such as traffic emissions, industrial combustion, and 

regional atmospheric transport. 

Source identification through NMF revealed at least three potential pollution sources: (1) a 

traffic-related source characterised by higher-molecular-weight PAHs (BaA, Chry, BkF) and 

non-exhaust PTEs (Fe, Cu, Mn), (2) a residential heating profile associated with lower-

molecular-weight PAHs (Flu, Pyr) and (3) a mixed industrial/heating influence with Cd, As, 

Pb, and Zn. These signatures were further supported through regression models and SHAP-

based ML interpretations, showing the explanatory power of meteorological parameters, gas 

usage, and NO2 levels in predicting pollutant concentrations. While PAHs exhibited more 

stable and predictable seasonal behavior, PTEs displayed more complexity due to their episodic 

or industrial origins. 

Additionally, the spatial dimension of the study highlighted localized pollution hotspots, with 

higher concentrations of traffic- and industry-related pollutants at sites like SIG and ZG-3, 

while lower overall concentrations were observed at IMI and ZG-1, reflecting reduced 

industrial and traffic influence at these sites. Urban soils acted as long-term geochemical 
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receptors of atmospheric pollution, with surface enrichment of Pb, Cu and Zn above geogenic 

background levels consistent with sustained anthropogenic deposition, while Fe and Mn 

concentrations remained closer to lithogenic baseline values, reflecting their predominantly 

crustal origin. This research is the first of its kind in Croatia to integrate high-resolution 

environmental data, meteorological variables, traffic data, energy usage statistics, and ML 

techniques to investigate air and soil pollution, and represents a novel contribution to 

environmental and urban geochemistry in the Croatian and broader Central European context. 

The findings underscore the necessity of seasonally adaptive air quality management, 

especially in relation to heating emissions in winter and traffic emissions year-round. 

Policymakers and urban planners can use these results to implement targeted mitigation 

strategies, such as cleaner heating initiatives, traffic regulation, and improved emission 

monitoring in identified hotspot areas. 

Returning to the hypotheses formulated at the beginning of this research, the following 

conclusions can be drawn. 

Hypothesis (i), that seasonal heating patterns drive PAHs and PTEs variability in air, was 

largely supported by the results. PAH concentrations showed clear seasonal trends linked to 

temperature, solar radiation, and gas consumption as a heating proxy. For PTEs, however, the 

seasonal signal was less pronounced, and their variability was more strongly associated with 

traffic-related and site-specific factors, indicating that hypothesis (i) applies more strongly to 

PAHs than to PTEs. 

Hypothesis (ii), that traffic emissions represent a main source of PAHs and PTEs in both air 

and soil, was supported but not uniformly across all pollutants. NMF and SHAP analyses 

identified a distinct traffic-related component characterised by higher-molecular-weight PAHs 

(BaA, Chry, BkF) and non-exhaust PTEs (Fe, Cu, Mn), with the highest concentrations 

observed at traffic-influenced stations. However, the contribution of traffic relative to heating 

varied by compound and season, and the RF models indicated that traffic-related predictors 

were more important for PTEs than for PAHs, for which meteorological and heating-related 

variables dominated. In soil, traffic influence was supported by the enrichment of Cu and Zn 

at traffic-influenced locations, although spatial patterns for PAHs in soil did not consistently 

mirror the atmospheric traffic signal, with the highest soil PAH concentrations observed at the 

urban centre. 

Hypothesis (iii), that urban soils accumulate PAHs and PTEs from the atmosphere, was 

partially supported. Strong and consistent air–soil correlations were observed for Pb and Cu, 
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supporting deposition-driven accumulation for these persistent, particle-bound elements. For 

PAHs, however, air–soil relationships were weaker, compound-specific, and emerged only at 

longer temporal integration windows, reflecting the modifying influence of post-depositional 

processes such as volatilisation, degradation, and sorption to soil organic matter. Consequently, 

soil functions as a selective, time-integrated receptor rather than a uniform archive of 

atmospheric pollution, with the clearest deposition signals limited to persistent PTEs and high-

molecular-weight PAHs. Seasonal variability in soil concentrations was limited, which is 

expected given that soil integrates inputs over years to decades and responds more slowly than 

the atmosphere to short-term emission changes. 

Looking ahead, future research should aim to expand this work by incorporating additional 

monitoring sites, higher-resolution temporal data, and more detailed information on fuel types, 

traffic and emission sources. Developing urban geochemical baseline maps for Zagreb and 

expanding soil sampling to include deeper horizons and sediment cores would further 

strengthen the geochemical interpretation of long-term pollutant accumulation. Integrating 

satellite-based remote sensing and longer-term soil monitoring could also enhance the 

understanding of pollutant deposition and accumulation processes. Ultimately, this work 

contributes to a deeper understanding of urban environmental health and urban geochemistry 

and supports efforts toward cleaner, healthier urban living environments in Zagreb and beyond.
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particulate matter (PM) is one of the primary and concern-
ing components of health (Anderson et al. 2012; Goshua et 
al. 2022; Pritchett et al. 2022), consisting of solid particles 
or liquid droplets suspended in the air from many natural 
and human-induced sources (Karagulian et al. 2015). The 
composition of PM is diverse, as it can absorb and trans-
port a variety of pollutants. However, its main components 
include metals, organic compounds, materials of biological 
origin, ions, reactive gases, etc. (Kampa and Castanas 2008; 
Pöschl 2005). It is a well-established fact that pollutant con-
centrations in the air of central and south-eastern Europe 
tend to increase during the winter season due to heightened 
emissions associated with heating sources, reaching levels 
that could pose a risk to human health (Cao et al. 2009; 
Cvetković et al. 2015; Huang and Wang 2014; Pehnec et 
al. 2020; Siudek and Frankowski 2018).This observation 
underscores the significance of investigating the correlation 
between gas consumption as a heating surrogate variable, 
meteorological parameters (mainly temperature), and pol-
lutant levels (Akyüz and Çabuk 2009). Employing statisti-
cal techniques, including source apportionment, facilitates 

Introduction

Air pollution is an enduring and pressing global concern 
with profound implications for human health. It can cause 
or contribute to increased mortality or severe illness or pose 
a present or potential hazard to human health (Kampa and 
Castanas 2008; Poulsen et al. 2023; Sørensen et al. 2022). 
Among the various pollutants that contribute to this issue, 
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Abstract
Polycyclic aromatic hydrocarbons (PAHs) and metals in particulate matter significantly contribute to the health risks asso-
ciated with air pollution. Hence, their measurements and source apportionment are relevant. This paper comprehensively 
analyzes the relationship between gas consumption and PAHs and metals in the PM10 fraction of particulate matter. The 
study investigates the potential associations using statistical techniques and quantifies the relationship between gas con-
sumption patterns, meteorological conditions, and the measured concentrations of PAHs and metals in the atmosphere. 
The statistical methods comprise correlation analysis, Non-Negative Matrix Factorization (NMF), and linear regression. 
NMF analysis was employed to understand relationships among variables and potential sources of pollutants. NMF results 
revealed seasonal influences and different sources of pollutants in the studied area. PAHs with four aromatic rings have 
been grouped separately from 5- and 6-ring PAHs, suggesting two distinct sources of pollution – heating and traffic emis-
sions. Metals such as As, Pb, Zn, and Cd are grouped, indicating mixed anthropogenic sources. The separation of Mn, Fe, 
and Cu in a distinguished group signifies their distinct origin, probably non-combustion traffic emissions (vehicle parts 
wearing).
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exploring these relationships (Bi et al., 2007; Thurston et al., 
2011; Zhang et al. 2020). Recognizing the important impact 
of household heating on air quality, this study specifically 
focuses on the relationship between gas consumption, as a 
marker of overall heating intensity, and the chemical com-
position of PM10. While exact data on the number of homes 
using gas versus wood or other heating methods is unavail-
able, heating gas consumption serves as a practical indicator 
of overall heating demands. This approach assumes that gas 
consumption patterns closely align with periods of higher, 
overall energy consumption, which in turn reflects increased 
pollution levels. By analyzing heating gas consumption, we 
can better understand how seasonal heating activity, espe-
cially during colder months, influences PM10 levels. This 
is particularly relevant in areas like the IMROH monitor-
ing station included in this study, where alternative heating 
sources, such as wood, are prevalent. Even without precise 
data on heating methods, focusing on heating gas consump-
tion allows us to explore the broader impact of heating prac-
tices on air quality and the composition of PM10 in urban 
areas, providing valuable insights into the environmental 
and health implications of particulate matter pollution.

Within the context of airborne PM, a specific subgroup 
enriched with polycyclic aromatic hydrocarbons (PAHs) 
emerges as a focal point of scientific interest and environ-
mental concern (Mallah et al. 2022; Rogula-Kozłowska et 
al. 2013; Singh et al. 2023). PAHs are organic compounds 
composed of multiple condensed aromatic rings, often orig-
inating from incomplete combustion processes (Krzyszczak 
and Czech 2021; Ren et al. 2017). These compounds have 
garnered considerable attention due to their potential for 
adverse health effects and environmental impact (Abdel-
Shafy and Mansour 2016; Jakovljević et al. 2023; Kim et 
al. 2013; Mahasakpan et al. 2023). They are often encoun-
tered in various environmental matrices, including soil, 
water, sediment, and even food, reflecting their widespread 
distribution in nature (Barathi et al. 2023; X.-T. Wang et 
al. 2013). PAHs can find their way into the environment 
through many pathways, mainly arising from anthropogenic 
activities such as the combustion of fossil fuels, wood or 
organic materials, industrial processes, or agricultural activ-
ities. (Dat and Chang 2017; Liang et al. 2006; Singh et al. 
2022). Natural sources, including wildfires and volcanic 
eruptions, also contribute to introducing PAHs into the envi-
ronment (Stout et al. 2001). Understanding the complicated 
pathways through which PAHs enter and circulate within 
the environment is vital for comprehending their impact on 
ecosystems and public health. PAHs have been identified 
as potent carcinogens and mutagens, capable of initiating 
genetic mutations and promoting cancer development in 
individuals subjected to prolonged or high-level exposures 
(Dieme et al. 2012; Jakovljević et al. 2020; Kumar et al. 

2016). Furthermore, PAHs are known to induce oxidative 
stress and inflammation in the human body, processes that 
are associated with a spectrum of health problems, includ-
ing respiratory and cardiovascular diseases (Agudelo-Casta-
ñeda et al. 2017; Cachon et al. 2014; Landkocz et al. 2017; 
Leclercq et al. 2016; Shahriyari et al. 2022). Understanding 
the pathways through which PAHs can impact human health 
is paramount, as it underscores the urgency of mitigating 
PAH emissions and reducing exposure levels.

Metals within PM constitute a noteworthy concern, 
given their significant presence and potential health impli-
cations. These metals encompass a range of elements and 
compounds arising from various natural and anthropogenic 
sources. Their appearance in PM particles results from pro-
cesses such as industrial emissions, combustion of fossil 
fuels, and the resuspension of dust and soil particles (Chen 
and Lippmann 2009; Wu et al. 2022). Exposure to PM-con-
taining metals can profoundly and adversely affect human 
health. Some metals, including lead, cadmium, and nickel, 
are recognized neurotoxins capable of impairing cogni-
tive development, particularly in children (L.-C. Chen et 
al. 2022). Additionally, certain metals, such as arsenic and 
chromium, possess carcinogenic properties and have been 
linked to an elevated risk of cancer among exposed popu-
lations (Pandey et al. 2013). These metals can also incite 
inflammation and oxidative stress upon inhalation, leading 
to respiratory symptoms and exacerbating conditions such as 
asthma and chronic obstructive pulmonary disease (COPD) 
(MacNee and Donaldson 2003; Zetlen et al. 2023). Further-
more, the translocation of metals from the lungs into the 
bloodstream raises concerns about potential cardiovascular 
effects, including an increased susceptibility to heart attacks 
and strokes (Guo et al. 2022). The mechanisms through 
which metals induce these health effects involve generating 
reactive oxygen species, disrupting enzyme function, and 
interfering with cellular processes (Valavanidis et al. 2008).

This paper discusses air pollution and public health pro-
tection by systematically investigating the following aims: 
understand the sources of polycyclic aromatic hydrocarbons 
(PAHs) and metals within PM10 fraction of particulate mat-
ter, quantify the relationships between PAHs and metals in 
PM10 and gas consumption patterns, analyze the impact of 
meteorological conditions on the concentrations of PAHs 
and metals in the atmosphere, and understand interactions 
among gas consumption patterns, meteorological condi-
tions, and the presence of PAHs and metals in PM10 fraction 
of the particulate matter. To our knowledge, this study is the 
first that combines air quality data with meteorological and 
gas consumption data in the researched area. This investiga-
tion use an extensive dataset to understand the air pollution 
dynamics, with implications for environmental and public 
health outcomes, and therefore contribute to effective air 
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quality management and public health protection by provid-
ing information about the sources and relationships of pol-
lutants in the atmosphere.

Methods

Study area description

The study area for this research is the Ksaverska cesta mea-
suring station (altitude 116 m a.s.l. 45°50’7” N, 15°58’42” 
E), located at the Institute for Medical Research and Occu-
pational Health (IMROH), Zagreb, Croatia (Fig.  1). The 
measuring station represents an urban residential area for 
pollution assessment. It is one of the six air pollution moni-
toring stations funded by the City of Zagreb and one of the 
oldest. Over the years, the IMROH has collected data on 
PAHs and metals at this station, systematically and con-
tinuously recording valuable information about air pollu-
tion daily. The station and surrounding area was previously 
described by Jakovljević et al. (2020). The Institute also 
acquired gas consumption data, providing essential infor-
mation regarding energy consumption patterns. Combining 
air quality data from the Ksaverska cesta measuring sta-
tion and meteorological and gas consumption data forms 

the foundation of this comprehensive investigation into the 
interplay between energy consumption, meteorological con-
ditions, and the concentrations of PAHs and metals in the 
atmosphere.

From January 1st, 2017, to December 31st, 2020, 24-hour 
samples of particulate matter fraction PM10 (PM with 
an equivalent aerodynamic diameter < 10  μm) were col-
lected during the four years. Their content was determined, 
including metals arsenic (As), cadmium (Cd), lead (Pb), 
manganese (Mn), iron (Fe), copper (Cu), and zinc (Zn), fol-
lowing PAHs: benzo(a)pyrene (BaP), benzo(a)anthracene 
(BaA), benzo(ghi)perylene (BghiP), dibenzo(ah)anthracene 
(DahA), chrysene (Chry), benzo(k)fluoranthene (BkF), 
benzo(b)fluoranthene (BbF), benzo(j)fluoranthene (BjF), 
fluoranthene (Flu), and pyrene (Pyr). Simultaneously, nitro-
gen dioxide concentrations (NO2) were also measured.

PM10 samples were collected on quartz filters with low-
volume samplers (Sven Leckel, ~ 55 m3/day). For the met-
als analysis, the entire quartz filter was used. For the PAH 
analysis, a punch was taken, and the concentration was 
recalculated to account for the entire sample using a conver-
sion factor. PAHs were extracted from filters in an ultrasonic 
bath using a solvent mixture of cyclohexane and toluene, 
centrifugated, evaporated to dryness. and redissolved in 
acetonitrile. The analysis used an Agilent Infinity 1260 

Fig. 1  Study area with air quality measuring station (Ksaverska cesta), altitude 116 m a.s.l., latitude 45°50’7” N, longitude 15°58’42” E
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each month during the four-year measurement period. A cor-
relation matrix was constructed and analyzed to explore the 
interrelationships between variables. The correlation matrix 
provided insights into which variables exhibited significant 
correlations. This initial examination served as a foundation 
for further exploratory statistical techniques. Non-Negative 
Matrix Factorization (NMF) was employed to dissect the 
dataset further, providing valuable information about poten-
tial source contributions and temporal variations. This tech-
nique decomposed the data into non-negative components, 
enabling the identification of factors influencing the con-
centrations of PAHs and metals over the studied period and 
location. NMF is a dimensionality reduction technique that 
factorizes a non-negative data matrix into two non-negative 
matrices, often called the basis matrix and the coefficient 
matrix (Boutsidis and Gallopoulos 2008; Marinetti et al. 
2006). Mathematically, NMF can be represented as follows: 
given a non-negative data matrix X (with dimensions m x 
n), NMF aims to find two non-negative matrices W (basis 
matrix) and H (coefficient matrix) such that X ≈ WH (Pauca 
et al. 2006). Moreover, the analysis was extended to linear 
regression modelling to deepen the understanding of the fac-
tors influencing pollutant concentrations. This step allowed 
the exploration of relationships within specific pollutant 
groups identified through NMF. Each NMF component was 
used as a dependent variable in separate regression models, 
with average air temperature, pressure, wind speed, precipi-
tation, NO2, and gas consumption as independent variables 
(Deka et al. 2016). In the linear regression model, Principal 
Component Analysis (PCA) addressed the significant col-
linearity observed among average temperature, NO2, and 
gas consumption, as determined by Spearman’s correlation 
heatmap (Fig. 2). The application of PCA led to the deriva-
tion of principal components (PC1 and PC2), which were 
used in the regression model instead of the original collin-
ear variables. Additionally, the model incorporated average 
monthly pressure (p_avg), precipitation, and wind speed as 
explanatory variables. This approach effectively reduces 
multicollinearity issues, improving the model’s reliability 
and interpretability. Principal Component Analysis (PCA) 
was used as a dimensionality reduction technique, enabling 
a more transparent comprehension of how variables related 
to one another. PCA is a linear transformation technique that 
reduces the dimensionality of a dataset while preserving as 
much of its variance as possible (Bro and Smilde 2014). It 
identifies a set of orthogonal axes, known as principal com-
ponents (PCs), which are linear combinations of the original 
variables. The mathematical representation of PCA pro-
vides a way to transform data into a new coordinate system 
that captures the most important variations in the data, mak-
ing it easier to analyze while retaining much of the original 
information. Variables that displayed strong correlations or 

HPLC system with a fluorescence detector (Jakovljević et 
al. 2020). The method detection (DL) and quantification 
limits (QL) for HPLC were calculated as concentration 
equivalents to three and ten times the signal-to-noise ratio, 
respectively. The DL ranged from 0.0005 ng/m3 for Chry to 
0.03 ng/m3 for BjF, while the DL for BaP, as a carcinogen 
PAHs for humans, was 0.001 ng/m3. The QL ranged from 
0.002 ng/m3 for BaA to 0.1 ng/m3 for BjF, while the QL for 
BaP, as a carcinogen PAHs for humans, was 0.003 ng/m3. 
The detailed procedure was already described by Pehnec 
et al. (2016) and Jakovljević et al.(2020). For metal anal-
ysis, samples were microwave digested in nitric acid and 
analyzed using the inductively coupled plasma mass spec-
trometer (ICP-MS) Agilent Technologies, model 7500cx 
(Beslic et al. 2020). In addition to the comprehensive data 
on metals and PAH concentrations within the PM10 fraction, 
this study includes records of monthly gas consumption, 
average monthly temperature, pressure, precipitation, and 
wind speed over the same four-year period from 2017 to 
the end of 2020. The gas consumption data were obtained 
from the IMROH, which also operates the measurement 
station at Ksaverska cesta. This information is crucial for 
a better understanding of pollution concentration variations 
associated with heating seasonality and, more broadly, the 
elevated levels of pollutants during the winter period. The 
gas consumption data were used as a predictor variable, 
indicating increased emissions on specific winter days with 
higher heating demand. Since inhabitants around the mea-
surement station use wood for heating, accurate data on this 
proportion are not available. In the area under research, the 
majority of vehicles typically operate on gasoline or diesel. 
This research aimed to analyze overall emission patterns 
and their impact on air quality, rather than the specific fuel 
types of individual vehicles.

The meteorological data were obtained from the Croatian 
Meteorological and Hydrological Service (DHMZ) from a 
reference measuring station located within the research area, 
and this data was also used to understand seasonal oscilla-
tions in individual pollutants better.

For subsequent statistical analysis, the data was pre-
pared by calculating monthly means for each variable under 
consideration.

Statistical analysis

In this study, Python (version 3.10) with the libraries scikit-
learn (Pedregosa et al. 2011), statsmodels (Seabold and 
Perktold 2010) and seaborn (Waskom et al. 2017), served as 
the primary tool for the statistical analysis. Monthly means 
of the measured analytes were taken to facilitate an analysis 
since the gas consumption data are in a monthly frequency. 
The resulting dataset comprised 48 data points, representing 
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wear, and brake wear emissions, contributing to their simul-
taneous presence in the atmosphere (Ravindra et al. 2008). 
Flu and Pyr show slightly less positive correlation com-
pared to the other PAHs. This is likely due to their specific 
interactions with environmental factors such as salt particles 
from road salting and varying emission sources (Harrison 
et al. 1996; Ravindra et al. 2008). Additionally, a notable 
cluster of strong correlations among heavy metals such as 
As, Cd, Pb, and Mn suggests these pollutants are likely to be 
found together in the same environments. Common sources 
include industrial emissions, combustion of fossil fuels, and 
the use of contaminated materials in various industrial pro-
cesses (Harrison and Yin 2000; Pope and Dockery 2006). 
Other elements, such as Fe and Cu, show moderate correla-
tions with these clusters.

NMF was used to understand the potential sources and the 
mutual relationships deeper, revealing temporal variability 
within the dataset. All pollutant variables were used in NMF 
analysis: BaP, BaA, BghiP, DahA, Chry, BkF, BbF, BjF, Flu, 
Pyr, As, Cd, Pb, Mn, Fe, Cu, and Zn. Notably, despite most 
PAHs exhibiting a high degree of positive intercorrelation 
and suggesting similar behavior, all were included to ensure 
a comprehensive assessment of the pollution sources.

The following sections are the outcomes of NMF, where 
the original data matrix was transformed into two new 
matrices, one representing the different sources of pollution 
and the other the contribution of each basis component to 
the observed data at each time point. This has given vectors 
that we refer to as NMF1 and NMF2 (Fig. 3).

The time series graph (Fig. 3a) shows the temporal pro-
files of three NMF factors, inspired by (Šimić et al. 2020), 

similar patterns of variation were found to cluster together 
in the PCA results (Pandey et al. 2014; Souza et al. 2018; 
Statheropoulos et al. 1998).

Results and discussion

Non-Negative Matrix Factorization (NMF)

The correlation matrix was calculated to summarize rela-
tionships among pollutant variables, helping to identify 
highly correlated pollutants and understand their behavior 
and common origins. Furthermore, heatmaps were made to 
visually represent the complex variable correlations within 
the dataset (Fig. 2). The intercorrelation of pollutants was 
determined based on Pearson’s correlations (Fig. 2a), while 
Spearman’s correlation was made between NO2, meteoro-
logical parameters, and gas consumption (Fig. 2b). There are 
several instances of strong positive correlations, colored by 
darker red,, which may indicate common sources or similar 
environmental behaviors. Conversely, strong negative cor-
relations, indicated by dark blue, imply an inverse relation-
ship, hinting at distinct sources or divergent environmental 
processes for the variables. Figure 2a shows strong positive 
correlations among several pollutants, particularly between 
groups of PAHs such as BaA, Chry, BjF, BbF, BkF, DahA, 
BghiP, and BaP, indicating they might occur together. Zn 
also shows strong correlations within this group. These sug-
gest that PAHs, along with Zn, likely share common emis-
sion sources, such as traffic and industrial activities. Zn in 
PM10 is commonly linked with industrial processes, tire 

Fig. 2  Heatmap illustrating pairwise correlations among dataset vari-
ables, with color intensity representing the strength and direction 
of associations for (a) air pollutants and (b) independent variables 

(meteorological parameters: temp_avg – average temperature, p_avg 
– average pressure, precipitation and wind speed), gas consumption, 
and NO2)
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graph’s origin. The angles between vectors convey the 
degree of association or dissociation between variables, illu-
minating the source dynamics and interrelationships. The 
length and direction of the vectors indicate the strength and 
nature of each pollutant’s influence on the components, with 
longer vectors, such as those for Mn and Fe, suggesting a 
dominant influence on NMF2. This bi-plot identifies poten-
tial common sources for grouped pollutants and underscores 
the seasonal variance in pollutant levels. Variables that clus-
tered closely in the bi-plot shared strong associations or 
exhibited analogous seasonal variations, while those with 
divergent orientations indicated relatively independent 
influences. NMF1 could include certain PAHs like Pyr, Flu, 
BjF, Chry, and BaA, which may indicate more widespread 
sources.

Metals in ambient air may originate from various sources, 
such as industrial emissions, combustion of fossil fuels, traf-
fic emissions mining, or agriculture (Chen and Lippmann 
2009; Soleimani et al. 2018). Mn, Fe, and Cu with long vec-
tors pointing in a similar direction (Fig. 3b) could be indica-
tive of traffic emissions not related to combustion processes 
(which are also the source of PAHs), but those related to the 
wear of tires, brakes or other parts of the vehicles, or resus-
pension of road dust (Fu et al. 2023; Sternbeck et al. 2002; 
Wang et al. 2021). Mn, Fe, and Cu vectors suggest a strong 
influence on the data structure captured by NMF2. Other 
metals (Pb, Zn, Cd, and As) formed a separated cluster with 
shorter vectors and positions between axes of the NMF1 and 
NMF2 components and could be indicative of traffic emis-
sions as well as high-temperature combustion (Furusjö et al. 
2007; Sternbeck et al. 2002).

Other pollutants that cluster closer to the origin with 
shorter vectors, such as certain PAHs (Pyr, Flu, BjF, Chry, 

from the beginning of 2017 to the end of 2020. Each fac-
tor will likely represent a different combination or source of 
pollutants captured over the monthly averaged data. NMF1 
shows significant variability over the observed period, 
with several peaks suggesting periodic increases in this 
factor value. NMF2 shows a less pronounced set of peaks 
than NMF1 but is represented with clear, high seasonality. 
Although NMF1 shows higher peaks in the colder part of 
the year (winter, autumn) compared to NMF2, it also shows 
some additional, smaller peaks in other seasons, suggest-
ing the influence of other factors. There is some overlap 
between NMF1 and NMF2, with NMF2 also showing a peak 
in January each year. NMF2, identified as motor vehicle 
emissions, typically results in relatively stable PAH emis-
sions throughout the year. However, the observed January 
peak could be attributed to several factors. Increased vehicle 
activity during colder months, including higher instances 
of idling and extended engine warm-ups, may contribute 
to elevated emissions. Additionally, winter meteorological 
conditions, such as temperature inversions, can exacerbate 
pollutant concentrations by trapping them near the ground. 
It is also important to consider that traffic-related emissions 
encompass both combustion sources, such as gasoline, and 
non-combustion sources like tire wear, brake wear, and road 
dust resuspension, which can also significantly impact PM10 
levels and exhibit seasonal variations. The third NMF fac-
tor is relatively stable and flat, with minimal variation over 
time. This indicates that the variables of sources represented 
by NMF3 are consistent, with no significant changes or sea-
sonal effects.

The NMF bi-plot was used to represent the source infor-
mation within our dataset visually (Fig. 3b). In this bi-plot, 
each variable is depicted as a vector, originating from the 

Fig. 3  (a) Time series graph for components NMF1, NMF2 and NMF3, (b) bi-plot for NMF components
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Liu et al. (2021) also recognize a distinct factor associated 
with vehicle exhaust, marked by high molecular weight 
PAHs. Additionally, the clustering of NMF components in 
this study may resonate with Liu et al.‘s factor related to 
coal combustion, attributed to moderate molecular weight 
PAHs. This underscores a commonality in source attribution 
across different analytical models and studies.

Pollutants that form a cluster, primarily composed of 
samples from the winter season, could indicate active or 
more prominent sources during colder weather, such as 
heating systems or reduced atmospheric dispersion (PAHs 
and partly As and Cd). Arsenic and cadmium are typical for 
high-temperature combustion emissions; compared with 
previous studies, these findings match source determination 
in other researched areas (Sternbeck et al. 2002).

Principal component analysis (PCA)

PCA was employed to address the significant collinearity 
observed among the predictors, i.e., to decorrelate pollutant 
concentration drivers such as average temperature (temp_
avg), NO2 and gas consumption (kWh), as determined by 
Spearman’s correlation heatmap (Fig. 2b). It enabled us to 
use components that combine the information from various 
meteorological parameters, including temperature in the 
downstream linear regression model used to explain con-
tributors to pollutant concentrations. This approach helps in 
understanding the overall impact of seasonal patterns and 
their relationship with pollutant levels without the compli-
cations of multicollinearity in further analysis. Sources of 
NO2 are related to energy production and combustion of 
fossil fuels. In urban areas, NO2 is usually a marker of traf-
fic intensity (Šimić et al. 2020), and it is a typical product 
in vehicle exhausts (Carslaw 2005; Kendrick et al. 2015).

The decorrelation between meteorological data and NO₂ 
levels in this study is relevant because meteorological factors 
such as temperature, pressure, wind speed, and precipitation 
directly influence the dispersion, concentration, and chemi-
cal reactions of NO₂ in the atmosphere. For example, higher 
wind speeds can disperse pollutants, leading to lower NO₂ 
concentrations, while calm conditions can cause pollutants 
to accumulate. Additionally, seasonal variations in meteo-
rological conditions, particularly during colder months, can 
affect NO₂ levels, as increased heating activities and specific 
weather patterns, like temperature inversions, can trap pol-
lutants near the ground, resulting in higher concentrations 
of NO₂ (Voiculescu et al. 2020; Wang et al. 2022). Nitrogen 
dioxide is not only a significant air pollutant but also a pri-
mary indicator of traffic-related emissions, making it crucial 
for understanding pollution sources. In urban environments, 
NO₂ is predominantly emitted from vehicles, and its pres-
ence often correlates with other harmful pollutants, such as 

BaA), may represent more diffuse or varied sources, such 
as residential heating (NMF1), which is also confirmed by 
the seasonality of NMF1. Especially Flu and Pyr are more 
related to the combustion of wood, grass, or coal (Jakovljević 
et al. 2015). Notably, coal has not been used in Croatia for 
decades, and heating in the study area mainly relies on gas 
or wood. However, neighboring countries (Bosnia and Her-
zegovina, Serbia, North Macedonia) still widely use coal 
(Pehnec et al. 2020), contributing to cross-border air pol-
lution, heavy industry emissions, and possibly sources of 
metal pollutants. In the Western Balkans, biomass meets 
42% of residential heating needs, leading to significant air 
pollution, particularly in winter, with PM10 levels exceed-
ing limit values (European Community 2008) for 120–180 
days annually (World Bank 2019). Despite the availability 
of natural gas in parts of Croatia, Bosnia and Herzegovina, 
and Serbia, the lower cost of biomass drives its use, con-
tributing to higher particulate matter emissions, especially 
during colder months when outdated stoves and wet wood 
are commonly used (HEAL, 2022). This pattern is mirrored 
in other European countries like Greece and the Czech 
Republic, where economic factors have driven an increased 
reliance on biomass, resulting in higher PM2.5 levels (Saf-
fari et al. 2013). While we don’t have exact percentages 
of the population in Zagreb regarding the specific heating 
sources used in households, it is evident that a significant 
number of households in areas near air quality monitoring 
stations still rely on wood for heating. According to the lat-
est census, out of 300.329 households in Zagreb, 274.347 
are connected to the gas grid for heating or cooking, indi-
cating that a considerable portion of the population may be 
using alternatives like biomass or wood, particularly in sub-
urban or rural parts of the city (City of Zagreb 2023). The 
presence of many houses that rely on wood for heating near 
the monitoring stations can contribute to higher particulate 
matter concentrations in those areas. These factors highlight 
the complexity of accurately quantifying the contribution of 
different heating sources to air pollution in Zagreb, further 
underscoring the need for more detailed data on energy use 
and its impact on air quality (Sopčić et al. 2024).

Other PAHs (DahA, BghiP, BaP, BbF, and BkF) have vec-
tor directions similar to those previously described PAHs. 
Still, pretty much the same length vectors can put them in 
a separate cluster with potentially a bit different pollution 
source, probably from vehicle exhaust emissions (combus-
tion of gasoline in cars usually results in emissions of 5- and 
6-ring PAHs) (Jakovljević et al. 2020). When comparing the 
findings of the present study with previous studies (Liu et al. 
2021; Wang et al. 2018; Xu et al. 2006), there are parallels 
in the identification of pollution sources. While the current 
study suggests Mn, Fe, and Cu, as well as BghiP, DahA, 
BaP, BkF, and BbF, may be indicative of traffic emissions, 
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role, suggesting that NO2 increases independently of energy 
use, possibly due to traffic emissions. This interpretation 
aligns with the observed variance, where PC1 captures the 
general seasonal trend, and PC2 reflects conditions that spe-
cifically increase NO2 levels without a corresponding rise 
in energy use. However, Fig.  4a shows that PC2 strongly 
negatively correlates with wind speed and positively with 
pressure. This suggests that during winter, high-pressure 
systems (anticyclones) cause temperature inversions, trap-
ping pollutants near the ground. Low wind speeds further 
exacerbate the situation, leading to higher concentrations of 
all pollutants in the air, indicating that such meteorological 
conditions could also cause pollution peaks. PC3 may be 
capturing noise or complex behaviors in the data that are not 
associated with clear trends or seasonal effects. This is the 
reason why it is not used in further analysis.

Linear regression

Linear regression was used in data analyses to quantify the 
relationship between pollutants, and the decorrelated con-
tributors, i.e. PCA-transformed meteorological parameters, 
and gas consumption as independent predictors. Gas con-
sumption (kWh), average temperature (temp_avg), and NO2 
were hence not used in the models directly because of the 
strong correlation (Fig.  2). Regression analysis aimed to 
capture any observable trends or patterns in a multivariate 
space and consequently explain sources. Table 1 provides 
multiple linear regression models for three NMF factors 
(target variables), which were used as a dependent variable 
in separate regression models, with PC1, PC2, p_avg, pre-
cipitation, and wind as independent variables.

The regression analysis reveals relationships between 
the latent environmental factors and each of the NMF com-
ponents (NMF1, NMF2, and NMF3). For NMF1 (latent 

PAHs. However, in this study, NO2, along with meteorologi-
cal parameters, was selected as a predictive variable. The 
analysis shows that average temperature (p = 4.91 × 10− 14), 
energy consumption (p = 2.68 × 10− 11), average pressure 
(p = 9.08 × 10− 5), and precipitation (p = 0.035) have statis-
tically significant correlations with NO₂ levels, indicating 
these factors significantly influence NO₂ concentrations. In 
contrast, wind speed (p = 0.629) does not show a significant 
correlation, suggesting it may not strongly impact NO₂ lev-
els in this dataset. Using PCA, we created two latent vec-
tors, the principal components (PC1 and PC2), used in the 
regression model instead of the original collinear variables 
since linear regression assumes independence among the 
predictors.

A new heatmap was generated for further analysis to 
assess whether incorporating PC1 and PC2 effectively 
reduced multicollinearity among the variables (Fig. 4a). In 
the subsequent linear regression analysis, the variables PC1 
and PC2 were used, along with the average pressure, the 
wind speed, and the precipitation data. PC1 and PC2 cap-
tured 96.23% of the variance (90.03% from PC1 and 6.20% 
from PC2). This suggests that most of the variability in the 
data is represented by these two components. The time series 
plot for PCA components (Fig. 4b) shows that PC1 reflects a 
seasonal cycle, where emissions driven by energy consump-
tion typically rise when it gets colder. PC2 seems to capture 
specific conditions where NO2 increases without a corre-
sponding rise in energy use, suggesting influences beyond 
just temperature (possible traffic). Loadings are calculated 
to see how much each original variable contributes to the 
principal components. PC1 is heavily influenced by NO2 
(0.570), kWh (0.577), and temp_avg (-0.585), indicating 
that higher NO2 and kWh values are associated with lower 
temperatures. PC2 is primarily influenced by NO2 (0.786) 
and kWh (-0.591), with temp_avg (0.183) playing a minor 

Fig. 4  (a) Spearman’s rank correlation heatmap for PC1 and PC2 among other variables, (b) time series graph for first three PCA components
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this connection might be more complex, as NMF1 repre-
sents PAHs typically from biomass burning, suggesting 
that other factors might also be significant. NMF3 shows 
a relationship to PC1 similar to that of NMF2, indicating 
that seasonal variations in temperature and gas consumption 
influence both NMF2 and NMF3, although NMF3’s specific 
sources remain less clear. This suggests that while NMF1 
and NMF3 share a similar relationship with PC1, the factors 
influencing NMF1 are more varied and complex.

The integration of PCA and NMF methodologies com-
bined with linear regression has facilitated a better under-
standing of pollution sources. Metals such as Mn, Fe, and 
Cu, identified through NMF2 with longer vectors, seem 
to connected to traffic emissions but probably not in the 
context of fuel combustion. Instead, these metals probably 
originate from other sources such as engine wear, material 
wear, brake pads, and tire wear (Jiang et al. 2019; Tsai et 
al. 2007). In contrast, Pb, Zn, Cd, and As, characterized by 
shorter vectors, suggest a mixed profile of sources, includ-
ing traffic and heating sources (Argyropoulos et al. 2013; 
Viana et al. 2006; Zhang et al. 2020). PAHs present a diverse 
picture: while compounds like Pyr and Flu cluster near the 
origin, indicating sources such as residential heating, others 
such as BghiP and BaP are consistent with vehicular emis-
sions, as denoted by their vector lengths and directions. This 
analysis helps in understanding the interactions of pollut-
ants, revealing source contributions of pollution in the urban 
environment.

Conclusions

This study, located around the Ksaverska cesta air quality 
measuring station in Zagreb, provides valuable insights into 
the relationship between gas consumption, meteorological 
conditions, and the concentrations of PAHs and metals in 
the atmosphere. This research combines air quality data 
with meteorological and gas consumption data, offering a 
better understanding of the factors influencing pollution 
dynamics in the specified study region by integrating NMF 
with regression models. The integration of NMF and regres-
sion models provided a conclusion about the behavior of 
gas consumption and meteorological factors in interaction 
with air pollutants. Notably, it identified significant seasonal 
influences, as well as heating and traffic emissions as domi-
nant sources of PAHs and metals in the researched area. The 
analysis showed that PAHs such as BaP, BghiP, and DahA 
were strongly associated with traffic emissions, highlight-
ing their presence in vehicle exhaust and their correlation 
with other high molecular weight compounds. Flu and Pyr, 
although less correlated, were linked to varied emission 
sources (probably residential heating). Metals like Mn, Fe, 

representation of Pyr, Flu, BjF, Chry, BaA), the model 
explains 36.2% of the variability (R-squared = 0.362), 
indicating a relatively good fit. The adjusted R-squared is 
lower at 0.286, reflecting the model’s predictive power after 
adjusting for the number of predictors. PC2 shows a posi-
tive and significant relationship with the dependent variable. 
However, the other variables, including PC1, do not signifi-
cantly predict NMF1.

In contrast, the model for NMF2 (latent representation 
of Mn, Fe, Cu) demonstrates a robust fit, explaining 81.7% 
of the variability (R-squared = 0.817). The F-statistic is sig-
nificant, suggesting the model is a good fit for the data. PC1 
is a significant predictor with a positive coefficient, while 
PC2, precipitation, and wind are not statistically significant 
at the 0.05 level. This could be because the metals in NMF2 
are likely from the mechanical wear of vehicles. The high 
seasonality of PC1 could be linked to the seasonality of traf-
fic density, with higher traffic density in winter. This inter-
pretation aligns with findings by Rinkovec et al. (Rinkovec 
et al. 2018), where similar seasonal variations of platinum, 
palladium, and rhodium (originating from automotive cata-
lytic converters) were observed at three locations in Zagreb. 
Therefore, the significant influence of PC1 on NMF2 may 
reflect the increased vehicle-related emissions during winter 
months. In the case of NMF3, the model exhibits a limited 
explanatory power similar to NMF1 (R-squared = 0.274). 
PC1 shows a significant positive impact, but other variables, 
including PC2, are not statistically significant.

The results indicate that while NMF2 is strongly influ-
enced by the seasonal changes represented by PC1, which 
captures temperature and gas consumption, the variability 
in NMF1 and NMF3 is less clearly explained by the vari-
ables included in the analysis. NMF2, representing metals 
likely from vehicle wear, aligns with the high traffic den-
sity in winter, as reflected in PC1. NMF1 shows a positive 
relationship with PC2, which can be explained by traffic 
emissions, as NO2 is a major component of PC2. However, 

Table 1  Results of the multiple linear regression model for NMF1, 
NMF2 and NMF3 as a dependent variables and PC1, PC2, p_avg, 
wind and precipitation as a predictor

Endpoint /to NMF1 NMF2 NMF3

Model Parameter
Model Statistics R-squared 0.362 0.817 0.274

F-statistic 4.771 37.54 3.165
Prob (F-stat) 0.002 1.89 10− 14 0.016
No. observations 48 48 48

Coefficients Constant 0.469 -4.588 0.236
PC1 0.019 0.048 0.001
PC2 0.164 -0.033 0.002
p_avg -0.001 0.005 -0.0002
wind 0.036 -0.039 0.0003
precipitation -0.004 0.004 -0.003
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A B S T R A C T

Air pollution in urban areas originates from multiple interacting sources and is strongly influenced by meteo
rology, yet direct emission data are often incomplete. This study quantifies how meteorological conditions, 
station location, and proxy indicators of traffic and residential heating affect PM10-bound polycyclic aromatic 
hydrocarbons (PAHs) and metals in Zagreb, Croatia. Daily concentrations of PM10, selected PAHs, metals and 
NO2 from four monitoring stations (2017–2020) were combined with local and ERA5 meteorology, highway 
traffic counts and gas consumption as emission proxies. Non-negative Matrix Factorization (NMF) was applied 
separately to PAHs and metals to identify dominant source-related patterns, while Random Forest regression and 
SHapley Additive Explanations (SHAP) were used to evaluate the influence of temporal, spatial, meteorological, 
traffic and heating predictors. NMF separated a heating-related PAH component dominated by Pyr and Flu from a 
traffic-related component characterised by BaA, Chry and BkF, and indicated enrichment of As and Pb at traffic- 
and industry-affected stations. Random Forest models showed higher predictive skill for PAHs (R2 

≈ 0.60–0.68) 
than for metals (R2 ≈ 0.24–0.42). Temperature and solar radiation were the main predictors for PAHs, whereas 
PM10, NO2 and station indicators dominated the prediction of metals. These results demonstrate that integrating 
proxy emission indicators with explainable machine learning provides an efficient framework for characterising 
sources and supports season- and location-specific air quality management in data-limited urban environments.

1. Introduction

Air pollution represents one of the most pressing environmental 
challenges of our time, with significant implications for both human 
health and the environment. It affects billions of people worldwide and 
contributes to respiratory and cardiovascular diseases, cancer, and 
adverse developmental outcomes (Li and Wang, 2024; Raaschou-Nielsen 
et al., 2011; Ramamoorthy et al., 2024; Sørensen et al., 2003; Wei et al., 
2021). Beyond direct health effects, air pollution disrupts ecosystems, 
damages biodiversity, and accelerates climate change, making it a key 

focus of environmental and public health policies (Echendu et al., 2022; 
Kaur and Pandey, 2021). Among air pollutants, particulate matter (PM) 
is of particular concern due to its complex composition, multiple sour
ces, and ability to penetrate deep into the respiratory system (Fazakas 
et al., 2024; Guo et al., 2022).

A specific concern is the presence of toxic constituents in PM, such as 
metals and polycyclic aromatic hydrocarbons (PAHs). These compo
nents contribute disproportionately to the toxic, mutagenic, and carci
nogenic effects of airborne particles and thus have an important role in 
risk assessment and regulatory strategies. Understanding the factors that 
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control their concentrations and spatial–temporal variability is therefore 
essential for effective air quality management.

1.1. PAHs and metals in PM and their relevance for urban air quality

PAHs are a class of organic compounds primarily generated by 
incomplete combustion of organic materials such as fossil fuels, coal, 
wood, and oil (Dat and Chang, 2017; Kumar et al., 2016; Marchand 
et al., 2004; Patel et al., 2020; Račić et al., 2024; Ravindra et al., 2008). 
They are of high toxicological interest because of their carcinogenic and 
mutagenic properties, mediated through DNA damage, oxidative stress, 
and altered gene expression (Jakovljević et al., 2015; Kazensky et al., 
2024; Kim et al., 2013; Masiol et al., 2012; Stading et al., 2021; Verma 
et al., 2021). While individual concentration levels of PAHs may not lead 
to immediate health effects, their mixtures have been observed to create 
synergistic toxic effects, as demonstrated in various studies (Engraff 
et al., 2011; Nováková et al., 2020; Olsson et al., 2010). Exposure to 
PAHs has been associated with a wide range of health outcomes, 
encompassing respiratory and cardiovascular diseases, cancer, and 
development abnormalities (Yang et al., 2021).

Previous research in Zagreb has shown statistically significant PAH 
content in the finer and more health-relevant PM2.5 fraction, especially 
in winter (Šǐsović et al., 2005), highlighting the importance of 
combustion-related emissions during the heating season. PAHs are also 
present in other environmental matrices, including indoor air, water, 
soil, and food (Balcıoğlu, 2016; Jakovljević et al., 2022; 
Kljaković-Gašpić et al., 2024; Lovrić et al., 2024; Lovrić et al., 2024; 
Račić et al., 2025; Sellami et al., 2025; Wilcke, 2000; Yebra-Pimentel 
et al., 2015), highlighting their relevance for cumulative human expo
sure. Consequently, minimizing human exposure to PAHs has become a 
matter of importance in protecting health and reducing associated 
diseases.

Metals associated with PM constitute another major toxic compo
nent. Metal-containing compounds, originating from both natural and 
anthropogenic activities, can become entrapped in PM particles, facili
tating their inhalation and subsequent deposition in the respiratory 
system (L.-C. Chen et al., 2022; Gilmour et al., 2004; Harrison and Yin, 
2000; Manalis et al., 2005; Reshmy et al., 2025; Sielski et al., 2021; 
Thomaidis et al., 2003; Uzoekwe et al., 2021). Certain metals, such as 
lead, cadmium, and nickel, are neurotoxic and can impair cognitive 
development, especially in children, while arsenic and chromium are 
established carcinogens (Manalis et al., 2005; Popoola et al., 2018; 
Potter et al., 2021). Metals in PM can trigger inflammation and oxidative 
stress in the lungs upon inhalation, leading to respiratory symptoms and 
exacerbating conditions such as asthma and chronic obstructive pul
monary disease (COPD) (Albayrak et al., 2023; MacNee and Donaldson, 
2003). Furthermore, their ability to translocate from the lungs into the 
bloodstream raises concerns about potential cardiovascular effects, 
including increased risk of heart attacks and strokes (Bhatnagar, 2022). 
These effects are mediated by multiple mechanisms, including inter
ference with enzymatic systems and disruption of cellular processes (L. 
C. Chen and Lippmann, 2009; Wu et al., 2022).

Air pollution is not uniformly distributed within urban areas. 
Instead, pollutant levels and composition vary with proximity to emis
sion sources such as traffic corridors, industrial facilities, and residential 
heating, and are further shaped by local meteorology and urban 
morphology. Numerus studies have shown that location itself can be a 
significant variable in understanding pollution trends, as different areas 
may experience varying levels of pollutants due to proximity to traffic, 
industrial activities, residential heating, and other localized sources 
(Nguyen et al., 2020; Sellami et al., 2025; Shukla et al., 2020; Suel et al., 
2022). Examining the spatial distribution of PM-bound PAHs and metals 
within cities such as Zagreb is therefore crucial for identifying hotspots, 
designing targeted mitigation measures, and protecting vulnerable 
populations.

However, detailed emission inventories are often incomplete or 

unavailable, particularly for specific toxic components such as individ
ual PAHs and trace metals. In such cases, proxy information is frequently 
used to approximate emission patterns. Temporal variables (e.g., day of 
week, season) and surrogate indicators have been used successfully as 
emission proxies in previous work in the region (Lovrić et al., 2021; 
Šimić et al., 2020). The increasing complexity of temporally and 
spatially resolved environmental datasets has also motivated the appli
cation of machine learning (ML) methods to improve understanding of 
pollutant dynamics and anthropogenic drivers (Lovrić et al., 2021; 
Petrić et al., 2024; Poelzl et al., 2025). By integrating various predictors 
like meteorological data, traffic intensity, and localized heating sources, 
ML models such as Land Use Regression (LUR) (Azmi et al., 2023) can 
effectively geographically map pollution levels and identify significant 
local contributing factors. Previous studies have demonstrated that 
models like Random Forest regression, neural networks and hybrid ML 
approaches improve predictive accuracy by accounting for complex, 
non-linear interactions among variables related to air pollutants 
(Kecorius et al., 2024; Petrić et al., 2024; ̌Simić et al., 2020). Despite this 
progress, there remains a lack of studies that focus specifically on 
PM10-bound PAHs and metals and simultaneously integrate multiple 
proxy datasets – traffic, heating, meteorology, and spatial indicators – 
within explainable ML frameworks. In cities such as Zagreb, where 
emission inventories are incomplete, there is a particular need for ap
proaches that combine proxy emission information with advanced 
modelling and interpretation tools to disentangle the contributions of 
heating, traffic, and regional background to toxic PM components.

The present study addresses this gap by analysing a four-year dataset 
(2017–2020) of PM10, PAHs, metals, and NO2 at four monitoring sta
tions in Zagreb, Croatia, together with local and ERA5 meteorology, 
highway traffic counts, and gas consumption as proxy indicators of 
traffic and residential heating. Nonnegative Matrix Factorization (NMF) 
is used to identify dominant source-related patterns in PAHs and metals, 
while Random Forest regression and SHapley Additive Explanations 
(SHAP) are applied to quantify the relative importance and direction of 
effect of meteorological, temporal, traffic, heating, and spatial pre
dictors. The study aims to: 

• Characterise the spatial and temporal variability of PM10-bound 
PAHs and metals across four urban monitoring locations in Zagreb

• Identify and interpret dominant source-related components for PAHs 
and metals using NMF

• Quantify the contributions of meteorology, traffic and heating 
proxies, and spatial location to pollutant variability using explain
able ML

By integrating proxy-based emission information with interpretable 
ML models, the study provides a framework for source-oriented assess
ment of toxic PM components in data-limited urban environments and 
supports the development of season- and location-specific air quality 
management strategies.

2. Materials and methods

2.1. Study area description and pollutant assessment

Zagreb, the capital and largest city of Croatia, has a population of 
about 800,000 inhabitants (City of Zagreb, 2023), experiences moderate 
traffic levels that may contribute to local air pollution and associated 
impacts on public health. These challenges underscore the city's ongoing 
efforts to monitor, manage, and improve air quality for the well-being of 
its residents.

This study selected four air quality monitoring stations within 
Zagreb: IMI, ZG-1, ZG-3, and Siget (Fig. 1) based on their character 
(urban background or traffic) and their position within the city to cap
ture spatial variability, as well as on the availability of pollutant data. At 
these stations, daily measurements of PM10 and its chemical content 
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(PAHs, metals) were continuously carried out by standardized reference 
methods (CEN: EN 12341:2023, EN 14902:2005, EN 14902:2005/ 
AC:2006, EN 15549:2008, CEN/TS 16645:2014). For this study, the 
period January 1, 2017, through December 31, 2020, was selected. 
Throughout this study, 24-h PM10 samples were collected continuously 
over four years. These samples were analyzed to determine concentra
tions of selected metals, including arsenic (As), cadmium (Cd), lead (Pb), 
manganese (Mn), iron (Fe), copper (Cu), and zinc (Zn), along with 
specific PAHs: benzo(a)pyrene (BaP), benzo(a)anthracene (BaA), benzo 
(ghi)perylene (BghiP), dibenzo(ah)anthracene (DahA), chrysene (Chry), 
benzo(k)fluoranthene (BkF), benzo(b)fluoranthene (BbF), benzo(j)flu
oranthene (BjF), fluoranthene (Flu), and pyrene (Pyr). Additionally, 
nitrogen dioxide (NO2) concentrations (EN 14211:2024) were moni
tored in parallel by automatic devices at IMI, ZG-1 and ZG-3 and by 
passive samplers at Siget (see Table 1). PM10 samples were collected on 
quartz or membrane filters using low-volume samplers (Sven Leckel, 
~55 m3/day). PAHs were extracted from the quartz filters using an ul
trasonic bath with a cyclohexane and toluene solvent mixture, followed 
by centrifugation, evaporation to dryness, and re-dissolution in aceto
nitrile. The extracted samples were analyzed using high-performance 
liquid chromatography (HPLC) on an Agilent Infinity 1260 HPLC sys
tem equipped with a fluorescence detector, based on established pro
tocols (Jakovljević et al., 2020). For metal analysis, quartz or membrane 
filter samples were digested using microwave-assisted nitric acid 
digestion (Ultraclave IV, Milestone Srl) and analyzed by inductively 
coupled plasma mass spectrometry (Agilent Technologies ICP-MS, 
model 7500cx) following methods detailed by Beslic et al. (2020). 
This extensive dataset, capturing daily levels of metals and PAHs in 

PM10, provides valuable information about the composition and vari
ability of PM in Zagreb. Meteorological information was obtained from 
the Zagreb - Maksimir weather station. Fig. 1 provides a visual repre
sentation of the monitoring locations mentioned and will be further 
detailed in the following sections. The monitoring stations were previ
ously described in several studies (Jakovljević et al., 2018, 2021; Lovrić 
et al., 2022; Pehnec et al., 2016; Račić et al., 2025).

Monitoring stations IMI and Siget are part of the local air quality 
monitoring network, financially supported by the City of Zagreb, spe
cifically, the City Office for Economy, Energetics, and Environment 
Protection. In contrast, the monitoring stations ZG1 and ZG-3 are part of 
the State network for continuous air quality monitoring, with funding 
emanating from The Environmental Protection and Energy Efficiency 
Fund of Croatia. Monitoring station IMI is classified as urban back
ground and is situated within the northern residential part of Zagreb. It 
is positioned approximately 20 m away from a street characterized by 
moderate traffic density. This location is primarily characterized by 
single-family houses where heating predominantly relies on gas, wood 
or crude oil sources. Monitoring station Siget is located approximately 4 
m above ground level and roughly 30 m distant from the nearest 
roadway. Situated within a densely populated urban sector, this moni
toring station is exposed to significant traffic density. Moreover, it is 
subject to the prevailing northern winds originating from the city center 
and emissions from residential heating systems, which are fueled by gas, 
oil, or wood. Monitoring station ZG-1 is strategically positioned near the 
city center, situated alongside a heavily trafficked road. It is situated 
approximately 10 m from the intersection of two major and highly 
congested roads. This area is characterized by a high population density 

Fig. 1. Monitoring station locations with main highway access and an overview of the data and methods used. The figure was created using Google Maps and Adobe 
Illustrator. IMI – (altitude 116 m a.s.l., 45◦50′7″ N, longitude 15◦58′42″ E); Siget - (altitude 116 m a.s.l., latitude 45◦46′25″ N, longitude 15◦59′04″ E), ZG-1 - (altitude 
113 m a.s.l., 45◦48′18″ N, longitude 15◦58′27″ E), ZG-3 - (altitude 116 m a.s.l., 45◦40′46″ N, longitude 16◦0′18″ E), Maksimir – meteorological station.

Table 1 
Summary statistics of the analyzed parameters for four monitoring stations in Zagreb, Croatia. The table shows the mean concentrations of the pollutants in ng/m3 

(metals, PAHs) and in μg/m3 (PM10, NO2) with standard deviations.

variables IMI Siget ZG-1 ZG-3 variables IMI Siget ZG-1 ZG-3

Flu 0.51 (1.06) 0.83 (2.13) 0.74 (1.7) 0.98 (2.3) IP 1.13 (1.61) 2.05 (3.27) 1.31 (2.23) 1.89 (3.06)
BaA 0.58 (1.1) 1.31 (3.07) 0.79 (1.91) 1.17 (2.63) Cd 0.13 (0.13) 0.20 (0.19) 0.06 (0.08) 0.11 (0.22)
BaP 1.08 (1.77) 2.24 (4.23) 1.32 (2.64) 1.9 (3.52) Mn 4.12 (3.48) 7.06 (4.29) 2.04 (2.87) 2.21 (3.42)
BbF 1.37 (2.07) 2.58 (4.32) 1.64 (2.83) 2.3 (3.68) Cu 8.91 (9.82) 17.27 (13.17) 5.55 (9.0) 4.32 (8.83)
BghiP 1.14 (1.63) 2.23 (3.5) 1.33 (2.2) 1.85 (2.87) Fe 254.48 (222.83) 536.51 (349.29) 169.23 (254.97) 133.72 (203.9)
BjF 0.84 (1.36) 1.53 (2.71) 1.24 (2.03) 1.36 (2.32) Zn 14.4 (11.13) 28.84 (21.52) 7.10 (9.43) 9.37 (14.56)
BkF 0.54 (0.82) 1.01 (1.69) 0.63 (1.1) 0.89 (1.44) Pb 4.77 (5.72) 7.88 (8.50) 2.04 (3.08) 4.08 (8.34)
DahA 0.16 (0.26) 0.3 (0.52) 0.17 (0.32) 0.24 (0.39) As 0.34 (0.35) 0.41 (0.37) 0.12 (0.16) 0.20 (0.35)
Chry 0.99 (1.77) 2.11 (4.38) 1.34 (2.79) 1.87 (3.68) NO2 17 (11) 44 (17) 39 (15) 26 (11)
Pyr 0.51 (1.03) 0.90 (2.53) 0.72 (1.84) 0.91 (2.31) PM10 24 (17) 34 (23) 28 (21) 30 (26)
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and many buildings mostly heated by natural gas. Monitoring station 
ZG-3 is located within a densely populated urban area, predominantly 
comprised of residential buildings and main roads characterized by 
heavy traffic flow. It is situated about 20 m away from a main road that 
connects numerous neighborhoods to the center of Zagreb.

2.2. Meteorological, traffic and heating data sources

In this study, time series data from two sources were used for 
meteorological information: local meteorological data and the ERA5 
reanalysis dataset. This approach has also been utilized in our previous 
work by Petrić et al. (2024). Local meteorological data provided 
site-specific measurements, while ERA5 offered high-resolution, gridded 
global reanalysis data to supplement and cross-validate the local ob
servations. The ERA5 data consists of meteorological parameters that 
were pre-calculated into daily values and offers high-resolution daily 
meteorological indicators that are suitable for environmental research, 
with parameters such as daily mean temperature, precipitation, solar 
radiation, humidity, wind speed and others (described in the Supple
ment). The ERA5 reanalysis data used in this study are provided on a 
regular latitude-longitude grid with a horizontal resolution of 0.25◦ ×

0.25◦, corresponding to approximately 31 km at the equator. The data 
represent hourly atmospheric variables at single levels near the surface 
and are part of ECMWF's fifth-generation climate reanalysis dataset 
(Copernicus Climate Change Service, 2018).

For the purposes of this research, traffic data were obtained from the 
“Hrvatske autoceste d.o.o.” (http://www.hac.hr/hr). These data 
encompass information regarding the number of vehicles, categorized 
by driving directions and days of the week. Analysis was conducted on 
three main directions of traffic exits, covering the northeastern part of 
Sveta Helena (45◦55′13.1"N 16◦16′25.0"E), the southeastern part of 
Rugvica (45◦45′58.5"N 16◦13′52.6"E), and the vicinity of the Buzin and 
Lučko (45◦44′55.6"N 15◦53′03.2"E) interchanges (Fig. 1). These data 
provide valuable information about traffic patterns and were used as a 
proxy for in-city traffic to derive temporal traffic patterns and to char
acterise a pollution source surrounding the city. Daily heating gas con
sumption data for public buildings were obtained from Agency for legal 
transactions and real estate mediation (http://apn.hr/) as well as from 
Information system for energy management (http://isge.hr/login.xh 
tml) based on formal request. Incorporating the analysis of heating, 
particularly through daily gas consumption data aggregated for the 
given locations, adds a significant dimension to our understanding of the 
factors influencing air quality and is another proxy for emissions. Ac
cording to previous findings, there is a significant correlation between 
heating gas consumption and pollutant levels on a monthly basis, indi
cating that heating has an important role in the dynamics of air pollution 
(Račić et al., 2024) which supports the use of these variables as emission 
proxies based on their temporal patterns.

2.3. Machine learning and statistics

The dataset for this study comprises daily records of local meteoro
logical, satellite-derived, temporal, traffic data, heating data and air 
pollution data from four air quality monitoring stations. Predictor var
iables included local meteorological measurements (e.g., daily mean, 
minimum and maximum temperature, relative humidity, precipitation, 
wind speed and surface pressure), ERA5-derived indicators (e.g., clear- 
sky direct solar radiation at the surface, total column ozone, 10 m 
wind components), temporal variables (e.g., Julian day, day of week, 
month), traffic proxies derived from highway vehicle counts, heating 
proxies based on daily gas consumption (sum, mean and median), and 
station identifiers encoded as binary dummy variables (IMI, Siget, ZG-1, 
ZG-3). A complete overview of predictors is provided in the Supple
mentary Materials.

To ensure a substantial dataset for ML analysis, missing data points 
were imputed using a backfill strategy, where missing values were filled 

with data from the following day. The analysis was conducted using the 
Python programming language (www.python.org, v3.10), following the 
methods described in previous works (Lovrić et al., 2021; Šimić et al., 
2020). It is assumed that pollutant concentrations can be effectively 
modelled using the given datasets of independent variables and their 
proxies. Data collected during the COVID-19 lockdown (March 15 to 
May 11, 2020) was excluded from the analysis due to the unique 
changes in traffic and industrial activities (Lovrić et al., 2021), which 
significantly altered pollution distributions. This exclusion ensures that 
the results accurately reflect typical urban conditions and provide reli
able conclusions about spatial variability under regular activity levels.

Target pollutant concentration variables (metals and PAHs) exhibi
ted skewed distributions. To improve the predictive performance of ML 
models (RF), the target variables were log-transformed. However, for 
Nonnegative Matrix Factorization (NMF) analysis, pollutant concentra
tion data were normalized to a [0,1] range using MinMaxScaler, 
ensuring non-negative inputs suitable for NMF decomposition. In this 
study NMF was applied separately to PAHs and metals data to source- 
related components and compositional patterns (e.g., traffic, industrial 
activities, and residential heating), rather than to perform a full quan
titative receptor-model source apportionment. For each pollutant group 
and station, a matrix of normalized daily concentrations was constructed 
and factorised into two non-negative components (rank k = 2), based on 
preliminary tests and interpretability of the resulting factors. NMF was 
implemented using the scikit-learn library with default regularisation 
settings. Components were interpreted to uncover relationships between 
pollutants and underlying source contributions.

The primary statistical approach employed in this study is inspired 
by Land Use Regression (LUR), a widely used method for modeling air 
pollution (Azmi et al., 2023; Ma et al., 2024; L. Zhang et al., 2021). 
Instead of classical LUR, this study employs location proxy-based ML 
models, with station information included as a variable in the models. 
The models aimed to capture spatial and temporal variability in 
pollutant concentrations across monitoring stations. The RF algorithm is 
an ensemble method consisting of many decision trees that utilize 
bootstrap aggregation (bagging) and feature randomness during 
training. It is particularly suited for modeling complex, non-linear re
lationships in environmental data (Kamińska, 2018; Lovrić et al., 2021, 
2022; Račić et al., 2025; Rubal & Kumar, 2018; Šimić et al., 2020). 
Separate RF regression models were fitted for each pollutant (PAHs and 
metals), resulting in 18 models in total. For each model, the combined 
dataset was randomly split into a training subset (80 % of daily obser
vations) and a testing subset (20 %) to evaluate out-of-sample perfor
mance. Hyperparameters such as the number of trees, maximum tree 
depth, minimum number of samples required to split an internal node 
and minimum number of samples required at a leaf node were optimised 
using a grid search with 5-fold cross-validation on the training set. The 
final configuration was selected based on the highest mean 
cross-validated coefficient of determination (R2), and predictive per
formance was then quantified on the independent test set using R2. The 
model outputs were evaluated using R2 scores to assess the goodness of 
fit, and feature importance scores were analyzed to identify key drivers 
of pollutant variability.

In this analysis, RF models were used to: validate the predictive 
power of variables identified in the models and to investigate feature 
importances to compare with NMF and ML results. In addition, SHAP 
analysis was employed to enhance the interpretability of feature 
importance in predicting pollutant concentrations. SHAP values explain 
how individual predictor variables influence the model's output, 
providing understanding of their contribution to pollution variability. 
Tree-based SHAP values were computed for each RF model, providing 
local (sample-specific) contributions of each predictor to the predicted 
log-concentration. SHAP summary plots were generated to visualize the 
distribution, sign and magnitude of SHAP values for key predictors, 
distinguishing between positive and negative contributions to pollutant 
levels. This approach allowed for the identification of main 
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meteorological and spatial drivers, confirming the robustness of the RF 
feature importance rankings. To further quantify and compare the sig
nificance of different predictor variables across pollutants, feature 
importance rankings were computed for each model, and the average 
ranking of each variable was calculated separately for PAHs and metals. 
Additionally, Kendall's Tau correlation analysis was performed on 
feature importance rankings to evaluate relationships between predictor 
variables, identifying shared drivers of PAH and metal concentrations.

3. Results

3.1. General pollution level

Prior to modelling, an explorative analysis of the pollution data was 
conducted. For this purpose, there is general statistics presented in 
Table 1. Table 1 provides an overview of the mean and standard devi
ation of pollutant concentrations across the four monitoring stations 
(IMI, Siget, ZG-1, and ZG-3). The highest average concentrations of 
PAHs, such as BaP, BbF, and Chry, were observed at Siget and ZG-3, 
while IMI and ZG-1 also showed notable levels. Among metals, Cu, Zn, 
and Fe had the highest concentrations at Siget and ZG-3, while Mn and 
Pb showed elevated values at IMI and ZG-1. The highest recorded NO2 
and PM10 concentrations were at Siget and ZG-3, with lower levels at IMI 
and ZG-1. This is also visible in Fig. 2, where the concentrations of all 
PAHs were significantly higher at the ZG-3 and Siget monitoring sta
tions. Overall, the four stations share a broadly similar PAH composition 
dominated by 4–5-ring compounds (e.g., BaP, BbF, BkF, Chry), but Siget 
and ZG-3 exhibit higher absolute levels across most PAHs compared 
with stations IMI and ZG-1. For metals, Siget and ZG-3 are characterised 
by relatively high Cu, Zn and Fe, whereas IMI and ZG-1 show a larger 
contribution of Mn and Pb.

Based on the station-mean concentrations, the relative PAH 
composition (expressed as the percentage contribution to ΣPAH) is 
broadly similar across all four sites. Individual 4–5-ring PAHs such as 
BaP, BbF, BghiP, Chry and IP each contribute approximately 11–16 % of 
ΣPAH at all stations, together accounting for about 60–70 % of the total 
PAH mass (Table S1 in Supplementary materials). Flu and Pyr contribute 
a further ~5–7 % each, with slightly lower shares at Siget and ZG-3 
compared with IMI and ZG-1. In contrast, the metal composition 
shows much stronger spatial heterogeneity. At IMI, ZG-1 and ZG-3, Fe 
dominates ΣMetal (≈87–91 %), with Zn contributing a further ≈4–6 % 
and all other metals individually accounting for ≤3 %. At Siget, Fe 
contributes only ≈44 % of ΣMetal, whereas As and Cd account for about 
34 % and 17 %, respectively.

NMF was applied to both PAHs and metals as a factor-analytic tool to 
extract source-related components and compositional patterns, rather 
than as a full quantitative source apportionment model. The NMF biplots 
for PAHs (Fig. 3) provide a visualization of the spatial and temporal 

dynamics of PAHs across Zagreb at the four monitoring stations. Each 
biplot shows results through two main components, which reflect 
pollution sources or processes.

Across all stations, Pyr and Flu are dominant contributors to 
Component 2, with their longer arrow lengths indicating a strong in
fluence on the observed pollution. While all stations exhibit similar 
overall patterns, the magnitude and direction of the arrows vary slightly, 
revealing site-specific variations. For instance, the IMI and Siget sta
tions, situated in residential areas, exhibit a stronger influence of Chry 
and BjF, while ZG1 and ZG3, located closer to traffic-intensive urban 
areas, show a more pronounced contribution of BaA and BkF. Chry and 
BaA consistently appear between Flu and Pyr on the one side and 
remaining PAHs on the other, across all stations.

The NMF biplots for metals (Fig. 4) shows that across all stations, 
arsenic was the most influential metal to the Component 2, with long 
arrow lengths. Lead and cadmium contributed to both components, with 
their directional variations across stations indicating site-specific dif
ferences in source contributions while zinc, manganese, and iron are 
strongly aligned with Component 1 at all stations. Metal composition 
varied at different stations, with As and Pb contributing more at Siget 
and ZG3, while Zn, Mn, and Fe show a more balanced distribution at IMI 
and ZG1, and the tight clustering of samples near the origin in all biplots 
indicates relatively low variability in most observations.

3.2. Using machine learning to understand contributions

The following section interprets the results from RF developed to 
understand influence of previously described predictive variables on 
pollutant concentrations (metals and PAHs) across the monitoring sta
tions. In total, 18 RF regression models were developed, one for each 
pollutant variable. Fig. 5 illustrates RF feature importance plot for 
cadmium (other pollutants in Supplementary materials), showing the 
dominant predictors influencing their concentration. The most signifi
cant variable is PM10, which strongly correlates with the presence of 
metals, solar radiation (clear_sky_direct_solar_radiation_at_surface) also 
has impact, as well as the station-specific factors, particularly for ZG3 
and Siget. Additionally, meteorological variables such as minimum 
temperature (temp_min), wind speed (m/s), and NO2 further contribute 
to Cd variability.

This analysis was extended to all pollutants for better understanding 
of feature importance across PAHs and metals. The cumulative results 
are summarized in Table 2, which presents the top five most influential 
predictors for each pollutant alongside their corresponding R2 scores. 
The overall trend indicates that temperature, PM, and NO2 consistently 
rank among the most important predictors.

The RF models demonstrated varying predictive performance across 
pollutants, with R2 values ranging from 0.245 (Pb) to 0.685 (BkF), 
indicating differences in how well pollutant concentrations can be 

Fig. 2. Average concentrations of PAHs (in μg/m3) and metals (in ng/m3) at different monitoring stations.
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explained by the selected predictor variables. In general, PAHs exhibited 
higher R2 values, with BkF (0.685), BbF (0.679), and Chry (0.673) being 
among the best-predicted compounds. Among metals, Cd (0.419), Cu 
(0.419), and As (0.405) showed moderate predictive power, while Pb 
(0.245) and Mn (0.249) had the lowest R2 values.

The feature importance ranking analysis allowed for a systematic 
evaluation of predictor variables across all pollutants using RF (Table S2
in Supplementary materials). The goal was to determine which variables 
have the highest explanatory power for pollutant concentrations and 
whether location-based models, meteorological variables, ERA5, 

heating, and traffic proxies provide meaningful informations. The results 
indicate that temperature-related variables are the most dominant pre
dictors for PAHs, particularly BaP, BkF, and Chry, while PM10 and NO2 
are the strongest predictors for metals. NO2, station_ZG3, station_Siget 
are more prominent in explaining Cu, Fe, and Mn variability, while 
heating proxies (Gas_Avg, Gas_Sum) contribute moderately to PAH pre
dictions. The most significant ERA5 variables are temp_avg, clear_sky_
direct_solar_radiation_at_surface, and 10m_u_component_of_wind.

To further explore the relationships between predictor variables 
across different pollutants, Kendall's Tau correlation matrices were 

Fig. 3. Non-negative Matrix Factorization (NMF) biplots showing the spatial patterns of PAHs across the four monitoring stations (ZG-1, ZG-3, IMI, and Siget) 
in Zagreb.

Fig. 4. Non-negative Matrix Factorization (NMF) biplots showing the spatial patterns of metals across the four monitoring stations (ZG-1, ZG-3, IMI, and Siget) 
in Zagreb.
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calculated based on the feature importance rankings from the RF 
models. These matrices (Fig. 6) shows the statistical associations be
tween main predictors, revealing common drivers of PAH and metal 
concentrations. Strong correlations were observed among BaP, BbF, and 
BkF, as well as metals like Cd, Pb, and Zn. Unlike Pearson's correlation 
(which captures linear relationships), Kendall's Tau is more appropriate 
for feature importance rankings since it measures the consistency of 
order rather than absolute values.

The SHapley Additive Explanations (SHAP) analysis was conducted 
to complement the feature importance results obtained from the RF 
models, providing information about the influence of individual pre
dictors on pollutant concentrations (Fig. 7).

The SHAP analysis provided a detailed interpretation of how mete
orological, location-based, and emission-related variables influence 

pollutant levels by assessing both the magnitude and direction of their 
impact. Fig. 7 presents the SHAP feature importance plot for the best and 
worst-performing model (BkF, R2 = 0.685, Pb, R2 = 0.245), illustrating 
how high and low values of each feature affect predicted BkF and Pb 
concentrations. Additionally, solar radiation (clear_sky_dir
ect_solar_radiation_at_surface) appeared as a significant contributor, 
where higher radiation levels correlated with lower BkF concentrations. 
Wind speed (10m_u_component_of_wind, m/s) showed a dispersive ef
fect, where stronger winds led to lower pollutant concentrations. In this 
study, PM10 showed a stronger association with certain PAHs, such as 
BkF, BbF while others like BjF, BaP, DahA, and BghiP exhibited weaker 
relationships.

Pressure-related variables, including mean_sea_level_pressure, 
p_max, and p_min, showed significant associations with pollutant con
centrations, while precipitation-related variables such as snowfall and 
total precipitation, along with total_column_ozone, exhibited lower 
feature importance scores.

4. Discussion

NMF revealed Pyr and Flu are main contributors to Component 2. 
These PAHs are likely associated with high-temperature combustion 
processes, such as fossil fuel and biomass burning from residential 
heating, which are prevalent sources in urban environments (Y. Chen 
et al., 2004; Jakovljević et al., 2018; Wang et al., 2024). This trend is 
further confirmed by the ML results, where SHAP analysis revealed 
temperature-related variables, PM10, and NO2 as the main predictors of 
PAH concentrations, indicating a strong influence of seasonal heating 
and traffic-related emissions. The negative SHAP values for solar radi
ation further support the impact of photochemical degradation in 
reducing PAH levels under high UV exposure. Conversely, Component 1 
is heavily influenced by BaA, Chry, BjF, and BkF, which are commonly 
linked to traffic-related emissions and industrial activities, suggesting 
their prominence in localized sources (Dat and Chang, 2017; Kumar 
et al., 2016). The magnitude and direction of the arrows vary slightly, 
explaining site-specific variations in source contributions, environ
mental dispersion, and potential meteorological influences. For 
instance, the IMI and Siget stations, situated in residential areas, but at 
different part of the city, exhibit a stronger influence of Chry and BjF, 
indicative of emissions from mixed residential heating and industrial 
processes. Meanwhile, ZG-1 and ZG-3, located closer to main 
traffic-intensive areas, show a more pronounced contribution of BaA and 
BkF, which are well-known markers of vehicular emissions (Fang et al., 
2024; Safo-Adu et al., 2025; W. Zhang et al., 2008).

The NMF biplots for metals shows that arsenic has the highest 
loading on the principal components, suggesting its potential association 
with episodic or spatially industrial emissions or resuspended soil 
contamination (Michalicová et al., 2024). Lead and cadmium contribute 
to both components, reflecting their origins in mixed sources such as 
traffic emissions (e.g., brake and tire wear) and industrial activities, with 
their directional variations across stations indicating site-specific dif
ferences in source contributions (Patil et al., 2024). Zinc, manganese, 
and iron are strongly aligned with Component 1 at all stations, indi
cating their association with stable, widespread sources such as natural 
dust, road resuspension, or industrial processes (Khare and Baruah, 
2010; Pant and Harrison, 2013; Raǰsić et al., 2008). Station-specific 
variations are evident, with Siget and ZG-3 showing slightly stronger 
contributions from As and Pb, while IMI and ZG-1 exhibit more balanced 
influences from metals like Zn, Mn, and Fe. These differences likely 
reflect the characteristics of the station locations: Siget and ZG-3 are 
positioned in the southern part of the city, closer to industrial zones, the 
municipal landfill and the airport, which may lead to localized enrich
ment with heavy metals like As and Pb. In contrast, IMI and ZG-1 are 
situated in more residential or mixed-use areas, where metal concen
trations are more influenced by diffuse urban background sources rather 
than point-source emissions. The analysis of PAHs and metals across 

Fig. 5. Random Forrest feature importance plot for Cd (R2 = 0.419). Feature 
importance shows the contribution of meteorological (e.g., temperature, solar 
radiation, wind speed), spatial (station indicators), and pollution-related vari
ables (e.g., PM10, NO2) to the variability of cadmium concentrations.

Table 2 
Main 5 feature importance (bold indicates negative impact) and R2 for every 
pollutant.

Pollutant Top Features R2 

Score

Flu temp_min, temp_avg, PM10, m/s, NO2 0.628
Pyr temp_min, temp_avg, PM10, NO2, m/s 0.638
BaA temp_min, temp_avg, 

clear_sky_direct_solar_radiation_at_surface, PM10, m/s
0.634

Chry temp_avg, temp_min, NO2, PM10, 
clear_sky_direct_solar_radiation_at_surface

0.673

BjF temp_avg, NO2, temp_min, 
clear_sky_direct_solar_radiation_at_surface, 
10m_u_component_of_wind

0.654

BbF temp_avg, clear_sky_direct_solar_radiation_at_surface, PM10, 
NO2, m/s

0.679

BkF temp_sred, clear_sky_direct_solar_radiation_at_surface, NO2, 
PM10, temp_min

0.685

BaP temp_avg, clear_sky_direct_solar_radiation_at_surface, m/s, 
temp_min, 10m_u_component_of_wind

0.641

DahA temp_avg, clear_sky_direct_solar_radiation_at_surface, 
temp_min, m/s, PM10

0.626

BghiP temp_avg, clear_sky_direct_solar_radiation_at_surface, 
10m_u_component_of_wind, m/s, NO2

0.660

IP temp_avg, clear_sky_direct_solar_radiation_at_surface, PM10, 
m/s, NO2

0.666

As PM10, 10m_u_component_of_wind, Julian, Gas_Sum, Gas_Avg 0.405
Cd PM10, clear_sky_direct_solar_radiation_at_surface, 

station_ZG3, temp_min, NO2
0.419

Pb PM10, station_Siget, NO2, p_min, mean_sea_level_pressure 0.245
Cu NO2, station_ZG3, Julian, station_Siget, PM10 0.419
Fe station_Siget, PM10, NO2, total_column_ozone, m/s 0.277
Mn station_Siget, PM10, NO2, 10m_u_component_of_wind, 

total_column_ozone
0.249

Pb PM10, station_Siget, NO2, p_min, mean_sea_level_pressure 0.245
Zn PM10, station_Siget, 

clear_sky_direct_solar_radiation_at_surface, temp_min, NO2
0.318
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Zagreb's monitoring stations identified heating and traffic as the primary 
pollution sources (Račić et al., 2024). PAHs such as BaA, Chry, and BkF, 
along with metals like Pb and Cd, are strongly associated with traffic 
emissions, originating from vehicle exhaust, brake wear, and tire abra
sion (Ambade et al., 2021; Idani et al., 2020; Naydenova et al., 2022). 
Simultaneously, PAHs like Pyr and Flu, as well as As, are indicative of 
emissions from residential heating, particularly from the combustion of 
fossil fuels and biomass during colder months. The relationship of 
heating and traffic emissions indicate their combined impact on air 
quality in Zagreb, particularly during winter when both sources are most 
active (Pehnec et al., 2016, Sǐsović et al., 2002).

The RF and SHAP analyses show that, for metals, PM10 is the 

dominant predictor, which is consistent with its role as the main carrier 
of trace metals in the atmosphere. Among the meteorological variables, 
temperature, wind speed and solar radiation have the main influence on 
the accumulation and dispersion of pollutants, while station indicators 
(especially for ZG-3 and Siget) together with NO2 point to the impact of 
local traffic and industrial activities. These results indicate that the 
variability of metal concentrations in Zagreb is determined by the 
combined effects of particle load, local emission sources and meteoro
logical conditions, rather than by a single dominant factor.

The predictive power of the RF models varies across pollutants, with 
PAHs achieving higher R2 values (~0.6–0.68) and metals exhibiting 
lower values (~0.24–0.42). The stronger predictive performance for 

Fig. 6. Kendall's Tau correlation heatmap for pollutants feature importances.

Fig. 7. SHAP Feature Importance for best (BkF) and worst (Pb) models. The x-axis shows the SHAP value, representing the impact of each feature on the model 
output. Positive SHAP values indicate an increase in pollutant concentration, while negative values indicate a decrease. Each point represents a sample; color 
gradient (blue to red) reflects low to high feature values. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.)
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PAHs suggests that their concentrations are well explained by the 
selected predictor variables, likely due to their strong seasonal de
pendency, which enhances model predictability as the model relies on 
many time-based proxies for the missing emissions. In contrast, rela
tively low R2 values for Pb, Mn, and Fe (~0.24–0.28) indicate that 
additional non-meteorological factors – such as industrial processes, 
urban dust resuspension, and localized emissions – contribute to their 
variability. Some specific emission sources were not directly captured in 
the available dataset, which may explain the lower predictive power for 
certain metals. The SHAP analysis confirms the conclusions from the RF 
models, revealing that meteorological conditions, particularly temper
ature, solar radiation, wind, and pressure – acting as proxies for missing 
direct emission data – have a main impact on PAH concentrations.

Kendall's Tau correlation heatmap show strong correlations among 
certain PAHs (BaP, BbF, and BkF) and between metals (Cd, Pb, and Zn), 
indicating shared influencing factors such as traffic emissions and 
heating activities which aligns with the NMF analysis. Identifying 
feature groups with strong correlations can help reduce model 
complexity while preserving predictive accuracy, enabling more effec
tive interventions.

The feature importance analysis showed a strong overlap in main 
predictors for PAHs and metals, indicating shared sources. Temperature 
(temp_avg, temp_min, temp_max), humidity (rv_sred, rv_min, rv_max), 
and wind components were consistently influential across both pollutant 
groups, explaining the role of atmospheric dynamics in pollutant 
dispersion and transformation. The inclusion of NO2 and PM10 in main 
variables explained the impact of traffic and industrial sources, while 
gas consumption indicators (Gas_Avg, Gas_Median, Gas_Sum) suggest a 
significant contribution from residential heating. Spatial variability was 
also evident, as station-related variables (ZG1, ZG3, Siget, IMI) were 
among the most important features, confirming location-dependent 
pollution sources. Additionally, meteorological variables related to 
precipitation, solar radiation, and pressure fluctuations indicate the in
fluence of wet deposition, photochemical degradation, and atmospheric 
stability. Temperature-related variables (e.g., temp_avg, temp_min) are 
consistently the most influential factors across all PAHs. The strong 
negative correlation with temperature suggests that PAHs are largely 
influenced by residential heating, confirming the seasonal dependence 
of these pollutants. Solar radiation (clear_sky_dir
ect_solar_radiation_at_surface) has a secondary but significant role, 
indicating the impact of photochemical degradation on PAH levels. 
Wind components (10m_u_component_of_wind, m/s) also show influ
ence, confirming that atmospheric dispersion affects PAH concentra
tions. Metals are primarily associated with PM10 and traffic indicators. 
The strong correlation between PM10 and metals suggests that metals are 
largely transported via PM, which is expected given their association 
with combustion and industrial activities. NO2 is another important 
factor, especially for Cu and Fe, explaining the connection between 
vehicular emissions and metal pollution. Location-based variables (sta
tion_Siget, station_ZG3) are highly ranked for some metals, suggesting 
that industrial and traffic-related sources contribute to localized pollu
tion hotspots. The analysis revealed that station-related variables were 
much more important predictors for metals than for PAHs, suggesting 
that spatial variability have a greater role for metals. This likely reflects 
the influence of localized sources such as industry, traffic-related wear, 
and resuspension processes for metals, compared to the more diffuse 
distribution of PAHs driven by seasonal heating and widespread com
bustion activities. PAHs were better predicted overall, likely due to their 
strong dependence on meteorological conditions such as temperature 
and solar radiation, while the more sporadic and complex nature of 
metal emissions made them harder to model accurately.

The gas consumption indicators (Gas_Avg, Gas_Sum, Gas_Median) 
show moderate importance in metals and PAH models, particularly in 
the winter months, supporting their use as proxies for residential heating 
emissions. Traffic-related variables, particularly NO2 and PM10, were 
confirmed as strong proxies for vehicular pollution across multiple 

pollutants. However, the lack of direct in-city traffic monitoring might 
introduce some uncertainty in local traffic emission contributions.

NMF helped identify broad pollution sources (heating vs. traffic), 
while SHAP provided a more detailed quantification of how individual 
variables shape pollutant levels. Together, these analyses confirm that 
lower temperatures and stable, high-pressure winter conditions favour 
the accumulation of PAHs, whereas higher solar radiation and stronger 
winds promote their dispersion and degradation. Frequent winter 
inversion episodes in the Zagreb area likely contribute to the strong co- 
variation of pollutants during the cold season, by suppressing vertical 
mixing and trapping pollutants near the surface. Precipitation- and 
ozone-related variables (snowfall, total precipitation, total_
column_ozone) remained minor predictors in the models, suggesting 
that wet deposition and oxidative loss have a limited impact in con
trolling daily PAH variability under typical urban conditions.

These findings suggest that meteorological variables, PM10 concen
trations, and ERA5-derived data remain the most influential predictors 
of pollutant variability. While station-specific influences also have a 
notable role, the contribution of traffic-related variables, although sec
ondary in this analysis, shows the influence of high-traffic corridors near 
monitoring stations. To better capture the impact of urban traffic 
emissions in future studies, it would be beneficial to systematically 
monitor traffic activity within the city center and along major roads. 
Reducing heating-related emissions during colder months – such as 
through increased use of cleaner residential heating alternatives – could 
significantly lower PAH concentrations in urban areas. Additionally, 
traffic-related pollutants could be reduced through vehicle emissions 
regulations and improved public transportation infrastructure. Finally, 
industrial contributions, should be addressed through localized pollu
tion controls, as certain metals exhibit strong site-specific trends.

4.1. Merits and limitations of the methodological approach

The location-based model works but requires further refinement, 
particularly regarding traffic data, which lacks direct in-city monitoring. 
ERA5 meteorological data proved highly relevant for pollutant predic
tion, particularly for PAHs, validating its integration into air quality 
modeling. Future studies should incorporate additional localized traffic 
data sources (e.g., GPS-based congestion data, street-level NO2 moni
toring) to improve the accuracy of traffic-related pollution modeling. 
The role of industrial contributions needs further exploration, as some 
metals (e.g., Mn, Pb) showed site-specific trends that may not be fully 
explained by the available variables. Several limitations of the applied 
techniques should be acknowledged. First, the approach relies on proxy 
variables for emissions, such as highway traffic counts and gas con
sumption in public buildings, rather than direct emission inventories. 
These proxies may not fully capture spatial differences in inner-city 
traffic or private heating practices, and thus introduce uncertainty 
into the attribution of sources. In the same way, the NMF analysis was 
designed to identify source-related components and compositional pat
terns, but it does not constitute a full receptor-model source appor
tionment with quantitative mass contributions and uncertainty 
estimates. Second, the RF models are trained on daily aggregated data, 
which limits the ability to resolve short-term pollution episodes and may 
smooth out peak emissions associated with specific meteorological 
conditions or traffic events. Methodologically, the use of backfill 
imputation for missing data and the presence of correlated predictors 
may influence feature importance estimates and SHAP values, even 
though such techniques are standard in environmental applications. RF 
and SHAP describe associations rather than causal effects; thus, the 
identified drivers should be interpreted as predictors of variability 
rather than definitive causal determinants. Furthermore, model evalu
ation is based on internal train–test splits within the same city and 
period, so the transferability of the models to other regions or future 
conditions is not directly assessed. These limitations highlight oppor
tunities for further refinement, including the use of more detailed traffic 
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and emission data, exploration of alternative factorization ranks and 
modelling approaches, and external validation in other urban settings. A 
comprehensive quantitative source apportionment study (e.g., using 
receptor models with detailed source profiles) is therefore identified as 
an important next step to build on the patterns and drivers identified in 
this work.

5. Conclusion

This study analyzed the meteorological, temporal, and spatial factors 
influencing pollutant concentrations in Zagreb, Croatia, with a focus on 
PAHs and metals. The findings confirm that temperature and solar ra
diation have a main role in explaining air pollution dynamics, particu
larly for PAHs, which show higher concentrations during colder months 
due to increased residential heating emissions. The strong relationship 
between BaP, BkF, and Chry and temperature-related variables shows 
the seasonal impact of heating activities, while solar radiation influences 
PAH degradation, particularly under high UV exposure. Additionally, 
PM10 and NO2 emerged in models as main indicators of anthropogenic 
emissions, being among the most important predictors for metals such as 
As, Cd, and Pb, which mainly originate from traffic emissions, industrial 
activities, and other combustion processes. Spatial analysis revealed 
localized pollution hotspots, with Siget and ZG-3 exhibiting stronger 
links to traffic and industrial sources, whereas IMI and ZG-1 were more 
influenced by regional atmospheric conditions and heating emissions. 
The RF models successfully identified the dominant predictors of 
pollutant variability, with higher predictive performance for PAHs (R2 

~0.60–0.68) compared to metals (R2 ~0.24–0.42), suggesting that 
combustion-related sources (heating and traffic) follow more stable 
seasonal patterns, whereas metals are influenced by additional episodic 
or industrial processes. SHAP analysis further validated the main pre
dictors, confirming that meteorological conditions, particularly wind 
speed, pressure, and temperature, influence pollutant transport and 
accumulation.

The results emphasize the need for seasonally adaptive air quality 
management strategies, particularly targeting residential heating emis
sions during winter and traffic and industrial pollution in high-density 
areas. By incorporating these findings into urban planning and policy 
decisions, targeted pollution control measures can be developed to 
improve air quality and minimize the health and environmental impacts 
of air pollution in Zagreb and similar urban environments.
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Jakovljević, I., Štrukil, Z.S., Godec, R., Davila, S., Pehnec, G., 2021. Influence of 
lockdown caused by the COVID-19 pandemic on air pollution and carcinogenic 
content of particulate matter observed in Croatia. Air Qual. Atmos. Health 14 (4), 
467–472. https://doi.org/10.1007/s11869-020-00950-3.
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Lovrić, M., Pavlović, K., Vuković, M., Grange, S.K., Haberl, M., Kern, R., 2021. 
Understanding the true effects of the COVID-19 lockdown on air pollution by means 
of machine learning. Environ. Pollut. 274, 115900. https://doi.org/10.1016/j. 
envpol.2020.115900.
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N. Račić et al.                                                                                                                                                                                                                                   Atmospheric Environment: X 29 (2026) 100413 

12 

91 of 158

https://doi.org/10.1038/s41598-025-86550-6
https://doi.org/10.1038/s41598-025-86550-6
https://doi.org/10.1007/s13762-017-1454-4
https://doi.org/10.3390/atmos12040425
https://doi.org/10.1186/1476-069X-10-67
https://doi.org/10.1016/j.apr.2025.102541
https://doi.org/10.1016/j.apr.2025.102541
https://doi.org/10.3390/toxics13100866
https://doi.org/10.3390/toxics13100866
https://doi.org/10.1007/s11869-024-01655-7
https://doi.org/10.1007/s10311-007-0115-0
https://doi.org/10.1200/GO.23.00427
https://doi.org/10.1016/j.atmosenv.2007.12.010
https://doi.org/10.1007/s10874-025-09483-4
https://doi.org/10.1007/s10874-025-09483-4
https://doi.org/10.1016/j.procs.2018.05.094
https://doi.org/10.1016/j.procs.2018.05.094
https://doi.org/10.1016/j.atmosenv.2024.120973
https://doi.org/10.1016/j.apr.2025.102771
https://doi.org/10.1007/s41748-025-00719-7
https://doi.org/10.1007/s41748-025-00719-7
https://doi.org/10.1016/j.scs.2019.101997
https://doi.org/10.1016/j.scs.2019.101997
https://doi.org/10.1016/j.scitotenv.2021.147541
https://doi.org/10.1016/j.scitotenv.2021.147541
https://doi.org/10.1016/j.envpol.2020.114587
https://doi.org/10.1016/j.envpol.2020.114587
https://doi.org/10.1023/A:1014228321207
https://doi.org/10.1007/s00128-005-0727-7
https://doi.org/10.1016/j.mrrev.2003.06.010
https://doi.org/10.1016/j.mrrev.2003.06.010
https://doi.org/10.1016/j.semcancer.2021.07.001
https://doi.org/10.1016/j.semcancer.2021.07.001
https://doi.org/10.3390/rs14143429
https://doi.org/10.1016/S0045-6535(03)00295-9
https://doi.org/10.1007/s13530-021-00085-7
https://doi.org/10.1007/s13530-021-00085-7
https://doi.org/10.1021/acs.chemrestox.0c00378
https://doi.org/10.1021/acs.chemrestox.0c00378
https://doi.org/10.1016/j.marpolbul.2024.116735
https://doi.org/10.1016/j.marpolbul.2024.116735
https://doi.org/10.1007/s11356-021-14903-5
https://doi.org/10.1002/1522-2624(200006)163:3<229::AID-JPLN229>3.0.CO;2-6
https://doi.org/10.1002/1522-2624(200006)163:3<229::AID-JPLN229>3.0.CO;2-6
https://doi.org/10.3390/ijerph192215383
https://doi.org/10.3390/ijerph192215383
https://doi.org/10.3390/ijerph18042177
https://doi.org/10.1080/10408398.2012.697497
https://doi.org/10.1080/10408398.2012.697497
https://doi.org/10.1016/j.apr.2021.101186
https://doi.org/10.1016/j.apr.2021.101186
https://doi.org/10.1016/j.envpol.2007.09.004
https://doi.org/10.1016/j.envpol.2007.09.004


5.4 Publication III 

• Račić, N.; Ružičić, S.; Pehnec, G.; Jakovljević, I.; Sever Štrukil, Z.; Rinkovec, J.; Žužul, 

S.; Smoljo, I.; Zgorelec, Ž.; Lovrić, M. (2025) Linking Atmospheric and Soil 

Contamination: A Comparative Study of PAHs and Metals in PM10 and Surface Soil 

near Urban Monitoring Stations. Toxics 2025, 13, 866. 

https://doi.org/10.3390/toxics13100866 

*This article was published in Toxics; Račić, N.; Ružičić, S.; Pehnec, G.; Jakovljević, I.; Sever Štrukil, Z.; 

Rinkovec, J.; Žužul, S.; Smoljo, I.; Zgorelec, Ž.; Lovrić, M. Linking Atmospheric and Soil Contamination: A 

Comparative Study of PAHs and Metals in PM10 and Surface Soil near Urban Monitoring Stations. Copyright 

MDPI (2025). 

92 of 158

https://doi.org/10.3390/toxics13100866


Academic Editor: Rafael Clemente

Received: 12 September 2025

Revised: 8 October 2025

Accepted: 10 October 2025

Published: 12 October 2025
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Abstract

Understanding how atmospheric pollutants interact with soil pollution is essential for
assessing long-term environmental and human health risks. This study compares con-
centrations of polycyclic aromatic hydrocarbons (PAHs) and potentially toxic elements
(PTEs) in PM10 and surface soil near air quality monitoring stations in Zagreb, Croatia.
While previous work identified primary emission sources affecting PM10 composition in
the area, this study extends the analysis to investigate potential pollutant transfer and
accumulation in soils. Multivariate statistical tools, including correlation analysis and
principal component analysis (PCA), were employed to gain a deeper understanding of
the sources and behavior of pollutants. Results reveal significant correlations between air
and soil concentrations for several PTEs and PAHs, particularly when air pollutant data
are averaged over extended periods (up to 6 months), indicating cumulative deposition
effects. Σ11PAH concentrations in soils ranged from 1.2 to 524 µg/g, while mean BaP in
PM10 was 2.2 ng/m3 at traffic-affected stations. Strong positive air–soil correlations were
found for Pb and Cu, whereas PAH associations strengthened at longer averaging windows
(3–6 months), especially at 10 cm depth. Seasonal variations were observed, with stronger
associations in autumn, reflecting intensified emissions and atmospheric conditions that
facilitate pollutant transfer. PCA identified similar pollutant groupings in both air and
soil matrices, suggesting familiar sources such as traffic emissions, industrial activities,
and residential heating. The integrated PCA approach, which jointly analyzed air and soil
pollutants, showed coherent behaviour for heavier PAHs and several PTEs (e.g., Pb, Cu),
as well as divergence in more volatile or mobile species (e.g., Flu, Zn). Spatial differences
among monitoring sites show localized influences on pollutant accumulation. Furthermore,
this work demonstrates the value of coordinated air–soil monitoring in urban environments
and provides an understanding of pollutant distributions across different components of
the environment.
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1. Introduction
Environmental pollution with polycyclic aromatic hydrocarbons (PAHs) and poten-

tially toxic elements (PTEs) has been widely studied, particularly within individual envi-
ronmental components such as air, water, or soil [1–7]. Numerous studies have focused
on characterizing the presence, sources, and behavior of these pollutants in either the
atmospheric or terrestrial environment. However, comparative analyses and correlations
between compartments, particularly the complex relationships through which airborne
pollutants are deposited into soil, remain relatively underexplored [1,8,9].

PAHs and PTEs are among the most prevalent pollutants found in urban air, primar-
ily associated with particulate matter (PM), especially the PM10 fraction (particles with
aerodynamic diameters ≤10 µm) [10–12]. PAHs are organic compounds composed of
multiple fused aromatic rings, commonly produced during incomplete combustion of
organic matter [10,13]. Major anthropogenic sources of atmospheric PAHs include motor
vehicle exhaust, residential wood or coal burning, industrial processes, waste incineration,
and, to a lesser extent, natural sources such as wildfires [14–17].

PTEs, including lead (Pb), cadmium (Cd), zinc (Zn), copper (Cu), arsenic (As), and
nickel (Ni), can enter the atmosphere through similar pathways. In urban environments,
these metals are typically emitted from traffic-related sources (e.g., fuel combustion, brake
and tire wear), industrial activities, and the resuspension of contaminated dust from roads
or construction sites [16,18–21].

The health impacts of PAHs and PTEs in ambient air are well established, with ex-
posure linked to severe health conditions, including cancer, cardiovascular disease, and
developmental disorders [5,22]. Many PAHs, such as benzo[a]pyrene (BaP), are classified
as probable or known human carcinogens and have been associated with genotoxicity,
oxidative stress, and respiratory diseases [23,24]. Chronic exposure to PM-bound metals
is connected to a range of health effects, including neurotoxicity, nephrotoxicity, cardio-
vascular dysfunction, and cancers [25–27]. Due to their ability to penetrate deep into the
lungs when adsorbed onto fine particles, these pollutants are considered a major public
health concern, particularly in densely populated urban areas. Airborne particles serve as
a transport medium for both PAHs and metals, facilitating their atmospheric dispersion
and eventual deposition onto terrestrial surfaces through both wet and dry deposition
processes [28–30]. While atmospheric monitoring provides essential information on current
exposure levels and regulatory compliance, it captures only part of the environmental
picture, the pollutants in active circulation. Once deposited from the atmosphere, PAHs
and metals can accumulate in soils, where different dynamics govern their environmental
behavior compared to when they are in the air. Soils can act as both sinks and sources of
pollutants, depending on the characteristics of the pollutant, land use, and environmental
conditions. PAHs in soil are often adsorbed to organic matter and exhibit slow degradation
rates, particularly under anaerobic or cold conditions [6,31,32]. As a result, they can persist
in the environment for extended periods and may become a source of contamination for
groundwater, plants, and biota. PTEs, in contrast, are non-degradable and tend to persist
indefinitely in soils [33,34]. Their mobility and bioavailability depend on several factors,
including soil pH, texture, organic matter content, and redox conditions [35,36]. In contam-
inated soils, metals may pose risks to human health through direct contact, inhalation of
resuspended dust, or uptake by crops and subsequent ingestion [35]. This highlights the
role of soil as a secondary source of airborne pollutants, capable of reintroducing previously
deposited metals and associated particulates back into the atmosphere [37,38]. In urban
areas with high pedestrian activity, traffic, and ongoing construction, such re-emission
pathways are especially relevant. Additionally, uptake by crops or homegrown vegeta-
bles in gardens near roads or industrial areas presents another route of chronic exposure
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through ingestion [39,40]. These mechanisms explain the importance of monitoring not
just atmospheric emissions but also soil pollution and its potential to prolong or amplify
human exposure, even after primary emission sources are reduced.

Although many studies have addressed the sources, concentrations, and health effects
of PAHs and metals in air or soil separately, comparative investigations that assess their
concentrations in both environments simultaneously are still limited. Very few studies
attempt to evaluate whether the pollutant profiles in the air are reflected in the underlying
soils, or whether the same emission sources contribute similarly to both media. Additionally,
the degree to which current air pollution contributes to ongoing soil contamination through
atmospheric deposition is not well understood. Soil sampling in the vicinity of air quality
monitoring stations provides a unique opportunity to assess these relationships. If the same
pollutants measured in PM10 are found in elevated concentrations in nearby soils, and if
patterns align spatially or statistically, this can indicate either direct deposition pathways or
shared source signatures. Such analyses provide valuable insights into pollutant transport
and accumulation processes, as well as long-term environmental exposure risks. Croatian
soils are characterized by a diverse geochemical background due to the country’s complex
geological structure. According to the national Geochemical Atlas [21], concentrations of
trace metals, such as Fe, Mn, Zn, Pb, and Cu, vary significantly across different regions,
reflecting both natural lithological variation and anthropogenic influences. For example,
elevated Zn and Pb levels in urban soils have been linked to historic industrial activities
and traffic emissions, while As and Fe concentrations are more strongly controlled by
geological substrates and soil-forming processes [21].

Building on previous work that identified primary sources of PAHs and metals in
PM10 in the urban environment of Zagreb [16], this study expands the focus to include the
soil component. The main objectives are

• To determine the concentrations and distribution of selected PAHs and PTEs in PM10
and surface soil samples collected near urban air quality monitoring stations over
three years.

• To investigate spatial and vertical variability in soil pollutant concentrations (0–5 cm
vs. 5–10 cm) and explore seasonal differences in pollutant accumulation.

• To compare pollutant profiles across air and soil compartments and assess the extent
of their correlation, to evaluate atmospheric deposition as a potential pathway for
soil contamination.

• To apply descriptive and multivariate statistical techniques to identify common pollu-
tion sources and better understand the inter-compartmental behavior of pollutants.

The idea of this study is to advance the understanding of pollutant behavior by
integrating atmospheric and soil data, thereby contributing to a more comprehensive
assessment of environmental contamination processes in urban environments. To the best
of our knowledge, this is the first study conducted in this region to examine and compare
PAHs and metal concentrations in both air (PM10) and soil, exploring their potential
interactions and deposition trends.

2. Materials and Methods
2.1. Study Area and Pollutant Characterization

The city of Zagreb, situated in the northwestern part of Croatia, represents the coun-
try’s most significant urban, economic, and administrative centre. With nearly 800,000 res-
idents, the city represents a typical urban environment, including a mix of residential,
industrial, and transportation-related emission sources [41]. Seasonal variations in heating
demand, connected with urban traffic, contribute to fluctuating levels of air pollutants,
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notably PM, PAHs, and PTEs. To capture spatial variability in urban air pollution and its
potential influence on surrounding soils, three sites were selected within the city of Zagreb:
Ksaverska cesta (IMI), Center (CEN), and Siget (SIG) (Figure 1).

Figure 1. Site locations. Figure was made using ArcGIS Pro (version 3.2.0) and Adobe Illustrator
(version 29.5.1). IMI (altitude 116 m a.s.l., 45◦50′7′ ′ N, longitude 15◦58′42′ ′ E); SIG (altitude 116 m
a.s.l., latitude 45◦46′25′ ′ N, longitude 15◦59′04′ ′ E), CEN (altitude 113 m a.s.l., 45◦48′37′ ′ N, longitude
15◦59′4′ ′ E).

Site selection was based on the type of monitoring station (urban background or
traffic-influenced), their geographic distribution across the city, and the availability of long-
term pollutant concentration data. At all three locations, there are air quality monitoring
stations within Zagreb’s official air quality monitoring network, which is operated with
support from the City Office for Economy, Energy, and Environmental Protection. At the
IMI site, there is Ksaverska cesta monitoring station, which is categorized as an urban
background site and is located in the northern residential zone of Zagreb. The station is
located approximately 20 m from a road with a moderate traffic volume and is surrounded
predominantly by low-rise family housing units. Heating in this area is primarily based on
gas, with supplemental use of wood and oil, particularly during the winter season. The
SIG site, by contrast, is located in a densely populated southern neighbourhood. The air
quality monitoring station SIG is situated approximately 4 m above ground and roughly
30 m from a main road with intense traffic. The area is characterized by high-rise buildings,
mostly connected to the central heating system (approximately 5 km east-southeast of SIG).
Still, it is also influenced by dominant northerly winds carrying emissions from the city
center and residential heating systems using various fuel types. Soil samples were collected
in the immediate vicinity of the SIG station. The CEN station (air quality monitoring
station Ðord̄ićeva ulica) is positioned near the urban center, with proximity to heavily
trafficked roads.

For the CEN site, PAH concentrations were not directly available at the station; there-
fore, data from the nearest national network air quality monitoring station (Zagreb-1) in
proximity were used to represent PAH levels. The built environment in this sector consists
of multi-story buildings, most of which are heated by natural gas. This location repre-
sents one of the historically most densely populated and traffic-affected parts of the city.
The wider Zagreb area is situated within the southwestern part of the Pannonian Basin,
characterized by Quaternary alluvial deposits overlying Neogene marls, clays, sands, and
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gravel layers, with local occurrences of Miocene limestones and dolomites [42]. These
unconsolidated alluvial and fluvial sediments dominate the upper soil horizons across the
city, providing a silicate-rich geogenic background for elements such as Fe, Mn, and Cr.
Variations in soil texture and mineralogy across the urban area reflect both natural substrate
heterogeneity and anthropogenic modifications due to construction, filling, and land use.
This geological context is crucial for understanding the distinction between lithogenic and
anthropogenic sources of trace elements in the collected soil samples [43].

At the selected monitoring stations, PM10 was measured daily in accordance with EU
standardized reference methodologies (CEN: EN 12341:2023, EN 14902:2005 and AC:2006,
EN 15549:2008, and CEN/TS 16645:2014) [44–48]. For this study, the period from 1 January
2018 to 31 December 2020 was chosen. During this time, continuous 24-h PM10 sampling
was conducted using low-volume samplers (Sven Leckel, ~55 m3/day), with particles
collected on quartz or membrane filters depending on the analytical requirements. The
chemical composition of PM10 was assessed through analysis of selected trace metals and
PAHs, including those not included in routine monitoring. Targeted metals included arsenic
(As), cadmium (Cd), lead (Pb), manganese (Mn), iron (Fe), copper (Cu), and zinc (Zn). At
the same time, the PAH fraction comprised benzo[a]pyrene (BaP), benzo[a]anthracene
(BaA), benzo[ghi]perylene (BghiP), dibenzo[ah]anthracene (DahA), chrysene (Chry),
benzo[k]fluoranthene (BkF), benzo[b]fluoranthene (BbF), benzo[j]fluoranthene (BjF), flu-
oranthene (Flu), pyrene (Pyr), and indeno[1,2,3-cd]pyren (IP). PAH compounds were ex-
tracted from quartz filters using ultrasonic-assisted extraction with a cyclohexane-toluene
solvent mixture. Following centrifugation and evaporation, the extracts were reconstituted
in acetonitrile and analyzed via high-performance liquid chromatography (HPLC) using
an Agilent 1260 Infinity system (Agilent Technology, Santa Clara, CA, USA) equipped
with a fluorescence detector, according to protocols adapted from Jakovljević et al. [49].
Metal concentrations were determined after microwave-assisted acid digestion (Ultraclave
IV, Milestone Srl) of the filters, followed by analysis using inductively coupled plasma
mass spectrometry (ICP-MS; Agilent 7500cx, Agilent Technology, Santa Clara, CA, USA),
as described in Beslic et al. [18]. The monitoring stations and analysis were previously
described in [50–54].

In parallel with air monitoring activities, surface soil samples were collected near the
three air quality monitoring stations over three years (2018–2020). Sampling was carried out
twice annually, in spring and autumn, to capture potential seasonal variations in pollutant
deposition and accumulation. At each site, soil was sampled at two depths: 0–5 cm and
5–10 cm, targeting layers most influenced by atmospheric deposition. Composite samples
were formed by combining multiple subsamples within a defined radius of each station
to ensure spatial representativeness. Five individual subsamples were collected at each
depth and then homogenized to form one composite sample per depth and season. This
procedure was repeated at all three stations during spring and autumn campaigns, yielding
a total of 36 composite samples (3 stations × 2 depths × 2 seasons × 3 years). The collected
soil was air-dried, homogenized, and before chemical analysis, the samples were finely
ground using a Retsch RS 200 vibratory disc mill (Retsch GmbH, Haan, Germany) to
achieve uniform particle size and analytical consistency. Metal concentrations were then
determined using a portable X-ray fluorescence (XRF) analyzer (HITACHI X-MET8000
Expert GEO, Hitachi High-Tech Analytical Science, Oxford, UK), which enables rapid, non-
destructive elemental analysis of prepared soil samples. An Accelerated Solvent Extraction
system (ASE 350, Dionex, Thermo Fisher Scientific, Sunnyvale, CA, USA) was used to
extract PAHs from soil samples. Extractions were performed at 1500 psi and 125 ◦C, using
a flush volume of 70% of the extraction cell volume. A 1:1 (v/v) mixture of n-hexane
and acetone was used as the extraction solvent. The final extracts were concentrated
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to 1 mL, and 10 ng of the internal standard, perylene-d12, was added to each sample.
Quantification of 11 PAHs was carried out using gas chromatography coupled with tandem
mass spectrometry (GC–MS/MS; Agilent 7890B–7000C, Agilent Technology, Santa Clara,
CA, USA) in multiple reaction monitoring (MRM) mode. The GC was equipped with a
DB-EUPAH capillary column (20 m × 180 µm i.d., 0.14 µm film thickness), using helium as
the carrier gas.

All analytical procedures were performed under strict QA/QC protocols. For PM10

samples, calibration was carried out using commercial standards, and certified reference
materials (e.g., NIST SRM 1649a for PAHs, ERM-CZ120 for metals) were analyzed in paral-
lel. Calibration curve linearity, recovery, and repeatability were checked routinely, with
recovery rates for both PAHs and metals falling within 85–115%. The same QA/QC princi-
ples were applied to soil PAH analysis. Calibration standards and surrogate spikes were
used to assess method performance, with recoveries within accepted ranges. All concentra-
tions were corrected for recovery. Procedural, laboratory, and field blanks were included to
monitor potential contamination, and replicate analyses confirmed reproducibility.

2.2. Data Processing and Statistical Analysis

The dataset for this study comprises daily records of pollution data from three air qual-
ity monitoring stations as well as data from soil samples. The analysis was conducted using
the Python programming language (www.python.org, v3.10). Air pollutant concentrations
were aggregated by calculating median values over defined temporal windows of 1, 2, and
3 months before each soil sampling season to capture potential lagged deposition effects.
Soil pollutant concentrations were transformed to a long format and harmonized with
air data by matching pollutant type, station, season, and year. Spearman rank correlation
coefficients were then computed for each pollutant to assess the relationships between
airborne and soil-bound concentrations, focusing on the matched sampling periods and
locations. This approach enabled the examination of temporal and spatial relationships
between air and soil contamination, providing information about pollutant behavior across
different environmental media.

To explore pollutant sources and trends, principal component analysis (PCA) was
conducted separately on the standardized datasets of air and soil pollutants. PCA helped
identify groups of pollutants with common variance patterns, which can be interpreted as
indicative of shared sources or similar environmental behavior in different environmental
matrices. To explore the relationships and grouping between individual air and soil
pollutants, we performed a PCA using concentration data from paired air and topsoil
(5 cm depth) samples. Before PCA, non-numeric variables and metadata columns (e.g.,
station, year, medium) were excluded. To compare pollutant behavior across media,
the dataset was transposed so that each pollutant became a separate row (observation)
and each sample became a variable. The transposed data matrix was then standardized
using z-score normalization, ensuring each pollutant was centered and scaled to unit
variance. PCA was performed on the standardized matrix using the scikit-learn PCA
implementation. PCA results were visualized in a two-dimensional score plot, with each
point representing a pollutant-medium pair. Because soils integrate inputs over longer
periods than instantaneous air concentrations, we paired each soil campaign with rolling
1-, 3-, and 6-month medians of prior airborne concentrations to capture seasonal-scale
deposition signals. The 0–5 cm and 5–10 cm depths were analyzed to differentiate recent
vs. historical accumulation signatures.
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3. Results and Discussion
3.1. General Pollution Levels in Air and Soil

Across the three monitoring stations in Zagreb, PAH and metal concentrations in
PM10 showed spatial variability. For the overall period, SIG exhibited the highest mean
concentrations for all PAHs and metals, including BaP (2.15 ng/m3), BghiP (2.14 ng/m3),
and BbF (2.44 ng/m3). IMI and CEN stations generally showed lower PAH levels, although
CEN had notable levels of BaP (1.25 ng/m3) and BghiP (1.26 ng/m3), suggesting the impact
of urban central emissions. Similar trends were observed for PTEs: SIG reported the highest
concentrations of Fe (543.51 ng/m3), Zn (28.14 ng/m3), and Cu (17.37 ng/m3), which are
likely linked to traffic-related sources, such as brake and tire wear. In contrast, the IMI
site showed the lowest levels for most metals, possibly due to lower direct emissions or
dispersion effects.

Based on the dataset of 11 PAH compounds measured in topsoil (0–5 cm) and subsoil
(5–10 cm) samples collected in spring and autumn of 2018–2020 at three stations, the
results show notable spatial, seasonal, and vertical trends (Figure S1 in Supplementary
Materials). To our knowledge, these are the first systematically collected and analysed data
on PAHs in soils from Zagreb and among the few such datasets available for Croatia. The
Andrija Štampar Teaching Institute of Public Health occasionally conducts measurements
of PAHs and metals in Zagreb soils as part of its environmental monitoring activities, with
results accessible via the City of Zagreb’s Eco Map portal (https://ekokartazagreb.stampar.
hr/, accessed on 10 August 2025). However, this monitoring is occasional rather than
systematic, is conducted at varying locations without repeated sampling at the same sites,
and the data is not regularly processed or published in the scientific literature, serving
instead as public information on whether guideline values are met. In this study, Σ11PAH
concentrations in Zagreb urban soils ranged from 1.23 to 524,098 ng/g, with BaP between
0.05 and 20,375 ng/g. These values align with the global urban soil ranges summarized
by Wilcke [55], where background urban sites typically contain 102–105 ng/g ΣPAH, and
industrial hotspots can exceed 106 ng/g. Similarly, Li et al. [56] reported urban soil ΣPAHs
spanning <100 to >106 ng/g, with traffic and residential combustion as dominant sources.
Compared to regional data, Zagreb soils overlap with the lower to mid-range of values
from Novi Sad, Serbia (180–24,500 ng/g Σ16PAH [57]). Still, they are substantially below
the high contamination levels found in Glasgow, Torino, and Ljubljana [6]. Overall, the
Zagreb results indicate moderate urban PAH contamination, consistent with the ranges
reported for cities influenced primarily by traffic and domestic heating emissions, rather
than by heavy industrial activity.

Across sites, Σ11PAH concentrations showed both seasonal and depth-related differ-
ences (Figure 2). At CEN, values were higher at 10 cm than at 5 cm for most seasons. At IMI,
seasonal means were more balanced, with slightly higher values at 10 cm in both spring
and autumn, but no major depth effect was observed. At SIG, concentrations remained
uniformly low regardless of depth or season, with only minor variation between 5 cm and
10 cm layers.

The IMI site exhibited moderately high PAH concentrations, particularly in spring
2018 at a 5 cm depth (Sum11PAH = 46.448 µg/g), with a dominance of BaA (10.433 µg/g),
Chry (8.751 µg/g), and BbF (8.394 µg/g). Over time, concentrations at IMI declined,
particularly by the spring of 2020, when sum11PAH dropped to 17.884 µg/g at 5 cm.
The CEN station shows the highest PAH contamination, particularly in spring 2020, with
elevated values at 10 cm depth (Sum11PAH = 524.098 µg/g), driven by extremely high
BaA (142.913 µg/g), Pyr (94.192 µg/g), Chry (74.555 µg/g), and BbF (72.905 µg/g). Even at
5 cm depth, spring 2020 values reached 105.714 µg/g, again highlighting BbF, BaA, and
Chry as key contributors.
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Figure 2. Annual variation (x-axis, 2018–2020) of sum PAH concentrations in soil at depths (a) 0–5 cm;
(b) 5–10 cm at monitoring sites IMI, CEN, and SIG, in µg/g, mean for both seasons.

The exceptionally high PAH concentrations observed at CEN in spring 2020 could
reflect a combination of local emission events and environmental disturbances. In particular,
the March 2020 Zagreb earthquake and subsequent clean-up activities may have contributed
to resuspension of contaminated dust in the city center, while increased residential heating
during the unusually cold early spring period may have further elevated emissions [53].
Episodic inputs of this kind are consistent with the observed sharp interannual variability
at CEN but not at other sites. Autumn levels were generally lower, but still substantial,
e.g., 67.838 µg/g at 5 cm in autumn 2020. In contrast, the SIG station consistently exhibited
very low PAH concentrations. For example, spring 2018 values were only 1.502 µg/g at
5 cm and 1.276 µg/g at 10 cm. Even by the 2020 autumn, concentrations remained low at
2.086 µg/g and 1.475 µg/g at 5 and 10 cm, respectively.

In Figure S1 in the Supplementary Materials, seasonal differences are not consistent:
in some years and stations, spring values are higher (e.g., IMI 2018, CEN 2020), while
in others, autumn is higher or the difference is minimal. Therefore, the overall pattern
is better represented by averaging concentrations by season (Figure 3), which reveals a
clear decreasing trend at IMI, a pronounced increase at CEN (driven mainly by 2020),
and persistently low but slightly increasing levels at the SIG site. This pattern aligns with
previous studies, which show that in urban soils, interannual variability and episodic inputs
(such as heating/combustion, traffic, and atmospheric deposition) often override a stable
seasonal cycle. Winter and spring inputs are frequently elevated but are strongly influenced
by local sources and meteorological conditions. The dominance of 4–6-ring PAHs and the
observed concentration ranges are comparable to other moderately impacted European
cities [6], supporting the interpretation that local sources and atmospheric deposition
are the primary drivers of variability. These findings revealed the impact of site-specific
characteristics, seasonal atmospheric inputs, and pollutant mobility in explaining PAH
distribution in soils.

The concentrations of selected metals (Cu, Zn, As, Cd, and Pb) in soil varied consider-
ably across stations, depths, and sampling periods (Figure 4).

Among all metals, iron (Fe) shows the highest concentrations, with values ranging
from 8950 µg/g to 54,215 µg/g, depending on the station and depth. Mn concentrations
also showed significant variability, spanning from 212 µg/g to over 1130 µg/g, with
generally higher values observed in CEN and IMI stations compared to SIG. Cu and Zn
concentrations were highest at SIG, where Zn reached up to 219 µg/g and Cu exceeded
120 µg/g in some samples. Arsenic levels ranged from 4.3 µg/g to approximately 22 µg/g,
indicating moderate fluctuations across locations and depths. Cd, while generally present
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at low concentrations (often below five µg/g), occasionally peaked at 8.5 µg/g, particularly
at SIG in 2019. Lead concentrations showed a broad range (from 21 µg/g to over 388 µg/g),
with particularly elevated values observed at IMI in 2019 and CEN in 2020. The IMI peak
likely reflects dust from demolition and roadworks for the new Institute building near the
station, while the CEN peak may be linked to dust resuspension after the March 2020 Zagreb
earthquake and post-quake clean-up in the city centre [58]. These values are comparable to,
or exceed, those previously reported for Zagreb soils, where Pb ranged 1.5–139 µg/g, Zn
15–277 µg/g, Cu 4–183 µg/g, Mn 79–1282 µg/g, and Fe 5.8–51.8 g/kg, with spatial patterns
reflecting both anthropogenic influences (traffic emissions, industrial activities, waste
disposal) and lithogenic controls [59]. Other studies in the Zagreb region similarly identified
Zn, Pb, Cd, and Cu as markers of urban and industrial contamination, with short-range
variability linked to local emission sources and long-range variability reflecting geological
background [60]. Elevated levels of several metals in earlier surveys were also associated
with traffic, industrial history, and riverine deposition from the Sava [54]. Overall, higher
concentrations of several metals (notably Cu, Zn, and Pb) tended to occur in topsoil (5 cm)
and during spring campaigns, suggesting possible influences from seasonal deposition and
proximity to anthropogenic sources (Figures S2–S4 in Supplementary Materials).

Figure 3. Annual variation (x-axis, 2018–2020) of PAH concentrations in soil at depths (a) 0–5 cm;
(b) 5–10 cm at monitoring sites IMI, CEN, and SIG, in µg/g, mean for both seasons.

Figure 4. Annual variation (x-axis, 2018–2020) of metal concentrations in soil at depths (a) 0–5 cm;
(b) 5–10 cm at monitoring sites IMI, CEN, and SIG, in µg/g, mean for both seasons.
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3.2. Relationships Between Air and Soil Pollutants

As a first step, the relationships between air and soil concentrations of selected PAHs
and trace metals were investigated by correlating seasonal soil pollutant levels with me-
dian air pollutant concentrations for that same season. The heatmap visualization of all
pollutants indicated some clustering of metals with positive cross-correlations, while many
PAHs exhibited negative or negligible correlations between air and soil phases (Figure 5).
PTEs such as Pb, Mn, Fe, As, and Cu showed strong positive correlations between air and
soil, suggesting that they may share similar seasonal emission and deposition patterns,
potentially resulting from traffic, construction activities, and the resuspension of contam-
inated dust. However, As and Cd exhibited negative correlations between air and soil
concentrations, indicating possible differences in source profiles, atmospheric behavior,
or soil retention dynamics. The negative correlations observed for several PAHs between
air and soil likely reflect differences in environmental behavior compared to those of trace
metals. Many PAHs are semi-volatile and subject to bidirectional exchange between soil
and atmosphere, especially under higher temperatures, which can result in re-emission
rather than net accumulation. Atmospheric degradation (e.g., photolysis and reactions
with OH radicals or ozone) further reduces the fraction available for deposition. In soil,
microbial degradation and sorption–desorption dynamics also influence persistence; lighter
PAHs (e.g., Flu, Pyr) are more mobile and degrade faster, leading to weaker or even inverse
associations with recent airborne levels. Moreover, site-specific soil properties, such as
organic matter content, texture, and pH, affect retention, with soils of lower organic carbon
content showing reduced PAH binding and greater losses. Together, these processes can
explain why metals mostly tend to show positive air–soil correlations, while PAHs often
display weaker or negative relationships. This suggests that complex deposition, degra-
dation, or source factors influence pollutant behavior in soil [61]. Comparable findings
have been reported in other European urban soil studies, where self-organizing map anal-
yses highlighted the distinct clustering of lithogenic versus traffic-related elements and
underscored the complex behavior of PAHs in surface soils [62].

The Spearman correlation analysis revealed an association between air and soil pol-
lutant concentrations at two soil depths (0–5 cm and 5–10 cm, Table S1 in Supplementary
Materials). At 0–5 cm depth, the strongest positive correlations were observed for Pb
(R = 0.94, p = 0.005), Cd (R = 0.88, p = 0.020), and Mn (R = 0.77, p = 0.072), indicating a close
association between their airborne concentrations and accumulation in the surface soil
layer. Fe (R = 0.77) and Cu (R = 0.71) also showed moderately strong positive correlations.
At the same time, most PAHs displayed moderate to strong negative correlations (e.g.,
Flu, DahA), suggesting different environmental behaviors or source–sink dynamics for
these compounds. At 5–10 cm depth, Pb (R = 0.83, p = 0.042), Mn (R = 0.94, p = 0.005),
and Fe (R = 0.89, p = 0.019) remained strongly positively correlated with their airborne
concentrations. For PAHs, negative correlations persisted but were generally weaker than
in the surface layer, indicating attenuation of the air–soil linkage with depth, likely due to
the reduced influence of recent deposition and the greater dominance of historical accumu-
lation or degradation processes. These findings are consistent with other urban studies,
which show trace metal accumulation in topsoil, particularly Pb and Zn, due to legacy
emissions and their affinity for organic matter and clays [63,64].

As a next step, the analysis of Spearman correlation coefficients between airborne
pollutant concentrations and soil pollutant levels across different averaging windows (1, 3,
and 6 months before soil sampling, Table S2 in Supplementary Materials) reveals important
information about the temporal dynamics of pollutant deposition and accumulation in soil.
The results indicate that for several pollutants, particularly PTEs such as Pb and Cu, correla-
tions with soil concentrations are already high at 1 month and remain consistently strong or
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slightly decrease with longer averaging windows. Pb, for example, shows robust positive
correlations across all windows (R = 0.825 at 5 cm and R = 0.727 at 10 cm for the 1-month
average), confirming that soil acts as a cumulative sink for airborne Pb over extended
periods. In contrast, most PAHs display weak or inconsistent correlations at 1 month but
strengthen markedly over 3–6 months, particularly at 10 cm depth for compounds such as
Chry, BaP, BbF, and Flu (R often > 0.6, p < 0.05), suggesting that seasonal-scale integration
better captures their deposition into subsurface soil layers. The generally weaker correla-
tions at short windows likely reflect the influence of episodic events, seasonal variability,
atmospheric degradation, and differences in deposition pathways. These findings support
the view that for persistent metals, both short- and long-term airborne levels are relevant to
soil contamination, whereas for PAHs, longer averaging periods provide more meaningful
soil–air relationships due to slower accumulation and greater atmospheric variability. Soil
typically integrates pollutants over time due to limited mobility and slower degradation
compared to the atmosphere [65]. Not all pollutants respond similarly to the averaging win-
dow length. Some PAHs, such as Pyr, exhibit weak or even slightly negative correlations at
shorter windows but improve modestly at longer windows, suggesting that episodic events
or seasonal variations may influence atmospheric concentrations, complicating short-term
relationships. The weaker correlations at shorter windows may also result from differential
atmospheric transport, degradation rates, or variable emission sources. For metals with
relatively stable emissions and slow soil dynamics, longer averaging windows yield more
meaningful correlations. Conversely, for more volatile or episodic compounds, additional
factors beyond simple temporal averaging may better explain soil–air relationships.

Figure 5. Correlation heatmap between air and soil pollutants (air: seasonal mean concentrations;
soil: mean across both seasons and depths).
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To explore potential seasonal differences, Spearman correlations were calculated
separately for the spring and autumn seasons, for both soil depths (Table S3 in the
Supplementary Materials). Using the 6-month window, autumn shows strong positive
soil–air correlations for metals, led by Pb (R = 0.900, p = 0.001 at 5 cm; R = 0.767, p = 0.016
at 10 cm) and Cu at 5 cm (R = 0.750, p = 0.020), with Fe and Mn positive but borderline at
10 cm (Fe R = 0.633, p = 0.067; Mn R = 0.650, p = 0.058); Arsenic is strongly negative at 5 cm
(R = −0.783, p = 0.013), and many PAHs are negative (e.g., IP R = −0.700, p = 0.036 at 5 cm;
R = −0.650, p = 0.058 at 10 cm; BjF R = −0.650, p = 0.058 at 5 cm; BkF R = −0.636, p = 0.066
at 5 cm). In spring, PAHs remain mostly negative at 5 cm, BghiP (R = −0.733, p = 0.025),
BaP (R = −0.667, p = 0.050), BkF (R = −0.667, p = 0.050), BjF (R = −0.700, p = 0.036), while
metals are mixed: Pb stays positive but weaker (R = 0.650, p = 0.058 at 5 cm; R = 0.467,
p = 0.205 at 10 cm), Fe is modest (R = 0.550, p = 0.125 at 5 cm), and Cu is weak (R = 0.300,
p = 0.433 at 5 cm). Using a 6-month window, the seasonal analysis lines up with pollutant
chemistry. Metals, especially Pb and partly Cu, exhibit a stable positive soil–air relation-
ship, strongest in autumn, reflecting their persistence and strong sorption that drives
long-term accumulation into deeper layers. PAHs, being semi-volatile and more reactive,
show mostly negative within-season correlations, strongest at 5 cm, due to faster turnover,
degradation, and temperature-driven exchange. This explains why earlier non-seasonal
positive PAH signals at 10 cm likely came from between-season contrasts rather than true
within-season co-variation.

The PCA biplots for both soil (mean for all periods of measurement and both depths)
and air (PM10, full dataset) data across the IMI, CEN, and SIG stations show clear
groupings of PAHs and metals that suggest common sources and transport pathways
(Figure S5 in Supplementary Materials). In soil, PAHs cluster together, likely reflecting
combustion or industrial emissions, while metals form a distinct group indicating shared
origins such as traffic emissions or geogenic background. The air PCA similarly shows
separation between PAHs and metals, with consistent clustering of metals and PAHs
across stations, confirming their atmospheric sources are primarily related to combustion
processes. The alignment of pollutant groupings between soil and air suggests that atmo-
spheric deposition is the primary mechanism for transferring airborne contaminants to soils.
Although the patterns are generally coherent, differences in pollutant loadings and PCA
scores across stations indicate that site-specific factors influence pollutant distribution, such
as local emission sources or soil properties. Overall, these PCA results support the impact
of atmospheric pollution as a soil contaminant and emphasize the value of integrated air
and soil monitoring for understanding pollutant sources and dynamics in the region.

To further explore sources, separate PCA analyses were conducted for PAHs and for
metals across all stations. These individual biplots (Figures S6 and S7 in the Supplementary
Materials) allow more straightforward interpretation of pollutant groupings, highlighting
how specific PAHs or metals contribute to variability across sites. The PCA biplots for
soil PAHs reveal both common trends and compound-specific variations across the IMI,
CEN, and SIG stations. At IMI, most PAHs, such as BbF, BkF, DahA, and IP, cluster tightly,
suggesting a common source likely related to combustion. In contrast, BaA and BghiP
project more distinctly, indicating slightly different behavior or source influence. At CEN,
the PAHs group is even more closely aligned along PC1, especially BaP, DahA, and IP,
highlighting a dominant shared source, possibly high-temperature combustion or industrial
emissions. Chry and BbF show moderate separation, suggesting some variability in input.
Similar source-related PAH patterns have also been reported in previous studies from the
Zagreb area [16,50,66].

In contrast, SIG shows the most dispersion among PAHs: BaA, Chry, BghiP, and
BbF align with PC2, while Flu, Pyr, DahA, and BkF deviate downward, implying mixed
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sources or altered retention in soil, potentially due to local soil or emission characteristics.
These differences suggest that while most PAHs are co-emitted and behave similarly,
certain compounds exhibit site-specific behaviors likely driven by localized conditions or
additional sources. The PCA biplots for metals in soil show consistent grouping patterns
across stations, with some metal-specific distinctions. At IMI, Zn, Cu, Fe, and Pb cluster
along PC1, suggesting a shared origin, likely from traffic or urban emissions. In contrast,
As and Mn show stronger projections on PC2, indicating different geochemical behaviors
or additional sources. At CEN, metals are tightly grouped, especially Pb and Zn, indicating
a dominant, likely anthropogenic source; As, however, separates clearly, suggesting a
possible geogenic origin. At SIG, most metals form a compact group along PC1, confirming
common urban sources, while As and Pb display different orientations, possibly reflecting
site-specific inputs or soil retention differences. Overall, the patterns suggest that while
most metals in soil originate from shared sources, As and, to some extent, Pb exhibit unique
spatial behavior across stations.

The PCA results for both PAHs and metals in air show consistent groupings indicative
of shared sources. High molecular weight PAHs such as BaP, BbF, BkF, DahA, and BghiP
cluster tightly at all stations, suggesting dominant sources from combustion processes
(e.g., traffic, heating), while lighter PAHs (Flu, Pyr) show separation along PC2, especially
at CEN, indicating variable atmospheric behavior [16]. In contrast, the PCA of metals
shows more pronounced inter-station differences. At IMI, Mn and Fe are clearly separated
from other metals along PC2, indicating a more substantial contribution from crustal or
industrial sources. In contrast, Pb, Zn, Cd, and Cu cluster together along PC1, suggesting a
connection to traffic-related emissions. At CEN, metals are more tightly grouped, but As
and Cu stand apart with strong PC2 loading, likely reflecting industrial input or long-range
transport. SIG exhibits a similar grouping structure to CEN, but with more dispersed
(wider) loading vectors, indicating that the same types of sources are present, albeit with
greater variation in their relative contributions or influence. These results align with earlier
studies in Zagreb, which identified vehicular emissions and residential heating as the
leading contributors to airborne PAHs and metals [16,51]. They are also consistent with
broader European evidence, which shows that Ni, Cr, and Co are primarily controlled
by geological background. In contrast, Cd, Zn, and Cu tend to reflect anthropogenic
enrichment and higher mobility [66,67].

To explore the relationships between pollutant concentrations in air and soil, a mod-
ified PCA was performed on a transposed dataset, where pollutants were treated as
observations. In this approach, the average concentrations of PAHs and trace metals in both
air and soil were used to construct a matrix, where each row corresponds to a pollutant and
each column represents a sampling event. This PCA (Figure 6) illustrates how individual
pollutants behave across various environmental media and sampling conditions, enabling
the visual clustering of pollutants that exhibit similar environmental distribution patterns.
Unlike conventional PCA, which groups similar samples, this approach enables the direct
comparison of air–soil pairs of the same compound, thereby explaining their environmental
stability, partitioning behavior, and potential common emission sources.

The results show that many PAHs form different air and soil pairs in the PCA space,
suggesting consistent behavior across environmental components. Heavier PAHs are
typically associated with combustion-related emissions such as vehicle exhaust, residential
heating, and industrial processes, and are strongly particle-bound. Their semi-volatile
nature allows them to travel through the atmosphere adsorbed onto fine particulate matter
(PM), before depositing and accumulating in topsoil, where they persist due to low water
solubility and slow degradation rates. Flu and Pyr exhibit an interesting divergence in the
media. In the air, they are spatially separated from the cluster of heavier PAHs (like BaA,
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BbF, BkF, etc.), likely due to their higher volatility, lower molecular weight, and greater
tendency to remain in the gas phase. This reduces their association with particle-bound
transport and makes them less likely to behave like the heavier PAHs in atmospheric
conditions. However, in soil, their positioning within or near the PAH cluster suggests
that once deposited, they can accumulate similarly to heavier compounds, possibly due to
adsorption to soil organic matter or repeated seasonal deposition. This asymmetry between
air and soil behavior reflects efficient atmospheric transport and episodic deposition on
one hand, and strong sorption and environmental persistence in soil on the other.

Figure 6. PCA score plot of air and soil pollutants, based on standardized concentrations across
all samples.

For trace metals, the PCA indicates varied behavior between elements. Fe and Mn,
both of which are naturally abundant crustal elements, show relatively balanced air–soil
associations. In urban settings, they are also connected to resuspended road dust and
industrial activity. Their proximity in PCA space suggests both geogenic background and
anthropogenic enhancement. Pb and Cu also demonstrate coherent air–soil clustering,
consistent with their well-established links to traffic-related sources, particularly brake and
tire wear. These metals, often associated with finer particles, can be efficiently deposited in
soil and are relatively stable, especially in surface layers where they bind to organic matter
and clays. Elevated levels of Pb and Cu in Croatian urban soils are clearly associated with
anthropogenic influences, especially in high-traffic zones such as Zagreb [21].

Zn, on the other hand, shows marked divergence between its air and soil forms. In the
air, Zn is often associated with fine particulate matter emitted from tire wear, lubricating oils,
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and galvanized surfaces, making it relatively mobile and subject to short-term variability
driven by traffic intensity and meteorological conditions. In contrast, Zn in soil may reflect
a combination of recent deposition and legacy contamination. Still, its mobility in the soil
environment is higher than that of Pb or Cu, particularly in acidic or organic-poor soils.
This can result in less retention and spatial variability in soil concentrations.

Additionally, Zn’s tendency to leach or redistribute within the soil profile may further
decouple its air–soil association compared to more strongly bound metals, such as Pb and
Cu. Arsenic shows strong proximity between its air and soil forms in the PCA space, sug-
gesting similar sources and stable environmental partitioning. This coherence may reflect
widespread regional emissions from combustion, with efficient deposition and retention in
soil. Arsenic’s behavior in soil is also influenced by pH and redox conditions, which can
stabilize it and reduce its mobility, allowing it to persist and mirror airborne inputs.

Overall, this PCA confirms that while PAHs, especially heavier ones, tend to display
coherent behavior across air and soil due to their shared emission sources and stable
sorption to particles, trace metals exhibit more variable relations depending on their
source, mobility, atmospheric reactivity, and soil retention characteristics. Soil often reflects
long-term cumulative deposition and retention, whereas air may represent more recent
or transient emissions. This transposed PCA approach provides a novel perspective
for simultaneously visualizing pollutant behavior across environmental compartments,
underscoring the importance of integrated monitoring in evaluating pollutant fate and
transport. Future studies should include long-term and seasonal soil monitoring, as well
as direct measurements of particulate and total deposition, to better understand pollutant
transfer. Expanding to other media, such as vegetation or dust, and integrating modeling
could help assess accumulation trends and long-term risks.

PCA biplots show a clear separation between soil and PM10 at all stations, indicating
limited cross-compartment coherence for PAHs; even heavier PAHs cluster primarily within
each compartment rather than jointly across air and soil. Metals display mixed patterns
consistent with source heterogeneity, mobility, and soil retention, but again do not form
a unified air–soil cluster. Interpretations have several limitations: the air side relies only
on PM10 (appropriate for health relevance and data availability, but less direct for soil
transfer), no deposition fluxes were measured, and site histories of soil disturbance (e.g.,
excavation or imported material) are unknown. Another limitation is the short atmospheric
record compared with the longer integration times of soils. This restricts assessment of
decadal accumulation, though the use of multi-month air averages and two soil depths
partly addresses recent deposition signals. Longer air records and deposition flux data
would enhance the evaluation of long-term trends, which can be applied and expanded
upon in future research.

Despite these limitations, the dataset provides the first published PAH measurements
in Zagreb with systematic, multi-year seasonal soil sampling, offering a valuable baseline.
Future work should pair soil campaigns with deposition measurements, include other size
fractions and co-located metadata on soil management, and extend to additional media
(e.g., vegetation, settled dust) and process-based modeling to resolve transfer pathways
and long-term accumulation.

4. Conclusions
In this study, concentrations of various PAHs and metals were measured in both

ambient air (PM10) and soil samples collected across multiple monitoring stations in Zagreb,
Croatia. Soil samples were collected from two depths and analyzed for the same suite of
pollutants to investigate the extent and patterns of pollutant deposition and accumulation.
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Statistical analyses, including Spearman correlation and PCA, were applied to explore
relationships between air and soil pollutant concentrations and to identify main sources.

Seasonal differences were evident, with a 6-month window, as metals, especially
Pb, showed a robust air–soil correlation. In contrast, PAHs generally exhibited negative
within-season correlations, which were stronger at 5 cm, indicating surface-biased, season-
dependent correlations. PCA separated soil from PM10, with PAHs and metals clustering
within each compartment rather than jointly, revealing soil’s longer-term retention ver-
sus more transient atmospheric variability. Spatial variability among monitoring stations
explained localized factors affecting pollutant distributions. This study presents the first
systematically collected dataset of PAH concentrations in soils of Zagreb, combined with
co-located multi-year PM10 measurements, allowing for a direct investigation of air–soil
pollutant linkages in an urban setting. Concentrations of Σ11PAHs in soils (1.2–524 µg/g)
indicate moderate but site-specific contamination. In contrast, metal enrichment (Pb up to
388 µg/g, Zn up to 219 µg/g) reflects both traffic and heating sources. In PM10, mean BaP
reached 2.15 ng/m3 at traffic-affected sites, with Fe, Zn, and Cu dominating the trace metal
fraction. Strong seasonal and depth-dependent air–soil correlations were observed for Pb,
Mn, and Cu, supporting deposition as a key transfer pathway. In contrast, PAHs showed
weaker or negative short-term correlations due to their semi-volatile nature and degra-
dation. The novelty of this work lies in linking multi-year atmospheric and soil datasets
to reveal both cumulative and short-term changes in deposition signals. Future studies
should extend monitoring to longer timeframes, include direct deposition fluxes and addi-
tional media (e.g., vegetation, settled dust), and apply process-based modeling to quantify
pollutant transfer pathways and long-term accumulation better. Overall, this integrated
approach helps in understanding pollutant transfer from air to soil and provides valuable
insights for environmental monitoring, source identification, and risk assessment studies.
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https://www.mdpi.com/article/10.3390/toxics13100866/s1. Figure S1. PAH concentrations in
soil by season, depth and station. Figure S2. Metals concentration in soil by season, depth and station.
Figure S3. Fe concentration in soil by season, depth and station. Figure S4. Mn concentration in soil
by season, depth and station. Table S1. Correlation analysis for air (PM10) and soil (for different
depth) pollutants. Table S2. Correlation analysis for air (different time windows) and soil pollutants.
Table S3. Correlation analysis for air and soil pollutants for different seasons and depths (for time
windows of 6 months for air (PM10) pollutant concentrations). Figure S5. PCA for the soil pollutants
(a) and air (PM10) pollutants (b) for different monitoring stations. Figure S6. PCA for PAHs and metals
in soil samples for different monitoring stations (mean for both depth and periods). Figure S7. PCA
for PAHs and metals air samples for different monitoring stations.
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53. Pehnec, G.; Jakovljević, I.; Šišović, A.; Bešlić, I.; Vad̄ić, V. Influence of Ozone and Meteorological Parameters on Levels of Polycyclic
Aromatic Hydrocarbons in the Air. Atmos. Environ. 2016, 131, 263–268. [CrossRef]
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5.5 Supplementary materials 

Figure S1. Daily concentrations of selected PTEs in PM10 at the IMI monitoring station during the 

period 2017–2020 (ng/m3). 
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5.6 Supplementary materials with publications 

5.6.1 Supplementary materials with publication 2: 

SUPPLEMENTARY MATERIAL 

Contributors to PAHs and metals in PM10 using temporal, spatial and emission proxy data 

in machine learning 

The ERA5-Land data is subject to the Copernicus licence from following source where every is 

described: https://cds.climate.copernicus.eu/datasets/reanalysis-era5-land?tab=overview, it includes 

following variables (described at the end of this supplement): 

'10m_u_component_of_wind', 

'10m_v_component_of_wind', 

'2m_dewpoint_temperature', 

'clear_sky_direct_solar_radiation_at_surface', 

'cloud_base_height', 

'convective_precipitation', 

'convective_snowfall', 

'instantaneous_surface_sensible_heat_flux', 

'mean_sea_level_pressure', 

'snowfall', 

'snowmelt', 

'snow_density', 

'snow_depth', 

'surface_net_solar_radiation', 

'surface_net_thermal_radiation', 

'temperature_of_snow_layer', 

'top_net_thermal_radiation', 

'total_cloud_cover', 

'total_column_cloud_liquid_water', 

'total_column_ozone', 

'total_column_rain_water', 

'total_column_snow_water', 

'total_precipitation', 

'precipitation_type_encoded', 

Table S1. Relative contribution (%) of individual PAHs to ΣPAH at each monitoring station in Zagreb 

Pollutant IMI SIG ZG1 ZG3 

BaA 6.58 7.67 7.24 7.61 

BaP 12.23 13.06 12.09 12.36 

BbF 15.47 15.07 14.95 14.97 

BghiP 12.86 13.00 12.16 12.03 
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BjF 9.51 8.98 8.61 8.83 

BkF 6.14 5.89 5.76 5.81 

Chry 11.12 12.34 12.21 12.17 

DahA 1.84 1.77 1.59 1.58 

Flu 5.79 4.92 6.80 6.40 

IP 12.75 11.98 12.00 12.30 

Pyr 5.71 5.32 6.58 5.92 

As 0.12 33.59 0.07 0.13 

Cd 0.05 16.89 0.03 0.07 

Cu 3.10 1.43 2.98 2.81 

Fe 88.62 44.46 90.92 86.83 

Mn 1.44 0.58 1.10 1.43 

Pb 1.66 0.65 1.10 2.65 

Zn 5.02 2.39 3.82 6.08 

Figure S1. Feature importance plot for Flu 
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Figure S2. Feature importance plot for Pyr 

Figure S3. Feature importance plot for BaA 
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Figure S4. Feature importance plot for Chry 

Figure S5. Feature importance plot for BjF 
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Figure S6. Feature importance plot for BbF 

Figure S7. Feature importance plot for BkF 
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Figure S8. Feature importance plot for BaP 

Figure S9. Feature importance plot for DahA 
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Figure S10. Feature importance plot for BghiP 

Figure S11. Feature importance plot for IP 
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Figure S12. Feature importance plot for As 

Figure S13. Feature importance plot for Cd 
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Figure S14. Feature importance plot for Pb 

Figure S15. Feature importance plot for Mn 
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Figure S16. Feature importance plot for Fe 

Figure S17. Feature importance plot for Cu 
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Figure S18. Feature importance plot for Zn 

Figure S19. RF scores for every pollutant 
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Figure S20. SHAP feature importance plot for BkF (best model) 
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Figure S21. SHAP feature importance plot for Pb (worst model) 
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Figure S22. SHAP feature importance plot for Flu 
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Figure S23. SHAP feature importance plot for Pyr 
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Figure S24. SHAP feature importance plot for BaA 
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Figure S25. SHAP feature importance plot for Chry 
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Figure S26. SHAP feature importance plot for BjF 
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Figure S27. SHAP feature importance plot for BbF 
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Figure S28. SHAP feature importance plot for BaP 
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Figure S29. SHAP feature importance plot for DahA 
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Figure S30. SHAP feature importance plot for BhgiP 
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Figure S31. SHAP feature importance plot for IP 
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Figure S32. SHAP feature importance plot for As 
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Figure S33. SHAP feature importance plot for Cd 
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Figure S34. SHAP feature importance plot for Mn 
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Figure S35. SHAP feature importance plot for Fe 
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Figure SS36. SHAP feature importance plot for Cu 
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Figure S37. SHAP feature importance plot for Zn 
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Table S2. Results of feature importance rankings 
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Feature description: 

10m_u_component_of_wind: Horizontal wind component (east-west) at 10 meters above ground 

level (m/s). 

10m_v_component_of_wind: Horizontal wind component (north-south) at 10 meters above ground 

level (m/s). 

2m_dewpoint_temperature: Dew point temperature at 2 meters above ground level (°C), reflects 

moisture content. 

Gas_Avg / Gas_Median / Gas_Sum: Average, median, or sum of gas consumption (proxy for heating 

activity). 

Julian: Day of the year (1–365), a proxy for seasonality. 

NO2: Nitrogen dioxide concentration (µg/m³), indicator of traffic and combustion emissions. 

PM10: Particulate matter with diameter ≤10 µm (µg/m³) 

clear_sky_direct_solar_radiation_at_surface: Solar radiation at ground level without cloud interference 

(W/m²) 

cloud_base_height:  Height of the cloud base above ground level (m), indicator of atmospheric 

mixing. 

convective_precipitation / convective_snowfall :Precipitation or snowfall resulting from convective 

processes (mm), influencing wet deposition. 

instantaneous_surface_sensible_heat_flux: Upward flux of heat from the surface to the atmosphere 

(W/m²), reflects land-atmosphere energy exchange. 

l/m2: Liquid water equivalent precipitation (liters per m²). 

lucko / rugvica / sveta helena / sum: Trafiic in main highway access (see fig 1 in paper) 

m/s: Wind speed (meters per second). 
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max-min_rv / max-min_temp / max-min_tlak (p): Daily variability (range) of relative humidity, 

temperature, and pressure. 

mean_sea_level_pressure: Atmospheric pressure at sea level (hPa), used to identify stagnant air 

conditions. 

precipitation_type_encoded: Categorical variable coding precipitation types (e.g., rain, snow, mixed). 

rv_max / rv_min / rv_sred: Maximum, minimum, and average daily relative humidity (%). 

snow_density / snow_depth / snowfall / snowmelt: Snow physical properties and melting processes, 

affect pollutant deposition. 

station_IMI / station_Siget / station_ZG1 / station_ZG3: Dummy variables representing the 

monitoring stations (location-based variability). 

surface_net_solar_radiation / surface_net_thermal_radiation: Net solar and thermal radiation at the 

surface (W/m²). 

temp_max / temp_min / temp_avg: Maximum, minimum, and average daily temperature (°C). 

temperature_of_snow_layer: Temperature inside the snowpack (°C). 

top_net_thermal_radiation: Net thermal radiation at the top of the atmosphere (W/m²). 

total_cloud_cover: Fraction of the sky covered by clouds (0–1). 

total_column_cloud_liquid_water / total_column_ozone / total_column_rain_water / 

total_column_snow_water: Integrated column amounts (kg/m²) of clouds, ozone, rain, and snow in the 

atmosphere. 

total_precipitation: Total precipitation accumulated over a day (mm). 
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5.6.2 Supplementary materials with publication 3: 

SUPPLEMENTARY MATERIAL 

Linking atmospheric and soil contamination: a comparative study of PAHs and metals in 

PM10 and surface soil near urban monitoring stations 

Nikolina Račić1,2, Stanko Ružičić3, Gordana Pehnec1, Ivana Jakovljević1, Zdravka Sever Štrukil1, 

Jasmina Rinkovec1, Silva Žužul1, Iva Smoljo1, Mario Lovrić4,5,2* 

1Institute for Medical Research and Occupational Health, Ksaverska cesta 2, 10000 Zagreb, Croatia 
2The Lisbon Council, Rue de la Loi 155, 1040 Brussels, Belgium 
3Faculty of Mining, Geology and Petroleum Engineering, Pierottijeva 6, 10000 Zagreb, Croatia 
4Institute for Anthropological Research, Gajeva 32, 10000 Zagreb, Croatia 
5Josip Juraj Strossmayer University of Osijek, Faculty of Food Technology Osijek, Franje Kuhača 20, 

31000 Osijek, Croatia 

Corresponding author: Mario Lovrić (mario.lovric@inantro.hr) 

Figure S1. PAH concentrations in soil by season, depth and station 
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Figure S2. Metals concentration in soil by season, depth and station 

Figure S3. Fe concentration in soil by season, depth and station 

Figure S4. Mn concentration in soil by season, depth and station 
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Table S1 Correlation analysis for air (PM10) and soil (for different depth) pollutants 

pollutant spearman_r, 5 cm p_value, 5 cm spearman_r, 10 cm p_value, 10 cm 
BaA -0.200 0.704 -0.200 0.704 
BaP -0.486 0.329 -0.314 0.544 
BbF -0.314 0.544 -0.314 0.544 
BghiP -0.600 0.208 -0.314 0.544 
BjF -0.600 0.208 -0.429 0.397 
BkF -0.600 0.208 -0.429 0.397 
Flu -0.714 0.111 -0.657 0.156 
Pyr -0.543 0.266 -0.429 0.397 
DahA -0.714 0.111 -0.314 0.544 
IP -0.600 0.208 -0.429 0.397 
Chry -0.657 0.156 -0.657 0.156 
Mn 0.771 0.072 0.943 0.005 
Pb 0.943 0.005 0.829 0.042 
Zn -0.257 0.623 -0.257 0.623 
Cu 0.714 0.111 0.600 0.208 
As -0.771 0.072 -0.714 0.111 
Fe 0.771 0.072 0.886 0.019 
Cd 0.883 0.020 0.000 1.000 

Table S2. Correlation analysis for air (different time windows) and soil pollutants 

pollutant months spearman_r, 5 cm p_value, 5 cm spearman_r, 10 cm p_value, 10 cm 
As 1 -0.235 0.463 -0.210 0.513 
BaA 1 0.063 0.846 0.196 0.542 
BaP 1 0.021 0.948 -0.056 0.863 
BbF 1 0.056 0.863 -0.021 0.948 
BghiP 1 -0.140 0.665 -0.007 0.983 
BjF 1 -0.186 0.564 -0.189 0.557 
BkF 1 0.028 0.931 -0.077 0.812 
Cd 1 0.167 0.667 0.073 0.877 
Chry 1 0.035 0.914 0.056 0.863 
Cu 1 0.622 0.031 0.308 0.331 
DahA 1 -0.175 0.587 -0.371 0.236 
Fe 1 -0.028 0.931 0.308 0.331 
Flu 1 0.091 0.779 0.399 0.199 
IP 1 -0.063 0.846 -0.112 0.729 
Mn 1 -0.182 0.572 0.322 0.308 
Pb 1 0.825 0.001 0.727 0.007 
Pyr 1 0.175 0.587 0.329 0.297 
Zn 1 -0.168 0.601 0.217 0.499 
As 3 -0.298 0.347 -0.224 0.484 
BaA 3 0.538 0.071 0.559 0.059 
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BaP 3 0.559 0.059 0.734 0.007 
BbF 3 0.371 0.236 0.601 0.039 
BghiP 3 0.490 0.106 0.503 0.095 
BjF 3 0.165 0.609 0.280 0.379 
BkF 3 0.357 0.255 0.566 0.055 
Cd 3 0.159 0.683 0.109 0.816 
Chry 3 0.650 0.022 0.706 0.010 
Cu 3 0.531 0.075 0.273 0.391 
DahA 3 0.147 0.649 0.280 0.379 
Fe 3 -0.371 0.236 0.189 0.557 
Flu 3 0.573 0.051 0.629 0.028 
IP 3 0.503 0.095 0.706 0.010 
Mn 3 -0.392 0.208 0.217 0.499 
Pb 3 0.713 0.009 0.573 0.051 
Pyr 3 0.490 0.106 0.566 0.055 
Zn 3 -0.413 0.182 0.070 0.829 
As 6 -0.336 0.285 -0.217 0.499 
BaA 6 0.175 0.587 0.427 0.167 
BaP 6 0.434 0.159 0.671 0.017 
BbF 6 0.357 0.255 0.699 0.011 
BghiP 6 0.385 0.217 0.601 0.039 
BjF 6 0.312 0.324 0.510 0.090 
BkF 6 0.392 0.208 0.615 0.033 
Cd 6 -0.084 0.831 0.182 0.696 
Chry 6 0.392 0.208 0.559 0.059 
Cu 6 0.455 0.138 0.273 0.391 
DahA 6 0.273 0.391 0.650 0.022 
Fe 6 -0.455 0.138 0.168 0.602 
Flu 6 0.524 0.080 0.720 0.008 
IP 6 0.308 0.331 0.538 0.071 
Mn 6 -0.392 0.208 0.259 0.417 
Pb 6 0.713 0.009 0.615 0.033 
Pyr 6 0.406 0.191 0.601 0.039 
Zn 6 -0.371 0.235 0.140 0.665 

Table S3. Correlation analysis for air and soil pollutants for different seasons and depths (for 

time windows of 6 months for air (PM10) pollutant concentrations) 

season pollutant spearman_r, 5 cm p_value, 5 cm spearman_r, 10 cm p_value, 10 cm 
autumn As -0.783 0.013 -0.444 0.232 
autumn BaA -0.500 0.170 -0.467 0.205 
autumn BaP -0.550 0.125 -0.433 0.244 
autumn BbF -0.500 0.170 -0.467 0.205 
autumn BghiP -0.500 0.170 -0.483 0.187 
autumn BjF -0.650 0.058 -0.594 0.092 
autumn BkF -0.636 0.066 -0.533 0.139 
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autumn Cd 0.872 0.054 -1.000 
autumn Chry -0.500 0.170 -0.467 0.205 
autumn Cu 0.750 0.020 0.427 0.252 
autumn DahA -0.427 0.252 -0.417 0.265 
autumn Fe 0.517 0.154 0.633 0.067 
autumn Flu -0.483 0.187 -0.267 0.488 
autumn IP -0.700 0.036 -0.650 0.058 
autumn Mn 0.517 0.154 0.650 0.058 
autumn Pb 0.900 0.001 0.767 0.016 
autumn Pyr -0.517 0.154 -0.400 0.286 
autumn Zn -0.017 0.966 -0.100 0.798 
spring As -0.368 0.330 -0.450 0.224 
spring BaA -0.483 0.187 -0.333 0.381 
spring BaP -0.667 0.050 -0.550 0.125 
spring BbF -0.650 0.058 -0.483 0.187 
spring BghiP -0.733 0.025 -0.517 0.154 
spring BjF -0.700 0.036 -0.550 0.125 
spring BkF -0.667 0.050 -0.550 0.125 
spring Cd 0.143 0.760 0.595 0.159 
spring Chry -0.633 0.067 -0.517 0.154 
spring Cu 0.300 0.433 0.083 0.831 
spring DahA -0.552 0.123 -0.418 0.262 
spring Fe 0.550 0.125 0.333 0.381 
spring Flu -0.217 0.576 -0.200 0.606 
spring IP -0.561 0.116 -0.467 0.205 
spring Mn 0.533 0.139 0.250 0.516 
spring Pb 0.650 0.058 0.467 0.205 
spring Pyr -0.483 0.187 -0.467 0.205 
spring Zn -0.567 0.112 -0.200 0.606 
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Figure S5. PCA for the soil pollutants (a) and air (PM10) pollutants (b) for different 

monitoring stations 

Figure S6. PCA for PAHs and metals soil samples for different monitoring stations 
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Figure S7. PCA for PAHs and metals air samples for different monitoring stations 
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