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Abstract
[bookmark: _Hlk225598565]This study explores the novel application of artificial neural networks to predict polycyclic aromatic hydrocarbons (PAHs) pollution in urban road dust by integrating magnetic properties, particle size distributions, and urban environmental features. A comprehensive dataset from 284 samples from Warsaw, Poland, included magnetic susceptibility (χ), saturation magnetization (Ms), remanent magnetization (Mrs), traffic intensity, granulometric fractions, and parameters such as building height, building layout, connection to the municipal central heating network, and geospatial coordinates. Principal component analysis (PCA) revealed that ∑PAH16 accumulation patterns are governed by the interplay between magnetic proxies (χ, Ms​, Mrs​), traffic intensity (T), and urban structural configurations, specifically heating grid status (C), building height (H), and building continuity (B; attached vs. detached structures), collectively accounting for 60.21% of the total variance. The predictive performance of the models was evaluated using 5-fold cross-validation. While the Linear Regression (LR) model showed low and unstable accuracy (R2 ranging from 0.05 to 0.32, mean 0.18), the Random Forest (RF) model provided a significantly more robust framework for capturing the nonlinear relationships between variables. SHAP (SHapley Additive exPlanations) analysis was employed to interpret the RF model, revealing that grain size fraction (F) and geospatial coordinates (LA, LO) were the primary drivers of PAH accumulation. In contrast, factors such as traffic intensity and building layout exhibited a marginal influence. The comparison of modeling approaches revealed a progressive increase in predictive performance as the ability to capture nonlinear and local relationships improved (R² =≈0.18 for linear regression, ≈0.26 for ANN, and ≈0.40 for RF), indicating that PAH accumulation is governed by complex, context-dependent interactions rather than simple independent predictors. These findings demonstrate that integrating magnetic properties and urban features using machine learning provides a powerful tool for identifying pollution hotspots and understanding the complex mechanisms underlying the distribution of organic pollutants in urban environments.

[bookmark: _Hlk225614014]Highlights
· PCA links magnetic signals and PAHs, explaining 60% of the variance.
· Integrated urban features and magnetic properties to identify PAH drivers.
· Random Forest model effectively captured nonlinear trends in road dust.
· SHAP analysis identified grain size fraction and location as primary factors.
· Linear regression showed low and unstable predictive performance compared to RF.
· Magnetic parameters contribute significantly to the model’s predictive power.
1. Introduction
Environmental pollution in urban areas, which involves large numbers of people in a small area, is one of the most important issues worldwide and negatively affects environmental quality and people’s health (WHO, 2016). The United Nations reports that the share of the global population living in cities is expected to reach 68% by 2050 (UN, 2019). This dense urbanization has led to the production of an increasing amount of harmful pollutants, exposing many people to the consequences of anthropogenic activities.
A key component of urban pollution is street dust, a heterogeneous mixture of soils and particles from natural and anthropogenic sources deposited on road surfaces (Z. Cao et al., 2017; Gunawardana et al., 2012; Haynes et al., 2020). Anthropogenic pollutants in street dust originate largely from traffic-related processes, including fuel combustion, tire wear, brake pads, and road surfaces, as well as industrial activities and low-stack emissions (Kreider et al., 2010; Z. Li et al., 2013; Logiewa et al., 2020; Pathak et al., 2013; Tanner et al., 2008; Yıldırım & Tokalıoğlu, 2016). These emissions include heavy metals and polycyclic aromatic hydrocarbons (PAHs).
Human activities and various pollution sources, including fossil fuel combustion, industrial processes, vehicular movement, and tire wear, are responsible for releasing substantial quantities of both heavy metals and magnetic particles into the environment (Christoforidis & Stamatis, 2009; Lanzerstorfer, 2021; Padoan et al., 2017; Shi et al., 2011). Numerous studies have demonstrated that magnetic measurements can be an effective tool for assessing environmental contamination, as strong correlations have been observed between magnetic properties and pollutant concentrations, particularly heavy metals. This approach has been successfully applied to a range of environmental media, including soils (Bondar et al., 2025; Cao et al., 2015; Dytłow et al., 2019; Hu et al., 2007; Jaffar et al., 2017; Wang et al., 2018), road or street dust (Qiao et al., 2011; G. Wang et al., 2019; Zhang et al., 2024), sediments (Chudaničová et al., 2016; Hamdan et al., 2022), plant leaves (Salazar-Rojas et al., 2023), and airborne particulate matter (Power et al., 2023). Polycyclic aromatic hydrocarbons (PAHs) and magnetic particles often share common traffic-related and industrial sources, such as vehicle exhaust, brake wear, and tire abrasion. Therefore, magnetic parameters (e.g., magnetic susceptibility and remanence) are correlated with anthropogenic particle content, and these magnetic carriers can adsorb PAHs, allowing combined physical and chemical assessments of pollution (Ayoubi et al., 2020; Karimian et al., 2023; Morris et al., 1995; Venkatachalapathy et al., 2010).
PAHs are a ubiquitous and persistent class of organic pollutants with two or more fused benzene rings. They are produced mainly by the incomplete combustion and pyrolysis of fossil fuels and biomass (pyrogenic) or by the direct release from petroleum products (petrogenic) (Galatioto et al., 2022; Tobiszewski & Namieśnik, 2012). PAHs are toxic, with many classified as human carcinogens (IARC, 2010, 2016; Loganathan et al., 2013), and exposure is linked to diseases of the respiratory and circulatory systems, cancers, and nervous system damage (Franco et al., 2017; Lorenzi et al., 2011; Majumdar et al., 2017). The Aphekom project highlighted that living near busy roads accounts for a significant proportion of new asthma and coronary heart disease cases (Chanel et al., 2016).
Given these risks, monitoring PAH pollution is a major challenge for public health protection. While determining PAHs is a matter of chemical analysis, understanding their complex relationships with other environmental variables requires advanced modeling techniques. In this context, rock-magnetic parameters (such as magnetic susceptibility, saturation magnetization, and saturation remanent magnetization from hysteresis loops) have emerged as rapid and effective proxies for assessing pollution levels, as they often correlate with anthropogenic, combustion-derived particles.
Machine learning (ML), especially artificial neural networks (ANNs), offers a powerful toolkit for deciphering these complex, nonlinear relationships in environmental data. ML algorithms have been successfully applied to model pollutant interrelationships (Kassandros et al., 2023; Peng et al., 2024), map their spatial distribution (Choubin et al., 2020), and predict pollution levels (Olawoyin, 2016). ANNs, support vector machines (SVMs), and random forest regression have been applied to analyze pollutant release and dynamics during microplastic degradation, providing insights into complex, nonlinear relationships in environmental data (Kida et al., 2024; Kida et al., 2024). Models such as random forests, support vector machines, and neural networks can capture patterns that traditional statistical methods might miss (Cabaneros et al., 2019; Patel et al., 2023).
[bookmark: _Hlk225598710]This research employs a dual-modeling framework, combining an ANN and a Random Forest (RF), to evaluate the influence of diverse environmental drivers on PAH concentrations in urban road dust. A key contribution of this study is the integration of a comprehensive sensitivity analysis, which enables a robust determination of the relative importance of individual features in governing the final output of polycyclic aromatic hydrocarbon levels. For the first time, the model integrates multiple environmental and physical features, including building height, traffic intensity, connection to the municipal heating network, magnetic parameters (e.g., magnetic susceptibility, saturation magnetization, remanent magnetization), particle size distribution, and geospatial coordinates (GPS). The study addresses the following research questions:
1.	To what extent can machine learning architectures, specifically Artificial Neural Networks (ANN) and Random Forest (RF), outperform classical linear models in predicting PAH concentrations based on magnetic, traffic, and granulometric features?
2.	Which environmental and physical parameters exhibit the highest predictive power for PAH levels, and is their importance consistent across different modeling approaches (ANN vs. RF)?
3.	How do global (ANN) and locally adaptive (RF) modeling approaches differ in capturing complex, context-dependent interactions between urban drivers and road dust pollution?
4.	Does the integration of SHAP analysis and multi-model comparison provide a reliable framework for source identification and rapid environmental assessment in complex urban systems?
2. Study area and methods
2.1. Study area and sampling campaign for urban road dust
The sampling activities took place in Warsaw, Poland’s capital city, located in the central part of the Mazovian Voivodeship along the Vistula River (52°13′48″N, 21°00′40″E). Road dust samples were collected from 79 sites (Figure S1) distributed across the city to capture the spatial variability associated with different land-use categories and traffic densities. Each sampling site was classified according to its connection to the municipal district heating network (variable C). This binary classification was critical for isolating the contribution of local low-stack emissions from individual household heating systems. Classification was performed using a multistage protocol. Primary data were obtained from the Central Emissions Building Register, provided by the Air Protection and Climate Policy Department of the City of Warsaw (CEEB, 2023), following a formal public information request.
For every sampling point, a spatial analysis was conducted within a 200 m radius to assess the potential influence of nearby off-grid heating sources. Sites were cross-referenced with district-level statistics, which show strong contrasts across the city (e.g., Wesoła: 99.43 %, Wawer: 99.18 % off-grid buildings in peripheral districts versus only 34.24 % in the city centre, Śródmieście). In districts with mixed heating infrastructure (off-grid share < 90 %, such as Ochota or Wola), rigorous on-site inspections were carried out. In cases of remaining uncertainty, direct interviews with building administrators or owners were conducted to verify the actual heating status of structures immediately adjacent to the sampled road segment.
Sampling activities were conducted between September and November 2023, exclusively on dry days, and were scheduled in accordance with the official street cleaning timetable provided by Warsaw City Hall (ZOM, 2025). A detailed description of the study area and sampling campaign is provided in the Supplementary Materials - Chapter S1.
At each sampling location, road dust was collected using clean, nonmetallic tools, including a vacuum cleaner, a brush, and a dustpan, until at least 500 g of material was collected. Each composite sample consisted of several subsamples taken from within the designated area, with their precise positions recorded via a handheld GPS device. The samples were sealed in laboratory shipping containers, transported to the laboratory, air-dried at ambient temperature, and sieved for granulometric analysis. The particle size distribution was determined via an LPzE-2e laboratory shaker (MULTISERW-Morek, Poland) using a calibrated sieve series. Initially, the road dust was sieved to obtain the bulk fraction (< 1.0 mm), which was labeled as 1. Subsequently, this material was further separated into five additional sub-fractions: 1.0–0.8 mm (labeled 0.8), 0.8–0.6 mm (0.6), 0.6–0.4 mm (0.4), 0.4–0.2 mm (0.2), and <0.2 mm (0.1), which were then transferred into 8 cm³ containers and weighed with analytical precision.
2.2. Polycyclic Aromatic Hydrocarbons (PAHs) extraction and quantitative determination
Before quantitative assessment, polycyclic aromatic hydrocarbons were isolated from road dust samples via a modified acetonitrile (ACN) extraction technique adapted from the procedures described by Puy-Alquiza et al. (2016) and Dytłow et al. (2025). Method optimization included systematic evaluation of the extraction time, solvent-to-sample ratio, and preconcentration parameters. These optimizations were performed using a certified reference material (LGC6188) to achieve a balance between extraction efficiency and matrix-effect reduction, thereby improving the analytical signal-to-noise ratio. The final extraction protocol involved weighing approximately 5 g of homogenized road dust and adding 25 ml of ACN. A detailed description of the procedure is provided in the Supplementary Materials – Chapter S2 and Table S1. The quality assurance and quality control (QA/QC) procedures for PAHs are described in detail in the Supplementary Materials – Chapter S3.
2.3. Magnetic susceptibility (χ) and hysteresis loop measurements
Low-field volume magnetic susceptibility (κ) was measured at a frequency of 976 Hz with a sensitivity of 2 · 10−8 SI at a magnetic field strength (H) of 200 A/m via the multifunction Kappabridge MFK1-FA (AGICO, Czech Republic). A detailed description is provided in the Supplementary Materials – Chapter S4.
2.4. Description and classification of the input data
[bookmark: _Hlk213077344][bookmark: _Hlk225605182]Each road dust sample was assigned to a specific grain size fraction and characterized using a set of environmental and urban parameters. Additional parameters describing the sampling location were recorded for each site, including traffic intensity (number of vehicles passing in both directions within 24 h), building layout (C–closed, O–open), and height of the surrounding buildings, categorized as N (no buildings), L (low-rise buildings -1–2 floors), M (medium-rise buildings – 3–5 floors), H (high-rise buildings- >5–7 floors), and V (very high buildings - skyscrapers). These factors influence the dispersion of pollutants generated by road traffic and nearby combustion sources. Traffic intensity data were obtained from the Warsaw Traffic Survey (City of Warsaw, 2023). Connection to municipal heating system indicates whether the building is supplied by the municipal central heating network (Y=yes, N=no). When N = no, the building is heated individually, typically using domestic heating systems such as stoves or small boilers operated by the residents.
For each sample, the concentrations of 16 priority PAHs were determined: naphthalene (Nap), acenaphthylene (Acy), acenaphthene (Ace), fluorene (Flu), phenanthrene (Phe), anthracene (Ant), fluoranthene (Flt), pyrene (Pyr), benz[a]anthracene (BaA), chrysene (Chr), benzo[b]fluoranthene (BbF), benzo[k]fluoranthene (BkF), benzo[a]pyrene (BaP), dibenz[a,h]anthracene (DBA), benzo[ghi]perylene (BghiP), and indeno[1,2,3-cd]pyrene (IP). The total PAHs concentration (ΣPAH16) was calculated as the sum of all individual PAHs.
The laboratory-analyzed PAH compound data were subjected to basic statistical analysis and normalization. The obtained results were used to train the neural network. In the first stage, a comprehensive neural network was proposed. In subsequent stages, to improve its predictive performance, it was segmented based on a qualitative variable indicating connection to the municipal district heating network.
 The research plan is presented in Figure 1.[image: ]
Figure 1. Research plan.

2.5. Statistical analysis and data filtration
[bookmark: _Hlk225277445]Preliminary data management, descriptive statistical analysis, and initial data screening were conducted using Statistica 13 software. Values below the limit of quantification (LOQ) were replaced with the LOQ/2 (Table S2 in Supplementary Materials). To ensure model robustness and eliminate low-signal noise, samples with ∑PAH16 concentrations below the cumulative LOQ/2 threshold (0.253 mg/kg) were excluded.
To establish a rigorous threshold for outlier removal, the distribution parameters were calculated: the first quartile (Q1) was 0.62 mg/kg, and the third quartile (Q3) was 2.48 mg/kg, yielding an Interquartile Range (IQR) of 1.86 mg/kg. Based on these parameters, the formal limit for potential outliers (Q3+1.5×IQR) was 5.27 mg/kg, while the limit for extreme outliers (Q3+3×IQR) reached 8.06 mg/kg. Between these two statistical benchmarks, a conservative empirical threshold of 6 mg/kg was applied. This value was chosen based on preliminary data distribution analysis to ensure the highest model reliability by effectively capturing the continuous urban background distribution while excluding isolated, high-concentration hotspots. The excluded observations appeared as single, disconnected points that lacked the continuity required for effective machine learning training. This approach ensured that the machine learning models (ANN and RF), developed in the Python ecosystem, were trained on a representative and stable dataset.

2.6. Data preparation and encoding
Qualitative data were prepared and encoded for artificial neural network and random forest modeling. To ensure compatibility with machine learning algorithms and preserve the inherent relationships between categories, all categorical variables were encoded as numerical values using ordinal encoding (Géron, 2019). The connections to the municipal district heating network were encoded as Y (yes) = 1 and N (no) = 0, while the building layout was represented as C (closed) = 1 and O (open) = 0. Similarly, the heights of surrounding buildings were ordinally categorized to reflect their increasing physical scale: N (no buildings) = 0, L (low-rise, 1–2 floors) = 1, M (medium-rise, 3–5 floors) = 2, H (high-rise, >5–7 floors) = 3, and V (very high buildings – skyscrapers) = 4. This approach allowed the models to account for the qualitative progression of urban density within a single input dimension for each variable.
The normalization or standardization of data is an essential step in preparing input features for neural networks(Hastie et al., 2001; Kuhn & Johnson, 2013). The purpose of this process is to bring all variables to a comparable scale, preventing those with larger numerical ranges from dominating the learning process.
To ensure numerical stability and uniform weight distribution across the disparate architectures of RF and ANNs, all input features were rescaled using Z-score standardization. While RF is generally robust to monotonic transformations, the convergence of ANN is highly sensitive to the scale of input data. 
[bookmark: _Hlk225537807][bookmark: _Hlk225277425]The transformation was implemented within the Python scientific computing ecosystem according to Equation (1):


In which z is the standardized value,  is the original feature, and μ and σ are the mean and standard deviation, respectively. This transformation ensures that all input features contribute proportionally during training, improving the model’s convergence and numerical stability. The necessity of data normalization has been discussed in previous studies. Ioffe and Szegedy (2015) introduced batch normalization as a method to accelerate deep network training by reducing the internal covariate shift. Likewise, (Anemangely et al., 2019) emphasized the importance of proper feature scaling to enhance the performance and efficiency of machine learning models. The input data employed in this study are presented in Table S3 in the Supplementary Materials.
[bookmark: _Hlk225537858][bookmark: _Hlk225432489]2.7. Research software and computational methodology
Preliminary data management, descriptive statistical analysis, and initial data screening were conducted using Statistica 13 software. The core computational framework, including the development of non-linear models and SHapley Additive exPlanations analysis, was implemented in a Python environment. Data management, including cleaning processes and advanced filtering of input datasets, was handled using the Pandas library (McKinney, 2010). Numerical operations and matrix calculations were conducted via NumPy (Harris et al., 2020), which was also utilized to determine model performance through specific error metrics: MAE (Mean Absolute Error), representing the average magnitude of the prediction error, and RMSE (Root Mean Square Error), which was used to evaluate model stability by penalizing larger deviations. Furthermore, Scikit-learn (Pedregosa et al., 2011) served as the primary tool for data standardization via Z-score scaling, the construction of machine learning architectures (specifically RF and ANNs), and the execution of rigorous cross-validation procedures.

[bookmark: _Hlk218546685]2.8. Multilayer perceptron (MLP) Neural Networks, Limited-memory Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) Training, Activation Functions, Second-Order Polynomial Model, and SHapley Additive exPlanations (SHAP)
The multilayer perceptron (MLP) is the most widely used static neural network. In an MLP, the network receives input together with the target output, and the connection weights are updated so that the network learns to approximate the desired output (Fausett, 1994). The details of the MLP, L-BFGS, activation functions, and polynomial model are described in the Supplementary Materials – Chapter S5. Furthermore, to ensure the interpretability of the results and quantify the impact of individual environmental variables on the predictions, the SHapley Additive exPlanations (SHAP) method was employed; its detailed mathematical background and implementation are provided in the Supplementary Materials – Chapter S6.
3. Results and discussion
3.1. Descriptive statistics and principal component analysis (PCA)
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Figure 2. Box-and-whisker plots summarizing the distribution of all numerical parameters investigated in this study. The displayed parameters are: magnetic susceptibility (χ); saturation magnetization (Ms); remanent saturation magnetization (Mrs); daily traffic intensity (T); and total concentration of the 16 priority polycyclic aromatic hydrocarbons (∑PAH16). The central line represents the median, the box extends from the first to the third quartile, and the whiskers show the variability outside the interquartile range. Outliers are plotted as individual points.
[bookmark: _Hlk225605862]In this study, descriptive statistical analysis was conducted on all measured quantitative (numerical) variables to characterize their distributions, central tendencies, and variabilities. The dataset included the magnetic properties of the samples, as well as environmental parameters, such as traffic intensity and PAH concentrations. The magnetic susceptibility (χ) (Figure 2, Table S3 in Supplementary Materials) ranged from 27.11 to 1068.25 10⁻⁸ m³/kg, with a mean value of 269.51 ± 160.59 10⁻⁸ m³/kg. The median value was 238.70 10⁻⁸ m³/kg, suggesting a slightly skewed distribution. The saturation magnetization (Ms, 10⁻³ A·m³/kg) ranged from 20.76 to 1432.08, with a mean of 244.61 ± 174.39 and a median of 207.27, indicating moderate skewness. The remanent saturation magnetization (Mrs, 10⁻³ A·m³/kg) ranged from 1.92 to 171.44, with a mean of 24.77 ± 20.84. The median was 20.84, indicating a slightly right-skewed distribution. These values are generally lower than those reported for road dust in the West Midlands, UK (588.3 × 10⁻⁸ m³ kg⁻¹; Shilton et al., 2005) and Asaluye, Iran (550.9 × 10⁻⁸ m³ kg⁻¹; Abbasi et al., 2020), but higher than those measured in Sofia, Bulgaria (264.6 × 10⁻⁸ m³ kg⁻¹; Jordanova et al., 2014). The mean χ value is also comparable to that reported in Lanzhou city, China (442.4 × 10⁻⁸ m³ kg⁻¹; Wang et al., 2011), and Thessaloniki, Greece (408.7 × 10⁻⁸ m³ kg⁻¹; Bourliva et al., 2018), indicating that the magnetic properties of Warsaw road dust fall within the typical urban range reported worldwide.
The total ∑PAH16 concentrations in the present study ranged from 0.24 to 11.81 mg/kg, with a mean of 2.00 ± 2.06 mg/kg and a median of 1.54 mg/kg, indicating a skewed distribution. These levels are generally lower than those reported for Tokyo, Japan (mean ∑PAH12, 0.3 mg/kg; Khanal et al., 2018), Saudi Arabia (mean ∑PAH15, 0.3 mg/kg; Shabbaj et al., 2018); mean ∑PAH16, 0.43 mg/kg; Alghamdi et al., 2021), Asansol, India (mean ∑PAH16, 0.5 mg/kg; Gope et al., 2018), and several Chinese cities, including Hubei Province (4.43 mg/kg; Zhang et al., 2016), Qingyang (3.0 mg/kg; Wu et al., 2020), Shanghai (3.92 mg/kg; Wang et al., 2021), Huainan (4.1 mg/kg; Xu et al., 2022), Chengdu (4.8 mg/kg) and Tianjin (8 mg/kg; Yu et al., 2014). Conversely, the PAH concentrations measured in Warsaw were higher than those reported for Jalalabad, Afghanistan (∑PAH17, 0.29 mg/kg; (Khpalwak et al., 2019), some locations in Iran (0.3–2.2 mg/kg; (Abbasi & Keshavarzi, 2019; Davoudi et al., 2021; Najmeddin & Keshavarzi, 2019), Myanmar, Japan, Taiwan, and Vietnam (∑PAH19, 1.7 mg/kg; Mon et al., 2020), and Huanggang, China (1.8 mg/kg; Liu et al., 2019).
The traffic intensity (vehicles per day) (Table S3 in Supplementary Materials) ranged from 1,900 to 88,910, with a mean of 29,122 ± 24,039. The median traffic intensity was 17,500, reflecting the influence of extremely high values on the mean. Overall, these descriptive statistics provide a clear quantitative overview of the dataset and form the basis for subsequent correlation, regression, and trend analyses.
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[bookmark: _Hlk225527435]Note: Statistical significance is indicated by asterisks: * p < 0.05,  ** p < 0.001.
Table 1. Pearson’s correlation matrix (r) between magnetic parameters, traffic intensity, and individual PAH concentrations.
The statistical analysis of the Pearson (Table 1) correlation matrix reveals a high internal consistency between saturation magnetization (Ms​) and saturation remanence (Mrs​), with a coefficient of r = 0.89 (p<0.01). Magnetic susceptibility (χ) displays weak but statistically significant positive correlations with the concentration of total ∑PAH16 (r = 0.25, p<0.01) and Benzo[a]pyrene (r = 0.24, p<0.01). In contrast, traffic intensity shows a correlation of r = 0.24 with χ, while its association with total ∑PAH16 remains weak and statistically non-significant (r = 0.09). Among the individual PAH compounds, high-molecular-weight fractions exhibit the strongest intercorrelations, particularly between Benzo[a]pyrene and Chrysene (r = 0.94). Additionally, Dibenzo[a,h]anthracene shows a negative weak correlation with magnetic susceptibility (r = −0.16, p<0.05), representing a distinct statistical outlier within the analyzed [image: ]dataset.

Figure 3. PCA for road dust. Variables - Magnetic susceptibility, Ms - Saturation magnetization, Mrs - Remanent of saturation magnetization, T - Traffic intensity, F - Fraction/Grainsize, C – Connection to the municipal central heating network, H - Height of buildings, ∑PAH16 - Total PAH16, B – building layout. The percentage values provided for each principal component (PC1, PC2, and PC3) represent their respective contributions to the total explained variance.

Principal Component Analysis was performed on the expanded dataset of 284 records to elucidate the multivariate relationships between magnetic parameters, urban structural variables, and PAH concentrations (Figure 3). The first three principal components (PC1–PC3) collectively account for 60.21% of the total variance (PC1 = 30.42%, PC2 = 17.50%, and PC3 = 12.29%). The first principal component (PC1) is predominantly defined by magnetic parameters, showing strong negative loadings for magnetic susceptibility (χ), saturation magnetization (Ms​), and remanent saturation magnetization (Mrs​). This component represents the fundamental magnetic signal of the road dust. Notably, PC1 also shows a meaningful alignment with traffic intensity (T) and connection to the municipal heating grid (C), confirming that the magnetic mineralogy in the study area is intrinsically linked to anthropogenic emission sources. The second principal component (PC2) reveals a strong correlation between total PAH concentrations (∑PAH16) and urban morphological features. Specifically, ∑PAH16 clusters closely with traffic intensity (T), building height (H), and the heating grid status (C). This grouping underscores the combined impact of vehicular emissions and residential heating on PAH accumulation. The grain size fraction (F) remains distinct on this axis, indicating that while PAHs are associated with specific urban environments, their distribution is also modulated by physical particle characteristics. The third principal component (PC3) highlights the interplay between building layout (B), traffic (T), and particle size (F) in relation to ∑PAH16. This component captures the secondary variance associated with the spatial configuration of the urban canopy and its influence on the deposition patterns of different dust fractions. The clear separation of the grain size fraction (F) on the PC3 axis further suggests that the accumulation of PAHs is a complex process driven by both the source intensity (captured in PC1/PC2) and the physical transport/deposition dynamics of the dust particles.
3.2. Multistage analysis framework for PAH assessment
[bookmark: _Hlk225536774][bookmark: _Hlk225595833]3.2.1. Development of the consolidated model of ANNs
[bookmark: _Hlk213076117][bookmark: _Hlk225536701]The overall research plan for PAH assessment via a multistage ANN framework is illustrated in Figure 1. The first stage of the study involved developing a consolidated machine learning model using artificial neural networks to predict polycyclic aromatic hydrocarbon concentrations in urban road dust based on a set of independent variables. Ten following input variables were used for modeling: magnetic susceptibility (χ), saturation magnetization (Ms), remanent saturation magnetization (Mrs), traffic intensity (T), grain size/fraction (F), connection to the municipal central heating network (C), building height (H), building layout (B) and and geospatial coordinates (GPS) (LO, LA).
[bookmark: _Hlk225350918][bookmark: _Hlk225527067]To this end, various multilayer perceptron network architectures were evaluated using a 5-fold cross-validation procedure, differing in the activation functions applied in the hidden and output layers. The independent variables were standardized using Z-score standardization according to Equation (1). To prevent data leakage, the scaling parameters (mean and standard deviation) were calculated solely on the training set and subsequently applied to the validation set. The characteristics of the trained neural networks are summarized in Table S4 (Supplementary Materials), which presents the architecture of each model, including the number of neurons in the input, hidden, and output layers. The table presents the results of neural network models obtained using ReLU and tanh activation functions. For the remaining analyzed functions, including the logistic function, the results were comparable or lower. Additionally, the L-BFGS optimization algorithm was evaluated, and its results are provided in Table S5 (Supplementary Materials).
The presented data clearly indicate that modeling the accumulation of PAHs in the urban environment is a challenging task. Despite having a relatively rich dataset, the existing relationships are difficult for the applied learning algorithm to capture. None of the analyzed neural network architectures yielded satisfactory results. In many cases, the coefficient of determination was negative, indicating that the models developed for the entire dataset produced higher prediction errors than a baseline model based on the mean value. The lowest RMSE values were obtained for simple architectures with three neurons (for both ReLU and tanh activation functions), which is most likely related to the limited number of observations available for training. However, even in these cases, cross-validation revealed considerable model instability, manifested by negative R² values in some folds and relatively high standard deviation (STD).
In parallel, a detailed analysis of correlations among the independent variables was conducted (Table S6 in Supplementary Materials). Based on the correlation matrix, strong multicollinearity was identified between the variables Mrs and Ms, as well as their significant correlation with the variable χ. To improve numerical stability and reduce data redundancy, the effect of removing these variables on the predictive performance of the neural network model was evaluated. Additionally, descriptive statistics of the dependent variable were analyzed. The dataset consisted of 284 observations, with a mean value of 1.98 and a standard deviation of 2.06. The minimum value was 0.24, corresponding to the limit of detection, while the maximum reached 11.81. The distribution of the dependent variable exhibited right skewness, which justified considering a logarithmic transformation. Therefore, additional analyses were performed using the logarithmic form of the variable (logPAHs) to assess whether this transformation could improve model performance. The most suitable network architecture obtained after applying the logarithmic transformation of the dependent variable was an MLP 8–3–1 model with a ReLU activation function and the Adam optimization solver. Compared to previous configurations, a clear improvement in model stability was observed, withR² remaining positive across all cross-validation folds.
The standard deviation of RMSE was 0.03, while the mean RMSE reached 0.37 with a corresponding Mean Absolute Error (MAE) of 0.76. Considering the logarithmic transformation of the dependent variable, this corresponds to an average prediction error of approximately 37%. Despite the improved stability, the model explains only about 16% of the variance in the dependent variable (mean R² = 0.16), indicating limited predictive capability of the applied architecture. Additionally, the distribution of the dependent variable was analyzed using a whisker plot (Figure 2, Table S3 in Supplementary Materials). The quartile distribution was as follows: Q1 = 0.62, median (Q2) = 1.55, and Q3 = 2.48, confirming the asymmetric nature of the data.
In accordance with the statistical criteria established in Section 2.5, the original dataset of 284 samples (Table S3 in the Supplementary Materials) was refined to ensure model reliability. First, 17 samples with concentrations below the cumulative LOQ/2 threshold (6.0% of the total) were excluded to eliminate low-signal noise. Subsequently, the applicability range was limited to values not exceeding 6 mg/kg, which led to the removal of 13 extreme observations (4.6% of the total) identified as localized hotspots.
This preprocessing resulted in a final optimized dataset of 254 samples (89.4% of the original data), covering a continuous concentration range up to 5.86 mg/kg. This step significantly improved model consistency by reducing the influence of extreme values, which are difficult to model reliably using global approaches such as ANNs. Based on these findings, the final ANN model was developed using an MLP architecture with 10–3–1 layers and a ReLU activation function, with the Adam optimizer. The cross-validation results of the final model, reflecting its performance across all five folds, are presented in Figure 4.
The ANN model demonstrated moderate and relatively consistent predictive performance across the 5-fold cross-validation. The R² values ranged from 0.10 to 0.31, with the highest values observed in Folds 1, 3, and 4 (R² = 0.31) and the lowest in Fold 2 (R² = 0.10). The mean R² reached 0.26, indicating a moderate ability to explain data variability. The RMSE was 1.01, and the standard deviation was 0.09, confirming stable prediction errors across all folds.





































Figure 4. Validation of the developed network.
The developed neural network does not constitute a fully satisfactory predictive model due to relatively low values of R², which remained limited despite attempts to optimize the architecture, activation functions, and training algorithms. Nevertheless, the presented configuration represents the most suitable and relatively stable solution among the tested variants. These results may indicate a limited amount of information contained in the independent variables used for model construction. Despite the low R², an attempt was made to preliminarily assess the influence of individual variables on the PAHs value. The developed model can also serve as a baseline for further research, particularly if a larger dataset and additional independent variables become available, which may improve predictive performance.
[bookmark: _Hlk225337745]To evaluate the importance of the analyzed independent variables, SHAP (SHapley Additive exPlanations) analysis was performed. This approach enabled the identification of key variables and the determination of the direction and magnitude of their influence on the dependent variable (Figure 5a).



























Figure 5. SHAP (SHapley Additive exPlanations) summary plot illustrating the relative importance and impact of input variables for the ANN model predictions (a) and Random Forest model predictions (b).
[bookmark: _Hlk225597555]3.2.2. Regression Model
The predictive capacity of the ANN model exhibited an average coefficient of determination established a high benchmark with a mean R2 ≈ 0.26, as indicated by the linear regression fit of its results in Figure 4. To determine if traditional statistical methods could offer a comparable or more stable representation, a dedicated regression model was independently developed. It was demonstrated that ANNs model exhibits higher predictive performance compared to the classical linear regression model. In the case of linear regression, despite achieving an average coefficient of determination of approximately R² ≈ 0.26, the model lacked stability – negative R² values were observed in several cross-validation folds, indicating poor fit to the underlying data structure. To improve the mathematical representation of the system, the linear model was extended by incorporating interactions between independent variables (Table S4 in Supplementary Materials). Following a variable selection procedure and the elimination of statistically insignificant terms (at a significance level of p > 0.05), a final regression model with interactions was obtained (Equation 2), consisting of seven key predictors.



Where: magnetic susceptibility (χ), traffic intensity (T), grain size/fraction (F), connection to the municipal central heating network (C), building height (H), building layout (B), and geospatial coordinates (LO: longitude, LA: latitude).
The transition to a more complex interaction-based model provided a deeper mathematical framework, yet the cross-validation outcomes underscored the persistent challenges of linear modeling for this dataset. The overall predictive power was characterized by a mean R2 = 0.18, a value that falls notably short of the benchmarks set by the nonlinear ANN. The instability of the regression approach was particularly evident in the high variance between validation stages. While Fold 4 reached a peak performance of 0.32, these gains were not sustained; Fold 5 showed a critical drop to 0.05, indicating a near-total failure to capture the local data structure in that subset. The remaining folds maintained a low but more stable range: 0.20 (Fold 1), 0.17 (Fold 2), and 0.15 (Fold 3). With an RMSE of 1.07, these results demonstrate that even after optimizing the model with synergistic terms, the linear approach can only partially represent the underlying dynamics. This confirms that the relationships governing PAH accumulation are predominantly nonlinear, leaving the regression model as a significantly less effective tool than the neural network architectures discussed earlier.
The obtained results indicate that the ANN model provides more information than both simple and extended linear regression models. Analysis of the regression equation revealed that the PAHs accumulation process is governed by a complex system of interactions between independent variables. Key contributions arise from synergistic effects between parameter pairs such as T–LO, C–LO, and the dominant interaction of H–LA. The presence of interaction terms confirms that the influence of individual process parameters is not constant but depends on the values of other variables, highlighting the strongly interdependent nature of the analyzed system. Additionally, the negative coefficient for the quadratic flow term (F²) indicates nonlinear system dynamics, suggesting saturation or threshold effects. These findings confirm the presence of both nonlinear and interaction-driven relationships, which can only be partially captured by regression-based approaches, but are more effectively represented by nonlinear models such as artificial neural networks.
[bookmark: _Hlk225597583]3.2.3. Random Forest
As an alternative to global approximation methods, an ensemble-based approach using the Random Forest (RF) algorithm was implemented. This model was specifically configured to capture complex, nonlinear dependencies through a forest of 100 decision trees. To ensure maximum use of the available data structure, the trees were grown without depth restrictions, with at least one sample per leaf and all input features considered at every split. The splitting process was optimized using the mean squared error (MSE) criterion.
The robustness of the tree-based architecture was confirmed via 5-fold cross-validation, in which the RF model achieved the highest predictive accuracy among all evaluated methods. The calculated coefficients of determination reached 0.47 (Fold 1), 0.41 (Fold 2), 0.40 (Fold 3), and 0.39 (Fold 4), with a performance drop to 0.30 observed in Fold 5. This resulted in an overall mean R2 of 0.40 (approximately 0.394), indicating a moderate yet superior ability to explain the dataset’s variance compared to the ANN and regression models.
The prediction error metrics further supported the model’s reliability, with a Root Mean Square Error (RMSE) of 0.92 and a Mean Absolute Error (MAE) of 0.71. These values represent the typical deviation between the ensemble’s predictions and the observed PAH concentrations. Although the predictive performance remains within a moderate range, the results suggest that the hierarchical, threshold-based structure of the Random Forest model is particularly effective at capturing the underlying patterns and local variations present in urban road dust data.
Based on the developed Random Forest model, SHAP analysis was performed to interpret the model predictions (Figure 5b). This approach enabled the assessment of the relative importance of individual input variables and their contributions to the model output, providing insights into the underlying relationships within the data.
In the case of the Random Forest model, removing the Mrs and Ms variables did not significantly affect model performance, yielding a comparable coefficient of determination (R² ≈ 0.39). A comparative analysis of both approaches indicated that variable F was the key predictor, showing the highest importance in both models and exhibiting a consistent direction of influence on PAHs. Similarly, variables χ, LO, and LA were identified as among the most influential features. In contrast, the remaining variables differed in their relative importance between the Random Forest and ANN models. Considering that slightly better model performance was achieved with the Random Forest approach, this suggests that the threshold-based structure of RF may better capture the underlying process behavior, whereas ANN reflects a more generalized representation of the relationships. Furthermore, the SHAP distributions showed that the ANN model produced more compact, smoothly distributed feature contributions, with most SHAP values concentrated around zero, indicating a more continuous, global approximation of the input–output relationships. In contrast, the Random Forest model exhibited a wider spread of SHAP values and more pronounced asymmetry, reflecting stronger sensitivity to local variations and potential interaction effects between variables. This difference suggests that while ANN emphasizes overall trend generalization, RF is more effective in capturing localized, nonlinear dependencies present in the data.
While several studies exist in this field, none have integrated urban, magnetic, and particle-size data using ANN to identify the key drivers and their relative influence on PAH accumulation. Li et al. (2026) analyzed 79 urban runoff samples, detecting 16 PAHs (2924–6072 ng/L) and 9 Cl‑PAHs (384–1315 ng/L), quantified six PAH and three Cl‑PAH sources using PMF, and demonstrated that Random Forest combined with Shapley Additive exPlanation (SHAP) method (RF-SHAP) reliably identified the impact of environmental driving factors on pollutant concentrations. Salazar-Rojas et al. (2022) applied machine learning models, including multiple linear regression (MLR) and support vector machine (SVM), to predict HMs in road dust and leaves, showing that SVM accurately predicted Fe, Cu, Cr, V, and Zn (adjusted R² ≥ 0.7), while Pb and Ni were poorly predicted. Similarly, studies applying ANN to predict pollutant levels in stormwater sediments (e.g., heavy metals and PAHs) demonstrated good predictive performance (r = 0.85–0.98, mean relative error below 20% for most metals, and r = 0.85 for PAHs), yet highlighted that pollutant concentrations driven by variable atmospheric and land-use conditions - particularly those influenced by heating-related emissions-pose additional challenges for reliable modeling (Bąk et al., 2019). Similarly, predictive models for atmospheric heavy metals using PM2.5 and meteorological data from five locations in Seoul over two years applied multiple machine learning techniques, with random forest regression performing best for most metals and achieving an R2 =0.59 for zinc, while seasonal and spatial variations affected accuracy for other metals (Xu et al., 2023).
[bookmark: _Hlk224933501]3.3. Limitations and future research
This study represents a significant step toward predictive modeling of PAH accumulation in road dust using magnetic properties and urban environmental features, yet it also highlights the need to integrate more dynamic atmospheric parameters in future research. A primary limitation is that the sampling campaign was conducted within a single seasonal window from September to November. To refine the predictive accuracy and robustness of the ANN framework, a crucial next step is to repeat the road dust sampling at the same locations during different seasons, specifically during the peak of the winter heating period and the height of summer. This longitudinal approach, based on paired seasonal sampling, will enable the neural networks to precisely disentangle the permanent influence of urban morphology from the variable chemical signals of residential combustion and seasonal traffic fluctuations.
Furthermore, future models should account for the influence of regional wind speed and direction in the days preceding sampling. Atmospheric pollution transported from major sources, especially from off-grid residential heating areas, and subsequently deposited on road surfaces, may contribute substantially to PAH concentrations, potentially outweighing local structural factors. Utilizing existing meteorological station networks, such as those in Warsaw or during our upcoming research in Vienna, will provide sufficient data to evaluate these transport dynamics and the representative wind vectors affecting the sampling sites. By transitioning to a framework that accounts for regional atmospheric transport patterns and seasonal regimes, we aim to provide a more reliable tool for forecasting pollution hotspots in the road-dust matrix without the need for additional local micro-measurements.

5. Conclusions
[bookmark: _Hlk225535633]The comparative analysis of linear regression, ANN, and Random Forest models enabled the assessment of relationships between variables and the identification of key factors influencing PAH concentrations in road dust. The application of methods with different capacities to capture nonlinearity and interactions provided a more comprehensive interpretation of the studied system.
· The consistency of results obtained from RF and ANN models indicates that the main patterns in the data were reliably identified, and that the key variables governing PAH concentrations are robust across modeling approaches. 
· The Random Forest model, as a locally adaptive method, achieved a better fit than the ANN model, suggesting a higher capability to capture complex relationships present in the data. 
· The same variables were identified as important in both models; however, their effects are not uniform across the entire data range, which may indicate the presence of nonlinearities and context-dependent behavior. 
· The comparison of ANN and RF results suggests that the relationships governing PAH concentrations are nonlinear and may involve interactions between independent variables. Moreover, these relationships appear to be partially local, i.e., varying depending on specific conditions. 
· Model comparison showed an increase in predictive performance with greater ability to capture nonlinear relationships (R² ≈ 0.18 for linear regression,  ≈ 0.26 for ANN, and  ≈ 0.40 for Random Forest). It should be noted that this trend is empirical and specific to the dataset analyzed. 
· Despite agreement in identifying key variables, the difference in R² between ANN (R² ≈ 0.26) and RF (R² ≈ 0.40) suggests that the relationships between variables are nonlinear and partly local. The ANN model, as a global approach, may not fully capture this complexity, whereas the Random Forest better accounts for local variability.
· The variable C does not appear in the linear model as an independent predictor, but only as part of an interaction term with LO (C-LO), suggesting a context-dependent effect. At the same time, SHAP analysis indicates its importance in the ANN model, whereas its contribution in the RF model is limited. This discrepancy may suggest that C participates in more complex relationships (e.g., interactions), rather than acting as a strong independent predictor.
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