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Abstract

Urban air pollution results from complex interactions between vehicle emissions, meteoro-
logical conditions, and atmospheric chemistry. While machine learning models achieve high
accuracy in air quality prediction, their limited transparency hinders policy adoption. We
present an integrated (M-ETAQI) framework combining multiple XAI techniques, temporal
decomposition, and causal inference to quantify traffic and meteorological contributions to
PM10, PM2.5, NOX, and NO2 concentrations in the Istanbul FSM Bridge corridor (2022–2023
hourly data). Five machine learning models, including XGBoost, LightGBM, CatBoost,
Random Forest, and CNN–LSTM–Attention, were trained with temporal cross-validation.
SHAP, LIME, PDP, and ALE were applied for interpretability; STL decomposition isolated
temporal components, and CCM tested causal links. Tree-based models achieved R2 > 0.80
for all pollutants, with CatBoost reaching PM2.5 R2 = 0.876. SHAP confirmed Lag1 as
the dominant feature. Wind speed had a significant negative effect on NOX, while traffic
contributed ~20% to NOX, twice that of other pollutants. STL showed the trend component
dominated total variance; NO2 trend variance = 56.3%. CCM revealed wind speed as the
strongest causal driver of NOX (ρ = 0.37) and confirmed direct traffic–NOX links. Knowl-
edge distillation from CatBoost improved CNN–LSTM–Attention performance. The four
XAI methods yielded consistent attributions, providing robust, cross-validated evidence
for traffic management and air-quality policy.

Keywords: urban air quality; explainable artificial intelligence; SHAP analysis; traffic
emissions; machine learning; Istanbul

1. Introduction
Urban air pollution is one of the most significant environmental and public health

problems of the 21st century. The World Health Organization (WHO) estimates that ambient
air pollution causes approximately 4.2 million premature deaths worldwide each year [1].
Exposure to air pollution has been proven to have harmful effects on physical health,
mental health, and mortality rates [2]. Particulate matter (PM) and nitrogen oxides (NOX)
in particular have been identified as primary concerns by the WHO and the European
Environment Agency (EEA) [1,3].

In cities, vehicle exhaust emissions from internal combustion engines are the primary
source of NOX and nitrogen dioxide (NO2), while brake and tire wear and road dust re-
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suspension are major contributors to particulate matter (PM). For example, non-exhaust
emissions from vehicles, such as brake and tire wear, have been shown to produce urban
particles with diameters lower than 2.5 µm (PM2.5) that can reach levels exceeding those
from exhaust emissions in some periods, contributing up to 1.39–7.13% of the total particu-
late matter concentration. It also significantly contributes to the formation of particulate
matter, such as particles with diameters below 10 µm (PM10) and PM2.5 [4,5]. The magni-
tude of traffic-related emissions is influenced not only by vehicle size but also by driving
dynamics such as speed and acceleration patterns [6]. For instance, one study found that
measurements under real traffic conditions showed that gasoline vehicles emitted higher
levels of carbon monoxide (CO) and carbon dioxide (CO2), while diesel vehicles emitted
higher levels of NOX and PM2.5 [7]. Therefore, a proper understanding of vehicle emission
distribution in urban environments is critical for developing sustainable transportation
policies and identifying strategies to improve air quality [8].

Machine learning (ML) approaches have emerged as powerful tools for air quality
prediction. They capture complex, nonlinear relationships among meteorological variables,
traffic parameters, and pollutant concentrations that traditional regression methods often
fail to model [9]. Recent studies have shown that ensemble tree-based algorithms such
as eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM),
and Categorical Boosting (CatBoost) achieve the best performance in hourly air quality
forecasting [10]. Machine learning models are classified as black-box or white-box. White-
box models are transparent and understandable but generally have lower accuracy. In
contrast, black-box models are more accurate but lack transparency and require explanation
methods [11]. Therefore, this problem has limited their adoption among environmental
policymakers and regulators who require transparent, interpretable evidence to justify
intervention measures [12].

Explainable Artificial Intelligence (XAI) can demonstrate the relationship between
prediction accuracy and scientific interpretability. For example, Local Interpretable Model-
Independent Explanations (LIME) provide complementary local surrogate interpreta-
tions [13], while Partial Dependence Graphs (PDP) and Accumulated Local Effects (ALE)
visualize marginal and unbiased feature effects, respectively [14,15]. More recently, Shapley
Additive Explanations (SHAP), based on cooperative game theory, provide theoretically
consistent feature-attribution values at both the global and local levels [16]. For instance,
one study used the SHAP model to assess the effects of meteorological variables on the air
pollutants PM10, PM2.5, and ozone (O3) [17].

Most ML-based air-quality studies have treated temporal patterns as monolithic
wholes. For example, air quality index prediction has been performed using daily [18]
or hourly [19] data. Therefore, long-term trends, seasonal patterns, and short-term pollu-
tion analysis cannot be fully distinguished from meteorological and traffic-related factors.
Causal relationships between traffic flow and air pollution have also not been sufficiently
investigated. However, correlation-based analyses have been performed. For example,
Pearson correlation was used as a statistical test in a study conducted in Melbourne [20],
or emission rates have been estimated based on average annual traffic parameters [21].
Furthermore, interpretable machine learning approaches are limited in air pollution pre-
diction studies, with the most commonly used methods being SHAP and partial depen-
dency graphs [22].

The effects of traffic volumes on air pollution have not been fully investigated in Istan-
bul. However, there are ML-based studies that predict air pollution and assess the impact
of meteorological variables. For example, a convolutional neural network-long short-term
memory (CNN-LSTM) based spatiotemporal model was developed to predict pollutant
concentrations using real sensor data from Istanbul [23]. In addition, the air quality index
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was predicted using hybrid artificial intelligence (AI) models in Başakşehir, Istanbul [24].
Also, correlation analyses were conducted to examine the effects of meteorological variables
(e.g., wind speed and relative humidity) on PM10 concentrations in Istanbul [25,26].

This study proposes a Multimethod Explainable Artificial Intelligence (M-ETAQI)
framework to quantify the contributions of traffic and meteorological factors to urban
air pollution using hourly data from 2022 to 2023. Recent studies have applied ML and
XAI to air pollution forecasting, examined meteorological effects, or performed temporal
analyses. However, none have simultaneously integrated multi-method XAI, temporal
decomposition, interaction analysis, and causal inference to comprehensively quantify
the contributions of traffic and meteorological factors to urban air pollution [27–30]. The
primary contribution of this study lies not in proposing new individual algorithms, but in
the systematic integration and cross-validation of these complementary methods within a
unified framework, enabling consensus-based interpretability that no single method can
achieve alone. This study addresses four key gaps in the existing literature. Multi-method
XAI frameworks that simultaneously cross-validate interpretability across SHAP, LIME,
PDP, and ALE have not yet been applied in traffic-related air pollution studies. Also,
temporal decomposition approaches that specifically address trend, seasonal, and residual
components are lacking. The interaction effects of traffic and meteorological variables
on pollutant concentrations have not been adequately characterized. The need for causal
inference between traffic and air quality systems has not been met. To address these gaps,
this study aims to develop and compare XGBoost, LightGBM, CatBoost, Random Forest
(RF), and CNN–LSTM–Attention models for hourly PM10, PM2.5, NOX and NO2 prediction
to implement a multi-method explainable artificial intelligence framework; to perform
component-specific SHAP analysis with STL-based temporal decomposition; and to reveal
causal relationships using convergent cross-mapping.

2. Study Area and Data
2.1. Study Area

The study area encompasses the Fatih Sultan Mehmet (FSM) Bridge corridor located
in the Sarıyer and Beykoz districts of Istanbul. This 1510 m bridge, connecting the Eu-
ropean and Asian continents, has eight lanes of motor vehicle traffic (four lanes in each
direction) and is one of Istanbul’s busiest highways; the average daily traffic volume ex-
ceeds 250,000 vehicles. The bridge connects the Trans-European Motorway (TEM) on the
European side to the O-2 motorway on the Asian side. Traffic data were collected from
two Road Traffic Monitoring Remote Traffic Microwave Sensor (RTMS) sensors: RTMS
No. 417, located at the TEM FSM Toll Gate Pre-approach on the European side, recording
inbound traffic over six lanes, and RTMS No. 268, located approximately 3 km west of the
bridge at TEM Levent, recording outbound traffic over lanes 5–8 of the eight-lane section.
The combined use of these two sensors provides bidirectional traffic characterization for
the FSM corridor. Air pollutant data were obtained from the Maslak air quality monitor-
ing station (AQMS), operated by the Istanbul Metropolitan Municipality (IMM), which
measures hourly concentrations of PM10, PM2.5, NOX and NO2. Likewise, meteorological
observations were taken by the Maslak AQMS. The proximity of these monitoring systems
(within approximately a 1500 m radius) minimizes spatial representation errors in the
integrated analysis. The locations of the AQMS, the meteorological observation park, and
the traffic sensors are shown in Figure 1.
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Figure 1. Location of the traffic detectors, AQMS and FSM Bridge in İstanbul.

2.2. Traffic Data

Traffic flow on the FSM Bridge was characterized using two complementary RTMSs to
capture traffic in both the approach and departure directions. Approach direction (inbound)
data were obtained from RTMS number 417 (TEM FSM Toll Gate Area Pre-Traffic, 6 lanes),
which monitors European–Asian traffic entering the bridge toll area. However, sensor
417 records only the approach direction. Therefore, other direction (outbound) traffic
parameters, representing traffic returning from the bridge, were obtained from RTMS 268
at Levent 1 (TEM Levent, 8 lanes: 4 approach + 4 departure) using departure-direction
recordings from lanes 5–8. Raw data from both sensors were recorded at approximately
2 min intervals. Hourly totals were calculated by taking the arithmetic mean of the speed
and occupancy variables, while the number of vehicles was calculated by summing the
variables. Due to the availability of RTMS data for Levent only until 09:00 UTC on 17
October 2023, the study period was limited to January 2022 to October 2023 (22 months).
This resulted in 16,390 h of recording for sensor 417 and 12,537 h of recording for sensor
268. The approach direction dataset includes lane-specific speeds (S1–S6, km/h), lane-
specific vehicle volumes (V1–V6), long-vehicle counts (VL1–VL6), total number of vehicles,
average speed, total long- and short-vehicle counts, and average lane occupancy. The
departure direction dataset includes the corresponding variables for lanes 5–8 (S5–S8,
V5–V8, VL5–VL8) along with average departure speed, total number of vehicles, long/short
vehicle classification, and average occupancy.

2.3. Air Quality and Meteorological Data

Hourly concentrations of PM10, PM2.5, NOX and NO2 were obtained from the Maslak
Air Quality Monitoring Station (AQMS) for the same study period. Similarly, meteoro-
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logical data were also obtained from the air quality monitoring station. Meteorological
data were collected hourly as follows: air temperature (◦C), relative humidity (%), atmo-
spheric pressure (hPa), wind speed (m/s), wind direction (◦), solar radiation (W/m2), and
precipitation (mm). Descriptive statistics of the data used are shown in Table 1.

Table 1. Descriptive statistics for air quality and meteorological variables (mean, median, standard
deviation, quartiles, skewness, and kurtosis).

Variable Mean Median Std Min Max Q1 Q3 Missing (%) Skewness Kurtosis

NO2 (µg/m3) 18.13 14.90 12.85 0.50 116.60 9.10 23.80 22.11 1.68 4.14
NOX (µg/m3) 52.20 41.90 41.36 1.20 606.90 21.80 70.50 22.51 2.22 10.15
PM10 (µg/m3) 31.06 25.70 23.91 0.10 246.30 14.00 41.00 3.27 1.88 6.56
PM2.5 (µg/m3) 15.44 12.60 11.41 0.10 112.70 7.20 20.80 3.21 1.58 3.78

Solar
Radiation (W/m2) 160.83 10.90 240.46 0.00 966.10 0.00 258.15 5.50 1.46 0.90

Pressure (hPa) 1015.92 1015.00 6.32 998.30 1037.00 1011.50 1019.20 5.50 0.59 0.41
Temperature (C) 15.75 16.00 7.68 −4.10 38.80 9.50 22.40 5.68 −0.14 −0.92

Relative
Humidity (%) 58.52 59.00 11.95 10.20 86.00 51.50 66.60 5.50 −0.40 0.40

Wind Speed (m/s) 2.19 2.10 1.48 0.00 8.70 1.00 3.20 5.50 0.38 −0.47
Wind Direction

(degree) 129.07 67.50 104.08 0.00 337.50 45.00 225.00 11.39 0.66 −1.10

Precipitation (mm) 0.92 0.00 8.11 0.00 496.40 0.00 0.00 5.50 31.72 1487.40

3. Methods
The proposed M-ETAQI framework consists of five sequential steps: (1) data pre-

processing and missing data completion, (2) feature engineering, (3) model development,
(4) multimethod XAI analysis, and (5) causal inference.

3.1. Data Preprocessing and Missing Data Imputation

Missing data were completed using a hierarchical approach that matched the observed
patterns of missingness within each variable category. Air pollutant variables exhibited two
levels of missingness: NO2 and NOX had high missingness rates (~22%), while PM10 and
PM2.5 had relatively low rates (~3%). Meteorological variables exhibited moderate missing
data rates, ranging from 5.5% to 11.4%, with the highest rate observed for wind direction
(11.39%). For all variables with missing-data rates below 12%, cubic-spline temporal
interpolation was first applied to fill gaps shorter than 3 h, thereby leveraging the strong
temporal autocorrelation of environmental time series. The remaining gaps were addressed
using the MissForest algorithm, an iterative random forest-based approach that captures
nonlinear relationships between variables [31]. The effectiveness of multivariate imputation
approaches has been demonstrated in previous studies [32]. A more cautious strategy
was adopted for NO2 and NOX when the percentage of missing values exceeded 22%.
The MissForest completion procedure was applied, using PM10, PM2.5 traffic volume, and
meteorological variables as auxiliary estimators, leveraging well-known physicochemical
relationships among these pollutants. Traffic data gaps were filled using median values
of the relevant day of the week and time of day in a ± four-week window to maintain
daily and weekly cyclical patterns. This method has also been used in air quality index
studies [33,34]. Outlier detection was performed using a combined approach that leverages
the Interquartile Range (IQR) and area information. Variables showing high positive
skewness, particularly precipitation (31.72), NOX (2.22), and PM10 (1.88), were flagged for
cautious evaluation. Outliers in these variables generally reflect actual meteorological or
emission events rather than measurement error. To prevent removing valid outliers in
these right-skewed variables, a modified IQR threshold of Q3 + 3.0 IQR was applied. For
variables with approximately normal distributions, such as temperature (skewness =−0.14)
and relative humidity (skewness = −0.40), the standard 1.5 × IQR threshold was used.
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Instead of removing the detected outliers, they were replaced using temporal interpolation
to preserve the continuous time-series structure.

3.2. Feature Engineering

Beyond the measured raw variables, various engineering features were created to more
comprehensively capture traffic dynamics and atmospheric conditions. The Traffic Conges-
tion Index (TCI) was defined as TCI = Vtotal/(Smean × C), where Vtotal represents the total
number of vehicles per hour, Smean represents the average speed (km/h), and C represents
the theoretical lane capacity (1800 vehicles/hour/lane × 6 lanes = 10,800 vehicles/hour).
This dimensionless index captures traffic density under free-flow conditions. In addition,
the Heavy Vehicle Ratio (HVR = Vlong/Vtotal) was calculated, given that heavy vehicles emit
disproportionately more NOx and PM per vehicle-kilometer [35]. Atmospheric conditions
were characterized using a simplified Atmospheric Stability Index (ASI), following the
Pasquill-Gifford stability classification adapted for urban environments [36]. The index was
calculated from inputs for wind speed, solar radiation, and time of day (classes A–F, coded
1–6). Temporal features included cyclic sine/cosine conversions for time of day and day of
year to maintain periodicity, and binary indicators for weekdays/weekends and Turkish
public holidays. Multiplicative interaction terms (Speed ×Wind Speed, Volume × ASI,
Density × Humidity) were created to capture synergistic effects between traffic and mete-
orological variables. Lagged values (t − 1, t − 2, t − 3, t − 6, t − 12, t − 24) and moving
statistics (3 h, 6 h, 12 h, and 24 h moving averages and standard deviations) were calculated
for both pollutant and meteorological variables to account for temporal autocorrelation and
lagged transport effects [37,38]. The complete list of engineered features, including their
mathematical definitions and descriptions, is summarized in Table 2. Variance Inflation
Factor (VIF) analysis was performed to assess multicollinearity among engineered features.
Specifically, features with VIF > 10 between lagged and sliding statistics were identified.
However, tree-based ensemble models are inherently robust to multicollinearity because
they select feature subsets at each split. Therefore, associated features were preserved to
maintain predictive information, and individual contributions were decomposed via SHAP
interaction analysis (Section 3.4).

Table 2. Summary of engineered features derived from raw traffic, meteorological, and temporal
variables.

Feature Formula/Definition Description

Congestion Index (CI) CI = Vtotal/(Smean × C) Traffic density relative to free-flow capacity;
C = 1800 veh/h/lane × 6 lanes

Heavy Vehicle Ratio (HVR) HVR = Vlong/Vtotal
Proportion of heavy-duty vehicles in total traffic

volume

Atmospheric Stability Index (ASI) Pasquill–Gifford classes (1–6) Based on wind speed, solar radiation, and time
of day (1 = very unstable, 6 = very stable)

Hour of day (cyclical) sin(2πh/24), cos(2πh/24) Sinusoidal transformation to preserve circular
periodicity of hours

Day of year (cyclical) sin(2πd/365), cos(2πd/365) Sinusoidal transformation to capture seasonal
patterns

Season DJF/MAM/JJA/SON Winter (Dec–Feb), Spring (Mar–May),
Summer (Jun–Aug), Autumn (Sep–Nov)

Weekend indicator 1 if Saturday/Sunday, 0 otherwise Binary indicator for weekday/weekend traffic
patterns

Public holiday indicator 1 if Turkish public holiday, 0 otherwise Binary indicator for national holidays
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Table 2. Cont.

Feature Formula/Definition Description

Speed ×Wind Speed Smean ×WS Interaction between traffic speed and wind speed

Volume × ASI Vtotal × ASI Interaction between traffic volume and
atmospheric stability

Congestion × Humidity CI × RH Interaction between congestion index and
relative humidity

Lag features (t − k) x(t − k), k = 1,2,3,6,12,24 Lagged values of pollutant and meteorological
variables

Rolling mean (1/w) Σ x(t − i), w = 3,6,12,24 h Moving average over 3 h, 6 h, 12 h, and 24 h
windows

Rolling std σ(x(t − w + 1). . . x(t)), w = 3,6,12,24 h Moving standard deviation over corresponding
windows

3.3. Machine Learning Models
3.3.1. XGBoost

Depth-first tree building, L1 and L2 regularization, and column undersampling were
implemented alongside XGBoost [39]. Hyperparameters were optimized using Bayesian op-
timization with the Tree-Structured Parzen Estimator (TPE) [40] over 200 iterations with a 5-
fold temporal cross-validation scheme to prevent temporal leakage. The optimized hyperpa-
rameters for all model–pollutant combinations are provided in Supplementary Material S1.
XGBoost demonstrated superior performance in air-quality prediction studies compared
with both traditional machine-learning and deep-learning approaches [41].

3.3.2. LightGBM

LightGBM uses leaf-based tree growth with Gradient-Based One-Sided Sampling
(GOSS) and Feature Packing (EFB) to improve computational efficiency [42]. It has been
shown that LightGBM achieves good results for hourly PM2.5 estimation using only meteo-
rological variables, with R2 values of 0.80 at the hourly scale and 0.89 at the daily scale [43].
Similarly, it has been optimized using Bayesian optimization.

3.3.3. CatBoost

Categorical Increment uses a sequential increment with symmetric tree construction,
enabling the natural processing of categorical features and reducing overfitting through
goal-based coding [44]. The algorithm’s built-in cross-validation is used in conjunction
with external Bayesian optimization.

3.3.4. Random Forest

RF with 500 trees, bootstrap sampling, and feature-subset randomization, was used
as the basic ensemble method [45]. Although RF generally exhibits lower predictive
performance than successive boosting methods on tabular data, it provides unbiased out-of-
bag (OOB) error estimates without requiring a separate validation set and produces stable,
permutation-based feature importance measures that are less sensitive to hyperparameter
selection. These features make RF a valuable benchmark for cross-validating feature-
importance rankings from boosting algorithms in a multi-model XAI framework [46].

3.3.5. CNN–BiLSTM–Attention

A hybrid deep learning architecture combining three complementary components has
been designed: (1) a 1-dimensional Convolutional Neural Network (Conv1D) layer for
local temporal feature extraction with 3 and 5 core sizes to capture short-range pollutant
fluctuation patterns and meteorological microtrends; (2) a 128-hidden-unit Bidirectional
Long Short-Term Memory (BiLSTM) layer [47] that processes the input sequence in both
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forward and backward directions, enabling the model to leverage past and future contex-
tual information within the input window; and (3) an 8-head multi-head self-attention
mechanism that allows the model to dynamically assign higher importance to critical time
steps such as peak hour traffic peaks or atmospheric inversion events and weaken less
informative periods. The input window is set to 24 h (24 time steps), and dropout (0.3) and
layer normalization are applied between components to reduce overfitting and stabilize
gradient flow. Training was performed using the Adam optimizer with a cosine-annealed
learning rate schedule and early stopping (patience = 15). This hybrid CNN-LSTM archi-
tecture has been shown to improve predictions of particulate matter and nitrogen oxides
in urban air-quality prediction tasks compared with standalone LSTM networks [23,48].
Knowledge distillation was implemented using a response-based approach. First, the
CatBoost teacher model generated out-of-fold (OOF) predictions through 5-fold temporal
cross-validation to prevent data leakage. These teacher predictions were then appended
as an additional input feature to the CNN–BiLSTM–Attention student model’s feature
set, enabling the student to learn from the teacher’s representation of the target variable
alongside the original features. The student model was trained using Huber loss with the
Adam optimizer and cosine-annealed learning rate scheduling.

3.4. Multi-Method Explainable AI Framework
3.4.1. SHAP Analysis

SHAP values were calculated using TreeExplainer [49], an exact polynomial-time
algorithm for tree-based models, and DeepExplainer (DeepLIFT-based) for the CNN–LSTM–
Attention model [16]. SHAP analysis was performed at three levels: (a) global feature
significance using average absolute SHAP values across the entire test set, providing
a model-independent ranking of predictive contributions; (b) local explanations using
SHAP force plots for individual high-pollution and low-pollution events, revealing specific
feature interactions driving extreme events; and (c) SHAP interaction values to quantify
binary feature interactions, focusing particularly on traffic–meteorology such as congestion,
wind speed and volume–atmospheric stability combinations [49]. This multi-level SHAP
framework correlates global feature rankings with event-specific mechanistic explanations,
providing both scientific insight and actionable policy predictions.

3.4.2. LIME Analysis

LIME was applied to 500 randomly sampled test samples for each pollutant, us-
ing 5000 degradations per sample [13]. Local surrogate models were analyzed to obtain
feature-importance rankings, if-then decision rules for domain-expert interpretation, and
confidence intervals for local attributions to cross-validate with SHAP results. The com-
plementary use of LIME with SHAP provides a robust assurance of interpretability: while
SHAP theoretically provides consistent global attributions, LIME offers more accessible,
intuitive local explanations for policymakers [30].

3.4.3. PDP and ALE Graphics

One-dimensional PDP and ALE plots were generated for the top 10 features identified
by SHAP. Two-dimensional PDP surfaces were calculated for the top 5 traffic×meteorology
feature pairs (e.g., Vehicle Volume ×Wind Speed, Speed × Atmospheric Stability). ALE
plots were preferred over PDP for correlated features because of their unbiased forecasting
properties. Individual Conditional Expectation (ICE) plots were generated alongside PDPs
to visualize forecast heterogeneity across samples.
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3.4.4. Multimethod Consensus Analysis

The agreement among the XAI methods was quantitatively assessed using Spearman’s
rank correlation on SHAP, LIME, and permutation-based significance rankings. The con-
sensus feature significance score was calculated as a rank-weighted average across all three
methods. Cases of disagreement (Spearman ρ < 0.7 between any pair) were examined
individually to identify methodological limitations and feature-specific interpretation chal-
lenges, as current comparative analyses have shown that SHAP and LIME outputs can be
significantly affected by model selection and feature multicollinearity [50].

3.5. Temporal Decomposition with Component-Specific XAI

Each pollutant time series was subjected to STL decomposition using a 24 h seasonal
period (daily cycle) and a 720 h (30-day) trend correction window [51]. The decomposed
component, trend, seasonal, and residual were then used as separate forecasting targets
for the best-performing ML model. SHAP analysis was performed independently on each
component model, enabling the identification of: (a) trend drivers reflecting long-term
emission changes and policy impacts; (b) seasonal drivers capturing daily traffic patterns,
photochemistry, and heating cycles; and (c) residual drivers associated with short-term
pollution events and meteorological anomalies. This component-specific XAI approach
was found to improve both forecasting accuracy and interpretability in raw time series
modeling [52]. Similarly, hybrid frameworks that combine signal decomposition techniques
with gradient boosting models have demonstrated improved forecasting performance for
environmental time series [53].

3.6. Causal Inference Through Convergent Cross-Mapping

Convergent Cross-Mapping (CCM) was used to determine the direction of causal
relationships between traffic parameters and pollutant concentrations [54]. Statistical
significance was assessed using surrogate time series generated by seasonal shuffling
(1000 surrogates, p < 0.05). The embedding dimension (m) was determined using simplex
projection by selecting a value that maximized the estimation capability in the range m = 2–8;
all variables yielded an optimal m = 2 value, and the time delay (τ) was set to 1 h, consistent
with the hourly resolution of the dataset (Figure S29). A sensitivity analysis performed in
the range m = 2–6 confirmed that absolute ρ values increased monotonically with higher m,
while the relative ranking of causal factors remained constant for all pollutants (Table S3).
This demonstrates that m = 2 provides the most conservative causal power estimates and
that the reported findings are robust against embedding size selection. CCM was applied to
all traffic-pollutant pairs and meteorology-pollutant pairs to create a directed causal graph.

3.7. Model Evaluation

Model performance was evaluated using a strict temporal training-test split to prevent
data leakage. The training set covered January 2022–June 2023 (11,663 samples, 80%), while
the test set covered July–October 2023 (2916 samples, 20%). No test data were used during
model training or hyperparameter tuning. 3-fold time series cross-validation was applied
during Bayesian optimization for hyperparameter selection, and 5-fold time series cross-
validation was used for the Friedman statistical comparison across models. Performance
metrics included the coefficient of determination (R2), root-mean-square error (RMSE),
mean absolute error (MAE), and mean absolute percentage error (MAPE). Additionally,
a seasonal stratified assessment (DJF, MAM, JJA, SON) was conducted to evaluate the
model’s robustness under different meteorological regimes. Detailed descriptions of the
performance metrics are provided in Supplementary Material S7 [55].
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4. Results
4.1. Descriptive Analysis and Temporal Patterns

As shown in Figure 2, the PM10 and PM2.5 time series exhibit significant seasonal
fluctuations: peak values are observed during the winter months (December–February)
due to heating-related emissions and atmospheric inversions. NO2 and NOX time series
show daily cyclical patterns consistent with traffic density. Weekday/weekend differences
are clearly distinguishable in traffic volume data. While the temperature profile follows
the expected annual sinusoidal trend, wind speed shows a more stochastic distribution.
For example, one study found that for all three pollutants (NO, NO2, and PM2.5), weekday
roadside concentrations were significantly higher than weekend levels [56]. Examining
the daily (diurnal) profiles in Figure 3, PM10 and PM2.5 concentrations are high during
nighttime (00:00–06:00) and decrease during midday (12:00–16:00). A study conducted
in European cities found that concentrations of NO2, PM2.5, and PM10 were higher at
night and in the evening, but lower during midday [57]. This pattern can be explained
by the lower mixing height and greater atmospheric stability during nighttime. NO2 and
NOX profiles exhibit a distinct bimodal structure: peaks are observed between 07:00 and
09:00 in the morning and 17:00–20:00, corresponding to rush hour traffic. These profiles
confirm that traffic emissions are a dominant source, especially for NOX. According to the
correlation heat map in Figure 4, there is a strong positive correlation (r = 0.71) between
PM10 and PM2.5, indicating that these two types of particulate matter are fed from common
sources. There is also a significant correlation (r = 0.46) between NOX and PM10. Wind
speed exhibits a negative correlation with all pollutants (PM10: r = −0.41, PM2.5: r = −0.36,
NOX: r = −0.48); this reflects the dispersion effect of wind. A negative correlation was
found between daily measured PM10 levels and wind speed in Warsaw [58].

 

Figure 2. Hourly time series of air pollutants, traffic volume and meteorological variables (January
2022–October 2023).
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Figure 3. Average daily (diurnal) profiles and confidence intervals of PM10, PM2.5, NO2, and
NOX pollutants.

4.2. Model Performance Comparison

According to the model performance comparison results presented in Table 3 and
Figure 5, tree-based ensemble models consistently achieved R2 > 0.80 for all pollutants.
The highest performance was achieved by the CatBoost model for NOX (R2 = 0.866,
RMSE = 14.29), PM2.5 (R2 = 0.876, RMSE = 3.20), and NO2 (R2 = 0.818, RMSE = 6.17).
XGBoost achieved R2 = 0.838 for PM10. LightGBM provided the highest R2 (0.845) for PM10.
Random Forest remained the lowest-performing tree-based model, achieving R2 > 0.79 for
all pollutants. It was reported that using CatBoost in conjunction with SHAP achieved high
predictive accuracy (R2 = 0.96) for urban PM2.5 concentrations [59]. The CNN–BiLSTM–
Attention deep learning model lagged behind tree-based models (PM10: R2 = 0.416, PM2.5:
R2 = 0.453, NO2: R2 = 0.368, NOX: R2 = 0.515). The main reasons for this difference are:
(1) the superiority of tree-based models over tabular data, (2) the need for more training data
for the deep learning model, and (3) the complexity of the hyperparameter optimization
space. However, the CNN–BiLSTM–Attention model significantly improved performance
by learning from CatBoost’s outputs via knowledge distillation (V5: PM10 R2 = 0.640, PM2.5

R2 = 0.717). This finding is consistent with [60], who showed that integrating tree-based
model outputs into the CNN–BiLSTM–Attention architecture significantly improved PM2.5

prediction accuracy.
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Figure 4. Pearson correlation matrix between air quality, meteorological and traffic variables.

 
Figure 5. R2 and RMSE Performance Heat Map of Five Models within the M-ETAQI Framework.
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Table 3. Performance Comparison of Machine Learning Models for Four Pollutants (R2, RMSE,
MAE, MAPE).

Model Pollutant R2 RMSE MAE MAPE (%)

XGBoost

PM10 0.84 7.13 4.92 32.32
PM2.5 0.87 3.27 2.25 26.1
NO2 0.81 6.28 4.17 29.06
NOX 0.85 15.17 8.81 20.64

LightGBM

PM10 0.84 6.99 4.97 33.39
PM2.5 0.87 3.34 2.28 27.12
NO2 0.8 6.43 4.18 29.22
NOX 0.84 15.35 9.05 21.35

CatBoost

PM10 0.84 7.18 5.19 34.74
PM2.5 0.88 3.2 2.22 27.8
NO2 0.82 6.17 4.03 28.26
NOX 0.87 14.29 8.43 20.4

Random Forest

PM10 0.81 7.81 5.6 35.22
PM2.5 0.86 3.42 2.37 27.69
NO2 0.79 6.6 4.26 31.13
NOX 0.83 15.92 9.22 22.82

CNN-LSTM-Att

PM10 0.42 13.59 10.6 85.71
PM2.5 0.45 6.76 5.09 63.99
NO2 0.37 11.46 8.41 65.75
NOX 0.52 27.19 18.05 49.01

According to the Friedman statistical test results, a statistically significant difference
was found between the models only for NOX estimation (χ2 = 10.68, p = 0.014). For other
pollutants (PM10: p = 0.472, PM2.5: p = 0.069, NO2: p = 0.323), the performance differences
between the models are not statistically significant, indicating that the tree-based models
perform similarly. An ablation analysis was performed to evaluate the contribution of
feature engineering. CatBoost models trained with only raw traffic and meteorological
variables (19 features without delay, rounding, and interaction terms) achieved significantly
lower prediction accuracy (mean R2 ≈ 0.09), while models with the full engineered feature
set (186 features) achieved R2 > 0.80 across all pollutants under temporal cross-validation.
This confirms that delay, rolling statistics, and interaction features provide essential pre-
diction information justifying increased feature dimensionality. Individual fold-level R2

scores obtained from the five-fold temporal cross-validation method are reported in Sup-
plementary Material S2. The Friedman test is a well-established nonparametric method
for simultaneously comparing multiple machine learning models, particularly when per-
formance metrics are not normally distributed [61]. In the scatter plots in Figure 6, the
points from the tree-based models cluster closely around the 1:1 line. In PM2.5 predictions,
all models show the densest clustering. A wider scatter is observed in the CNN–BiLSTM–
Attention model, and predictive performance declines, especially for high-concentration
values (outliers). Although the scatter of the Random Forest model is close to that of
tree-based boosting methods, there is a slight tendency towards underestimation at outliers.
This behavior was similarly observed, with the generalization ability of RF-based models
decreasing under high-concentration and temporally distant conditions [62].
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Figure 6. Actual Value—Prediction Scatter Plots for All Models and Pollutants.

4.3. Explainable AI: SHAP Feature Importance

Figure 7 shows the SHAP beeswarm graphs of the XGBoost model. The dominant fea-
ture for all pollutants is the 1 h lag (Lag1): PM10_Lag1, PM2.5_Lag1, NO2_Lag1, NOX_Lag1.
This confirms that air pollution has a strong autocorrelation structure [63]. It has been
shown that delay characteristics significantly improve model performance in PM10 and
PM2.5 prediction in Iran. Moving average and standard deviation features (RollMean6,
RollStd3) are second in importance. Among meteorological variables, wind speed has a
significant negative effect, particularly for NOX and PM10 prediction; higher wind speeds
reduce pollutant concentrations. In NOX prediction, WindSpeed stands out as the second
most important feature. The Speed_WindSpeed interaction variable is among the top
10 features for all pollutants, capturing the synergistic effect of traffic speed and wind
speed. Figure 8 groups the SHAP values by feature category. Lagging/mobile pollutant
characteristics provide the dominant contribution for all pollutants: PM10 79.1%, NO2

79.1%, PM2.5 75.4%, and NOX 70.1%. Traffic variables are the second most important
category, contributing 20.5% to NOX, 11.4% to NO2, 11.9% to PM2.5, and 10.2% to PM10.
The high contribution of traffic to NOX is consistent with NOX being a pollutant directly
from combustion. Meteorological variables rank third, contributing 8.7% to PM2.5 and 6.7%
to PM10, indicating that particulate matter is more affected by atmospheric conditions. The
contribution of traffic variables to the NOX estimate (20.5%) is approximately twice that of
other pollutants. This proves that NOX emissions are largely directly related to traffic. In
contrast, the contribution of traffic is lower for PM10 and PM2.5, indicating that particulate
matter is sourced from multiple sources (construction, heating, natural dust, etc.). Traffic
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characteristics have been found to significantly improve the prediction performance of NO2

and NOX in Seoul, Republic of Korea [64]. Pollutant-specific SHAP dependency graphs,
local LIME descriptions, PDP, ALE, and PDP-ALE comparison diagrams are provided in
Supplementary Material S5. SHAP interaction analysis revealed that the strongest pair-
wise interactions for NOX estimation occurred between wind speed and traffic volume,
and for PM2.5, between temperature and lagged concentrations. These interaction effects
confirm that meteorological-traffic synergies are critical factors where the contributions of
individual features cannot be fully captured. LIME local explanations were generated for
representative high-concentration, medium-concentration, and low-concentration samples
of each pollutant to complement the global SHAP analysis (Figures S9–S12). For high-
concentration PM10 events, LIME attributed the largest positive contributions to lagged
PM10 characteristics and wind speed conditions, while for high-concentration NOX events,
traffic volume and velocity-related characteristics dominated the local explanations. This
contrast confirms that the peak pollution events are not uniformly driven by the same
factors: PM10 peaks are more sensitive to meteorological dispersion conditions, while NOX

peaks are primarily traffic-driven. LIME also revealed that individual high-pollution events
within the same pollutant may have different driving factors, some traffic-driven while
others are meteorological, demonstrating the value of local explanations for designing
targeted, event-specific mitigation strategies.

 

Figure 7. XGBoost Model SHAP Beeswarm Analysis: Feature Contributions and Impact Directions
for Four Pollutants.
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Figure 8. Percentage Contribution of Feature Categories to Pollutant Predictions According to
SHAP Values.

4.4. Temporal Decomposition (STL Analysis)

Figure 9 shows the Seasonal-Trend Decomposition using LOESS decomposition of the
PM10 time series into trend, seasonal, and residual components. STL decomposition results
for the remaining three pollutants (PM2.5, NOX and NO2) are presented in Supplementary
Material S4. STL decomposition has been shown to effectively separate time series into
these three components, enabling more accurate capture of long-term trends, seasonal
cycles, and random fluctuations in air quality data [65,66]. The stochastic nature of the
remainder component makes it the most challenging part to model, as it reflects irregular,
instantaneous atmospheric events [67]. The trend component reflects long-term variations
in PM10 concentrations, showing significant increases during the winter months (December–
February); these increases are likely related to increased heating-related emissions and
reduced atmospheric mixing under stable boundary-layer conditions. The seasonal com-
ponent captures the recurring 24 h daily cycle, while the residual component represents
stochastic fluctuations that cannot be attributed to trend or seasonality. Figure 10 shows
the STL variance decomposition results for all four pollutants. The trend component ac-
counts for the largest share of the total variance among all pollutants: NO2 (56.3%), PM10

(53.3%), PM2.5 (45.3%), and NOX (45.3%). The dominance of the trend component suggests
that long-term factors, including changes in traffic density, emission control policies, and
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seasonal meteorological patterns, primarily drive variability in pollutant levels. The high
trend variance of NO2 (56.3%) is consistent with its sensitivity to traffic-related combus-
tion emissions and the gradual implementation of emission regulations. NO2’s seasonal
trend decomposition has been shown to reveal key seasonal patterns and long-term trends
necessary for generating accurate forecasts [68].

 
Figure 9. Decomposition of PM10 Time Series into Trend, Seasonal and Residual Components by
STL Method.

Figure 10. STL Variance Decomposition for Four Pollutants: Trend, Seasonal and Residual Component
Contribution Rates (%).
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The seasonal component contributed minimally to the total variance across all pollu-
tants (2.8–5.2%), suggesting that the 24 h daily cycle explains only a limited portion of the
hourly concentration variability. This finding may reflect the masking effect of episodic
pollution events and meteorological disturbances on regular daily patterns. The residual
component was highest for NOX (50.5%), significantly higher than that of PM10 (41.0%),
PM2.5 (40.7%), and NO2 (42.1%). The elevated residual variance in NOX suggests that its
concentrations are strongly driven by instantaneous, irregular processes, such as transient
traffic fluctuations and short-term meteorological variability, rather than by systematic
trends or seasonal patterns [69]. This result is also corroborated by the SHAP feature
significance analysis, in which traffic variables account for 20.5% of the total contribution to
NOX estimation (the highest percentage among all pollutants studied), further supporting
the conclusion that NOX dynamics are more sensitive to sudden emission events than to
gradual long-term trends.

4.5. Causal Inference: Convergent Cross-Mapping (CCM)

The results of the CCM analysis, applied to determine the direction and strength of
causal relationships between traffic and meteorological variables and pollutant concentra-
tions, are presented in Table 4 and Figure 11. According to the analysis, the strongest causal
effects were observed for meteorological variables. The causal effect of wind speed on NOX

(ρ = 0.370) is the highest CCM value detected in the study, followed by the effect of temper-
ature on NOX (ρ = 0.334), the effect of relative humidity on NO2 (ρ = 0.309), and the effect
of wind speed on PM10 (ρ = 0.302). These findings reveal that meteorological conditions
are the primary external factors directly controlling pollutant concentrations. When the
causal effects of traffic variables were examined, the total number of vehicles had the most
significant causal effect on NO2 (ρ = 0.149) and NOX (ρ = 0.138). The causal effect of heavy
vehicle ratio (HVR) on NOX (ρ = 0.099) confirms the disproportionate contribution of heavy
vehicles to nitrogen oxide emissions. As a noteworthy finding, the causal direction of all
traffic variables in NOX was determined as “Variable→ Pollutant”; this demonstrates that
CCM proves that traffic parameters directly affect NOX concentrations. CCM convergence
diagnostics, which validate the stability of cross-map skill predictions with increasing
library length, are presented in Supplementary Material S6. In contrast, the causal direc-
tion for some traffic variables related to PM10 and PM2.5 was identified as “Pollutant→
Variable,” indicating a feedback mechanism in which high pollution levels may influence
driver behavior. Figure 12 comparatively examines the relationship between the Pearson
correlation coefficient (|r|) and the CCM causal power (ρ). Wind speed and temperature
variables are located above the 1:1 reference line for all pollutants, indicating that these
meteorological variables have a strong nonlinear causal effect despite low linear correlation.
Traffic variables generally fall below or near the 1:1 line, indicating that the traffic-pollutant
relationship is relatively linear. Consequently, CCM analysis successfully revealed nonlin-
ear causal relationships that classical correlation approaches failed to capture. Using CCM
in conjunction with correlation analysis allows for a more comprehensive examination of
causal relationships; correlation alone can sometimes be misleading when the underlying
meteorological cyclicality is not extracted from the time series. However, CCM analysis has
shown that meteorological variables such as wind speed and boundary layer height have a
causal effect on NO2 concentrations, and that conventional correlation analysis can yield
misleading results when applied without removing cyclical meteorological patterns [70].

An R2 = 0.9987 was obtained using Random Forest with SHAP and PDP interpretation
to estimate daily AQI for Hapur, India [71]. However, this study focused on a composite in-
dex at daily resolution rather than focusing on individual pollutants on an hourly timescale.
LightGBM was used in conjunction with SHAP to estimate historical PM2.5 concentrations
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in Thailand [72]. However, this approach was limited to univariate modeling without
causal inference and temporal decomposition. Also, impressive R2 values of 0.98–0.999
were reported by applying SHAP in conjunction with RF, GBDT, and XGBoost along the
Yangtze River Delta [73]. However, their analysis relied solely on SHAP without any
complementary XAI method. Similarly, an R2 of 96.44% was achieved using TPE and an
optimized CatBoost to analyze PM2.5 factors in 297 Chinese cities [59]. However, they were
also limited to a single pollutant and a single XAI technique. A common limitation in these
studies is that they rely on only one or at most two interpretability methods, usually only
SHAP. In contrast, M-ETAQI integrates four complementary XAI techniques (SHAP, LIME,
PDP, ALE) to cross-validate feature attributions and also includes STL decomposition for
temporal pattern isolation and CCM for causal inference; capabilities not found in the
aforementioned frameworks. Furthermore, M-ETAQI improves our understanding of
traffic-related air quality dynamics by addressing four pollutants (PM10, PM2.5, NOX, NO2)
simultaneously at hourly resolution.

Table 4. Causal Strength (ρ) and Causal Aspects of Traffic and Meteorological Variables on Pollutants
in CCM.

Variable PM10 PM2.5 NO2 NOX

Traffic Variables

Total Vehicles 0.044 (→) 0.092 (→) 0.149 (→) 0.138 (→)
Speed 0.079 (←) 0.065 (←) 0.027 (←) 0.082 (→)

Heavy Vehicles 0.065 (←) 0.066 (←) 0.064 (←) 0.066 (→)
Congestion Index 0.079 (←) 0.065 (←) 0.027 (←) 0.082 (→)

Heavy Vehicle Ratio 0.092 (←) 0.061 (→) 0.039 (→) 0.099 (→)
Meteorological Variables

Temperature 0.099 (←) 0.090 (←) 0.147 (←) 0.334 (→)
Relative Humidity 0.068 (←) 0.063 (←) 0.309 (→) 0.112 (→)

Wind Speed 0.302 (→) 0.205 (←) 0.286 (→) 0.370 (→)
Solar Radiation 0.190 (→) 0.102 (←) 0.096 (→) 0.143 (→)

Pressure 0.053 (←) 0.067 (→) 0.104 (→) 0.149 (→)
ρ = CCM causal strength (Var → Pollutant); → = variable causes pollutant; ← = feedback (pollutant affects
variable); bold = strong causality (ρ > 0.20).

Figure 11. Two-Way Causal Effect Heat Map Determined by Convergent Cross-Mapping (CCM).
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Figure 12. Comparing Pearson Correlation Coefficient (|r|) with CCM Causal Power (ρ): Separating
Linear and Nonlinear Relationships.

5. Conclusions
In this study, an M-ETAQI framework was developed to quantitatively determine the

contributions of traffic flow and meteorological conditions to urban air pollution in the
corridor of the Fatih Sultan Mehmet Bridge in Istanbul. Five machine learning models (XG-
Boost, LightGBM, CatBoost, Random Forest, and CNN–BiLSTM–Attention) were trained
on a 14,631 h dataset covering the period from January 2022 to October 2023; model predic-
tions were interpreted using SHAP, LIME, PDP, and ALE methods; temporal components
were decomposed using STL decomposition; and causal relationships were revealed using
CCM analysis. In terms of model performance, tree-based ensemble methods consistently
demonstrated high prediction accuracy for all pollutants. The CatBoost model exhibited the
best overall performance, achieving the highest accuracy values for PM2.5 (R2 = 0.876), NOX

(R2 = 0.866), and NO2 (R2 = 0.818) predictions. XGBoost yielded the best result for PM10

prediction (R2 = 0.838), while LightGBM showed competitive performance (R2 = 0.845).
According to the Friedman statistical test results, the performance difference between
the tree-based models was statistically significant only for NOX prediction (p = 0.014); for
other pollutants, the models showed similar accuracy. This finding confirms that ensem-
ble tree-based methods are reliable and consistent tools in hourly air quality prediction.
The CNN–BiLSTM–Attention deep learning model lagged behind tree-based models in
independent training (mean R2 ≈ 0.44). This situation can be explained by the known
superiority of tree-based models in tabular data structures and the need for larger datasets
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for deep learning models. However, model performance was significantly improved by a
knowledge distillation approach that leverages CatBoost outputs (PM10: R2 = 0.640; PM2.5:
R2 = 0.717). This result shows that hybrid teacher-student architectures are a promising
approach in air quality modeling.

SHAP-based feature significance analysis revealed that a large portion of the variability
in pollutant concentrations was explained by lagged and moving average features (PM10:
79.1%, NO2: 79.1%, PM2.5: 75.4%, NOX: 70.1%). This finding confirms that air pollution
time series have a strong autocorrelation structure. Traffic variables were identified as
the second most important category, contributing 20.5% to NOX prediction. This ratio is
approximately twice that of other pollutants (PM10: 10.2%, PM2.5: 11.9%, NO2: 11.4%).
The dominance of traffic-related contributions to NOX clearly reveals a direct association
between this pollutant and combustion-related emissions. In contrast, the relatively low
traffic contribution to PM10 and PM2.5 is consistent with particulate matter being sourced
from multiple sources, such as construction, heating, and natural dust. STL temporal
decomposition analysis showed that the trend component accounted for the largest share
of the total variance for all four pollutants. NO2 had the highest trend variance (56.3%),
while NOX exhibited the highest residual variance (50.5%). The high residual variance
in NOX indicates that this pollutant is more sensitive to instantaneous traffic fluctuations
and short-term meteorological changes than other pollutants. This finding aligns with
the high traffic contribution to NOX obtained in the SHAP analysis and confirms the
consistency of the two independent analysis methods. The low seasonal component across
all pollutants (2.8–5.2%) indicates that the 24 h cycle at hourly resolution contributes little
to the total variance. The XAI framework enabled us to understand the reasoning behind
predictions, something black-box models alone cannot provide. For example, the SHAP
analysis showed that wind speed strongly reduced NOX concentrations but had a weaker
effect on PM2.5, while temperature was more influential. This distinction would have
remained hidden in a purely predictive model. The LIME also showed that individual high
pollution events were not driven by the same factors; some were traffic-driven while others
were meteorological-driven, allowing for targeted policy responses rather than general
policy responses. The agreement of four independent XAI methods (SHAP, LIME, PDP,
ALE) on the underlying factors lends far more credibility to these findings than any single
method could provide.

Causal inference analysis using CCM successfully revealed nonlinear causal relation-
ships that correlation-based approaches cannot detect. The strongest causal effects were
observed in meteorological variables: the effect of wind speed on NOX (ρ = 0.370), the effect
of temperature on NOX (ρ = 0.334), the effect of relative humidity on NO2 (ρ = 0.309), and
the effect of wind speed on PM10 (ρ = 0.302). Regarding traffic variables, the total number of
vehicles had a statistically significant causal effect on NO2 (ρ = 0.149) and NOX (ρ = 0.138).
In particular, the determination of the causal direction of all traffic variables as “Variable→
Pollutant” for NOX is strong evidence that traffic emissions directly control NOX concentra-
tions. A comparison of Pearson correlation with CCM showed that meteorological variables
exhibit a strong nonlinear causal effect despite low linear correlation; the traffic-pollutant
relationship was relatively more linear. The study has some limitations. The data collection
period is limited to 22 months, and longer-term datasets would allow for a more robust
assessment of interannual variability. Data from a single air quality monitoring station were
used, and the study lacks sufficient data. Also, the CNN–BiLSTM–Attention deep learning
model performed poorly relative to tree-based models, indicating the need for further
architectural optimization and larger datasets. Although the CCM sensitivity analysis
confirmed that causal rankings are robust across embedding dimensions m = 2–6 (Table
S3), the analysis was limited to a single time delay (τ = 1 h); future work could explore
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multi-scale temporal delays. Moreover, the analysis focuses on traffic and meteorological
contributions to air pollution; however, other emission sources such as industrial activities,
residential heating, and maritime transport are not included due to the lack of spatially
resolved emission inventory data for the study area. Furthermore, the study covers only
one corridor (FSM Bridge), which may limit the generalizability of the findings to other ur-
ban environments with different traffic and land-use characteristics. Future studies should
integrate multi-source emission inventories to provide a more comprehensive assessment
of urban air quality dynamics and expand spatial coverage to multiple monitoring stations
across Istanbul. Furthermore, while hourly average vehicle speed data can be obtained
from RTMSs, instantaneous acceleration data is not recorded; this limits the ability to
capture the full spectrum of driving dynamics that affect emission rates.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/atmos17060591/s1, Table S1: Optimized hyperparameters for
each model–pollutant combination; Table S2: Five-fold temporal cross-validation R2 scores for each
model–pollutant combination; Table S3: CCM sensitivity analysis: causal strength (ρ) across em-
bedding dimensions m = 2–6 for key variable–pollutant pairs; Figure S1: STL decomposition of
hourly PM10 concentrations; Figure S2: STL decomposition of hourly PM2.5 concentrations; Figure S3:
STL decomposition of hourly NOx concentrations; Figure S4: STL decomposition of hourly NO2

concentrations; Figure S5: SHAP dependence plots for top features affecting PM10 concentrations;
Figure S6: SHAP dependence plots for top features affecting PM2.5 concentrations; Figure S7: SHAP
dependence plots for top features affecting NO2 concentrations; Figure S8: SHAP dependence plots
for top features affecting NOX concentrations; Figure S9: LIME local explanation for a represen-
tative high-concentration PM10 sample; Figure S10: LIME local explanation for a representative
high-concentration PM2.5 sample; Figure S11: LIME local explanation for a representative high-
concentration NO2 sample; Figure S12: LIME local explanation for a representative high-concentration
NOX sample; Figure S13: Partial Dependence Plots for PM10 predictions; Figure S14: Partial De-
pendence Plots for PM2.5 predictions; Figure S15: Partial Dependence Plots for NO2 predictions;
Figure S16: Partial Dependence Plots for NOX predictions; Figure S17: Accumulated Local Effects
plots for PM10; Figure S18: Accumulated Local Effects plots for PM2.5; Figure S19: Accumulated
Local Effects plots for NO2; Figure S20: Accumulated Local Effects plots for NOX; Figure S21: PDP vs.
ALE comparison for PM10; Figure S22: PDP vs. ALE comparison for PM2.5; Figure S23: PDP vs. ALE
comparison for NO2; Figure S24: PDP vs. ALE comparison for NOX; Figure S25: CCM convergence
plots for PM10; Figure S26: CCM convergence plots for PM2.5; Figure S27: CCM convergence plots for
NOX; Figure S28: CCM convergence plots for NO2; Figure S29: Simplex projection results for optimal
embedding dimension selection; Equations (S1)–(S4): Performance metrics (R2, RMSE, MAE, MAPE).
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