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1 Monitoring stations and site settings
Parque Centenario (Ramos Mejía 800; APRA, n.d.-c) is in the geographical centre of the city, adjacent to a green space. It has operated since 2005 and represents a relatively homogeneous urban background, in a residential-commercial area with moderate traffic; it provides the longest and most regular series. Córdoba (Av. Córdoba and Rodríguez Peña; APRA, n.d.-a), operational since May 2009, is located in a residential-commercial area with heavy traffic and very low influence from stationary sources, and captures the direct signal of vehicle combustion. La Boca (Av. Brasil 100; APRA, n.d.-b), operational since May 2009 and situated in the Matanza-Riachuelo basin, combines a mixed urban and industrial character with influence from stationary sources; it exhibits the greatest variability and the highest levels. All three are automatic EPA-type stations (Fig. S1); their complete official record — address, coordinates, setting, start of operations and measured variables — is detailed in Online Resource 2 (Table S1). The City also maintains an official inventory of stationary sources (879 establishments surveyed in 2023), consistent with the industrial influence of the setting of La Boca (APRA, 2023). This diversity of settings, together with the low correlation between stations, is what makes station-level forecasting informative in a spatially sparse network. The relative location of the three stations is shown in Fig. 1 of the main article.
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Fig. S1 Continuous air quality monitoring stations of the City of Buenos Aires: (a) Córdoba (traffic), (b) La Boca (mixed urban-industrial) and (c) Parque Centenario (urban background). All three are automatic EPA-type monitoring stations operated by APRA. Photographs by the author
2 Quality control and regulatory validation chain
The raw data underwent quality control with physical-consistency checks before the merge. The nitrogen oxide balance (NOₓ ≈ NO + NO₂, with a tolerance of ±0.6 ppb — an operational diagnostic criterion of the pipeline, set empirically and of the order of the reporting resolution of the hourly measurements, not an instrumental accuracy specification) was used as a unit-homogeneity check: over 134,298 records with the three species present, 85.4% satisfy the balance criterion, above the acceptance threshold for the dataset (80%). Records outside tolerance are retained — the balance operates as a check, not as a discard filter — and the absence of negative values was confirmed for all pollutants (Online Resource 2, Table S2). This decision does not materially affect the results: when the evaluation over the 2025 evaluation year is restricted to the forecast pairs whose origin and target (t+h) records both satisfy the balance criterion, the RMSE varies by ≤0.11 ppb in every model × horizon cell, and the XGBoost−Ridge gap stays within 0.02 ppb of the full sample (−0.48/−0.22/−0.14 against −0.49/−0.20/−0.14 ppb at 24/48/72 h), without altering any ranking or conclusion (script sensitivity_nox_balance.py and its output in the reproducibility package).
Monitoring is carried out under the air-quality act of the City of Buenos Aires (Law No. 1356) and its implementing decree (Decree No. 198/06), with local standards updated by Resolution 68-APRA/21 (APRA, 2021), which sets a schedule of progressive convergence towards the WHO guidelines. Before delivery, APRA itself applies a four-level validation protocol: automatic and operator daily review; basic verification against calibrations; intermediate review with quantitative checks and between-site comparison; and a final monthly validation focused on regulatory exceedances. Reference instruments type-approved under US EPA (40 CFR) and European Union standards are used, with traceable calibration by means of EPA-certified span gases; records affected by maintenance, calibration or failure are flagged as missing. The operational 75% hourly sufficiency rule used in this work coincides with the one APRA applies when compiling its hourly data. No validated PM2.5 data were available, so PM10 is used. Finally, prolonged instrument outages, characteristic of a sparse network, do not automatically trigger exclusion; their handling depends on the model family and is detailed in “Missing-data handling” (§4).
3 Source integration and feature engineering
Three sources were integrated on a common hourly grid. The APRA surface measurements provide NO₂, its precursors and associated pollutants; NO₂ was measured in 73% of the hours, with structural blocks of missing data due to operation and maintenance. The meteorological variables were taken from the ERA5 reanalysis (Hersbach et al., 2020), downloaded per station and per year and corrected to local time. ERA5 was used because the meteorological records available for this study did not have the continuity and documentation required for homogeneous integration over the whole period; ERA5 was, therefore, the temporally homogeneous meteorological source selected and validated for this work. The NO₂ tropospheric columns of TROPOMI/Sentinel-5P (Veefkind et al., 2012) — a consolidated product for urban tropospheric NO₂ monitoring (Shabbir et al., 2024) — were obtained from the reprocessed OFFL L3 product, which applies the recommended quality filter (qa_value > 0.75) in its gridding. These columns were averaged within a 3.5 km radius around each station — comparable to the native footprint of the sensor, of the order of 3.5 × 5.5 km — and were incorporated with a causal lag of one day (the orbital overpass occurs at around 13:30 local time). The merge yields an analytical dataset of 184,104 hourly records (61,368 timestamps × 3 stations) and, after feature construction, a matrix of 52 columns; approximately 134,000 samples per horizon have a target available for training. Missing-data handling is model-specific: XGBoost handles them natively in its splits; Ridge and Random Forest use a median imputer fitted on training data only; the recurrent networks (LSTM/GRU) use masking with an availability channel.
4 Data-processing pipeline (detailed)
The processing was implemented entirely in Python (pandas, numpy, xarray, scikit-learn, xgboost, PyTorch) with a modular design: each source is ingested and validated independently before being merged onto a common canonical hourly grid.

· Surface data (APRA). Delivered in a legacy spreadsheet format with a particular time encoding that required reconstructing the hourly index from the anchor row of each day. Physical checks were applied as acceptance conditions: the NOₓ ≈ NO + NO₂ balance stayed within ±0.6 ppb in 85.4% of the hours, and there were no negative values. NO₂ was measured in 73% of the hours, with gaps in structural blocks associated with instrument operation and maintenance.
· Meteorological reanalysis (ERA5). Downloaded per station and per year through the Climate Data Store API (cdsapi), with unit conversion and a UTC→local time correction (UTC−3) validated against the expected diurnal cycles.
· Satellite (TROPOMI/Sentinel-5P). Spatially aggregated in Google Earth Engine and incorporated with a causal lag of one day, so that only information available at prediction time is used.
· Interfaces and traceability. The download mechanics, the programmatic interfaces (cdsapi, Google Earth Engine) and the persisted intermediate artefacts that guarantee the exact correspondence between reported and modelled data are documented here and in the reproducibility package accompanying the article.

Missing-data handling. The treatment is model-specific: XGBoost handles missing values natively in its splits; Ridge and Random Forest use a median imputer fitted on the training set only; the recurrent networks (LSTM/GRU) use masking with an availability channel. Prolonged instrument outages, typical of a sparse network, thus do not automatically trigger exclusion: XGBoost and the recurrent networks can represent, implicitly or explicitly, availability patterns, whereas Ridge and Random Forest receive values imputed by means of statistics computed exclusively on the training set and do not necessarily receive an explicit indicator of absence.
5 Model families, nested ablation and uniform tuning budget
To attribute the contribution of each source, a nested ablation scheme was defined: A (autoregressive NO₂ + calendar), B (A + precursors + meteorology) and C (B + satellite). Eight main approaches were evaluated, together with a weekly variant of persistence, grouped into six methodological families: a naive persistence baseline (which projects the last observed value), with its weekly seasonal variant as a reference; a classical statistical model (SARIMA, fitted per station and evaluated as a rolling fixed-parameter forecast with daily cadence, avoiding averaging across stations) and its extension with exogenous meteorology (SARIMAX, seasonal autoregressive integrated moving average with exogenous regressors; specified in §7; the artefacts of the package retain for this model the historical internal label ARIMAX); a regularised linear model (Ridge; Hoerl & Kennard, 1970); tree ensembles — Random Forest, by bagging, and XGBoost, by gradient boosting (Chen & Guestrin, 2016); and recurrent networks (LSTM and GRU). The hyperparameters of each family are summarised in Table OR1-1. They were fixed a priori at standard values, identical across evaluation regimes and without any search on the evaluation year: a uniform and deliberately limited tuning budget that conditions in particular the comparison with the recurrent networks, which are more sensitive to tuning than the other families. The ERA5 meteorology enters with its values at the issue time t — and not at the valid time t+h — a causal and conservative choice whose idealisation of availability is bounded empirically by sensitivity analysis (see Limitations in the main text). Performance was quantified with the RMSE, the MAE and the coefficient of determination (R²), under an eight-fold blocked temporal cross-validation that respects the temporal structure and avoids information leakage (Bergmeir & Benítez, 2012) (Online Resource 2, Table S5). Significance was assessed with the Diebold–Mariano test with a HAC correction (Diebold & Mariano, 1995) on the 2025 evaluation year, and with Wilcoxon tests across folds; the intervals were obtained by block bootstrap (Künsch, 1989). Interpretability was addressed with SHAP values (Lundberg & Lee, 2017). The modelling matrix has 52 columns: 46 predictive features (set C_full in feature_meta.json), 3 identifiers (ts, station, year) and 3 targets (y_h24/48/72); of those 46 features, A uses 12 and B uses 43.
Hyperparameters (fixed a priori, identical across regimes)
Table OR1-1 Hyperparameters of each model family, fixed a priori and identical across data regimes
	Model
	Hyperparameters

	Persistence
	ŷ(t+h) = NO₂(t); no parameters

	Seasonal persistence
	ŷ(t+h) = NO₂(t+h−168); weekly window

	SARIMA
	statsmodels SARIMAX(1,0,0)(1,0,1,24): COMMON specification selected within training (2019–2024) among five candidates, with internal per-station hold-outs and an aggregate criterion (§7); fitted per station on its own previous years (without pooling across stations), with adaptive calendar windows and gaps treated as NaN by the Kalman filter; parameters frozen and applied as a rolling fixed-parameter forecast issued with daily cadence (2-week filtering window per origin), producing genuine forecasts at +24/+48/+72 h.

	SARIMAX
	SARIMAX(1,0,0)(1,0,1,24) with exogenous meteorology — boundary layer height, wind and temperature, taken at the forecast origin and held over the horizon, standardised and imputed as specified; same order as the selected SARIMA and the same rolling fixed-parameter protocol with daily cadence as SARIMA. A classical multivariate baseline that allows the contribution of exogenous information to be assessed in part against a more flexible nonlinear representation, without completely isolating information and complexity.

	Ridge
	alpha = 10.0; scaler fitted on the training partition

	Random Forest
	n_estimators = 300; max_depth = 16; min_samples_leaf = 5; n_jobs = −1

	XGBoost
	n_estimators = 500; max_depth = 6; learning_rate = 0.05; subsample = 0.8; colsample_bytree = 0.8; min_child_weight = 5

	LSTM / GRU
	hidden_units = 64; dropout = 0.2; dense head 32 + ReLU; Adam optimiser; lr = 1e−3; weight_decay = 1e−5; batch_size = 256; epochs ≤ 80; early stopping (patience = 10) on an internal PURGED CHRONOLOGICAL partition: last ~15% of the training data by target timestamp, with purging of sequences that cross the cut per station and strict exclusion of 2025 (module temporal_val_split.py; es_* columns in seq_*_metrics.csv); gradient clipping; LayerNorm; delta formulation (NO₂(t−1+H) − NO₂(t−1))



Seeds: SEED = 42 in all scripts (numpy, scikit-learn, XGBoost, PyTorch). Standardisation: fitted only on the training partition of each fold. Reproducibility of the recurrent networks: LSTM/GRU are not bit-reproducible (torch.use_deterministic_algorithms is not set and the device may vary between CUDA and CPU); this does not affect any headline figure, since none depends on the recurrent networks. Prediction intervals: the generator is 01_scripts/05_analysis/make_intervals.py, an XGBoost quantile model (reg:quantileerror, levels 0.10/0.50/0.90) trained only on 2019–2024 (same matrix/split C as run_test2025.py); 2025 never takes part in its fitting.

Learning-curve experiment (controlled analysis)
The learning-curve analysis compares Ridge (alpha = 10.0) and XGBoost with the production configuration (n_estimators = 500, max_depth = 6, learning_rate = 0.05, subsample = 0.8, colsample_bytree = 0.8, min_child_weight = 5) across training volumes of K = {2, 4, 6, 8, 12, 16, 18} station-year blocks, with five seeds (42/7/123/2024/777) averaged per subset, always evaluated on the fixed 2025 evaluation set. The mean advantage of XGBoost begins to emerge at approximately six to eight station-years, but no single robust threshold is identified; the level K = 18 corresponds to the complete universe with a single admissible composition and is reported as a point without a between-composition band. The bands of sampled subsets represent variability conditional on the common 2025 evaluation set and must not be interpreted as independent population confidence intervals. A complementary check by station-year block bootstrap with refitting (200 replicates per level, multi-hold-out arm 2021–2025; exploratory in nature) reproduces the pattern — negative with two station-years, close to zero with four to six, increasingly positive from eight — with bands that cross zero at all the levels evaluated and with decreasing chronological evidence at the higher levels, in line with the absence of a single robust threshold reported in the main text.

SHAP. Computed with shap.TreeExplainer (feature_perturbation=tree_path_dependent, the XGBoost default) on a deterministic sample of 4,000 rows from 2025; the attributions distribute credit among correlated features, which reconciles the ~6% aggregated satellite importance with its marginal (ablation) contribution of ~0.

6 Evaluation protocol: regimes and statistical mechanics
The evaluation philosophy distinguishes two complementary regimes. The blocked temporal cross-validation, with its eight folds, informs the relative ranking of the families, but it has few truly independent partitions, which limits its statistical power; its role is therefore exploratory. The primary inference rests on the year 2025, excluded from model fitting and from the primary selection. That year also serves as a common evaluation set for several secondary analyses (learning curves, ablations, sensitivity, hourly exceedance classification) and for the internal conformal calibration/evaluation partition, and must not therefore be described as a single-use set. It comprises approximately twenty-five thousand forecasts per horizon, a volume on which the Diebold–Mariano test acquires far greater power. For the comparison with SARIMA — issued with daily cadence — the test is computed on the issue times common to the families, with a Newey–West long-run variance (Newey & West, 1987) (lag h/24 − 1 in origin units), in three aggregation variants: pooled panel, per station with a Bonferroni correction, and date-collapsed (which by construction removes the contemporaneous correlation between stations). It is accompanied by a paired block bootstrap (seven-day blocks, 2,000 replicates) of ΔRMSE, and the conclusion that remains stable across variants is reported. The per-station metrics are aggregated by weighting by the number of observations, and the station-weighted R² — more conservative than the global one — is reported so as not to overstate the predictive skill. All processing is reproducible from the code and data package accompanying this work, with persisted intermediate artefacts that guarantee the exact correspondence between reported and modelled data. The complete data, modelling and evaluation flow is summarised in Fig. S2.
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Fig. S2 Schematic of the protocol. The five stages are laid out on a single process ribbon that runs across the figure from left to right, grouped into the three phases that structure the work: data, models and evaluation. (1) The three sources converge into a common collector and are all resolved on the same sites: the APRA surface network provides the three continuous monitoring stations of the City, which define those sites; the ERA5 meteorological reanalysis is extracted per station; and the TROPOMI/Sentinel-5P tropospheric column is averaged within a 3.5 km radius around each station. The three are integrated (2) on a common hourly grid, preserving gaps as missing values, with causal lags, calendar features, the nested A/B/C ablation and quality control by NOₓ balance and 75% coverage. (3) Classical and machine-learning families are compared under a uniform tuning budget. (4) The point evaluation and (5) the uncertainty quantification and hourly detection of high concentrations are represented as separate stages, each with its own data period. The lower bar makes the temporal protocol explicit, which is where leakage control is concentrated: the period 2019–2024 supports training and blocked cross-validation, of exploratory role, whereas the year 2025 — excluded from fitting and from the primary model selection — supports the primary inference. At the boundary between the two operates the target-time purge, which discards every observation whose origin or whose label crosses 1 January 2025 (audit: zero residual crossings). The sub-bar under 2025 shows the only declared reuse of that year: the conformal calibration uses January–July and evaluates August–December, so that the evaluation year must not be described as untouched in its entirety. The outputs of the system are the +24/+48/+72 h forecasts, the prediction intervals and the detection of high-concentration hours. The visual encoding is deliberate and carries a single meaning per channel: colour is reserved for the identity of the data sources, with the same tones used in Figs. S9 and S11, whereas the structure of the schematic is achromatic and the phases are separated by tonal steps; the temporal regimes are distinguished by texture — hatched, a period used for fitting or calibration; solid, a period evaluated once and never fitted — and the leakage controls are drawn as rules in ink, so that no tone carries two meanings or collides with the model-family palettes used elsewhere in the work
Multiplicity control and hierarchical inference. The three XGBoost-versus-SARIMA Diebold–Mariano contrasts on common 00 h issue times (h = 24/48/72; date-collapsed variant, which by construction removes the contemporaneous correlation between stations) are designated as the primary inferential family. All other contrasts — aggregation variants (pooled panel; per station with Bonferroni), 08/12 h issue times, SARIMAX and the persistence baselines, and year-by-year analyses — are secondary and exploratory. Benjamini–Hochberg (α = 0.05) is applied to the full battery (162 p values) at two levels (primary family and global); raw and adjusted p values are reported (multiplicity_fdr.csv) and only what survives the global correction is described as “significant”. As a robustness check, the collapsed DM was recomputed with alternative HAC lags (L = 0, L = 7 and the automatic Newey–West rule; hac_lag_robustness.csv) and ΔRMSE is accompanied by a paired block bootstrap CI (7 days, B = 2000) at the three issue hours.
Aligned-information sensitivity. The common issue times align forecast issuance across model families but do not equalise the information set, since the classical models and the persistence baselines observe NO₂(t) whereas the machine-learning features begin at t−1. That asymmetry, declared in the main text, is bounded empirically by retraining the complete pipeline with NO₂(t) incorporated into the feature set — only the variable observed by the classical model at the forecast origin — and recomputing the three Diebold–Mariano variants, with the same paired block bootstrap, the same target-time purge, the same hyperparameters and seed, and the same row filter as the headline comparison (n = 1,025, 1,020 and 1,017 pairs for 24, 48 and 72 h, respectively). The unaligned configuration is re-run through the same procedure and acts as a reproduction control. Because this is a robustness recomputation of contrasts already accounted for and not of new hypotheses, the resulting p values are reported raw and remain outside both the primary inferential family and the global multiplicity correction. Script: aligned_information_sensitivity.py; artefacts: aligned_information_dm.csv and aligned_information_aggregate.csv; results in Online Resource 4, §9(e), and in Online Resource 2, Table S24.

7 Specification of the classical models: SARIMA selection and SARIMAX
SARIMAX is specified with exogenous meteorology (boundary layer height, wind and temperature, taken at the origin and held over the horizon). It acts as a classical multivariate reference that allows a partial assessment of whether access to meteorological information explains the observed difference. The contrast does not, however, completely isolate the effects of functional form, interactions, precursors, temporal representation and missing-value handling, which differ simultaneously between the two families (see §5; Online Resource 3, Fig. S8a, and Online Resource 2, Table S9).
The candidates for the classical model are evaluated with station-specific internal temporal hold-outs within training (2019–2024), without touching 2025, and a single common specification is selected by an aggregate criterion (minimum mean RMSE across stations and horizons); that common specification is then fitted separately at each station. Five candidates — SARIMA (1,0,0)×(1,0,1)24, (1,0,1)×(1,0,1)24, (2,0,1)×(1,0,1)24, (2,0,2)×(1,0,1)24 and a dynamic regression with weekly Fourier harmonics — are evaluated with daily 00 h issue times over an internal selection year (the last year before 2025 with coverage ≥60%: 2023 at Parque Centenario and 2024 at Córdoba and La Boca), with a criterion of minimum mean RMSE across stations and horizons and AIC as a tie-breaker. (1,0,0)×(1,0,1)24 wins (mean RMSE 10.24; 9/9 fits converged), against 10.36 for (2,0,1)×(1,0,1)24 (6/9 converged) and 10.38 for (1,0,1)×(1,0,1)24; (2,0,2)×(1,0,1)24 diverges numerically and the dynamic regression performs substantially worse (RMSE 18.9). A sixth candidate with seasonal differencing, (2,0,1)×(0,1,1)24, was excluded with documented justification: its state dimension (~50) exceeds the available memory of the verification environment and produces degenerate forecasts (sarima_spec_select.py).
The parameters are estimated by maximum likelihood (maxiter = 200, without imposing stationarity or invertibility) over adaptive calendar windows: a base of 4,380 h (~6 months) extended until ≥3,000 valid observations are gathered (cap 35,064 h; at Parque Centenario the final window reaches 13,140 h because of the 2024 outage); gaps remain as NaN and are handled by the state-space Kalman filter, without interpolation or compression of the time index, and the parameters are frozen throughout 2025; each forecast applies the filter over a causal rolling window of 336 calendar hours that includes the origin (SARIMAX shares this convention, with exogenous variables standardised and imputed as specified). The diagnostics of the final fit (artefact sarima_diagnostics.csv) show remaining residual autocorrelation (the Ljung–Box test rejects the null of white-noise residuals at 24 and 168 lags at Parque Centenario and La Boca; at Córdoba p = 0.0012 and 0.084; ACF(1) between 0.04 and 0.22): the specification is chosen by out-of-sample predictive skill and this limitation is declared. The complete selection, candidate by candidate and window by window, is provided in sarima_spec_selection.csv. In cross-validation, the 2021 fold at La Boca, fitted on 2020 (58% gaps despite the extension of the window to 8,760 h) does not converge and produces divergent rolling forecasts at long horizons (up to ≈49 ppb of RMSE at 72 h); the behaviour is recorded in sarima_fit_log.csv and confined to the exploratory regime of the cross-validation: the three final fits of the 2025 evaluation year converge with sufficient coverage.
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LSTM / GRU (informative)

EVALUATION, UNCERTAINTY AND ALERTS

Point evaluation
(target-time purge)

* Blocked temporal CV (8 folds):
train labels never leave their
station-year block

* 2025 evaluation year — excluded
from fitting & primary selection

* Purge audited = 0 crossings

* DM + block bootstrap + FDR

* SHAP (attribution only)

Uncertainty &
hourly alerts

1) Quantile model trained on
2019-2024 (purged)

2) Conformal calibration inside
2025 (see timeline)

3) Hourly alert threshold: P90 of
2019-2024 climatology;
cut-offs frozen on CV OOS

4) Single 2025 evaluation

(POD / precision / FAR)

TEMPORAL PROTOCOL target-time purge - origin & label < 2025-01-01
2019-2024 ~ training+-8-fold blocked CV (exploratory) 2025 - evaluation year
2019 2020 2021 2022 2023 2024 2025

conformal: calibration Jan—Jul - evaluation Aug-Dec
(the evaluation year is therefore not fully untouched)

used for fitting / calibration evaluated once, never fitted on




