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Abstract  This study investigated regime-specific meteorological drivers of surface ozone (MDA8 Os) using ERA5 reanalysis
data from 17 metropolitan regions in South Korea during the warm season (May~September, 2020~2024; n = 13,005). K-means
clustering of monthly meteorological anomalies identified three regimes: C1, stagnant high-pressure; C2, low-radiation humid;
and C3, low-pressure precipitation, accounting for 44.5%, 42.3%, and 13.3% of observations (bootstrap ARI=0.893). MDA8 O,
differed significantly among regimes (58.2+15.7 ppb > 50.1 £ 14.4 ppb >38.8 + 12.7 ppb; Kruskal-Wallis p <0.001), reflecting
combined meteorological conditions rather than temperature alone. Cluster-specific LightGBM models achieved Leave-One-
Year-Out (LOYO) R? values of 0.420, 0.385, 0.376 for C1~C3, lower than a single global model (R2=0.511), a pattern reflecting
reduced within-cluster variance rather than a failure of the regime-specific approach, given the study’s focus on characterizing
heterogeneity rather than maximizing predictive accuracy. Leave-One-Region-Out (LORO) cross-validation exceeded LOYO
across all regimes, indicating greater spatial than temporal generalizability. SHapley Additive exPlanations (SHAP) identified
relative humidity as the dominant predictor in C1 and C2, and temperature in C3 - diverging from the conventional temperature-
centric framing of ozone-meteorology relationships. SHAP dependence analysis further revealed cluster-specific nonlinear
temperature responses: an inverted-U pattern in C1 and C2 versus a monotonic decline in C3. These findings show that regime-
based modeling reveals heterogeneous O; response structures that a single nationwide model would average away.
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Table 1. Monthly mean(+ standard deviation) of MDA8 ozone and nine ERA5 meteorological variables during the study period

(May~September, 2020~2024).

Variable Unit May June July August September  May~September
MDAB8 Ozone ppb 60.9+13.0 62.1+£16.5 46.4+153 456143 46.1+11.8 522+16.2
Temperature °C 19.4£3.2 240+28 263126 27324 238127 242+39
Relative humidity % 60.4+15.7 67.2+14.3 7894105 775194 71.8+10.8 71.2+14.1
Solar radiation MJm™=  10.02+5.50 9.82+5.41 7.96+4.99 8.32+4.82 7.90+4.43 8.80+5.13
Precipitation mm 0.68+2.50 1.17£4.01 2.53+5.84 2374557 2.05+7.40 1.76 £5.37
Surface pressure hPa 9946+104  990.6+9.9 990.4+9.8 990.7+9.5 995.8+9.9 992.4+10.2
Boundary layer height m 758+376 705+324 603 +246 628+221 686 +248 676+294
850 hPa zonal wind m/s 4.0+53 24+52 2.7+6.1 24+53 -0.7+£54 22457
850 hPa meridional wind m/s 1.0+49 1.6+43 29+39 22+45 03+4.2 1.6+45
Total cloud cover - 0.53+0.35 0.62+0.30 0.73+£0.26 0.63+0.29 0.61+0.30 0.62+0.31
Reddy et al.,, 2012). ©]= MDAS Q0] 7|2 T-EHTE  (44.5%), A LAl 523 (C2)2 5,495 (42.3%), 47|
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Fig. 1. Distribution of nine ERA5 meteorological variables by cluster (C1, stagnant high-pressure; C2, low-radiation humid;
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Fig. S1. Spatial correspondence between AirKorea monitoring stations and the ERA5 0.25° grid. (a) Locations of the 665 stations
used in the analysis (dark points) over the South Korean coastline, overlaid on a 0.25° grid (dashed lines) shaded by the number
of stations mapped to each cell. (b) Histogram of the number of stations per occupied grid cell (median =3, maximum =31, ata

cell in central Seoul).
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Fig. S2. Clustering evaluation metrics across candidate num-
bers of clusters (k=2~8): (a) Calinski-Harabasz index, (b) Sil-
houette coefficient, (c) Davies-Bouldin index, (d) Kruskal-Wallis
H statistic for MDA8 Os. The vertical dashed line indicates the
selected k=3.
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Fig. S3. Reproducibility of SHAP-based variable importance
rankings across Leave-One-Year-Out (LOYO) folds, expressed
as the mean Spearman rank correlation (bars) with the range
down to the minimum observed correlation (error bars) for
each cluster (C1, stagnant high-pressure; C2, low-radiation
humid; C3, low-pressure precipitation).
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Fig. S4. UMAP projection of nine-dimensional standardized monthly ERA5 meteorological anomalies, colored by K-means clus-
ter assignment (C1, stagnant high-pressure; C2, low-radiation humid; C3, low-pressure precipitation). UMAP was used for visual-
ization only and was not involved in the clustering procedure (n_neighbors =15, min_dist=0.1).

Table S1. Variable-level agreement between station-weighted daily regional means (current method) and grid-weighted
means (removing duplicate weighting from densely monitored cells), for all nine meteorological variables: Pearson correla-

tion, mean absolute difference (MAD), and MAD/SD.

. . Pearsgn d Mean absolute
Variable (station-weighted vs. 5 MAD/SD
grid-weighted) difference

Temperature (°C) 0.997882 0.175267 0.045176
Relative humidity (%) 0.995658 0.902514 0.063811
Solar radiation (MJ m™) 0.981074 0.597617 0.116546
Precipitation (mm) 0.98957 0.219559 0.040876
Surface pressure (hPa) 0.98228 1.730874 0.170413
Boundary layer height (m) 0.97811 40.401430 0.137371
850 hPa zonal wind (m s™) 0.996758 0.268322 0.047275
850 hPa meridional wind (m s™") 0.994222 0.277225 0.06186
Total cloud cover (frac) 0.992328 0.022829 0.073739

Table S2. Agreement between K-means (k= 3) cluster labels
derived from the station-weighted and grid-weighted meteo-
rological aggregation schemes described in Table S1, summa-
rized as the Adjusted Rand Index and the identical-assign-
ment rate across all 13,005 sido-day observations.

Metric Value
Adjusted rand index 0.822
Identical assignment rate 0.9409

N 13,005
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Table S3. Bootstrap Adjusted Rand Index (ARI) for candidate numbers of clusters (k =2~4), assessing the stability of K-means
cluster assignments under resampling.

K Calinski-Harabasz Silhouette Davies -Bouldin Kruskal -Wallis H Bootstrap ARI Bootstrap ARI
index coefficient index (MDA8 O3) (mean) (SD)

2 4,089.109 0.226 1.65 1,540.186 0.98 0.01

3 2,912.397 0.177 1.873 2,060.272 0.893 0.11

4 2,463.475 0.133 1.858 1,973.882 0.716 0.176

Table S4. Optimal LightGBM hyperparameters for each cluster, selected via 5-fold grid search cross-validation minimizing
validation RMSE.

Colsample Learning N Num Min child Reg. Alpha Reg. Lambda
Cluster n by tree rate estimators leaves Subsample samples (L1) (L2)
(@ 5,786 0.9 0.03 300 127 0.7 20 0.1 0.1
(e 5,495 0.8 0.03 300 127 0.7 20 0.1 0.1
(e} 1,724 0.7 0.03 200 63 0.7 20 0.1 0.1

Table S5. Cluster-specific model performance (R?, RMSE, MAE) under Leave-One-Year-Out (LOYO) and Leave-One-Region-Out
(LORO) cross-validation, along with training performance and the single global model’s LOYO R

LOYO RMSE LOYO MAE LORO RMSE LORO MAE . Global model
Cluster LOYO R? LORO R? Train R?
(ppb) (ppb) (ppb) (ppb) LOYO R?
(@] 0.407 11.953 9.24 0.459 11.184 8.646 0.938 0.511
2 0.369 11.276 8.94 0.474 10.009 7.948 0.935 0.511
c3 0.36 9.956 8.002 0.485 8.852 7.003 0.915 0.511

Table S6. Mean absolute SHAP values for all nine ERA5 mete- Table S7. Leave-One-Year-Out (LOYO) predictive perfor-
orological variables, by cluster. mance of four tree-based ensemble models (LightGBM, Ran-
dom Forest, Gradient Boosting, XGBoost).

Variable 1 (@) (€]
Temperature (°C) 2018 1738 4358 Model LOYOR? LOTSpZI;ASE LO?;,?,Q/;AE
Relative humidity (%) 6.901 4.02 2.207
Solar radiation (MJ m™2) 1.129 1312 0679 XGBoost 0.506 11.221 8.801
Precipitation (mm) 0.799 2429 1.157 LightGBM 0.500 11.291 8.838
Surface pressure (hPa) 1.25 0.999 0.856 GradientBoosting 0.500 11.299 8.889
Boundary layer height (m) 2322 1.727 0.698 RandomForest 0.498 11.326 8.859
850 hPa zonal wind (m s™") 2.591 1.732 1.243
850 hPa meridional wind (m s™) 1.73 1.329 1.949
Total cloud cover (frac) 0.922 2.126 1.65
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Table S8. Comparison of predictive performance (LOYO R?, RMSE, MAE) between the single global model and the three cluster-

specific models.

Model LOYO R? LOYO RMSE (ppb) LOYO MAE (ppb)
Single global model 13,005 0.511 1.3 8.84
Stagnant high-pressure (C1) 0.407 11.95 9.24
Low-radiation humid (C2) 0.369 11.28 8.94
Low-pressure precipitation (C3) 0.36 9.96 8.00

Table S9. Cluster-specific and mean Leave-One-Region-Out (LORO) R? and RMSE by metropolitan region, sorted by mean R?

in descending order.

] 2 2 2 2 C1 RMSE C2 RMSE C3 RMSE

Region C1R C2R CG3R Mean R (ppb) (ppb) (ppb)
Gyeonggi 0.512 0.552 0.686 0.583 11.306 10 7.166
Chungbuk 0.681 0.559 0.49 0.577 9.05 8.914 9.142
Gyeongnam 0.521 0.593 0.569 0.561 10.169 8.815 7.711
Jeonbuk 0.532 0.511 0.609 0.551 9.772 9.618 8.461
Jeonnam 0.446 0.588 0.601 0.545 9.591 8.41 7.008
Gyeongbuk 0.705 0.54 0.387 0.544 8.017 7.754 7.861
Daejeon 0.573 0414 0.561 0.516 10.14 10.289 9.22
Daegu 0.581 0.552 0413 0.515 10.212 8.523 9.3
Gwangju 0.381 0.488 0.617 0.495 11.425 10.248 7.567
Sejong 0.513 0.428 0.52 0.487 11.17 10.344 8.988
Ulsan 0.519 0.474 0.443 0.479 11.733 9.3 8.51
Busan 0.431 0.486 0.466 0.461 11.105 10377 8.558
Gangwon 0.457 0.457 0.427 0.447 11.76 10.474 9.816
Seoul 0.375 0.446 0.431 0417 13.94 11.979 9.425
Chungnam 0.358 0.498 0.345 0.4 10.296 9.619 10.023
Jeju 0.358 0.37 0.263 0.33 12.741 10.654 11.74
Incheon -0.136 0.109 0.422 0.132 17.696 14.833 9.987
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