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Abstract PM, 5 is one of the air pollutants, the most of which are generated through chemical reactions involving
emissions from fossil fuels, exhaust gases, and factories. Given PM, 5's negative impact on society and health, the importance
of prediction is increasing in response to growing public interest. In this study, we aimed to predict the concentration of PM, 5
in Jung-gu, Seoul, using machine learning methods. We collected data on various air pollutants (SO,, O;, NO,, CO, PM;,) that
are known to be potential factors affecting PM, 5 levels. We employed seven different machine learning algorithms as base
learners and utilized the Super Learner, which combines the predictions obtained from the weight averaging of the seven
algorithms. The results indicated that ensemble models, such as Random Forest, Gradient Boosting, and eXtreme Gradient
Boosting, exhibited superior predictive performance compared to other base learners. However, most base learners struggled
to accurately predict the high concentrations of PM, s during the test period. In contrast, the Super Learner delivers more
accurate predictions for high-concentration observations, ultimately improving prediction results compared to the base
learners.
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Table 1. Description of the dataset.

Total Training set

Test set
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Fig. 1. Time series data of PM, 5 according to each year.
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Table 2. Descriptive statistics of the explanatory and dependent variables.

SO, (ppm) CO (ppm) 05 (ppm) NO, (ppm) PM;o (W/m?) PM, s (1/m?)
Count 24414 24,414 24414 24414 24414 24,414
Mean 0.003263 0.501188 0.025567 0.027923 39.47489 2277595
Std 0.001001 0.196363 0.018539 0.015572 36.17534 17.34045
Min 0.001 0.2 0 0.003 3 1
Median 0.003 0.4 0.024 0.024 32 18
Max 0.018 2 0.178 0.098 1024 172
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Fig. 2. Correlations between PM,; and the explanatory
variables.
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Table 3. Learning process of the Super learning algorithm.

=

Super Learner YAES &25t PM,; 0= 1043

Input : The dataset D={(X;, Y}) : i=1,..., n}, the set of base learners H=1{h;, k=1,..., K}.

Output : trained Super Learner

1. Fit each base learner on the entire data set D to estimate hA,t, k=1,..,K

2. Split the dataset D into V equal-size groups.

Forv=1,.., V, let the v-th fold as a validation set V(v) and the rest folds as a training set T(v).

3. For the v-th fold, fit each base learner on T(v) and save the predictions on the corresponding validation set, hAk,T(V)(V(v)).
Stack the predictions from each base learner together to create a n by K matrix, Z={hi,r,(V(v)), v=1..., V&k=1,.., K}

4. Propose a family of weighted combinations of the base learners indexed by weighted vector a.
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Table 4. Hyper-parameter information for the base learners.

Method Parameter Range Optimal value
C 05,5 0.5
Support Vector Machine (SVM)
gamma 05,5 0.5
K-Nearest Neighbors (KNN) n_neighbors 3~10 6
Decision Tree (DT) max_depth 3,6,9,12,15 6
Random Forest (RF) max_depth 3,6,9,12,15 9
Gradient Boosting (GBM) max_depth 3,6,9,12,15 3
eXtreme Gradient Boosting (XGB) learning_rate 0.01,0.1 0.1
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Table 5. Estimated weights of the base learners, which
include LR (Linear Regression), SVM (Support Vector Machine),
KNN (K-Nearest Neighbors), DT (Decision Tree), RF (Random
Forest), GBM (Gradient Boosting), and XGB (eXtreme Gradient
Boosting).
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Fig. 3. Comparisons of MAE, RMSE and R? for the base learners and Super Learner.

Table 6. Prediction performances of the base learners from the seven machine learning algorithms and the Super Learner in

terms of MAE, RMSE and R2.

LR SVM KNN DT RF GBM XGB SL Average
MAE 6.1703 6.6662 6.1119 5.0715 4.6585 4.5833 4.5968 4.4653 5.2905
RMSE 17.095 9.6957 9.9205 9.4741 8.8667 8.0890 8.3181 6.9530 9.8015
R? 0.0881 0.7067 0.6929 0.7199 0.7547 0.7958 0.7841 0.8491 0.6739
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(a) Linear Regression (LR)
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(g) eXtreme Gradient Boosting (XGB)
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(b) Support Vector Machine (SVM)
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(c) K-Nearest Neighbors (KNN)
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Fig. 4. Scatter plots of the PM, 5 observations and the predicted PM, 5 values of each of the seven base learners and the

Super Learner.
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(a) Linear Regression (LR)
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(c) K-Nearest Neighbors (KNN)
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Fig. 5. Time series plots of the PM, 5 observations (black lines) and the predicted PM, 5 values (red lines) from each of the
seven base learners and the Super Learner.
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(e) Random Forest (RF)
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Fig. 5. Continued.
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