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Development of a Machine Learning Model for Imputing
Time Series Data with Massive Missing Values

Bangwon Ko*, Yong Hee Han**

8 9 E Ave ZSA 80| w2 AAE HolEE Ao E BMstal ST & Gl HiAlgY EEE FEI)
Q5 oroFsl 2= A2 HEE vlw BASHALE ol 98 PSMF(Predictive State Model Filtering), MissForest,
IBFI(Imputation By Feature Importance) ¥'H<& &85t 2™, o]& LightGBM, XGBoost, EBM(Explainable
Boosting Machines) ™MAl2ld E&& AMgste] diE 2 Btk d+ 23, 253 A ¥y Folke
MissForest®t IBFIZ} HA3ZA tlold #igg 2 wigste] 7Y &2 Ao vehdlen, m4lsd 2d Joke
XGBoost®} EBM Zdo] LightGBM ZHHTH 5 &2 A%S Echk £ A7E 22X Hlgo] £2 AAL Holge
E4 9 oZo) Slo] HAFA ZASA] AP W wilEd 2P Rjlo] F8FS AxopH, AFHoE {83 WY
E& AASIAH.

Abstract In this study, we compared and analyzed various methods of missing data handling
to build a machine learning model that can effectively analyze and predict time series data
with a high percentage of missing values. For this purpose, Predictive State Model Filtering
(PSMF), MissForest, and Imputation By Feature Importance (IBFI) methods were applied, and
their prediction performance was evaluated using LightGBM, XGBoost, and Explainable Boosting
Machines (EBM) machine learning models. The results of the study showed that MissForest and
IBFI performed the best among the methods for handling missing values, reflecting the
nonlinear data patterns, and that XGBoost and EBM models performed better than LightGBM.
This study emphasizes the importance of combining nonlinear imputation methods and
machine learning models in the analysis and prediction of time series data with a high
percentage of missing values, and provides a practical methodology.
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Table 1. Time series data on fine and ultra—fine
particulate matter in Seoul

L ocation Time PM10 PM2.5
Jung-gu | 2023010101 57 52
Jung-gu | 2023010102 65 60
Jung-gu | 2023010103 73 63
Jung-gu 2023010104 76 71
Jung-gu | 2023010105 78 73
Jung-gu | 2023010106 68 61
Jung—gu | 2023010107 67 58
Jung-gu | 2023010108 73 65
Jung-qu | 2023010109 77 65
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Time|GCS| HR ApE P kagEl o pH o2 HCT
0:07| 15 | 73 | 65 | 33 | 147 |35.1

0:37| 15 | 77 | 58 | 91 | 157 |35.6

1:11 745| 34 |247
1:26] 3 | 88 35.1

1:31 88 34.8|7.44| 33

1:38 7.44| 33

1:46 88 34.5

1:56 88 34.8

2:11 33 351
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Table 3. Performance evaluation results

Imputation
method

Model | RMSE| MAE R?

XGBoost | 16.32 | 1245 | 0.72
PSMF | LightGBM | 16.76 | 12.89 | 0.71
EBM 16.40 | 1260 | 0.72
XGBoost | 1490 | 11.10 | 0.83
1 MissForest| LightGBM | 1520 | 11.35 | 0.82
EBM 15.05 | 11.22 | 0.83

XGBoost | 15.00 | 11.20 | 0.83
IBFI LightGBM | 1530 | 11.45 | 0.82
EBM 1510 | 11.25 | 0.83
XGBoost | 1352 | 9.83 | 0.64
PSMF | LightGBM | 14.10 | 10.76 | 0.67
EBM 14.68 | 10.90 | 0.63
Dataset| . XGBoost | 1267 | 973 | 0.66
MissForest| LightGBM | 1325 | 993 | 0.67

2 EBM | 11.97 | 891 | 064
XGBoost | 1246 | 865 | 0.71
IBFI LightGBM | 1341 | 954 | 0.71
EBM 1286 | 935 066

Dataset

Dataset
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