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Table 1 Model classification and parameter selection
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1.2.1 KL ( random forest, RF)
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Fig. 4 Relative RMSE for rolling window forecasting in short sample
x4 MH-SPA I 5ER
Table 4 Test results of MH-SPA

Vikis RW AR UCSV adalLASSO adaElastic Net Factor RF XGBoost
RW 0.05 0.29 0.01 0.02 0.02 0.02 0.01
AR 0.94 0.94 0.01 0.01 0.06 0.00 0.00
UCSvV 0.69 0.05 0.01 0.02 0.03 0.01 0.01
adalASSO 0.99 0.99 0.98 0.71 0.98 0.43 0.04
adaFlastic Net 0.98 0.99 0.98 0.31 0.98 0.39 0.08
Factor 0.98 0.94 0.97 0.02 0.03 0.01 0.01
RF 0.99 1.00 0.99 0.58 0. 66 0.99 0.03

XGBoost 0.99 1.00 0.99 0.95 0.92 0.99 0.97
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Fig. 5 Nonlinear relationship testing between variables
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Table 5 Comparison of forecasting effects of RF, XGBoost, and their derived models

Bl RMSE MIH-SPA £
AR A
1 2 3 4 5 6 7 8 9 10 11 12 M |adal./M | M/OLS

RF 0.68 10.79 10.84 (0.92{0.94 |0.97 {0.97 | 0.95[0.93 |0.90 |0.87 | 0.78 0.68 0.94
adaLASSO/RF | 0.64 [ 0.79 | 0.85 |0.92{0.97 {0.95]0.99 [ 0.98 |0.96|0.94 | 0.88 | 0.81 | 0.33 0.99

B RF/0OLS 0.53/0.77 10.95 [1.08 |{1.15 |1.17 {1.15 |1.10 | 1.00 | 0.93 | 0.96 |0.95 | 0.04 | 0.02
K XGBoost 0.60 {0.70 | 0.76 |{0.80 [0.80 ([0.91 |0.86|0.85|0.83|0.88|0.84(0.73 0.99 1.00
adalLASSO/XGB | 0.71 | 0.84 | 0.83 | 0.84 | 0.91 [0.90 | 0.87 |0.910.86 |0.89|0.79 |0.77 | 0.01 0.98

XGB/OLS 0.68 [0.87 |1.121.23 |1.23 |1.421.321.27 |1.45|1.24|1.20|1.29 | 0.00 | 0.02
RF 0.70 [ 0.81 [ 0.87 {0.90 [0.91 {0.92|0.91|0.910.89 |0.88 |0.85|0.80 0.94 1.00
adaLASSO/RF | 0.59 | 1.14 | 1.34 | 1.39 {1.00 {0.97 {0.99 | 1.06 | 0.99 | 0.93 | 0.87 | 0.82 | 0.05 1.00

. RF/OLS 0.51(0.80|1.02|1.13 |1.19 |1.24 |1.25|1.31 |1.33 |1.36 |1.36|1.41 | 0.00 | 0.00
k XGBoost 0.56 10.76 | 0.78 {0.85|0.84 |0.87 ({0.83 /0.81 |0.81|0.74 |0.65|0.59 0.98 1.00
adaLASSO/XGB | 0.61 [0.86 | 1.05|1.06 | 1.07 |0.95]0.92 | 1.01 |0.98 | 1.03 | 0.84 | 0.66 | 0.01 1.00

XGB/OLS 0.53(0.77|1.18 |1.30 | 1.42 |1.36 | 1.44 [ 1.73 |1.73 | 1.87 | 1.89|2.07 | 0.00 | 0.01
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Abstract: The advent of the Big Data era has brought unprecedented opportunities as well as challenges to CPI
forecasting. Making full use of high-dimensional data and developing interpretable machine learning methods
for forecasting are of great significance both theoretically and practically. Thus, this paper constructs a large
monthly macroeconomic dataset for China, which consists of 239 variables across 9 categories. Based on this
large dataset, the paper evaluates the forecasting performances of 13 common methods for CPI, including tradi-
tional time series models, regularized regressions, factor models, and ensemble methods. Further, based on
the idea of control variables, a derivative algorithm for machine learning is constructed to explain the results
and conduct the mechanism analysis. According to the results, random forest and XGBoost exhibit superior
predictive performance, especially in the medium and long-term horizons. Further investigation proves that the
non-inearity and non-sparsity of ensemble methods play a vital role for better forecast precision. Meanwhile,
according to the variable importance measures of the two ensemble methods, variables in the autoregressive,
price, and employment categories contribute a large portion of predictive power, which is in line with econom-
ic theory and stylized facts.
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