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Abstract

This study, based on PetroChina’s 2023~2024 real-time data, builds ARIMA and XGBoost models to
evaluate and compare their performance in stock trend prediction. Results show XGBoost has strong
non-linear fitting ability on the training set but higher error volatility on the test set. ARIMA, though
less explanatory, is more stable in short-term forecasting, suiting low-latency scenarios. It's recom-
mended to use ARIMA (with a response time of less than 50 ms) for high-frequency trading and pri-
oritize XGBoost for event-driven strategies. This study’s limitations lie in its single-asset and static
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time-window data. Future work will introduce multi-factors (e.g., VIX index, sentiment data) and
dynamic rolling prediction frameworks to enhance the hybrid model’s generalization. The study
offers theoretical support for optimizing hybrid models in feature engineering, weight allocation,
and evaluation systems, and references for shifting financial machine learning from “model piling”
to “mechanism-driven hybrids”.
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Figure 1. Opening and closing price prediction results. (a) Opening price training results; (b) Opening price test results; (c)
Closing price training results; (d) Closing price test results
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Figure 2. Stability of the original opening and closing prices and after second-order differencing. (a) Visualization of the
stability of the original opening price data; (b) Visualization of the stability of the opening price after second-order differencing;
(c) Visualization of the stability of the original closing price data; (d) Visualization of the stability of the closing price after
second-order differencing
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Figure 3. Autocorrelation coefficients and partial autocorrelation functions of opening and closing prices. (a) Opening price
ACEF plot; (b) Opening price PACF plot; (c) Closing price ACF plot; (d) Closing price PACF plot
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Figure 4. Model fitting of opening and closing prices and 10-day stock price predictions. (a) Visualization of opening price
model fitting and prediction results; (b) Visualization of closing price model fitting and prediction results
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Table 1. Forecast results for opening prices over the next 10 days
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17t TR/t kMR TR/ kMR
RFE 1R 7.184497 7.010575 7.358420 6.918506 7.450488
RFKE 2 R 7.181248 6.953668 7.408827 6.833195 7.529301
REE 3R 7.174671 6.902471 7.446872 6.758377 7.590966
RFKE 4R 7.177015 6.863966 7.490064 6.698247 7.655783
RFH 5K 7.175361 6.830394 7.520329 6.647779 7.702944
RFKE 6 K 7.177503 6.802240 7.552767 6.603588 7.751419
RFE TR 7.202064 6.792056 7.612073 6.575010 7.829118
RFKE 8 K 7.206370 6.764007 7.648734 6.529834 7.882906
REE IR 7.206370 6.719151 7.693590 6.461233 7.951508
KKK 10K 7.206370 6.678090 7.734651 6.398435 8.014305

Table 2. Forecast results for closing prices over the next 10 days
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RFE 1R 7.181794 7.010449 7.353139 6.919744 7.443843
RFE 2 R 7.168587 6.944958 7.392216 6.826576 7.510598
RFE 3R 7.177648 6.909112 7.446185 6.766958 7.588339
REE 4R 7.183705 6.874091 7.493320 6.710191 7.657220
RKE 5K 7.181789 6.839330 7.524249 6.658042 7.705536
RFKE 6 K 7.170618 6.798732 7.542505 6.601867 7.739370
KRR TR 7.209033 6.801758 7.616309 6.586159 7.831907
RFKE 8 K 7.208636 6.769990 7.647281 6.537785 7.879486
RFE IR 7.197068 6.715953 7.678182 6.461266 7.932869
RFKEE 10 R 7.205357 6.682588 7.728125 6.405851 8.004863
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Table 3. Results of the Diebold-Mariano test
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Table 4. Comparison of model performance
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