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Abstract

Taking Chinese A-share listed banks as the research object, this paper constructs a financial evalu-
ation framework integrating PCA dimensionality reduction, DTW similarity analysis and hierar-
chical clustering, and combines it with an LSTM model for trend prediction of stock price move-
ments. First, based on 5-year financial and market data, key bank characteristics are extracted us-
ing principal component analysis, and the dynamic time regularization algorithm is applied to
quantify the time series similarity among banks. Subsequently, a combination of weighted DTW dis-
tance and hierarchical clustering is used to classify banks into five categories, and a weighted index
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is constructed for each category. On this basis, the Long Short-Term Memory (LSTM) network is in-
troduced to predictively model the indices for each category. The empirical results show that the
method achieves a goodness of fit of R over 0.93 on the training set, and most categories of the test
set are also stabilized above 0.80, and the prediction accuracy of some categories is close to 0.89,
which verifies the validity of the categorization structure and the model construction. This study
provides new ideas and empirical basis for financial time series modeling and industry segmenta-
tion evaluation.
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Figure 1. Flowchart of PCA algorithm
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Figure 2. Flowchart of DTW-CH algorithm
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Figure 3. LSTM algorithm structure diagram
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Figure 4. Cumulative variance curve
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Table 1. A share stock clustering table

Jie A S Je A (UES e AR S
600000.SH 5 601187.SH 2 601838.SH 1
600015.SH 2 601229.SH 2 601860.SH 2
600016.SH 1 601288.SH 4 601916.SH 2
600036.SH 3 601328.SH 1 601939.SH 4
600919.SH 2 601398.SH 3 601963.SH 2
600926.SH 2 601577.SH 2 601988.SH 4
600928.SH 0 601665.SH 2 601997.SH 2
601166.SH 1 601818.SH 2 601998.SH 2
601169.SH 2 601825.SH 2 601128.SH 2
601077.SH 2 601009.SH 2
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Figure S. Stock clustering results
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Figure 6. Prediction results of LSTM algorithm
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