wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

EF RIS S ASHENR
FinbA, FREAE, B, SRR, BN, a5

SIRAAX

ZInbA, =S, BE, R, BN, ok ETRISHETENREESWEARI]. tENR
2, 2025, 52(10): 13-21.

LI Ruiyang, LI Shuyi, YANG Yuexi, PENG Chuhan, XING Jingyu, QIAO Gaoxiu. Research on Portfolio

Construction Based on Topological Structure Features [J]. Computer Science, 2025, 52(10): 13-21.

HUXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ACCF:BSETNH SRRt o p - ki E

ACCF:Time Prediction Mechanism-driven Top-k Flow Measurement

HEMREIEE, 2025, 52(10): 98-105. https://doi.org/10.11896/jsjkx.241000033

ETHEMBEENBEMERETE

Adaptive Spectral Clustering Algorithm Based on Relative Proximity

BRI, 2025, 52(10): 79-89. https://doi.org/10.11896/jsjkx.240800102

ETARIMAFILSTMRI S RET B AR RERNTTUHAR
Prediction of Resource Usage on High-performance Computing Platforms Based on ARIMAand LSTM
IHEHEIE, 2025, 52(9): 178-185. https://doi.org/10.11896/jsjkx.241100174

ETXREIE XIS L2 IR AR ETTE

Text Clustering Approach Based on Key Semantic Driven and Contrastive Learning

HEMREIEE, 2025, 52(8): 171-179. https://doi.org/10.11896/jsjkx.240700008

EFUUHSOMMBHREE L
Clustering Algorithm Based on Improved SOM Model
IHEHEIE, 2025, 52(8): 162-170. https://doi.org/10.11896/jsjkx.240700017


https://www.jsjkx.com/CN/10.11896/jsjkx.250100136
https://www.jsjkx.com/EN/10.11896/jsjkx.250100136
https://www.jsjkx.com/CN/10.11896/jsjkx.241000033
https://doi.org/10.11896/jsjkx.241000033
https://www.jsjkx.com/CN/10.11896/jsjkx.240800102
https://doi.org/10.11896/jsjkx.240800102
https://www.jsjkx.com/CN/10.11896/jsjkx.241100174
https://doi.org/10.11896/jsjkx.241100174
https://www.jsjkx.com/CN/10.11896/jsjkx.240700008
https://doi.org/10.11896/jsjkx.240700008
https://www.jsjkx.com/CN/10.11896/jsjkx.240700017
https://doi.org/10.11896/jsjkx.240700017

http: /www. jsjkx. com

DOI:10. 11896/jsikx. 250100136

St A 2
COMPUTER SCIENCE

E THIMNEFF IR A

Fm  FEF BEE R
W REKNFHFFER KA 611756
(2637844500@qq. com)

HEHWEPR

meem  FEF

W E ¥ HF kR, I35 5 H (Topological Data Analysis, TDA) £ & Rk AR 6 B A2 S B HA, TDA Bad H XA RAF
FHEMBELY AR EURKBEGHR, BRI IEAZ L AN E S P o0 HA L EFo e REERTAEGMER
BT HAFRA, AT BTN TDAFESPEREZTHONRE SN HKERITRERANZE.EERELE.FHFLEN TR
TS MA , S AN, B3FHFT R EARIE LR AVNA T TDAGKR) R AR T A A & IR b Ao 7208 B
FEANRIF KT TG EARELIN, FRAN.TDA FETAZ AL AZE R ZHETHRZE AR T EFREHFZRE D
BT RAEMKE,

KBR BIRELSH B TAE;HE G RE

FESES TP399
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Abstract In recent years,the application of topological data analysisCTDA) in the financial field has gradually demonstrated its
value. TDA, through methods such as persistent homology,constructing complexes that effectively quantify the shape of data,fa-
cilitating the extraction of data information. This provides unique advantages for time series analysis. particularly in the clustering
of financial time series and the construction of portfolios. Based on this, by deeply mining the time series data of China’s stock
market using TDA methods,combined with clustering algorithms,and applying these insights to portfolio construction, the effec-
tiveness of such approaches is analyzed. The results, validated through the sliding window method, indicate that portfolios con-
structed based on TDA(denoising) clustering perform well in terms of return-risk ratio and stability,outperforming the overall
market. Therefore,the TDA method can more effectively mine information from stock data, providing a scientific basis for inves-
tors to optimize returns.
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Table 5 Comparison of clustering results on the BirdChicken
dataset
Purity F1 RI ARI
TDA 0.771 0.638 0.638 0.277
ED 0.605 0.521 0.512 0.029
DTW 0.562 0.509 0.498 0.017
K-Shape 0.647 0.566 0.546 0.102
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Table 6 Two types of time series of the BeetleFly dataset

Purity F1 RI ARI

TDA 0.697 0.583 0.567 0.136
ED 0.618 0.513 0.520 0. 045
DTW 0.649 0.537 0.541 0.087

K-Shape 0. 600 0.513 0.518 0.051
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Fig. 10 ARI distribution of clustering based on different topological

indicators for the BeetleFly dataset
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Fig. 13 Comparative curves of cumulative returns under four

investment schemes
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investment schemes
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