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Research on cryptocurrency prediction based on
the LSTM-DTW-GAT hybrid model

ZHAO Xin, QIN Jiangtao

(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract; The aim of this paper is to develop a novel forecasting model that can effectively fuse time series features and relationship
information between cryptocurrencies to enhance the accuracy of cryptocurrency market forecasting. Therefore, this paper proposes a
hybrid LSTM-DTW-GAT forecasting model based on the Long Short—Term Memory Network (LSTM), Dynamic Time Warping
(DTW) algorithm and Graph Attention Network ( GAT). By capturing time series dependencies through LSTM, combining the DTW
algorithm to dynamically measure the similarity among cryptocurrencies, and using GAT to learn the complex relationships among
cryptocurrencies, the model is able to fuse temporal and relational features to jointly predict cryptocurrency returns. The experimental
results show that compared with the existing models, the LSTM -DTW —GAT model is significantly improved in all performance
evaluation indexes, especially the introduction of relational information substantially improves the prediction accuracy, which verifies
the effectiveness and superiority of the model in the field of cryptocurrency prediction.
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Fig. 1 Time series trend graph of cryptocurrency prices
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Fig. 2 Time series trend graph of cryptocurrency prices
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Table 1 Cointegration test analysis table

NS ART Trace GEitHHE  90% I FME  95% I FE 99% i FLE

BCH-BSV ~ 29.553 1 13.429 4 15.494 3 19.934 9
ETH-LEO  26.078 0 13.429 4 15.494 3 19.934 9
ETH-MKR  23.143 9 13.429 4 15.494 3 19.934 9
USDT-USDC  170.428 2 13.429 4 15.494 3 19.934 9
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Fig. 3 Structure of LSTM-DTW-GAT hybrid model
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Table 2 Model parameter settings

B S8
LSTM Layers:2; Number of neuTons.; 164,128} ; Dropout rate:0. 1
Activation ; Relu
GAT Layers ;2 ; Number of neurons: { 128,128 ; Dropout rate ;0. 1
Activation : Relu
Layers:2; Number of neurons: { 128,641 ; Dropout rate:0. 1
P_Dense

Activation ; LeakyRelu
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Table 3 Comparison of baseline model performance evaluation metrics

TR MSE MAE IRR MDD/ % SR
LSTM 8.69 1.958 0.23 9.8 2.35
CNN-LSTM 7.31 1.917 0.32 8.3 2.87
LSTM-GCN 6. 86 1.763 0.46 7.8 3.26
LSTM-DTW-GAT 6.13 1.712 0.57 6.8 3.72

55t A1 G, LSTM - DTW — GAT #% # 7¢ MSE |
MAE IRR MDD 1 SR Jy i Pl i fE: il it DTW Al

GAT KHERTHE 8255 & | R B H e B 2 FAE A
SABLGE T  SERRAT A ST R AR X AN
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Fig. 4 Comparison of cumulative ROI for comparison experiments
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Table 4 Comparison of evaluation indexes of ablation experiments

TBER MSE MAE IRR  MDD/% SR
N/T&G 9.14 2.149 0.18 11.9 1.97
N/T 7.13  1.817  0.42 7.7 2.98
N/G 7.53  1.964  0.33 8.5 2.75
LSTM-DTW-GAT 6.13  1.712  0.57 6.8 3.72
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Fig. 5 Comparison of cumulative ROI of ablation experiments

4 LRiE

AR T — B3 TR 12 N 4%
(LSTM) 3 25 8] HL %% ( DTW ) 52 1 M VE 75 1 I
25 (GAT) AHZE A B 2 0% T T ASE 7Y 38 3 il 5 B
[E] P B RHAE A5G R ARFAE , $2 AR () AR i, &
BRESUT .

(1) ffi ] LSTM Jfi B2 isf 18] 7 AR G 2R, 76 3L i
P T B (AL T T, 41 vmy 1 4S8 174 B (1] 5 3] 0
fEJl.

(2) R H DTW 5532 2 25 M5 12 fin 28 0 1 8] (4 4
RLE , (EASAE Y R AS 7 /N [R] B[] RO - EA UL A, 3
ST X AN 7 Bsf [ 75 1) 114 325 17 2

(3) 51 A GAT 2= &R MRl 28 G &, 8
T R AL B0 2 R B A TR] B AR, AT A
FET R SC R FFIE

(4) S L] LSTM-DTW -GAT 5 HI7E 1
iR (MSE) SEHYaxR 25 (MAE) | B4 el
RFE(IRR) F K (MDD) FE Y HH (SR) %
PPAE HE bR E 00T LSTM , CNN - LSTM F1 LSTM +
GCN AFJLZRMIRL . Reiil & C R 5 B M5 A Bk



12

B, 4. BT LSTM-DTW-GAT &1 8 5 I 2% 5% M F i B 5% 103

FhT ARG TR A5 SR | B T iR IR A T B T
ST A 2550 R AT

LSTM-DTW -GAT &R 7E i 62 1 F500) v 28 30
8 ARACE R T B[R] S RRIE FOC R AFRE 1 &
2 T A N R L ARG,
AT LA A Z e b B IS, 61 Qo (e 1 5 o bt L7
ML TEFE IR, AIE— 25 2 A58 (7% 0 00 A 38 5
FYE, BEAh B 5T 5 B AT X T HEA | 100 (40
AT, AR AT LAY R B A i e m i
DL Z A A () )32 38 P AR e 1

Sk

[1] CORBET S, LUCEY B, URQUHART A, et al. Cryptocurrencies
as a financial asset; A systematic analysis [ J].
Review of Financial Analysis, 2019, 62. 182-199.

[2] JAQUART P, DANN D, WEINHARDT C. Short—term bitcoin
market prediction via machine learning [ J]. The Journal of
Finance and Data Science, 2021, 7. 45-66.

[3] POONGODI M, VIJAYAKUMAR V, CHILAMKURTI N.
Bitcoin price prediction using ARIMA model [ J]. International

International

Journal of Internet Technology and Secured Transactions, 2020,
10(4) : 396-406.
[4] NAIMY V Y, HAYEK M R. Modelling and predicting the Bitcoin
volatility using GARCH models [ J]. International Journal of
Mathematical Modelling and Numerical Optimisation, 2018, 8
(3): 197-215.
HITAM N A, ISMAIL A R, SAEED F. An optimized support
vector machine ( SVM ) based on particle swarm optimization

—
w
[

(PSO) for cryptocurrency forecasting [ J]. Procedia Computer
Science, 2019, 163 . 427-433.

[6] HU Zexin, ZHAO Y, KHUSHI M. A survey of forex and stock
price prediction using deep learning [ J].
Innovation, 2021, 4(1): 9.

[7] AKYILDIRIM E, GONCU A, SENSOY A. Prediction of
cryptocurrency returns using machine learning [ J].
Operations Research, 2021, 297. 3-36.

[8] MCNALLY S, ROCHE J, CATON S. Predicting theprice of

bitcoin using machine learning [ C ]//Proceedings of the 26™

Applied System

Annals of

Euromicro International Conference on Parallel, Distributed and
Network—based Processing (PDP). Piscataway, NJ.IEEE, 2018.
339-343.

[9] RENY S, MACQ, KONG X L, etal. Past, present, and future
of the application of machine learning in cryptocurrency research
[J]. Research in International Business and Finance, 2022, 63:
101799.

[10]PATEL M M, TANWAR S, GUPTA R, et al. A deep learning—

based cryptocurrency price prediction scheme for financial
institutions [J]. Journal of Information Security and Applications,
2020, 55 102583.

[11]LAHMIRI S, BEKIROS S. Cryptocurrency forecasting with deep
learning chaotic neural networks [ J]. Chaos, Solitons & Fractals,
2019, 118 35-40.

[12] DUTTA A, KUMAR S, BASU M. A gated recurrent unit
approach to bitcoin price prediction [ J]. Journal of Risk and
Financial Management, 2020, 13(2): 23.

[13] YU Yong, SI Xiaosheng, HU Changhua, et al. A review of
recurrent neural networks: LSTM cells and network architectures
[J]. Neural Computation, 2019, 31(7) : 1235-1270.

[14] GUNAY S, KASKALOGLU K. Does utilizing smart contracts
induce a financial connectedness between Ethereum and non —
fungible tokens? [ J].
Finance, 2022, 63. 101773.

[15]SHI Y, TIWARI A K, GOZGOR G, et al. Correlations among

cryptocurrencies; Evidence from multivariate factor stochastic

Research in International Business and

volatility model [ J]. Research in International Business and
Finance, 2020, 53. 101231.

[16 ] LI Panpan, GONG Shengbo, XU Shaocong, et al. Cross
cryptocurrency relationship mining for bitcoin price prediction
[ C]//Proceedings of International Conference on Blockchain and
Trustworthy Systems. Cham: Springer, 2022 237-250.

[17]ZHAO C, LIU X, ZHOU J, et al. GCN-based stock relations
analysis for stock market prediction [ J]. Peer] Computer Science,
2022, 8. el057.

[ 18] KHEMANI B, PATIL S, KOTECHA K, et al. A review of graph
neural networks: concepts, architectures, techniques, challenges,
datasets, applications, and future directions [J]. Journal of Big
Data, 2024, 11(1); 18.

[19]ZHONG Chao, DU Wei, XU Wei, et al. LSTM-ReGAT: A
network—centric approach for cryptocurrency price trend prediction
[J]. Decision Support Systems, 2023, 169 113955.

[20] FARELL R. An analysis of the cryptocurrency industry [ J].
Wharton Research Scholars, 2015, 130, 1-23.

[21 ]MULLER M. Dynamic time warping [ C]//Information Retrieval
for Music and Motion. Cham: Springer, 2007: 69-84.

[22]SHARABIANI A, DARABI H, HARFORD S, et al. Asymptotic
dynamic time warping calculation with utilizing value repetition
[J]. Knowledge and Information Systems, 2018, 57 359-388.

[23]VELI€KOVIC P, CUCURULL G, CASANOVA A, et al. Graph
attention networks [ J]. arXiv preprint arXiv,1710. 10903, 2017.

[2410kdh i, XIE/, 20, 55 BT CNN-LSTM /546 K il
BRI 1], et 55K, 2021, 37(5) : 134-138.

[25]WU W, HAN M, HU Y, et al. Optimization of financial data
processing strategy based on LSTM - GCN [ J]. Journal of
Education, Humanities and Social Sciences, 2024, 30. 189-197.



