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Abstract  Cerebral blood flow velocity (CBFV) reconstruction plays a crucial role in evaluating
cerebrovascular function, particularly in the early diagnosis of cerebrovascular diseases, optimizing treatment
plans, and preventing strokes. Existing CBFV reconstruction methods face challenges in accuracy and
efficiency when processing multivariate time-series signals, particularly in the context of data scarcity and
complex signal processing. This study proposes a multivariate time-series model based on a Transformer
encoder, which achieves high-precision CBFV reconstruction using arterial blood pressure and CO, time-series
signals. The model design is based on a long short-term memory module, which effectively compensates for
the limitations of the global attention mechanisms in processing local information and enhances local feature
learning. Additionally, a hybrid loss function is employed to optimize local waveform errors, improving
reconstruction accuracy. Furthermore, to address the issue of data scarcity in the target domain, this study
introduces a transfer learning strategy based on the correlation between arterial blood pressure and
electrocardiogram signals, alleviating the impact of limited data on model performance. Experimental results
demonstrate that the proposed model outperforms traditional regression and deep learning models in the CBFV
reconstruction task, with a Pearson correlation coefficient of 0.518 70, a dynamic time warping distance of
17.879, and mutual information of 0.343 75, while completing the reconstruction of 200 data points in 0.04 s.
The study validates the effectiveness of this method in precision medicine and provides innovative solutions
for clinical diagnosis, disease prevention, and personalized treatment, with broad application prospects,

particularly in medical signal processing, intelligent healthcare, and health monitoring.

Keywords reconstruction of cerebral blood flow velocity; transfer learning; Transformer; long short-term
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Fig. 1 The overall data processing and training process proposed in this study
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Table 2 Comparison results of the models on source domain
PEREFEAT
RS S5
p l 1

AR R R R MSE SMAPE/% ER/% DTW PCC MI
MLSTMSE 0.001 7 8 16 0.03251 54.697 25323 16534 045307  0.20258
Encoder™ 0.001 3 2 32 0.028 03 55351 27524 17376 040152  0.18684
Transformer”” 0.001 3 1 16 0.028 14 55.819 27.610 18496 039425  0.17348
LSTM™” 0.005 1 4 128 0.31070 53.983 25408  23.171 000673  0.03693
ArterialNet™” 0.005 5 2 16 0.03575 60.875 31170 18.523  0.00040  0.02491
Panerai 251" f 77 0.055 96 88.012 32.082  24.330 0.03755  0.37326
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Fig.3 Comparison of electrocardiogram signal reconstruction performance by 4 models on source domain
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BANNEE, @5 LSTM FAEd, Bk
ARCREIBIE N MRS t, 7R3 EHE
T — ML PCC #8 45 £, MLSTMSE £ 2 3 3
M. HE 3 @ ME 4@ T, 85
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JEZ A Ak B AT 55 B R AL HH B AR R e
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MR F . A, MLSTMSE £ % ff] ER A
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CBFV 5 5 EHEH AR, [FB, MLSTMSE
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Table 3 Comparison results of the models on target domain

PERESEAR

f 1 !

MI PCC SMAPE/% ER/% DTW MSE 7 200 s CBFV i A]/s
MLSTMSE 0.34375 0.51870 47.051 26.548 17.879 0.03205 0.03765
Encoder™ 0.326 49 0.40157 36.092 36.324 18.713 0.03085 0.03562
Transformer™” 031223 0.38562 36.829 37.704 18.724 0.035 12 0.035 63
LSTM™" 0.036 93 0.28328 53.983 38.869 23.171 0.036 82 0.052 56
ArterialNet™ 0.162 47 0.169 58 39.397 47307 23.964 0.044 59 0.03528
Panerai 2" V() 73 0.318 05 0.299 53 37.026 42.115 19.576 0.048 26 0.03524
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Fig. 4 Comparison of cerebral blood flow velocity signal reconstruction effects by 4 models on the target domain
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Table 4 Comparison results of different loss functions for MLSTMSE on target domain

PERETE bR

o 1 l
MI PCC SMAPE/% ER/% DTW MSE
MSE+NCC 0.343 75 0.51870 47.051 26.548 17.879 0.032 05
MSE 0.326 49 0.401 57 36.092 36.324 18.713 0.038 85
NCC 0.332 68 0.469 47 90.413 85.367 102.629 0.653 75
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