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[Abstract] Objective: To explore the value of deep learning-assisted compressive sensing ( ACS)
T, W-DB sequences (ACS T,;W-DB) in cardiac magnetic resonance examination of heart failure pa-
tients,compared with conventional T, W-DB sequence. Methods: From August to December 2021, 10
patients with heart failure (heart failure group) and 10 healthy volunteers (control group) in our hos-
pital were prospectively enrolled. Left ventricular continuous short axial conventional T, W-DB se-
quence and ACS T, W-DB scanning were performed. The scanning time of conventional T, W-DB and
ACS T, W-DB sequences were recorded,and the myocardial signal-to-noise ratio (SNR) and myocardi-
al blood pool contrast signal-to-noise ratio (CNR), as well as the subjective scores of image quality
were calculated. The subjective scores were assessed by applying the Likert scale for image quality,

specifically for overall image quality, blood pool inhibition effect, right ventricular free wall, left ven-
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tricular free wall and interventricular septal visibility. The consistency of objective quantitative indexes
of image quality between the two observers was evaluated by intraclass correlation coefficient (ICC)
and the consistency of subjective scores between the two observers was evaluated by weighted Kappa
coefficient.Paired z-test and Wilcoxon test were used to compare the objective quantitative indexes of
image quality,acquisition time and subjective score of conventional T, W-DB and ACS T, W-DB.Image
motion artifacts were recorded.Results: The total acquisition time of ACS T, W-DB (51.4s+8.3s) was
significantly shorter than that of conventional T, W-DB (79.8411.3s, P <C0.001).The SNR and CNR
of ACS T, W-DB in heart failure group were significantly higher than those of conventional T, W-DB
(P=0.042,0.007),and CNR was higher than those of conventional T, W-DB (P =0.030) in healthy
control group. There was no significant difference in the overall image quality, blood pool inhibition
effect, visibility of right ventricular wall,left ventricular free wall and interventricular septum of ACS
T, W-DB compared with conventional T, W-DB in both healthy control and heart failure groups (P >
0.05).The objective quantitative indexes and subjective score of image quality of ACS T, W-DB and
conventional T, W-DB were in good agreement (P<C0.05).ACS T, W-DB image artifacts were signifi-
cantly less than conventional T, W-DB in the heart failure group.Conclusion; Compared with conven-
tional T, W-DB sequence, ACS T, W-DB can significantly shorten the scan time,reduce image artifacts,
and improve image quality, which is promising to be an alternative sequence of choice for T; W-DB in
patients with heart failure.
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