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ABSTRACT

Objective To compare the image quality of lumber fast spin echo sequence images and original images
by deep learning reconstruction algorithm. Methods 130 patients with low back pain were analyzed
retrospectively. Lumbar two dimensional (2D) fast spin echo (FSE) sequences was performed with
3.0T MRI, including T;-Weighted Image(T;WI), T,-Weighted Image(T,WI), T>-Weighted Fat Suppressed
Image (T, WI-FS) sequence and transverse T,WI sequence. Once a scan is completed, the DL
reconstruction algorithm engine will generate the original image (FSEo) and the image processed with
DLR (FSEp.) according to the acceleration protocol. The overall image quality, clarity and anatomical
structure of all sequence images were subjectively scored by two radiologists. And the consistency of
the scores between the two physicians was tested. Objective quantitative image quality analysis was
evaluated by calculating SNR and CNR of lumbar vertebrae and intervertebral discs respectively. Results
The total scanning time was 3 minutes and 41 seconds. The SNR and CNR of lumbar vertebrae and
intervertebral disc in all FSEp, images were higher than those in FSE, images. And FSEp, images had
higher overall image quality and sharpness, and the anatomical structure was more clearly displayed
(P<0.05). The excellent consistency between the two raters was between 0.754 and 0.923. Conclusion
In conventional lumbar 2D FSE sequence imaging, using the deep learning reconstruction technique
can improve the overall image quality while scanning within 4 minutes.

Keywords: Lumbar Spine; Deep Learning Reconstruction; Magnetic Resonance Imaging; Signal to Noise
Ratio; Contrast Noise Ratio
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1.3.2 BN BArERGSAGE AWA. 7T/E B T EiL, NEE
M2 LE (SNR)FIST LL EE IR A LE (CNR) ST B & R E # T E 21 E. 93
AEURAEBERGNE—EHE(LL)MERR(LL/2) LA5%
H10mm BIRIGBX (region of interest, ROI), HE &5 EH A
FyEGH, REFRIEF—FAEZ I FINEMAEER. F—
MIBELNE=XHEFIIE, KREARGEENEBRENES
sEfE(signal intensity, SI), HUMENEEERXRESRE
HItREZE (standard deviation, SD)XRIEMAE, 2 AIITEHEE.
MEIB) R AISNRANFT LI A B (contrast-to-noise ratio, CNR), &
EAWT:

Rl EBRFIAERSH

i FRATWIE RREAT WL RIRGITWI-FS BRI T,WI
E560E/ms 570 2000 2831 3035 1.4 BHEHE RALKIHFRASPSS 27. 0B A #THIES
BEms 8 0 o5 . o FEAA/REREXR-FrKERX(Kolmogorov-Smirnov) i

A RENEEHENESY. TEESHHNEIERBYELTT
AEF /mm 300 300 300 200 BE(x £5)R7F, RARNERtRRBITHRS T, FAFE
560 352X300 384X300  352X256 352%256  EASDFBVEIER AL E M5 (I EUE BE R R [M(P2s,Prs)], R
— ) 1 ) 1 BEXIWilcoxonff SR HITLL I D, KEARNMEXREK
- . (intraclass correlation coefficient, ICC)LEF R EMITNE
FE/(Hz/Pixel) 62.50 62.50 3511 >0 I3 aE BT —BUERL, ICCATFO.75RA—BMRT, 4
EE/mm 4 4 4 4 P<0.05B RTEFBEHRITFE N,
=Bk 1 1 1 0.5 P

BYia 48 44 74 55

RS 2.1 TN BEEFHLAERRE. EHE. BEHE
1.3 MRIB &R &R BEN=TAEHITARENTELERER(EL), EMFFIFSEL
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WP FIOMNBRINMEES ZAERGHTENTN, @2
ERMAEMRII#HTT, ITNERENEEE, SREBENIRKE
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KRAITIWIL ToWIL T WI-FSEHIFNMERT G T.WIH A 5189 2
REGRE. BWE, URXH#EE #EE, NEXHNIERE
ERAEMNERENBITITEN . BUEMRBERF(Likert)5

MEMEDIIETFSE(R2. K3, T4), EREEHRITFEX
(P<0.05), HANHEXMANERETR, MBEMNEGREN—
BT ICCIETE0.754-0.923 2 [81(FK5), —HUIERTF

2.2 EMiTH EEEBIIREZRMUTWI. WL T.WI-FSFF)
FEBF I T WIENEFIS, FSEo BB HE. HaRINSNRE
CNRIIE TFFSEB% (K6, &T)e MEZENERWEBSRITF
2\ (P<0.05)o

o 1c) o 1)

BIIA-B1T 40% B W EH B4 B IR B B R, EI1A-1EX B sl ARFSER 46 B % (FSBy) , &4 KRATWI(1A) . TNI(IB) . TWI-FS(1C) F5, #EBTALTNI
B AR B (1D) RAE 1 4 B (1B) B, EIF-11 4 F — B E B et AR R E o X A Mk A8 )5 WFSEE R (FSEy) , A3 KRATVIAF) . T,WI(16) . TNI-
FS (M) 5, AW TN 5B MR 2 T (D) KAl 402 T (1) Bf%; FSB: Rk & #elE .

]2 [RAE S (FSE0) MIDLRE & (FSEo) N EME A E T B

FARATIWI FARALTWI FARALTWI-FS TEERAITLWI

£ Em= Eh— Em= EIi— Em= Eh— Em=

FSEy  3.44[3(3,4)] 3.47[3(3,4))] 3.55[4(3,4)] 3.58[4(3,4)] 3.47[3(3,4)] 3.43[3(3,4)] 3.41[3(3,4)] 3.46[3(3,4)]

FSEo.  4.26[4(4,5)] 4.20[4(4,5)] 4.29[4(4,5)] 4.36[4(4,5)] 4.38[4(4,5)] 4.37[4(4,5)] 4.32[4(4,5)] 4.34[4(4,5)]
VAL -8.744 -8.396 -7.857 -7.954 -9.026 -8.800 -8.706 -8.463
P <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
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&3 RHAE 4 (FSEo)FDLRE £ (FSEoL) B9 X W EMIEE
SR, WI SIRGLT,WI FARAIT,WI-FS BT, WI

Eh— Em= EIh— Em= Em— Em= Eh— Em=

FSEo 3.57[4(3,4)] 3.64[4(4,5)] 3.52[4(3,4)] 3.57[4(3,4)] 3.35[3(3,4)] 3.41[3(3,4)] 3.52[4(3,4)] 3.48[3(3,4)]
FSEp. 4.25[4(4,5)] 4.30[4(4,5)] 4.38[(4(4,5)] 4.37[(4(4,5)] 4.20[(4,4.25)] 4.25[4(4,5)] 4.33[4(4,5)] 4.36[4(4,5)]
Zf&8 -7.638 -8.062 -9.690 -7.954 -8.774 -8.408 -8.739 -8.835

P& <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
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R4 FIAER (FSE0) RIDLRE K (FSEo) M EMBEFHE T
FRAIT.WI FAIRALT,WI FARGIT,WI-FS HERTAIT,WI

Em— Eim= Em— Em= En— Em= Em— Em=

FSE,  3.54[43,4)] 3.56[4(3,4)] 3.55[4(3,4)] 3.56[4(3,4)] 3.41[3(3,4)] 3.45(3(3,4)] 3.67(4(3,4)] 3.65[4(3,4)]
FSEo.  4.27(4(4,5)] 4.28[4(4,5)] 4.28[4(4,5)] 4.28[4(4,5)] 4.21[4(4,4)] 4.26[4(4,5)] 4.36[4(4,5)] 4.38[4(4,5)]
Zfa -8.129 -8.729 -7.656 -7.509 -8.604 -8.241 -7.459 -7.709
PE  <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
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RS RIAE K (FSEo) FIDLRER (FSEo ) B E B —HIE LR
FRALT.WI FARGLT,WI FIRMUTWI-FS TR AIT,WI
FSEO  FSEDL ~ FSEO  FSEDL FSEO  FSEDL FSEO  FSEDL

BAEGRE 0.758 0.753 0.825 0.786 0.828 0.828 0.848 0.813
EE 0.823 0.773 0.754  0.832 0.813 0.771 0.851 0.832
R EMET 0.758 0.840 0.841  0.923 0.809 0.789 0.758 0.787
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26 [RIAES (FSE)RIDLRE 4 (FSEoL) BISNRsH X
FIRALTWI RIR(LTLWI FRALTLWI-FS TEUTAIT,WI
MR M AL 30 MHiB AL 30 Mg AL 323 Meia A
FSE,  188.9+745 1146+385  153.4(108.6, 2143) 73.3(54.9,1147)  64.6(53.2,86.1)  157.3£633 783%315 63.2(47.3,82.3)

FSEnL 255.2%103.7 156.1£56.3 302.2(203.3,272.3)  147.7(106.5,202.1) 183.5(121.8,242.8) 418.2%£202.2 105.6%44.7 83.2(62.5,114.8)
Z/tE  -14.434 -13.954 -9.893 -9.493 -9.893 -17.158 -12.657 -9.486
P& <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

7. SNRASMRLL. FSERREBEIEEN; FSENERIGER, FSEnAEAREFRIEELERNER,

=7 RIEE % (FSE)MIDLREIR (FSEoL) ICNRsEL B2
FIRGIT,WI FIRGITLWI TIRALT,WI-FS HERTL T WI
FSEo 67.8(32.9,113.7)  74.7(33.1,116.5)  89.8(47.8,127.8)  16.8(9.3,33.8)

FSEnL 89.7(45.2,142.9) 135.4(59.6,235.8)  206.3(124.8,390.7)) 22.3(10.7,44.7)
& -9.373 -9.807 -9.888 -8.926
PE <0.001 <0.001 <0.001 <0.001
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