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[Abstract]

This study investigated the effect of parallel imaging (PD factor on image quality in optic nerve MRI using Deep Learn-
ing Reconstruction (Deep Resolve Boost). Coronal STIR images with a slice thickness of 2 mm were acquired using PI
factors of 2, 3, and 4. Quantitative evaluation was performed using signal-to-noise ratio (SNR) measurements with a uni-
form phantom, while structural similarity index (SSIM) analysis and visual assessment were conducted using images from
15 healthy volunteers.

SNR increased with higher PI factors, and visual noise scores consistently improved across all observers. In contrast,
SSIM values and visual sharpness scores decreased as the PI factor increased, indicating partial degradation of fine struc-
tural depiction under higher acceleration. Visual assessments of contrast and artifacts showed no clear deterioration with
increasing PI factor. Although PI factor 4 resulted in slightly reduced visualization of fine anatomical details, the overall
structure of the optic nerve was preserved.

These findings suggest that Deep Resolve Boost provides stronger noise suppression under higher acceleration condi-
tions. While caution is required when evaluating fine structures, PI factor 4 enables approximately 44% scan time reduc-
tion compared with PI factor 2 while maintaining acceptable image quality. Therefore, PI factor 4 may be a clinically use-
ful and efficient option for optic nerve MRI when using Deep Resolve Boost reconstruction.
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Fig.1 Mean £ SD values of (A) SNR (n = 5) and (B) SSIM (n = 15) across Pl factor 2-4. Statistical analyses
were performed using the Friedman test followed by Holm-corrected Wilcoxon signed-rank tests for

post hoc comparisons.

SNR showed an increasing trend with higher PI factor, whereas SSIM decreased significantly as Pl

factor increased. ns, not significant.

22 (1278) & HABHRHHEIMEES 2026. vol.73 n0.890



H#EMRICH(32Deep Learning ReconstructionfEREDPI factorZ{ti’'SNREKVEEIC5Z2HE

Observer 1 Observer 2 Observer 3 Observer 1 Observer 2 Observer 3
(A) Friedman p < 0.001 Friedman p : ns Friedman p <0.01 (B) Friedman p < 0.01 Friedman p : ns Friedman p : ns

50 p<0.01 p<0.05 50 p<0.05

45 ns p <0.05 p <0.05 ns 45 p<0.05 ns

4.0 I 4.0 T T -

35 ! I T 35 | T
%30 I | ] l— % 3.0 |
E2s - £25 L
£20 - 820 —

1.5 — 15 -

1.0 — 1.0 -

0.5 — 0.5 —

0.0 0.0

2 3 4 2 3 4 2 3 4 2 3 4 2 3 4 2 3 4
PI factor PI factor
Observer 1 Observer 2 Observer 3 Observer 1 Observer 2 Observer 3

© Friedman p < 0.001 Friedman p < 0.05 Friedman p < 0.05 (D) Friedman p < 0.001 Friedman p : ns Friedman p : ns

50 p<0.05 p<0.05 p<0.05 50 p<0.01

45 p<0.05 ns ns ns ns ns 45 ns p<0.05

4.0 T T T T X

s 1 I - r 17 35 [ o
» 30 — 5 3.0
£25 — €25
=20 — 820

1.5 — 1.5

1.0 — 1.0

0.5 — 0.5

0.0 0.0

2 3 4 2 3 4 2 3 4 2 3 4 2 3 4 2 3 4
PI factor PI factor

Fig.2 Mean % SD visual scores for (A) sharpness, (B) contrast, (C) noise, and (D) artifact across PI factor 2-4,
shown separately for each observer (1-3) (n = 15). Statistical analyses were performed separately for
each observer using the Friedman test, followed by Holmcorrected Wilcoxon signed-rank tests for post
hoc comparisons. ns, not significant.

(A) PI factor 2

Fig.3 Coronal STIR images reconstructed with DRB at PI factor 2 (A) and Pl factor 4 (B). Magnified views of
the right optic nerve show slightly reduced delineation of fine structures at Pl factor 4, while the overall
optic nerve structure is preserved. Notably, imaging at Pl factor 4 achieves approximately 44% scan
time reduction compared with Pl factor 2.
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