Supplement 1

Details MRI sequences:

T2-weighted (T2w) 3D sequence in sagittal orientation, cervical spine:
spatial resolution 0.6 mm x 0.6 mm x 1.0 mm, TR 1500 ms, TE 134 ms, Flip angle 105°, GRAPPA factor: 3, acquisition time 3:53 min

axial, 2D phase-contrast sequence CSF:
prospective ECG-triggering, spatial resolution 0.9mm x 0.9mm x 5mm, FoV 200x200 mm2, TR = 20.2 ms, TE = 7.7 ms, flip angle 15°, bandwidth 488 Hz/Pixel, PEAK-GRAPPA acceleration1, velocity encoding parameter 10cm/s, velocity vector in cranio-caudal direction, acquisition of 40 timepoints per cardiac cycle, slight alterations depending on the heart rate; approximated acquisition ~1.5 minutes

axial, 2D phase-contrast sequence spinal cord:
prospective ECG-triggering, spatial resolution 0.9mm x 0.9mm x 5mm, FoV 200x200 mm2, TR = 20.2 ms, TE = 7.7 ms, flip angle 15°, bandwidth 488 Hz/Pixel, PEAK-GRAPPA acceleration1, velocity encoding parameter 5 cm/s, velocity vector in cranio-caudal direction, acquisition of 40 timepoints per cardiac cycle, slight alterations depending on the heart rate; approximated acquisition time ~1.5 minutes

1Jung B, Ullmann P, Honal M, Bauer S, Hennig J, Markl M: Parallel MRI with extended and averaged GRAPPA kernels (PEAK-GRAPPA): optimized spatiotemporal dynamic imaging. J Magn Reson Imaging 2008, 28(5):1226.



Details MRI data processing
Segmentation and data analysis were fully automated based on separately trained 3D hierarchical deep convolutional neural networks (CNN) applying the in-house platform NORA (www.nora-imaging.org, (1)).
The training procedures and implementations have been described before (2) (3), in short: CSF-space and spinal cord tissue had been manually segmented by two independent, fully trained physicians in 15 to 20 randomly chosen datasets of the anatomical images and the phase-contrast magnitude images (SB, MH, KW). These segmentations served as ground truth to train separate CNNs that each were trained to segment CSF-space and spinal cord tissue of the 3D T2-weighted, and the magnitude images of the phase-contrast sequences, respectively. The quality of the training was assessed by Dice coefficients >0.9 (4) (5). The CNN generated a voxel-wise likelihood indicating the probability of each voxel to belong to the structure in question (given in 0 to 1; CSF, and spinal cord tissue, respectively). An additional CNN was trained analogously to detect and annotate cervical vertebrae.

Anatomical data: Regions of interest (ROI) were defined to include the central third of the intervertebral space (C2/C3 to C7/T1), which covers the narrowest parts of the CSF space along the cervical spine where degeneration is typically most pronounced. All detected voxels with a likelihood of 0.8 and higher were included in the analysis. The mean cross-sectional area (CSA) of all slices included on the ROI was given in mm2 per intervertebral segment. 
The test-test reliability of data assessments rated by intra-class correlation coefficient (ICC, single measures, two-way mixed effects model, absolute agreement) has been reported at an excellent level (ICC >0.98) per parameter and segment (3). 

Dynamic data: Axial ROIs were designed to include all voxels detected at a likelihood of 0.9 to belong to spinal cord tissue, and of 0.7 to belong to CSF, respectively. An automated correction of possible aliasing effects was implied within the software (7) (8). Phase-drift correction was performed by subtraction of the median velocity per sequence. 

	Axial phase-contrast MRI C2/C3
	Test-test ICC
(peak-tp-peak amplitude / total displacement)
	Scan-rescan ICC (peak-tp-peak amplitude / total displacement)

	Spinal cord
	0.966 / 0.924
	0.967 / 0.966

	CSF
	0.992 / 0.995
	0.957 / 0.951 


ICCs per sequence and segment
















Data exclusion based on shape of the curves:
The individuals’ velocity curves were visualized over one heartbeat irrespective of the duration by automated interpolation of the data to 30 timepoints in NORA. In case of obvious outliers (indicated by stars) compared to otherwise typical patterns, the data was excluded (Figure)
[image: Ein Bild, das Reihe, Diagramm enthält.
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