Field-Cycling Imaging yields repeatable multi-field R1 measurements in brain at field strengths below 0.2 Tesla
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1. Comparison of denoising approaches
This work was undertaken to examine the efficacy of different denoising approaches for Field-Cycling Imaging data acquired in brain. The best denoising approach was determined by comparing image contrast between regions of white matter and white matter hyperintensities and adherence to the dispersion model by goodness-of-fit R2. Here the results of comparing different denoising approaches are reported for the fitting model S3. 
Methods: After motion correction, images were denoised using either a median filter with square kernel sizes of length 2, 3, or 4 voxels (Median2-4), a pretrained denoising convolutional neural network (dnCNN) approach contained within MATLAB (MathWorks, USA), introduced in R2017b 1, or block-matching and 3D filtering approach (BM3D, Tampere University, Finland) 2, with noise standard deviation set to either 100% (BM3D) or 120% (BM3D1.2) for each case. Significant difference between denoising methods was examined using within-subjects ANOVA and post-hoc paired t-tests with significance level set after Bonferroni correction to 8.3E-3.
Results: Overall, the denoising convolution neural network (dnCNN) approach was determined to be the best overall preprocessing approach by comparison of dispersion power law adherence and image contrast.
Visual inspection of the R1 maps obtained at 0.2 mT, dispersion slope maps, and extracted histogram distributions show discernible variations in image quality and image contrast between WM and WMH regions for each denoising approach (see Figure A1). Qualitative appreciation of the images shows that the use median filter with kernel size greater than 2 × 2 voxels was found to over smooth the image data and it was concluded that this method was inappropriate for the acquired image resolution in this study and was excluded from subsequent analysis. Above this kernel size threshold, substantial partial volume error was observed as artificially high R10.2 values in regions of cerebral spinal fluid. 
According to figure A2, use of denoising improved dispersion model adherence and image contrast. DnCNN denoising yielded significantly (P < 0.001) greater R1  contrast between regions of WM and WMH (cohort mean ± std: 1.67 ± 0.43) compared to BM3D (1.28 ± 0.40), BM3D1.2 (1.53 ± 0.44), and Median filter with kernel size of 2-by-2 voxels (1.38 ± 0.46). 
Compared to fitting of data with no motion correction and no denoising, DnCNN denoising improved R1 mapping goodness-of-fit overall by 12.3% (WM), 16.3% (GM), and 14.4% (WMH), (see Figure A3A). Differences in bias between denoising approaches for averaged parameter values were detectable for each tissue region after Bonferroni correction (see Figure A3B and C). Compared to the DnCNN denoising approach, the percentage difference of the cohort averaged WMH R10.2 and dispersion slope was below 5% (range: 0.8 – 4.6 %) for the different preprocessing approaches. 
Discussion: R1 mapping results were dependent on the denoising approach used. The pretrained denoising convolutional neural network (“DnCNN”) approach contained within MATLAB, introduced in R2017b 1, yielded significantly increased R1 contrast compared to a median filter (kernel size of 2-by-2 voxels) and BM3D 2. The performance of BM3D may have been limited for this imaging data due to the high levels of noise 3. Visually, DnCNN and BM3D yielded improved image quality compared to the median filters, where larger kernel sizes resulted in substantial image blurring and compounded partial volume errors. Because of the limited image resolution acquired, the results of this study may however have limited generalisability to small volumes of grey matter and brain pathology such as punctate foci of WMHs 4,5. In addition, the bias detected below 5% between R1 values obtained from the different denoising approaches warrants further investigation 6. This will require comparison to imaging data acquired with multiple signal averages and therefore improvements to imaging hardware are needed to facilitate feasible scan times. Future collaborative research efforts are needed to utilise the power of disease specific data-sets to develop tailored denoising solutions for low-field and translate approaches proven at high-field 7-9,3.
2. Motion correction findings 
A total scan time of 30 minutes was needed to acquire the 20 field-cycling imaging data sets. Because of this length of scan time, we deployed motion correction to examine and address potential head movement across FCI data sets. Whilst motion correction is typically deployed to resolve images across whole 3D volumes of brain, we were limited to correcting yaw rotation and 2D displacement since only a single image slice was acquired. Motion correction was implemented and the extent of motion of measured before and after correction was examined. 
Methods: Motion correction was performed using a rigid-body spatial transformation to the mean FCI image using SPM12. Reduction in head motion was quantified for in-plane displacements and yaw rotation 10.
Results: Motion correction led to a measurable reduction of mean x, y, and yaw (rotation) motion by 93.1% (cohort mean ± std: 0.73 ± 0.26 vs. 0.05 ± 0.02 mm), 93.8% (0.84 ± 0.44 vs. 0.05 ± 0.02 mm), and 93.2% (5.9 ± 3.4 vs. 0.4 ± 0.1 millirad), respectively. Compared to original data, motion correction alone improved R1 mapping goodness-of-fit (R2) overall by 2.2% (WM), 3.3% (GM), and 2.2% (WMH) (see Figure A3A).
Discussion: Head motion between images acquired from FCI was detected in this study and was comparable to the magnitude of motion reported from other MRI studies performed at high-field with similar scan length 10. The implemented rigid body correction approach was found to be effective for realignment of single-slice brain images and resulted in detectable improvements to model goodness-of-fit. Head motion may be more severe in other patient cohorts, including stroke, and potential biases introduced to R1 mapping results and performance of different correction approaches should be considered 11.






3. Supplementary figures 

[image: ]

Figure A1. R1 mapping results for a single participant.  
Brain maps consist of quantitative maps of R1 at 0.2 mT (left) and dispersion slope b (right). Maps shown were analysed using fitting model S3, and motion correction was applied before each denoising approach. Matching histogram distributions of R1 at 0.2 mT are shown for regions of WMH (black) and WM (red).
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Figure A2. Comparison of image contrast and dispersion power law model adherence 
Figure A2A, box, and whisker plots of image contrast between white matter and white matter hyperintensity regions for R1 obtained at 0.2 mT (scan 1). Figure A2B, dispersion power law model adherence quantified as goodness-of-fit (R2). Each point represents a single participant.
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Figure S3. Comparison of preprocessing methods  
Figure A3A, the cohort average R1 mapping goodness-of-fit for each tissue region is shown for 1) white matter (white), 2) grey matter (grey) and 3) white matter hyperintensities (dark grey) for each denoising approach. Error bars represent the cohort standard deviation. Figure A3B, comparison of cohort averaged R1 at 0.2 mT. Figure A3C, comparison of cohort averaged dispersion slope.  Data fitted with model S3.
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