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Synopsis

How do we assure a diffusion MRI processing pipeline that is: i) deterministic, i.e. given two runs of the pipeline on the same data, the same
output is returned, ii) reproducible in time, and iii) efficient? Diffusion MRI has several processing steps that may not be reproducible
between multiple runs. This reproducibility varies because of the parameters, multi-threading and the versions of the tools used. Moreoever,
processing time for a large database can take several hours when each step are ran sequentially. To solve these problems, we developed a
reproducible and efficient diffusion MRI pipeline based on Nextflow and Singularity.

Introduction

In diffusion MRI (dMRI), several processing steps are necessary to obtain diffusion measures and a whole brain tractogram. The different steps of
processing are based on multiple dependencies such as FSL', Mrtrix3 (www.mrtrix.org), ANTS2, DiPy3, in-house tools. These dependencies
sometimes require a long and complicated setup phase. These libraries also evolve in time, making it difficult to reproduce the exact same outputs
several months to years later. Running the different steps can take hours for each subject and, if steps are not correctly configured, the results can be
unreproducible. To solve these problems, we created a dMRI pipeline, based on Nextflow? and Singularity®.

Methods

e Pipeline

The pipeline consists of 23 different steps. The input data is the DWI, the b-values and the b-vectors and the T1 weighted image (Figure 1.A). A
reversed phase encoded b=0 image can be given to apply the deformation field computed using Topup® 7. The DWI processing consists of 14 steps
(denoising, topup/eddy, N4 bias correction, normalization, DTI and fODF metrics) that processes the raw DWI up to the fODF reconstruction®: ©
(Figure1.B). Then, T1 anatomy related steps run (denoising, N4 correction, registration, tissue segmentation) to obtain the tracking maps (Figure 1.C).
The fODF and the tracking maps are then used to perform particle filter tractography0. All parameters used across the steps can be modified in a
json configuration file. Parameters in the configuration file, as the random number generator parameter or the number of threads, guarantee
reproducibility of the pipeline.

Nextflow* is a pipeline creation tool that is easy, parallelizable, and that supports software containers. Nextflow allows to have a fully automated
pipeline that computes subjects in parallel from the raw DWI to the tractogram. Singularity® is a software container that stores dependencies. Here,
the Singularity container regroups the dependencies enumerated in introduction.

The pipeline was ran on a cluster node with 48 cores and 100 Gb of RAM. For each subjects, the pipeline computes all DTl and fODF measures then
performs a whole brain tractography, seeding from a WM mask, with 10 seeds per voxel.

e Dataset

To illustrate the reproducibility and runtime of the pipeline, 30 subjects of an in-house database!! were processed. For each subject, DWI, T1 and
reversed phase encoded b=0 image were acquired on a 1.5 Tesla MRI (SIEMENS Magnetom). The DWI was acquired along 64 directions, with
b=1000 mm?/s and one b=0 mm?/s image. The spatial resolution of the DWI and T1 is respectively 2mm and 1mm isotropic.

e Analysis

To evaluate the reproducibility, our pipeline was ran 3 times on the whole dataset and was compared to a "standard" pipeline, which did not set the
random number generator parameter and used default multi-threading of tools. For each subject, each metric of each run was compared by
computing the mean correlation coefficient. For each subject, each tracking of each run was compared by computing the percentage of identical
segments of streamlines. The number of streamlines, min, max and mean length were also compared from each run.

Results

As seen in Table 1, DTl measures generated are 100% reproducible with our pipeline. For a "standard" pipeline, the lowest correlation coefficient is
0.75 while for our pipeline the correlation coefficient is 1.00 for all metrics (Table 1). Comparing the tractograms of 3 runs, the mean reproducibility is
98% across the 30 subjects. The tractograms are not fully reproducible due to small differences in tracking maps. These differences come from the
multi-threading of the T1 brain extraction and registration processes. To have a 100% reproducible pipeline, some steps need to be single-threaded.
This leads to a slightly longer runtime, but guarantees the reproducibility of the T1 brain extraction and registration steps.

In Table 2, streamline measures are extracted and shown for one subject. Runs 2 and 3 are 100% reproducible. Between runs 1 and 2, a small
difference of 0.009% in the number of streamlines is observed. Across the 3 runs, no difference in min and max lengths is noticed. Between runs 1
and 2 a small difference is discerned in the mean length.
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Conclusion

Using our Nextflow pipeline, it is possible to process dMRI databases with little, to no installation steps, when using a Singularity container. This
container can then be re-used in time to assure reproducibility. Moreover, the pipeline processes databases efficiently (17 hours 12 min for 30
subjects) and the results are reproducible at 98%. 100% reproducibility can be reached with a slightly longer runtime. This is a important step
towards efficient and reproducible dMRI pipelines for academia, the industry and the clinic.
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Figure 1: The main processes of the pipeline. In A, the files required to run the pipeline. In B, the DWI processes that take the DWI, the bval/bvec and

the reverse BO. In C, the T1 processes that take the T1 as input. In the diamonds, all processes or images that are optional.

Mean correlation coefficient (std)

"standard” pipeline Our pipeline

FA 0.9986 (0.0001) 1.0000 (0.0000)
AD 0.9434 (0.0363) 1.0000 (0.0000)
MD 09856 (0.0096)  1.0000 (0.0000)
Eigen values 0.9696 (0.0199) 1.0000 (0.0000)
Eigen vectors 0.7526 (0.0414) 1.0000 (0.0000)

Table 1: The mean correlation coefficient and mean mean absolute error (MAE) for the 30 subjects on the 3 runs.

Runl Run2 Run3 Mean(std)

Number of streamlines 3907792 3908137 3908137 3908022 (199.1858)
Minimum length  9.7237 9.7237 9.7237 9.7237 (0.0000)
Maximum length 2952064 2052064  205.2064 205.21 (0.0000)

Mean length  56.5751 56.5750  56.5755 56.5754 (0.0002)

Table 2: For each run, their number of streamlines, their minimum, their maximum and their mean length for one subject.
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