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In biomedical imaging, between-subject comparability is attained at the voxel level via image We evaluate the effects of our classifier on a full-fledged registration workflow via the benchmarking algorithms from [1].
registration. This process requires several data preparation steps, of which tissue segment- Additionally, we show a qualitative comparison between data processed with our Masked workflow and data processed with the
ation remains challenging in preclinical research. In preclinical neuroimaging, the process of Generic workflow (fig. 5).
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brain extraction is the simplest tissue segmentation process, yet, remains insufficiently accur-

ate in extant registration workflows. On account of this, current solutions rely on human brain

extraction library adaptations, which introduce artefacts via rostrocaudal cropping. Further,

advanced workflows aware of brain extraction shortcomings may forego this stem entirely, and Generic
insted introduce registration optimizations aiming to function without prior brain extraction

— which may nonetheless remain susceptible to non-brain-tissue hyperintensities.
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Here, we present a deep learning framework for multi-contrast MRI brain tissue classifica- B 'E
tion, and benchmark its performance with respect to improving state-of-the-art registration '
workflows.
Masked
» Develop a brain extraction framework based on “imperfect prior’ data from a registration Figure 5: The masked workflow accurately transforms the image to the template space. The comparison of the Generic (first row) and the
workflow which provides medium_accuracy registration without employing brain extraction. Masked (second row) workflow shows that the Masked workflow accurately maps the brain region to the template and prevents the inclusion of non-brain
» Analyze classification performance. voxels.
» Integrate this framework into a state-of-the-art small animal registration workflow [1]. = -
» Verify whether pre-registration brain extraction improves the overall registration quality of |
the workflow.
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\ Figure 6: The Classifier predicts a similar mask to the ground truth. Randomly picked plots from the test set illustrate the predictions of the
Identify Structural Scan Correct Slice Times classifier (shown in red) in contrast to the template mask (shown in green). The overlap of the predicted mask and the template mask is shown in grey.
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Figure 1: “SAMRI Generic Masked” workflow, a variant of the “SAMRI Generic" workflow [1], which includes Contrast
two additional nodes (shown in blue) providing the workflow with both the masked data and the binary mask as _ _
. . . (a) Comparison of the VCF across workflows and functional contrasts. _ _
produced by the [2] brain extraction framework developed for this study. (b) Comparison of the SCF across workflows and functional contrasts.
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Figure 2: The package takes as input the unprocessed data and produces as outputs the masked data and >| u,)
with the binary mask. Both are used to restrict the similarity metric computation area in the “SAMRI Generic — 0.10 — 0.10
Masked" workflow, derived from the [1] package. é’ é
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» The brain tissue classification is performed via a trained 3D U-Net [3]. -
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» The training dataset consists of priors obtained from the “SAMRI Generic” workflow 0.05
[1], which registers unmasked brain scans to a template. BOLD CBV BOLD CBV
» Some data optimization steps were added to create the training dataset: Contrast Contrast
» Expert operators blacklisted inaccurate registration results.
» The transformed data was normalized (substracting the whole image mean and dividing by the standard (c) Comparison of the distributions of the absolute VCF errors, across work- (d) Comparison of the distributions of the absolute SCF errors, across work-
deviation, fig. 4). flows and functional contrasts. flows and functional contrasts.

» Annotations extending beyond the experimental data range were set to non-brain i.e. 0 (fig. 4).
» Some random transformations were performed to augment the data — e.g. rotations of up to 20°,

o . _ _ _ Figure 7: Both the SAMRI Generic and the Masked workflow optimally and reliably conserve volume and smoothness, the latter showing
random bias field addition, and horizontal as well as vertical flips.

values that are closely distributed to 1. Plots showing the distribution of two target metrics in the first row, together with the respective distributions
of the absolute distances to 1 in the second row. Dashed lines in the colored distribution densities indicate the sample mean and dashed lines the inner

prediction quartiles.
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» Introducing -based brain extraction to the SAMRI workflow considerably improves registration accuracy — with
Template respect to volume conservation, smoothness conservation, and qualitative evaluation.
Mask » The brain extraction classifier is trained with data that is preprocessed by the SAMRI Generic registration workflow such

that large data collections can be leveraged with no manual labeling required. The classifier can thus be incrementally
perfected with additional data that can be obtained via the novel SAMRI Masked workflow.

» The FOSS distribution model [4] for the classifier, workflow, and the article, allows users to easily take advantage of the

Figure 3: Flowchart depicting the training process of the U-Net model. Outside the blue box are the processing
steps that map the data to the template reference space (i.e. create the training dataset) Inside the blue box are

the training steps of the U-Net model. The model predicts a mask for each preprocessed input 3D image, which library and reexecure the steps described herein.
is then compared to the template mask using the Dice score. The parameters of the model are then updated such » We make all functions publicly available through the mlebe Python package [2], including those used for masking in the
that the Dice score is maximized. workflow and those used to train the classifier [5].

-

v

Figure 4: Comparison of an unprocessed slice (left) and a preprocessed slice (right) where the volume was normalized
(see intensities) and the mask adapted to the NIfT| data (see blue overlay).
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