Rebooting diffusion MRI uncertainty distributions in the presence of outliers with ROBOOT
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Synopsis
Characterizing uncertainty distributions in diffusion MRI derived metrics such as fractional anisotropy or kurtosis anisotropy requires non-parametric
approaches, since the correct form of the distribution is rarely known a priori. Previously suggested wild bootstrapping methods, however, have not
considered the impact of outliers in the data. In this work, we updated the existing wild bootstrap methodology to consider outliers detected by a robust
model estimator, adopting a strategy similar to the rejection of the outliers prior to the model estimate. Additionally, we used simulations based on real
human data to demonstrate the beneﬁts of our pipeline for recovering uncertainty distributions.

Introduction
Metrics estimated from diffusion MRI1 (dMRI) can characterize underlying tissue microstructure. For example, diffusion tensor imaging2 (DTI) and diffusion
kurtosis imaging3 (DKI) are used to obtain metrics such as fractional anisotropy (FA)4, kurtosis anisotropy (KA)5 and diffusion orientation information,
which have been studied extensively in health and disease.
dMRI measurements, however, are affected by noise and various artefacts6 that hinder the accurate determination of derived metrics. Wild bootstrapping7
(WB) which considers the heteroscedasticity of dMRI data has been suggested to provide the empirical means to study such unknown distributions8,9. In
addition to heteroscedasticity, the presence of outliers can signiﬁcantly bias the estimation on which bootstrapping is based if not handled appropriately.
Although robust estimators in the presence of homoscedastic and heteroscedastic errors have been proposed10,11, they have not been used in
bootstrapping strategies to date.
Here, we present a wild robust bootstrap (ROBOOT) approach, in which bootstrap samples are based only on model residuals corresponding to the
measurements not identiﬁed as outliers by a robust model estimator10. Differences between the ‘standard’ wild bootstrapping and ROBOOT are
demonstrated with simulations, demonstrating an improved precision of the tensor ﬁrst eigenvector, FA, and KA estimates when using ROBOOT.

Methods
Simulations
dMRI data from the MASSIVE database13 were used to estimate the DKI-model, and a ground truth (GT) dataset was created from the estimated DT and KT.
The GT consisted of two 60-direction shells with b-values 1000s/mm2 and 2000s/mm2 along with 5 non-diffusion weighted signals.
A ‘baseline simulation’ without outliers was generated by introducing Rician noise with signal-to-noise ratio (SNR) of 32 to the GT DWIs, and used to study
the variability in estimates due to noise effects. In addition, outlier simulations with interleaved artefacts (Fig 1a) were generated by randomly replacing 5%
of the DWIs by artefactual volumes with 50% signal decrease before introducing Rician noise with SNR 32.
Tensor estimation
Tensor estimates, of which the components are represented in the matrix d̂, were obtained using the iteratively re-weighted linear least squares (IWLLS)14–
16
estimator for both the baseline- and outlier simulations. In addition, REKINDLE was used to obtain estimates in the outlier simulations10 to ﬂag outliers
that were input to the ROBOOT-framework.
Bootstrapping
∗

The wild bootstrap7 samples y i (eq.1) for DWI i (i = 1, . . . , N) were generated as described in8 with the addition of KT elements in d̂:
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ROBOOT was implemented by removing the residuals, u i , and respective rows, X i detected as outliers with REKINDLE. This ensured that the bootstrap
sample would not be affected by the erroneous measurements, thus representing the uncertainty of the robust model estimate.

Results
Figure 1 shows the deviations from the GT FA (a) and KA (b) for the sagittal slice simulation based on 1000 bootstrap samples. The REKINDLE-based
ROBOOT produced nearly identical results compared to the baseline simulation. Slice visualizations of the mean and standard deviation FA and KA values
show the standard wild bootstrap approach is affected by the interleaved artefact whereas the ROBOOT distribution features are similar to the baseline.
Figure 2 a shows a coronal slice from the GT color-coded FA image and the interleaved signal artefact on two DWIs. The white box in a highlights the
Region-of-Interest used to visualize Cone-of-Uncertainty (CoU) values determined using 1000 bootstrap samples. b visualizes the baseline CoUs (no
outliers simulated). c shows IWLLS estimation combined with the wild bootstrap, in which case both the orientation of the cone (i.e. orientation of DT

estimate) and the cone’s solid angle (uncertainty) are affected. In contrast, with the REKINDLE-based wild bootstrap (d) only the uncertainty is affected.
Finally, when using REKINDLE with ROBOOT, the uncertainties are decreased to a similar level as the baseline simulation. The most distinct differences are
highlighted in white squares.

Conclusion
Our proposed robust wild bootstrap method remains unaffected by outlier measurements in the simulations presented here, thus better reﬂecting the
variability in estimates due to noise effects. Future work will explore the attribution of reduced weights to outlier measurements, which is a more natural
way to deal with their uncertainties and can keep the problem well-posed, and investigate how it will affect the calculation of bootstrap samples.
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Figures

Differences in FA (a) and KA (b) from the GT values for the baseline (no outliers, IWLLS estimation, and WB), IWLLS and REKINDLE based WB samples with
5% outliers, and REKINDLE based ROBOOT with 5% outliers. The latter produces similar distributions compared to the baseline. Sagittal slices are used to
visualize the mean and standard deviation values for FA and KA from the 1000 bootstrap samples for these four methods. Both examples based on WB are

highly affected by the outliers, resulting in clear interleaved stripes and erroneous estimates, whereas the ROBOOT example produces nearly identical maps
as the baseline.

a: Coronal color coded FA slice from the GT sample and two DWIs showing the interleaved artefacts. The white rectangle conﬁnes the zoomed region in
which CoU values were calculated in b-e. b: Baseline samples with no outliers were generated using IWLLS based WB. 5% of DWIs were replaced with
artefactual volumes and WB samples based on IWLLS (c) and REKINDLE (d) estimations were generated, clearly visualizing deviations from the baseline
within the white rectangles. In e the ROBOOT sampling was used to obtain nearly identical CoU values with the baseline despite of the presence of outliers
in the data.
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