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Synopsis

Motivation: To advance the clinical translation of MAP-MRI.

Goal(s): To accelerate MAP-MRI data acquisition using advanced data processing, to describe novel microstructural contrasts, and to shorten MAP-

MRI processing/analysis times.

Approach: A recently developed constrained propagator estimation framework was employed to derive MAP-MRI parameters from simulated
efficient data acquisitions. Novel metrics and processing methods were proposed and tested on a public dataset.

Results: The proposed estimation framework obviates the need for extensive data collection, while the novel metrics could provide additional

insights when assessing different diseases, thus advancing the clinical translation and application of MAP-MRI.

Impact: This work shows that sophisticated postprocessing reduces the number of diffusion encodings needed for MAP-MRI. Together with the
proposed novel contrasts, these advances should facilitate neuroimaging studies employing MAP-MRI and possibly enable new clinical applications.

Introduction
Mean Apparent Propagator (MAP)-MRI  is an imaging technique which quantifies the distribution of spins’ net displacements from multiple diffusion
MRI (dMRI) measurements. Several works have demonstrated the clinical potential of quantities obtained via MAP-MRI . Recent developments

have made it possible to strictly enforce positivity constraints in the estimation of the propagator . Here, we assess whether enforcing positivity
constraints enables the accurate estimation of MAP-MRI microstructural parameters from fewer dMRI volumes, which is critical for the method’s
clinical applicability . In addition, we propose several novel metrics, and a fast method for obtaining the propagator anisotropy.

Theory
MAP-MRI

In MAP-MRI, the diffusion-weighted signal and the mean propagator are represented using a series of orthogonal basis functions in the local
anatomical frame-of-reference :

where  is the q-vector,  and  represent the basis functions in q-space and displacement-space, respectively, and  is the vector containing the

coefficients for the basis terms.
For symmetric propagators, the number of coefficients to be estimated is

,
where  defines the radial order of the expansion, and  index the basis functions.

NOVEL METRICS

Microstructure descriptors can be obtained by quantifying the distance between different propagators . For example, the Non-Gaussianity (NG)
index is computed as

where  is the Gaussian propagator, and

defines the propagator distance metric. Here we propose to generalize NG to outer ‘energy levels’, in order to isolate and quantify high-frequency

(e.g. kink-like) features of the diffusion propagator:

.
With the above notation, .
Additionally, we consider a metric given by the difference between the  of the full propagator and the  of its isotropic part.
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FAST PA ESTIMATION

In the original MAP-MRI method , estimation of propagator anisotropy (PA) with MAP-MRI required two estimations, with anisotropic and isotropic

scale tensors. By setting the propagators represented in the two bases equal to each other and exploiting the orthogonality relations, we were able
to show that the PA can be computed using

,
with

where , and  and  are the coefficients in the two reference frames defined by  and , respectively.

Methods
To determine whether enforcing the strict positivity constraints reduces the demand on the data acquisition, we analyzed a dataset from the

Human Connectome Project  (HCP) containing a total of 288 diffusion measurements. Data were sequentially removed from the stack to simulate
progressively shorter acquisition times, leading to subsampled datasets with 180, 90, 60, 50, and 40 measurements for experiments with radial
order = 6, and datasets comprising 180, 150, 120, 95, 90, and 60 measurements for experiments with radial order = 8. Results on the complete
dataset were considered as gold standard. For comparison, we estimated the MAP-MRI parameters for all datasets with the original method

described in [1] (referred to as MAP) and the strictly constrained version described in [9] (referred to as MAP+). Both implementations are available
in Dipy .
The novel metrics described in the theory section, as well as the fast PA, were computed on the MGH1010 dataset from the HCP .

Results & Discussion
Figures 1, 2, and 3 depict the NG and RTOP maps estimated using MAP and MAP+ on the subsampled datasets for radial order 6 and 8. The results
obtained with MAP+ show clear tissue contrast and are robust to downsampling without requiring additional regularization techniques . These

findings are consistent with those obtained by incorporating strict constraints into other dMRI techniques . The possibility of performing the
estimation on a minimum number of diffusion encodings, i.e., the total number of coefficients, marks a step forward towards MAP-MRI’s
widespread clinical adoption for which long acquisitions are often the bottleneck.
Figure 4 shows the maps depicting the high frequency features of the propagator. Interesting contrasts emerge through the different energy levels,

especially around the interface between different tissues, possibly indicating sensitivity to microstructural heterogeneity. Such contrast could be
beneficial for the assessment of different diseases.
Figure 5 shows a comparison between the propagator anisotropy estimated with the conventional double fitting, and the fast method outlined in

the theory section, which relies on a single fit. The results affirm the fast method as a viable clinical option, especially when the more time-
consuming alternative cannot be afforded.

Conclusions
In conclusion, this work marks a step towards the clinical translation of MAP-MRI by showing that the constrained framework obviates the need for

extensive data acquisition, while also providing novel tissue microstructural contrasts that may improve the detection and characterization of
different diseases.
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Figures

(A) Non-Gaussianity (NG) and (B) Return-to-Origin Probability (RTOP) obtained from MAP-MRI coefficients computed on the entire HCP dataset (288
measurements) and its subsampled versions for radial order = 6 using MAP and MAP+. The histograms on the right show the values’ distributions. In

addition to showing clearer tissue contrasts (e.g., GM/WM in NG) compared to MAP, the parameters derived using MAP+ are more consistent (e.g.,
GM in NG) when estimated from datasets with fewer diffusion encodings, even when the number of unknows (50) exceeds the number of diffusion
measurements.

Non-Gaussianity (NG) maps obtained from MAP-MRI coefficients computed on the entire HCP dataset (288 measurements) and its subsampled
versions for radial order = 8 using MAP and MAP+. The histograms on the bottom show the values’ distributions. Similarly to the results for radial
order = 6, the maps obtained with MAP+ exhibit clear tissue contrast and excellent consistency for smaller datasets. However, there is a clear drop
in image quality when the number of unknows (95) exceeds the number of diffusion encodings.
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Return-to-Origin Probability (RTOP) maps obtained from MAP-MRI coefficients computed on the entire HCP dataset (288 measurements) and its

subsampled versions for radial order = 8 using MAP and MAP+. The histograms on the bottom show the values distributions. Similarly to the results
in Figure 2, the maps obtained with MAP+ exhibit clear tissue contrast and excellent consistency for smaller datasets, but lower image quality is
observed when the number of unknows (95) exceeds the number of measurements.

Novel metrics computed on the MGH1010 dataset using MAP+ with radial order 8. (A) The  maps showing the power at each ‘energy shell,’ which

contain progressively ‘higher-frequency’ features of the mean propagator. In N6, high values are found at the interface between tissue types,
possibly indicating sensitivity to tissue heterogeneity. (B) The difference and angular distance  between the NG of the full propagator (N0) and
the NG of its isotropic part (N0 ), which seems to reveal regions presenting unidirectional diffusion

Comparison between the propagator anisotropy obtained by standard double fitting (PA) and the fast method described in the theory section which
relies on single fitting (PA ). The red-blue maps on the right side show the difference and angular difference between the two. The results
highlight the overall consistency between the two methods, suggesting the fast strategy as a reliable alternative.
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