Limitations of ADC-Based Modelsin Characterizing Non-Gaussian Diffusion
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INTRODUCTION: Several new methods have been introduced to address the issue of non-gaussian diffusion in neural fiber systems. Some of them are based on
apparent diffusion coefficient (ADC) analysis; and some are based on g-space analysis. Using ADC-based techniques such as spherical harmonic decomposition (1) and
one generalized diffusion tensor imaging (GDTI) method (2), tremendous progresses have been made towards better angular resolution of fiber systems. However, in
the situation of non-Gaussian diffusion, there still needs a physical justification for ADC-based techniques. Here we eval uate the possible physical and mathematical
foundation of those diffusion models that rely on apparent diffusion coefficient (ADC) measurements. We demonstrate that although ADC-based approaches can
qualitatively detect the existence of non-Gaussian diffusion, their ability to characterize non-Gaussian diffusion is fundamentally limited. In addition to the
mathematical proof, Monte Carlo (MC) simulation for restricted diffusion is also applied to illustrate the poor data fitting of these ADC models in the presence of non-
Gaussian diffusion. Specific comparisons are performed between two GDTI methods: one introduced by Liu et a (which will be referred to here as GDTI-1) (3,4) and
oneintroduced by Ozarslan et a (referred to as GDTI-2 here) (2). Finally, we investigate the possibility of imaging asymmetrical fiber structures with GDTI-1.

THEORY: Methods based on ADC measurements, such as HARD and GDTI-2, assume that MR signal decays monoexponentially as a function of the b-value. These
methods tend to analyze the distribution of measured ADC profiles and use the distribution to characterize the underlying non-gaussian diffusion process. For example,
in GDTI-2, an ADC profileis described by the elements of a higher order tensor. Although higher order terms extracted from ADC distributions are thought to be able
to characterize the non-gaussian diffusion pattern in multi-fiber systems, the mere existence of these parameters contradicts the assumption of the model.

First, the assumption of a monoexponential signal behavior implies that the underlying diffusion is gaussian. Specifically, write the diffusion gradient G =
(G.9,9) inthe spherical coordinate, and the random displacement r = (x,y,z) in the Cartesian coordinate. Let ry be the projection of r along the direction of the diffusion
gradient G. Assuming that the signal measured along the direction of G is an exponential function of the b-value, it can be shown that r is a one-dimensional gaussian
random variable. To show r is a three-dimensional gaussian random variable, we observe the relationship shown in Eq.[1]. Here, 6,2 is the variance of X; oy’ is the
covariance of x and y; and so on. Since o,,>> 0, and Eq. [1] istrue for any direction defined by (8, @), the matrix = shown in Eq.[2] is positive definite and it forms the
covariance matrix of the random vector r. Furthermore, since all higher-order cumulants of ry are zero, higher-order cumulants of r are also zero due to the linear
relationship between ry and r (5). Therefore, r is a gaussian random vector with
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The fundamental difference between GDTI-1 and GDTI-2 is that GDTI-1 does not assume an exponential signal behavior. Instead, GDTI-1 expands the signal
equation in a series of higher order b-tensors, which enables an accurate description of complex diffusion signal behaviorsincluding non-Gaussian types.

METHODSand RESULTS:  To demonstrate the limitations of ADC-based models, MC simulations were performed on two phantoms: 1) a perpendicularly
crossing tube (Phantom-1); and 2) a Y -shaped tube (Phantom-2). A total of 6.5x10° spin trajectories with uniformly distributed starting positions were simulated. For an
unrestricted diffusion, the diffusion coefficient D was set to be 2 x 10° mm?s. The following MR parameters were used: 8 = 30 ms, A = 40 ms, and TE = 80 ms. MR
diffusion experiments were simulated on 400 uniformly distributed diffusion-encoding directions. For each direction, 15 different b-values were used with a maximum
of 2344 s/mn?. The data were analyzed with both GDTI methods.

Figure 1a plots a representative set of simulated data and curves fitted by both GDTI methods. The diffusion-weighted signal is not an exponential function of the
b-value. Thefitted curve by GDTI-2 (dotted line) clearly does not agree with the data; on the other hand, GDTI-1 (solid line) produces an overall good fitting. Figure 1b
shows the corresponding distribution of the displacement is non-Gaussian. Figure 2 compares the root mean square error (RMS) of both GDTI fittings over all 400
diffusion directions for Phantom-1. The mean RMS over al the directions is 0.029 and 0.41 for GDTI-1 and GDTI-2, respectively. Figure 3 shows the structure of
Phantom-2, the diffusivity profile generated using GDTI-2 (2) and skewness maps generated using GDTI-1 with and without considering the phase of the signal (3,4).
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Fig 3 - Comparison of GDTI-1|
and GDTI-2.
(b) (a) Phantom-2 structure;
(b) GDTI-2 diffusivity profile;
(c) GDTI-1 skewness map
” considering signal phase;
( —  (d) GDTI-1 skewness map
without signa phase.
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DISCUSSION:  The issue of resolving multiple fiber orientations in regions where fibers cross or merge has become increasingly important in fiber tractography
(6). In principle, GDTI-1 is a physically correct formalism and has the capability to resolve the orientations of an asymmetric structure (Fig 3c). In real experiments,
however, the accuracy of GDTI-1 is limited by signal to noise ratio (SNR) and the ability of MRI systems to accurately measure the phase of the signal. Our study
shows that the phase of the signal is crucial in the reconstruction of an asymmetric PDF (Fig 3c and d).

Because of its ability to characterize non-Gaussian diffusion processs, GDTI-1 provides a mathematical framework for studying complex diffusion processes in
neural fiber systems. Based on GDTI-1, we understand that the limitation of an ADC-based model stems from the assumption of an exponentially decaying signal. For
a given non-Gaussian diffusion, the signal generally decays non-exponentially and can not be sufficiently described by ADC (Fig 1a). Though along some specific
diffusion directions, the signal may decay exponentialy as a function of the b-value, this happens only when the projection of random displacements is Gaussian
distributed along those specific directions. Consequently, the non-gaussian diffusion process existing in complex biologic tissues can not be fully characterized by
ADC-based models. Furthermore, simulations based on GDTI-1 have demonstrated that higher-order b-tensors and higher-order diffusion tensors are required to
characterize a non-gaussian signal behavior (Figure 1).

Even though current MR technology does not permit an accurate measurement of the phase, GDTI-1 based on only the magnitude of MR signal aready provides
an accurate characterization of symmetric fiber structures. Furthermore, the insight gained from GDTI-1 is outstanding and is crucial for our basic understanding of
diffusion processesin complex biologic tissues.

ACKNOWLEDGMENTS: NIH-1ROINS35959, NIH-1R01EB002771, Lucas Foundation, Center of Advanced MR Technology of Stanford (NCRR P41 RR 09784)

REFERENCES: 1) Frank LR. Magn Reson Med 2002; 47:1083-1099. 2) Ozarslan E, et . Magn Reson Med. 2003; 50:955-65. 3) Liu C, et a. ISMRM, 2003, p242. 4) Liu C, et a. Magn
Reson Med. 2004; 51:924-37. 5) Kendall MB, Stuart A. The Advanced Theory of Statistics. Vol. 1, New York: Halsted Press, 1994. 6) Basser PJ, et a. Magn Reson Med 2000; 44: 625-632.

Proc. Intl. Soc. Mag. Reson. Med. 13 (2005) 1280



