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Target Audience Brain cancer imaging researchers, radiologists and clinicians. 
Purpose Diffusion-weighted MRI (DWI) images are collected at different diffusion-weightings (b-values) and the corresponding signal decreases as the 
b-value increases. Typically, images are collected at two b-values to calculate an apparent diffusion coefficient (ADC). Calculating ADC in this way 
involves the underlying assumption that the diffusion-related signal decay is monoexponential. However, studies that have collected several b-values 
have shown this is often not the case at higher b-values (b>1000 s/mm2) as multiple diffusion compartments and restrictions to water movement hinder 
the diffusion decay(1,2). As a result, a biexponential model has been used to model this more complex DWI signal decay(1,2). The biexponential model is a 
two-compartment model and separates the diffusion signal into fast and slow components. In this study, two techniques to fit this model were explored: 
the traditionally used nonlinear least squares (LSQ) fitting approach and a Bayesian shrinkage prior (BSP)(3) fitting technique. Biexponential DWI 
parameters were compared between fitting techniques and between tumor and normal tissue in a 
rat U87 brain tumor model. 
Methods Eight male Athymic nude rats were inoculated with U87 brain tumor cells and imaged on 
day 18 post-inoculation without any treatment. Pre and post contrast T1-weighted images were 
collected. DWI images were acquired prior to contrast injection with b = (0, 50, 100, 150, 200, 400, 
600, 800, 1000, 2000, 3000) s/mm2. Tumor ROIs were determined from the contrast-enhancing 
region on the T1+C images. Contralateral normal gray matter (GM) ROIs were also drawn. The 
DWI signal was fit two ways. First, the signal was fit with a biexponential model: S/S0=ffast*exp(-
b*Dfast)+(fslow)*exp(-b*Dslow) using a nonlinear least squares approach (LSQ) and a trust region 
reflective algorithm (lsqcurvefit) in Matlab. The biexponential model assumes two distinct diffusion 
pools (i.e. a fast and slow diffusion component) and contains four free parameters: ffast and fslow 
represent the fraction of signal attributed to the fast and slow diffusing components respectively, 
and Dfast and Dslow are the fast and slow diffusion values respectively. The model was constrained 
so ffast+fslow=1, 0<ffast,fslow<1, 0<Dslow<1 μm2/ms, 0<Dfast<10 μm2/ms. The LSQ model tends to result 
in a large proportion of outlying parameter estimates. Therefore, the signal was also fit with a data-
driven Bayesian shrinkage prior (BSP) approach using methods previously described(3). This 
model takes the LSQ data as a prior distribution and leads to a shrinkage effect, where outlier 
values are pinched towards the center of the parameter histogram. Biexponential parameters were 
compared between fitting models and between tumor and GM with a paired two-sample t-test. 
Results Results are summarized in Table 1. In general only BSP modeling consistently showed 
statistically significant differences between the tumor and GM diffusion parameters.  There were 
also statistically significant differences between modeling techniques for several of the parameters 
for  a given tissue type. Example parametric maps are shown in Figure 1. 
Qualitatively, the BSP-derived maps were less noisy and provided much 
better tumor to GM contrast than the LSQ-derived maps. Figure 2 shows 
parameter histograms for the LSQ and BSP models. The BSP distributions 
were more normal than the LSQ distributions. 
Discussion Bayesian modeling of the biexponential behavior of the DWI 
signal resulted in significant differences between tumor and normal tissue 
for all modeled parameters compared to only one parameter (Dfast) for the 
LSQ model. It also resulted in qualitatively better looking and less noisy 
maps compared to the LSQ approach. The BSP approach results in a “data 
shrinkage” effect where outlier values are pinched towards the center of the 
distribution. The fast and slow diffusion fractions tended to have outlier 
values at the high and low end of the distribution respectively. Therefore, 
BSP fitting resulted in lower and higher values for ffast and fslow respectively 
compared to LSQ fitting. Similarly, Dslow tended to have outliers at the low 
end of the distribution. As a result, BSP fitting resulted in values higher than 
for the LSQ fitting technique as these lower values with squeezed towards 
the center of the distribution. 
Conclusion Bayesian modeling proved superior for differentiating tumor 
from GM using a biexponential DWI model in a rat U87 brain tumor model. 
This technique also resulted in qualitatively better-looking maps with 
enhanced tumor to gray matter contrast compared to the traditionally used 
LSQ approach. 
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LSQ BSP   

ffast 
Tumor 0.64 (0.03) 0.55 (0.07) N.S. 

GM 0.66 (0.04) 0.43 (0.08) P=0.020 

 N.S. P=0.022 
 

fslow 
Tumor 0.36 (0.03) 0.45 (0.07) N.S. 

GM 0.34 (0.04) 0.57 (0.08) P=0.020 

 N.S. P=0.022 
 

Dfast 
(μm2/ms) 

Tumor 2.04 (0.20) 2.05 (0.28) N.S. 
GM 1.60 (0.19) 1.79 (0.28) N.S. 

 
P=0.046 P=0.001 

 

Dslow 
(μm2/ms) 

Tumor 0.31 (0.04) 0.42 (0.07) P=0.036 
GM 0.28 (0.04) 0.48 (0.06) N.S. 

 N.S. P=0.026   
Table 1. Mean values for biexponential 
parameters calculated with the LSQ and BSP 
fitting models in tumor and normal gray matter. 
Standard error is shown in parentheses. LSQ = 
least squares; BSP = Bayesian shrinkage prior; 
GM = gray matter; N.S. = Not Significant 

Figure 1. Parametric maps of 
biexponential parameters calculated 
with the LSQ and BSP fitting 
techniques from one representative
rat. 
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Figure 2. Histograms of
voxelwise biexponential
parameters for the LSQ and
BSP fitting techniques. The BSP
technique reduces outliers. 
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