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Purpose: Quantitative diffusion-weighted MRI (DW-MRI) has a well-established role in the detection and characterization of a variety of abdominal abnormalities 
including liver fibrosis, tumors and active inflammation1-3. DW-MRI enables characterization of the tissue microstructure through measurement of the mobility of water 
molecules and the variations in their mobility due to changes in cell density, vascularity and membrane permeability. When imaging tissues with DW-MRI, mobility of 
molecules leads to attenuation in the diffusion signal, which is measured at multiple b-values. This attenuation is due to two components of diffusion: the slow 
component associated with water molecule diffusion and the fast component associated with bulk motion of intravascular molecules in the capillary network. The 
intravoxel incoherent motion (IVIM) model4 represents this two-component signal decay with a bi-exponential function that has two decay rate parameters, one for the 
slow (D) and one for the fast diffusion (D*) and a parameter representing the fraction of fast diffusion (f). However, in biological systems, fast diffusion due to 
microcirculation can occur over a large range of length and time scales due to widely varying vessel sizes and flow rates5, and the single decay rate parameter for fast 
diffusion in IVIM model cannot represent this heterogeneity. Therefore, we introduce a probability distribution model of incoherent motion (PIM), a two-component 
probability mixture model of diffusion. Another limitation of IVIM parameter estimation is that fitting the IVIM model to the signal measured at a single voxel without 
utilizing information from neighboring voxels results in parameter maps, especially of fast diffusion, that are too noisy and that have high uncertainty, which becomes a 
hindrance for their clinical utility6. We therefore introduce a spatially constrained PIM model (SPIM) that uses a spatially smoothing prior7 and estimates parameters for 
all voxels simultaneously, rather than solving for parameters of each voxel independently. The SPIM model allows for the precise characterization of the diffusion 
components even from relatively low SNR DW-MRI images. In this work, we introduce 
the SPIM model and compare it with the IVIM model in 68 abdominal DW-MRI data 
from five healthy volunteers and 24 Crohn’s disease patients.  
Methods:  We introduce a probability distribution model of diffusion (p(D)), a two 
component mixture model of Gamma probability density (pdf) functions (pk,θ(D)), one 
for fast diffusion and the other for slow diffusion:	(ܦ)݌ ൌ (ܦ)௞ଵ,ఏଵ݌݂ ൅ (1 െ  ௞ଶ,ఏଶ݌(݂
The exponentially decaying signal for a voxel measured at b-value i can be formulated as 
the integral of this pdf of diffusion within that voxel:	ݏ௜ ൌ ௢ݏ  .ܦ݀(ܦെܾ௜)݌ݔ݁(ܦ)݌׬
The integral in this equation is the Laplace transform of p(D). Using the analytical 
expression of the Laplace transform of Gamma distribution for each Gamma in p	(D),	 the	
following model of the signal can be obtained: 
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The parameters ({ݏ௢, ݂, ,ଵߠ ݇ଵ, ,ଶߠ ݇ଶሽ) at each voxel can be estimated by solving a maximum-
likelihood estimation problem. However, due to low SNR of the measured DWI signals, instead 
of solving the least-squares optimization for each voxel independently, we integrate the spatial 
homogeneity prior model proposed by Freiman et al.7 into our formulation. We estimate the 
parameters of the spatially constrained PIM (SPIM) model by maximizing the posterior 
distribution given by the product of likelihood and prior terms. This optimization problem can be 
formulated as a continuous Markov Random Fields problem where the spatial homogeneity prior 
is defined as the L1 norm of the difference between parameters of neighboring voxels. To 
efficiently estimate the model parameters, we used the "fusion bootstrap moves" solver6. 
DW-MRI data was acquired with a 1.5T scanner (Magnetom Avanto, Siemens Medical Solutions) 
using free-breathing single-shot echo-planar imaging with parameters: repetition/echo time (TR/ 
TE) = 7500/77ms; matrix size =192x156; field of view =300x260mm; slice thickness/gap = 5mm/ 
0mm; 40 axial slices; 7 b-values=0,50,100,200,400,600,800 s/mm2 with 1 excitation; acquisition 
time = 5.5min. Five healthy volunteers scanned [6,4,4,3,3] times respectively. Clinical DW-MRIs 
of 24 Crohn’s disease patients (10 female/14 male, ages 9 to 19) were acquired twice between 
01/2011 and 06/2014. Radiological findings of liver and spleen were normal for these patients.  
We obtained diffusion parameter estimates with three different models: the IVIM, the spatially 
constrained IVIM (SCIM)7, and the proposed SPIM. We fitted each model to b-value images and 
computed D, D* and f parameter maps (Fig. 2). Parameters of the two-component pdf in SPIM were 
converted to IVIM parameters. The means of two components of the pdf corresponded to D* and D 
parameters in IVIM. The area under the curve for the fast diffusion corresponded to the f parameter 
(Fig 1). We computed the precision of the parameter estimates using wild bootstrap analysis8. 
Diffusion signal was sampled from the signal model multiple times using bootstrap resampling and 
parameters were computed for each repetition within regions of interest placed in the liver and 
spleen. The percentage of coefficient of variation (CV%=standard deviation/mean x100) of parameters over all repetitions was computed.  
Results: Fig. 3 shows the bar plot of mean CV% with error bars showing the variations. When the SPIM model is used instead of IVIM, the CV% in liver was reduced 
from 20% to 6% for D, 84% to 17% for D* and 39% to 8% for f parameter. The CV% in spleen was reduced from 15% to 5% for D, 118% to 23% for D* and 70% to 
17% for f parameter. Statistical analysis with paired t-test indicated that the CV% was significantly lower (p <0.0001) for SPIM compared to both SCIM and IVIM. 
Discussion and Conclusion: Results showed that the CV% of the diffusion parameters estimates obtained using the SPIM model were significantly lower in both the 
liver and spleen regions compared to the IVIM and SCIM models.  D* had the largest CV% among the three parameters. The SPIM model also improved CV% 
compared to SCIM, which might be related to using a probabilistic model of diffusion that better represents heterogeneity in fast diffusion. Using the SPIM model, the 
robustness of parameter estimates was increased without acquiring additional data, while utilizing a more realistic model of heterogeneous diffusion components. 
References: 1. Chow, AM., et al. JMRI (2012): 36(1), 159-167. 2. Guiu, B., et al. Radiology (2012): 265(1), 96-103 3. Lee, Y., et al. Radiology (2014). 4. Le Bihan, D., 
et al. Radiology (1988): 168(2), 497-505. 5. Henkelman, R. M., et al. MRM (1994): 32(5), 592-601. 6. Andreou, A., et al. European radiology (2013): 23(2), 428–434. 7. 
Freiman, M., et al. Medical Image Analysis (2013): 17(3), 325-336, 2013 8. Freiman, M., et al. MICCAI (2011): 6892, 74-81.  
 

 
 
 
 
 

Fig. 3: Mean CV% of parameter estimates computed over 
signals resampled using wild bootstrap from 68 DW-MRIs 

Fig. 1:  (a) Comparison of probability density functions modeling fast (D*) 
and slow diffusion (D) components. IVIM uses Dirac Delta pdfs (dashed 
lines); proposed SPIM model uses a mixture of Gamma pdfs. (b) IVIM 
model and SPIM model fitted to decaying signal. 

Fig. 2: Parameter maps estimated using IVIM (top row) and SPIM 
model (bottom row). Improvements of parameter estimations can 
especially be observed in parametric images of D* and f. 
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