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SYNOPSIS: Diffusion-based microstructure modeling techniques potentially provide significant 

biomarkers to characterize the tumoral architecture in the human brain. While clinical studies 

focus on the application of these technique, not enough care is being devoted to understand 

whether the employed models provide precise and reliable parameter estimates when fitted on 

the cancerous tissues. The present works tackles these issues on a cohorts of 11 patients 

diagnosed with different types of brain tumours by quantifying the variance of parameter 

estimates and the goodness-of-fit in an integrated view borrowing concepts from information 

theory. 

MAIN FINDINGS: SMT and NODDI feature comparable, if not greater, estimation accuracy 

inside tumoral regions with respect to normal appearing tissue. Model’s goodness of fit does not 

significantly differ in tumours. SMT presents general overfitting issues.  

 

INTRODUCTION: Advanced diffusion techniques falling under the broad label of ‘microstructure 

MRI’1 generally employ multi-compartment models with tensors of different shapes, as to 

deconstruct the diffusion signal into multiple diffusive micro-environment that physiologically 

coexist inside a single voxel. Although we can currently find several studies employing these 

models to study tumoral microstructure of the brain which feature promising results2–5, current 

literature does not extensively address whether microstructural models produce reliable and 

reproducible parameters estimates in the cancerous tissues of the brain. In this context, the 

present work adopts an analytical framework employing notions from information theory to 

characterize the stability of diffusion-based microstructural models, focusing its application on 

the assessment of two well-known diffusion techniques in a cohort of patients suffering from a 

range of brain tumours. 

 

METHODS: The Neurite Orientation Dispersion and Density Imaging6 (NODDI) and the Spherical 

Mean Technique7 (SMT) models were chosen for this work because of their similarity in diffusion 

protocol requirement, and the complementarity of information their parameters provide. The 

acquired data comprised 11 patients with a Siemens Biograph mmR MR/PET scanner at 3T. 

Diffusion images were acquired with the optimized NODDI protocol6 (TR/TE 5355ms/104ms; 

2x2x2mm) with Anterior-Posterior and Posterior-Anterior phase encoding directions for 

preprocessing needs8. Tumour masks were manually drawn by an expert neurologist on a 

reference T1w image (TR/TE 2400/3.24ms; TI 1000ms; 1x1x1mm). The residual sum of squares 

(RSS) statistics was computed to assess the fitting prowess of the models, along with its 

expectation given the noise model assumed by the employed parameter estimators. The Cramer-



Rao Lower Bound (CRLB) approximation of parameter variances9 was computed voxel-wise for 

each subject for inter-tissue analysis of estimation accuracy. 

 

RESULTS&DISCUSSION: As a general overview of the computed metrics, Figure 1 shows, for 

a slice of a representative subject, the parameter estimates for the NODDI model and the SMT 

model, along with their precision approximated with the CRLB. A first glance to the various 

standard deviation images reveals how the general trend of estimation precision differs for the 

tumoral region (highlighted in red) with respect to the normal appearing brain tissues. Although 

the modeling choices for the various compartments may be physiologically questionable in 

tumours, the employed parameter estimators are able to react to the different features of the 

diffusion signal and output spatially coherent metrics, both in terms of their value and 

uncertainty. Shifting the focus on the precision of  NODDI parameter estimates, Figure 2 shows 

the boxplots of such quantities across all subjects. Interestingly, the intracellular volume fraction 

(icvf) and the isotropic volume fraction (isovf) parameters show better precision in the tumoral 

region than in normal appearing white matter and grey matter. Icvf enhanced accuracy in the 

tumour comes as unexpected, considering the intracellular compartment is modeled with 

Watson dispersed sticks to mimic diffusion inside axonal fibers, which are typically absent or 

extremely reduced in tumours. The Orientation Dispersion Index (ODI) estimation in the 

cancerous region is found to be more uncertain than normal appearing white matter, but less 

than normal appearing grey matter. Table 1 shows the tissue-averaged RSS metric for all 

subjects, with their computed expected value in parenthesis. No clear indication of better or 

worse fitting performance was found in the dataset at hand, but the good agreement between 

the RSS and its expected value tissue-wise suggests NODDI presents a healthy fit across the 

tumour and the rest of the brain. Concerning the SMT, Figure 4 shows the standard deviations 

of the parameter estimates for the intrinsic diffusion (d_||) and the intracellular volume fraction 

(v_intra). The behaviour for both the parameter estimates is similar, as we find increased 

estimation precision inside the tumoral region with respect to normal appearing tissues. It is 

noteworthy how with respect to NODDI, the estimation of the intracellular volume fraction in the 

SMT case leads to substantially lower standard deviations. This finding does not come 

unexpected, as the shell averaging procedure which yields the spherical mean signal has the 

welcome side effect of lowering the noise level. Lastly, Table 2 shows the RSS values, along 

with their expected values, for the SMT model. As it was in NODDI case, we find no evidence of 

clear difference in quality of fit between the different tissues, although the RSS expected values 

are extremely higher with respect to computed values in all cases. This mismatch arguably 

exposes the severe overfitting the SMT bi-compartment model features in the dataset at hand, 

both in the healthy and in the tumor regions. 

CONCLUSIONS: The proposed work utilized an integrated information theory approach to 

quantify estimation precision and fitting goodness of NODDI and the SMT. We were able to 

show that both models feature comparable estimation precision in the tumour and normal 

appearing tissues across the dataset at hand, and that the SMT presents general overfitting 

issues. Whether this is due to the often reported model identification degeneracies10,11, it is still 

object of ongoing research. We believe in the flexibility of the presented approach, which can be 

integrated as a byproduct of parameter estimation routines and can easily be extended to 

different models and pathologies. 
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FIGURES: 

 

 

Figure 1: Overview of the parameter maps and their standard deviation coming from the SMT 

and NODDI models for a representative subject. The red circle drawn on the structural maps 

represents the tumoral area. 

 



 

 

 

 

 

Figure 2: Boxplots showing the tissue-wise distribution of the parametrical standard deviations 

of the NODDI model for each subject in the dataset at hand. Values are shown in the 

logarithmic scale 

 

 



Figure 3: Boxplots showing the tissue-wise distribution of the parametrical standard deviations 

of the SMT bi-compartment model for each subject in the dataset at hand. Values are shown in 

the logarithmic scale 

 

 

 

NODDI log(RSS) 
Subject White Matter Gray Matter Tumor 

#01 9.51 (9.15) 9.27 (9.95) 9.49 (10.11) 

#02 9.51 (8.77) 9.42 (9.55) 9.34 (9.93) 

#03 9.38 (8.79) 9.18 (9.23) 9.56 (9.27) 

#04 9.29 (8.57) 9.23 (9.70) 8.55 (9.44) 

#05 9.56 (9.16) 9.46 (10.02) 9.34 (10.02) 

#06 9.54 (9.07) 9.36 (10.00) 9.14 (8.98) 

#07 9.49 (8.73) 9.02 (9.11) 9.36 (9.00) 

#08 9.37 (9.07) 9.16 (9.44) 9.40 (9.78) 

#09 9.25 (8.77) 9.23 (9.92) 9.46 (9.20) 

#10 9.63 (9.16) 9.37 (9.70) 9.29 (9.51) 

#11 9.46 (8.87) 9.77 (10.32) 9.65 (9.22) 

#12 9.53 (8.57) 9.26 (8.99) 9.37 (9.85) 

 

Table 1: Mean RSS values inside the tissues for the NODDI model, along with their expected 

values between parenthesis, given the noise model of the employed estimator. Values are 

shown in the logarithmic scale. 

 

 

SMT log(RSS) 
Subject White Matter Gray Matter Tumour 

#01 -20.33 (1.93) -20.25 (2.93) -19.09 (2.78) 

#02 -19.81 (1.36) -20.67 (2.19) -21.09 (2.30) 

#03 -19.67 (1.39) -20.29 (2.14) -21.24 (1.80) 

#04 -20.14 (1.28) -20.88 (2.26) -19.41 (2.04) 

#05 -19.68 (1.79) -19.96 (2.72) -20.74 (2.46) 

#06 -19.53 (1.73) -19.99 (2.90) -20.80 (1.73) 

#07 -20.52 (1.26) -20.32 (1.88) -21.14 (1.43) 

#08 -19.92 (1.66) -19.82 (1.93) -21.44 (2.19) 

#09 -20.79 (1.50) -20.27 (2.59) -21.61 (1.76) 

#10 -20.38 (1.85) -20.51 (2.88) -20.99 (2.26) 



#11 -17.96 (1.63) -17.43 (2.68) -20.28 (1.89) 

#12 -20.32 (1.13) -21.33 (1.65) -12.04 (2.80) 

Table 2: Mean RSS values inside the tissues for the SMT bi-compartment model, along with 

their expected values between parenthesis given the noise model of the employed estimator. 

Values are shown in logarithmic scale. 

  


