
As imaging biomarkers are currently being considered for real therapeutic trials, methods to compute change must be robust to scan quality, and must avoid bias by 
analyzing all the data (Fox 2011). Proponents of some methods have selectively thrown out up to 10% of the available data (Holland 2009), leading to a major source 
of bias when comparing different image analysis methods; any claimed improvement should be discounted, as it could be due to selection bias. In our TBM analysis, 
no data is thrown out but novel tactics are used to handle poorer quality scans. This resulted in enhanced power and competitive sample size estimates for clinical 
trials.  
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Alzheimer’s disease (AD) affects over 24 million people worldwide, and many promising treatments are under development. Longitudinal MRI shows promise for 
tracking degenerative brain changes in trials of drugs to slow AD - and in mild cognitive impairment (MCI), a preclinical stage of AD with a conversion rate of 10-25% 
annually (Petersen 2000). To improve sensitivity to treatment effects on brain changes, any method must avoid detecting artifactual changes when scan quality is poor. 
Advocates of some analysis methods throw out around 10% of the scans where their method fails or generates unsatisfactory results (Holland 2009), which would be 
unacceptable in a real clinical trial or in scientific studies, as all data must be analyzed. Here we evaluated several improvements in tensor-based morphometry (TBM) 
to quantify brain changes on MRI. We increased the robustness of the method to outlier scans and enhanced statistical power.  
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We analyzed brain scans from 338 subjects with amnestic MCI (baseline age: 74.9±7.2 years, 214M/124F), scanned at baseline and 12 months later, with 1.5T MP-
RAGE MRI (Jack 2008). After standard corrections including Gradwarp, B1-correction, N3 bias field correction, and phantom-based geometrical scaling, the 12-month 
scan was linearly registered to the baseline scan using 9-parameter registration, and both were aligned to a mean brain template. Brain masks that excluded non-brain 
tissues were generated automatically using a robust brain extraction tool (ROBEX) (Iglesias 2011). We then ran TBM analysis using the 9P registered scan pairs, with 
and without ROBEX masks, using non-linear inverse consistent elastic registration (Leow 2005). Numeric summaries of atrophy rates were derived from a statistically 
defined region-of-interest to summarize temporal lobe atrophy. These were used to compute clinical trial sample size estimates, n80 - the number of subjects required 
in a 12-month trial, to detect a 25% reduction in average change using a two-sided test (α=0.05) with 80% power. We also used FAST (FMRIB's Automated 
Segmentation Tool) to correct for any residual spatial intensity variations within each tissue class (gray matter, white matter, CSF, and other), and examined how it 
affected sample size estimates. In MCI, no tissue expansion is expected outside the ventricles and CSF spaces. Outliers were defined as subjects with an apparent 
tissue expansion exceeding 0.2% annually, but they were not excluded.  

Left (Table): Outliers (marked 
in RED) in traditional TBM 
p r o c e s s i n g  a n d  t h e 
corresponding measures 
using the improved TBM 
processes.  
 
Perfect skul l-str ipping is 
d i ff icul t to achieve wi th 
automatic methods, while 
manual touch-up is impractical 
for large studies like the ADNI, 
where ~4000 scans are 
analyzed. To address this 
problem, we developed an 
approach to generate a joint 
mask based on l inear ly 
registered baseline and follow-
up images. We hypothesized 
that the joint mask will help to 
improve TBM’s robustness, 
i.e. reducing the number of 
outliers, by removing the 
image background. The 
method is fully automatic so 
preserves TBM’s advantage 
as a high-throughput image 
analysis method.  

Cumulative Atrophy (%) 

ID 
Traditional 

TBM 

Traditional 
TBM + 
ROBEX 

Traditional 
TBM + 

ROBEX + 
FAST 

1 4.1 -3.5 -3.7 
2 2.0 1.7 2.4 
3 2.0 0.9 1.2 
4 1.5 0.2 -0.8 
5 1.4 0.8 0.1 
6 1.3 0.8 0.8 
7 1.2 -0.4 -0.6 
8 1.1 0.9 0.8 
9 0.9 0.1 0.4 

10 0.8 0.3 0.7 
11 0.8 -0.1 -0.1 
12 0.7 0.1 0.1 
13 0.7 0.3 0.7 
14 0.6 0.1 -0.1 
15 0.6 -1.5 -1.8 
16 0.6 -1.3 -1.7 
17 0.5 -0.2 -0.7 
18 0.5 -0.5 -0.6 
19 0.5 0.3 -0.6 
20 0.5 -0.3 -0.4 
21 0.5 -1.0 -2.1 
22 0.4 0.0 -0.3 
23 0.4 -0.9 -0.5 
24 0.4 -0.2 -0.7 
25 0.4 0.0 0.0 
26 0.3 0.8 -0.2 
27 0.3 -1.1 -1.0 
28 0.2 0.7 0.9 
29 0.2 -0.4 0.5 

Traditional TBM 
- Standard image corrections (Gradwarp, B1-correction, N3, phantom based geometrical scaling) 
- Linear registration (9-parameter) to align 12-month and baseline scans, both aligned to ICBM 
- Nonlinear inverse consistent registration to map longitudinal tissue changes (Jacobian maps) 
- Nonlinearly aligning individual Jacobian maps to an average group template (MDT) for regional 
comparisons and group statistical analyses 

 

Traditional TBM with ROBEX Masking 
- Standard image corrections (Gradwarp, B1-correction, N3, phantom based geometrical scaling) 
- Linear registration (9-parameter) to align 12-month and baseline scans, both aligned to ICBM 
- ROBEX masking, and creating a joint mask to uniformly skull stripe 12-month and baseline scans 
- Nonlinear inverse consistent registration to map longitudinal tissue changes (Jacobian maps) 
- Nonlinearly aligning individual Jacobian maps to an average group template (MDT) for regional 
comparisons and group statistical analyses 

 

 
Traditional TBM with ROBEX Masking and FAST 

- Standard image corrections (Gradwarp, B1-correction, N3, phantom based geometrical scaling) 
- Linear registration (9-parameter) to align 12-month and baseline scans, both aligned to ICBM 
- ROBEX masking, and creating a joint mask to uniformly skull stripe 12-month and baseline scans 
- Additional bias field correction using FAST (within the ROBEX masks) 
- Nonlinear inverse consistent registration to map longitudinal tissue changes (Jacobian maps) 
- Nonlinearly aligning individual Jacobian maps to an average group template (MDT) for regional 
comparisons and group statistical analyses 

 

Traditional  
TBM 

Traditional 
TBM + ROBEX 

Traditional  
TBM + ROBEX 

+ FAST 
A Severe Case  

Skull-stripping (major effect): When a brain is not changing much, any change in 
the adjacent skull or even areas outside the skull could cause “false” signals inside 
the brain. This could be partially due to the fact that N3 correction was applied only 
inside the brain mask (ADNI brain masks) but not outside. 
 
Residual bias field correction (intermediate effect): ADNI scans were processed 
with GradWarp, B1-correction, and N3-correction (inside a brain mask). The ADNI 
masks are not in good quality and N3 could, in theory, fail or insufficiently correct for 
the bias field. The residual bias filed in some of the scans (10-20%) cause issues for 
differential bias fields in longitudinal analysis.  
 

Results: Of the 338 MCI subjects, TBM analysis generated 29 outliers (8.6% of the 
subjects) without ROBEX masks, but only 14 outliers (4.1%) with ROBEX masks, a 
52% reduction in the number of outliers. Without the ROBEX masks, the average 
cumulative atrophy in MCI was 1.43±1.31% per year, and 211 subjects were needed for 
a hypothetical 12-month clinical trial. After removing non-brain tissues and image 
background using the ROBEX masks, outliers were better handled and the average 
cumulative atrophy was 1.66±1.23% per year, which translated into an n80 of 138. 
Additional bias field correction with FAST increased the detected atrophy to 1.83±1.32% 
per year and improved the n80 to 129 subjects. Implementing ROBEX masks reduced 
sample size requirements by 35%, and the additional bias field correction further 
improved n80 by 7%.  
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A Milder Case 

Example Jacobian maps showing how longituidnal tissue change maps are 
influenced by the pre-processing steps. 
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