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Abstract: 

 

Introduction: Diffusion tensor imaging (DTI) can be used to quantify white matter 

integrity. However, common metrics such as fractional anisotropy (FA) are sensitive to 

sequence parameters and scanner hardware.  This paper proposes a new metric to assess 

DTI that may be insensitive to sequence parameters and scanner hardware. 

 

Methods: DTI was collected on 40 normal healthy adults on up to three different 

magnetic resonance imaging (MRI) scanners each running a unique DTI sequence. FA of 

61 regions of interest (ROI) within 6 tracts were measured and analyzed for differences 

based on scanner/sequence type. A local variance measure was also computed for each 

ROI. 

 

Results: FA was significantly different (p<0.05) for each scanner/sequence group for all 

white matter tracts. No statistically significant differences were found using the local 

variance measure (p > 0.05 for all ROIs). 

 

Discussion: It is invalid to combine or compare FA from DTI data sets from different 

scanners and/or sequence parameters. In contradistinction, the local homogeneity 

measure appears insensitive to these variations suggesting the possibility to use this 

approach to either combine DTI data across vendors and sequence types or interpret 

individual DTI data sets without a comparative normative database or prior DTI scan. 
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1. Introduction 

Throughout a lifespan, the human brain is constantly changing and developing. 

White matter, composed of myelinated axons, forms tracts throughout the brain that 

transmit nerve impulses to convey information.  These white matter pathways are critical 

for cognitive function and can be injured in trauma or altered from various 

neurodegenerative disorders, medications, or neuropsychological conditions.1 

Neurological disorders and diseases affecting these white matter tracts account for 1.5 

trillion dollars of the United States economy per year2.  In particular, traumatic brain 

injury has become a major cause of long term disability around the world3,4.  TBI alone 

accounts for 30% of all injury deaths and in 2013 lead to 50,000 deaths4.  Unlike many 

other neurological disorders, mild TBI, which accounts for over 80% of all TBI, poses a 

diagnostic imaging challenge. 

As a result, reliable assessment of white matter tracts is critical for providing 

diagnosis, prognosis, or monitoring progression of disease and treatment. The hallmark of 

mild TBI is traumatic axonal injury, which manifests as microstructural shear injury of 

white matter pathways5.  The microstructural changes in mild TBI are typically beyond 

the sensitivity of CT and conventional MRI, which operate at macroscopic resolutions.  

While CT and, more so, MRI can detect microhemorrhages, which serve as a proxy for 

axonal injury, numerous studies document that both techniques grossly underestimate the 

true extent of axonal injury and number of microhemorrhages fail to correlate with 

cognitive function or TBI outcomes.6–9 

Unlike conventional MRI, magnetic resonance diffusion tensor imaging (DTI) is 

very sensitive to changes in white matter microstructure10,11. DTI measures the passive 

diffusion of water molecules which are influenced by the local integrity and coherence of 

white matter. Axonal injury perturbs the normal diffusion and can be quantified by the 

loss of anisotropy or mean diffusivity.  DTI can be quantified through multiple metrics, 

which describe the three-dimensional profile of diffusion including fractional anisotropy 

(FA), mean diffusivity (MD), axial diffusivity (AD), and radial diffusivity (RD)8. FA 

most directly appears to reflect the microstructural integrity of the white matter tracts in 

the brain, and FA maps can be used to see the anatomical structure of the brain. Another 

common metric, MD, describes the average diffusion coefficient throughout the tract. 
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Less commonly used are RD and AD.  RD appears more specific to white matter myelin 

integrity while AD appears more sensitive to axonal loss12.  

DTI already has been proven as a biomarker for many neurological disorders and 

diseases including Alzheimer’s Disease13–15, bipolar disorder16–18, schizophrenia19, and 

traumatic brain injury20–24. 

 Normal aging is known to affect the white matter composition in the brain. In 

general, white matter volume and integrity increases in the brain from infancy through 

the second and third decade of life beyond which it begins to plateau and slowly atrophy 

later in life25.  As a result, DTI metrics of white matter integrity have been shown to vary 

with age.  Childhood through early adulthood is manifested by increasing fractional 

anisotropy and decreasing mean diffusivity26–28.  In contradistinction, late adulthood is 

characterized by decreased FA and increased MD29–31.  

Additionally, DTI is influenced by hardware and pulse sequence parameter 

selection. There have been numerous studies focusing on different variables such as the 

vendor, magnetic field, and inter-site versus intra-site scanners. While DTI differences 

are seen between scanners from different vendors, even two scanners of the same make 

and model have slight variations that can yield different DTI results.  When comparing 

inter versus intra site scanners, it is found that inter site scans on the same machine have a 

higher variability than intra site scans32. This can be due to the machines at different 

locations being operated slightly differently and other slight variations depending on the 

location. Vollmar et al. 2010 found a 40% difference between inter versus intra site, the 

higher variability being in the inter site data33. The manufacturing companies have tried 

to limit the variability between sites by constant software updates, but these software 

updates can cause more harm than benefit, as stated by Vollmar et al in 201033.  More 

dramatic differences are seen in scanners of varying field strength, although, 3.0 T MRI 

machines have been found to produce smaller variances for MD and FA compared to a 

1.5 T machine34.  

 These influences upon DTI acquisition and measurement are important because 

they pose a practical problem for assessment of patient data.  Typically, individual DTI 

data is compared to normative databases of DTI data acquired on the same scanner 

hardware, pulse sequence parameters, and software version.  Collection of these 
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normative databases is both challenging and costly. Hardware and software upgrades can 

yield previously collected DTI data obsolete.  Data from multiple scanners within the 

same institution or multiple sites cannot be combined due to differences in scan 

measurements.  Furthermore, it can be impractical to collect enough normal healthy 

subjects to determine the true range of normal variability within each age range as 

individuals ought to be compared to their own age group given the evolution of white 

matter composition with age. 

These challenges and limitations prevent DTI from being used clinically.  While 

discrete values of DTI metrics such as FA and MD vary with scan parameters and 

hardware, it is likely that these variations are systemic through all tracts and along the 

course of any individual tract.  Given mild TBI typically manifests as focal or multifocal 

traumatic axonal lesions causing local changes in FA and MD, it may be possible to 

quantify the local homogeneity of the tract, a metric that would be scan parameter and 

hardware independent. 

The goal of this research is to test the homogeneity of the DTI metrics of white 

matter tracts in normal healthy individuals performed on varying hardware and scan 

parameters to verify if these factors influence DTI measurements and secondly determine 

if local homogeneity is independent of these hardware and parameter variations.  Finally, 

DTI from a subject with a known mild to moderate traumatic brain injury is assessed 

using this local variance measure to determine if this metric may be sensitive to focal 

traumatic axonal injury lesions. 

2. Methods 

The data was retrospectively collected from an anonymized normative database 

collected under a Weill Cornell Medical College Internal Review Board approved study 

protocol in which normal healthy adults voluntarily agreed to undergo a non-contrast 

MRI scan including DTI on up to three different scanners at our institutions. 

Subjects included healthy adults without history of head trauma, prior or ongoing 

neurological or neuropsychological condition, brain surgery, or have had a 

contraindication to undergo MRI.  A total of 40 subjects participated, consisting of 23 

males, 17 females with age ranging from 23 to 79 years (mean = 40 years, SD 17 years).  

Subjects were scanned on up to three of the following scanners: 3 Tesla (3T) GE Signa 
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EXCITE (GE Healthcare, Waukesha, WI); a 1.5 T GE Signa EXCITE scanner; or a 3T 

Siemens (Munich, Germany).  Both GE scanners were equipped with an 8-channel 

phased-array head coil.  The Siemens scanner was equipped with a 32-channel head 

phased-array head coil. 

In addition to conventional clinical sequences which were screened by board 

certified neuroradiologists, whole brain axial diffusion tensor imaging using echoplanar 

multislice single-shot spin echo was acquired and analyzed as part of this manuscript 

using the following protocols: 

• 33-Direction 1.5T GE DTI, TE=109 ms, TR=10 s, 33 diffusion-encoding 

directions at b=1000, 1 b=0 volume, FOV 240, 256 x 256 matrix, 2.5 mm 

slice thickness. 

• 55-Direction 3.0T GE DTI, TE=109 ms, TR=8 s, 55 diffusion-encoding 

directions at b=1000, 1 b=0 volume, FOV 230, 128 x 128 matrix zero-

filled to 256 x 256, 1.8 mm slice thickness. 

• 64-Direction 3.0T Siemens DTI, TE=100ms, TR=12 s, 64 diffusion-

encoding directions at b=1000, 1 b=0 volume, FOV 240, 128 x 128, 2.0 

mm slice thickness. 

Of the 40 subjects, 30 subjects underwent scanning on the 3T GE scanner (55-direction 

DTI sequence); 40 subjects were scanned on the 3T Siemens scanner (64-direction DTI 

sequence); and 11 subjects were scanned on the 1.5 T GE scanner (33-direction DTI 

sequence). 

 

2.1 DTI post-processing and analysis 

DTI data was co-registered to each subject’s respective b=0 image volume followed by 

eddy current correction and motion correction performed using the fMRIB Diffusion 

Toolbox (part of FSL; www.fmrib.ox.ac.uk/fsl)35.  The diffusion tensor was computed 

using DTIfit from FSL to obtain FA maps, Mean Diffusivity (MD) maps, and eigenvalue 

maps. 

For each DTI scan, white matter pathways were identified and 3D space was 

analyzed using the Reproducible Objective Quantification Scheme (ROQS)36. This is a 

semi-automated technique operating in the native image space using user input as seeds 

http://www.fmrib.ox.ac.uk/fsl
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which can identify tracts in three dimensions and selects cross-sectional 2D regions of 

interest (ROI).  For each subject, the corpus callosum (CC), corticospinal tract (CST), 

cingulum bundle (CB), superior longitudinal fasciculus (SLF), anterior corona radiata 

(ACR), and uncinate fasciculus (UF) were identified and analyzed in the following 

manner: 

For the CC, 15 evenly spaced coronal cross section ROIs starting anteriorly from 

the genu extending posteriorly to the splenium were analyzed. 

For the CST, 16 total axial cross section ROIs were analyzed spanning superiorly 

from the centrum semiovale to the superior corona radiata through the posterior limb of 

the internal capsule. 

For the CB, a total of 8 evenly spaced cross-sectional ROIs spanning anteriorly to 

posteriorly were analyzed. 

For the SLF, a total of 8 evenly spaced cross-sectional ROIs spanning anteriorly 

to posteriorly were analyzed. 

For the ACR, a total of 6 evenly spaced cross-sectional ROIs spanning anteriorly 

to posteriorly were analyzed. 

For the UF, a total of 8 evenly spaced cross-sectional ROIs spanning anteriorly to 

posteriorly were analyzed. 

Each ROI yielded mean FA, MD, each eigenvalue, and the respective standard 

deviations. 

2.2 Statistical analysis 

The average FA score for the cross-sectional ROIs across subjects were computed 

for the 55-direction, 64-direction, and 33-direction groups separately and plotted.  Given 

the non-Gaussian distribution of subjects, nonparametric tests were used.   The 

Wilcoxon-Mann-Whitney test was used to compare each cross-sectional ROI to test for 

statistical difference between the 55 vs 64- direction groups, the 55- vs 33-direction 

groups, and the 64- vs 33-direction groups. All p-values were two-sided with statistical 

significance evaluated at the 0.05 alpha level. Analyses were performed using SPSS 

Version 25.0 (IBM Inc., Armonk, NY).  Subjects scanned on multiple platforms were 

treated independently. 
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A measure of local variance was also computed for each ROI by measuring the 

in-plane variance of the FA and averaging it with the out-of-plane variance generated by 

the ROIs measured from the previous and subsequent slices (see Fig 1).  This local 

variance measure was averaged for each group separately and compared using the 

Wilcoxon-Mann-Whitney test to test for statistical differences. 

3. Results 

Figures 2-7 illustrate the average FA for each cross-sectional ROI for every tract 

for the 3 groups of data, the 55-direction 3T GE group, the 64-direction 3T Siemens 

group, and the 33-direction 1.5T GE group.  This analysis, mimicking typical ROI 

analysis of DTI data demonstrates variability among the three groups.  Statistical 

differences among the groups vary based on both white matter pathway and also location 

within each white matter pathway. These statistical differences are highlighted in Tables 

1-6, which report p-values for comparison of each cross-sectional ROI between the 

groups. 

In figure 2, for the CC, the 33-direction data is significantly lower than both the 

55-direction and 64-direction data. The posterior body of the CC demonstrates a 

significant difference between the 55-direction and 64-direction datasets. 

In figure 3, for the CST, there is a significant difference between the 64-direction 

data sets and the 55- and 33- direction data sets at the level of the superior corona radiata.  

No significant differences are seen between the 55- and 33-direction groups. 

In figure 4, for the CB, the 55 direction data set is significantly higher than the 64-

direction and 33-direction datasets for the majority of the tract.  There are statistical 

difference between the 64- and 33-direction data sets anteriorly and posteriorly within the 

CB. 

In figure 5, for the SLF, the 55 direction data set is significantly higher than the 

64-direction and 33-direction datasets, while there is no significant difference between 

the 64- and 33-direction data. 

In figure 6, for the ACR, significant differences are seen among all the datasets 

along the course of the entire tract. 
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In figure 7, for the UF, the 64 direction data set is significantly lower than the 55- 

and 33-direction data posteriorly.  No significant differences are seen between the 55-

direction and 33-direction data. 

In contradistinction, Figures 8-13 illustrate the local variance measure for each 

cross-sectional ROI for the three groups of each white matter pathway.  No significant 

differences were identified among the three groups for any cross-sectional ROI for each 

white matter pathway (i.e. p > 0.05 for all tracts and ROIs). 

4. Discussion 

It is widely disputed whether scan parameters influence DTI measurements such 

as FA. While it has been shown that the greater the number of gradient directions yield 

more accurate the FA measurement, it is known that there are limited improvements in 

accuracy beyond 30 gradient directions37,38. However, these studies compare the 

differences in FA measurement within the same scanner hardware and sequence, only 

varying the number of gradient directions. For example, Lebel et al. found that in an 

examination of 11 healthy volunteers collected on a 1.5T scanner for directions of 6, 30, 

and 60 found that even though the 6-direction data set proves to be comparable to the 30 

and 60 directions, the greater the number of directions has its advantages in probabilistic 

tractography and resolving cross fibers39. However, other studies that suggest that 

parameters do not influence DTI measurements40. Ni et al. specifically found that the 

difference of parameters between 6 directions, 21 directions, and 31 directions had no 

effect on the FA values40.    

Our results suggest that there is a systemic impact on sequence parameters, such 

as gradient directions, slice thickness, and voxel size, and also hardware.  Interestingly, 

the impact of sequence parameters and hardware vary for different white matter pathways 

and also cross sectional location within a tract.  As a result, combining or comparing DTI 

datasets collected on different scanners or with different scan parameters would be 

methodologically invalid. 

The variability that exists between different parameters poses a problem for 

comparing patients if large previously collected normal datasets do not exist. In order for 

there to be a comparable data set, the single subject must match to the control group in 
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demographics and co-morbidities. This is hard to do given the amount of variability that 

can occur between different subjects.  

The results from this study suggest an alternate approach to assessing white 

matter integrity to the best of our knowledge not previously considered. Previously, 

studies use ROIs of different metrics such as FA and MD to define the white matter 

throughout the tract. Here we show that local variance of white matter integrity along the 

course of the tract demonstrates a degree of homogeneity and this homogeneity along the 

course of a tract appears scanner and sequence independent.  Using this approach, no 

significant differences were found for any of the white matter tracts among the three data 

sets. 

A prior study examined neighborhood-based texture measures41. Our studies are 

similar because we are both measuring within the gradient of the white matter tract 

instead of using scalar measures such as FA, MD, and RD.  However, the neighborhood-

based texture measure still requires a normal database for comparison.  Given the relative 

homogeneity along the course of the tract demonstrated in our study in normal 

individuals, focal pathology will likely demonstrate a deviation from this relative 

homogeneity. As a result, it may be possible to apply this approach to single-subject 

analysis of focal or multi-focal disease without the need for a normative control database.  

These results show that the degree of homogeneity of each tract is similar among 

datasets collected with varying sequence parameters and hardware (including vendor, 

head coil, and field strength).  As a result, it may be possible to combine normative or 

research datasets across different platforms if the data is assessed in the fashion.  

There are a number of limitations to note.  First, the sample size is for the 33-

direction data set is relatively small. Furthermore, the study would be optimized if the 

same patients were identical for all three datasets. The data analysis approach was chosen 

to mimic typical ROI analysis schemes; however, a more continuous measure along the  

course of the tract using tractography would yield more data and illustrate the degree of 

homogeneity continuously along the tract as opposed to evenly spaces cross sections. 

Future directions include assessing the approach in a patient population and 

repeating the analysis in a prospective fashion on a larger normative dataset.  These 
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studies will help elucidate if the local variance approach to DTI analysis is suitable for 

individual clinical use. 

 
Figures and Tables 

  
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Description of how the local variance metric is calculated in this example of the local variance of 
the posterior limb of the internal capsule.  The in-plane variance from the measurement slice is averaged 
with the out-of-plane variance measured by the ROIs of previous and subsequent slice. 
 
 

 
 
Figure 2: Plot of Fractional Anisotropy (FA) values within cross sections of the Corpus Callosum going 
anterior to posterior for each data set.  The 33-direction data is significantly lower than both the 55-
direction and 64-direction data.  The posterior body of the CC demonstrates a significant difference 
between the 55-direction and 64-direction datasets. 
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Figure 3: Plot of Fractional Anisotropy (FA) values within cross sections of the Corticospinal Tract going 
superior to inferior for each data set.  There is a significant difference between the 64-direction data sets 
and the 55- and 33- direction data sets at the level of the superior corona radiata.  No significant differences 
are seen between the 55- and 33-direction groups. 
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Figure 4: Plot of Fractional Anisotropy (FA) values within cross sections of the Cingulum Bundle (CB) 
going anterior to posterior for each data set.  The 55 direction data set is significantly higher than the 64-
direction and 33-direction datasets for the majority of the tract.  There are statistical difference between the 
64- and 33-direction data sets anteriorly and posteriorly within the CB. 
 

Figure 5: Plot of Fractional Anisotropy (FA) values within cross sections of the Superior Longitudinal 
Fasciculus (SLF) going anterior to posterior for each data set.  The 55 direction data set is significantly 
higher than the 64-direction and 33-direction datasets, while there is no significant difference between the 
64- and 33-direction data. 
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Figure 6: Plot of Fractional Anisotropy (FA) values within cross sections of the Anterior Corona Radiata 
(ACR) going anterior to posterior for each data set.  Significant differences are seen among all the datasets 
along the course of the entire tract. 
 

 

 
Figure 7: Plot of Fractional Anisotropy (FA) values within cross sections of the Uncinate Fasciculus (UF) 
going anterior to posterior for each data set.  The 64 direction data set is significantly lower than the 55- 
and 33-direction data posteriorly.  No significant difference are seen between the 55-direction and 33-
direction data. 
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Figure 8: Plot of local variance across the Corpus Callosum 

 
 

 
Figure 9: Plot of local variance across the Corticospinal tract  
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Figure 10: Plot of local variance across the Cingulum Bundle 

 

 

Figure 11: Plot of local variance across the Superior Longitudinal Fasciculus   
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Figure 12: Plot of local variance across the Anterior Corona Radiata 

 

Figure 13: Plot of local variance across the Uncinate Fasciculus 
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Table 1 
P-values for Corpus Callosum FA ROIs

 
 
Table 2 
P-values for Corticospinal Tract FA ROIs 

 
 
Table 3 
P-values for Cingulum Bundle FA ROIs 

 
 
Table 4 
P-values for Superior Longitudinal Fasciculus FA ROIs 

 
 
Table 5 
P-values for Anterior Corona Radiata FA ROIs 

 
 
Table 6 
P-values for Uncinate Fasciculus FA ROIs 

 
  

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
55 vs 33 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04 0.18 0.00 0.08
55 vs 64 0.39 0.00 0.08 0.31 0.70 0.05 0.37 0.06 0.00 0.00 0.01 0.44 0.69 0.05 0.00
64 vs 33 0.00 0.26 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.02 0.12 0.13 0.61

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
55 vs 33 0.00 0.44 0.96 0.48 0.20 0.02 0.20 0.99 0.11 0.10 0.60 0.23 0.07 0.11 0.84 0.97
55 vs 64 0.59 0.07 0.16 0.07 0.04 0.36 0.00 0.00 0.48 0.00 0.31 0.00 0.00 0.46 0.00 0.00
64 vs 33 0.00 0.11 0.33 0.64 0.99 0.00 0.00 0.00 0.05 0.00 0.26 0.31 0.94 0.04 0.01 0.00

1 2 3 4 5 6 7 8
55 vs 33 0.15 0.00 0.01 0.05 0.00 0.04 0.02 0.00
55 vs 64 0.06 0.88 0.00 0.00 0.00 0.12 0.00 0.00
64 vs 33 0.62 0.00 0.49 0.53 0.01 0.09 0.40 0.90

1 2 3 4 5 6 7 8
55 vs 33 0.02 0.51 0.00 0.03 0.08 0.02 0.34 0.09
55 vs 64 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
64 vs 33 0.39 0.46 0.99 0.13 0.28 0.88 0.20 0.03

1 2 3 4 5 6
55 vs 33 0.33 0.02 0.00 0.12 0.01 0.04
55 vs 64 0.00 0.00 0.00 0.00 0.00 0.00
64 vs 33 0.72 0.44 0.48 0.89 0.43 0.40

1 2 3 4 5 6 7 8
55 vs 33 0.65 0.53 0.95 0.64 0.58 0.58 0.83 0.56
55 vs 64 0.03 0.00 0.42 0.05 0.00 0.05 0.00 0.00
64 vs 33 0.71 0.21 0.62 0.55 0.09 0.04 0.00 0.12
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