
Original Research

White Matter Changes in Primary Dystonia
Determined by 2D Distribution Analysis
of Diffusion Tensor Images

An Vo, PhD,1 David Eidelberg, MD,1 and Aziz M. Uluǧ, PhD1,2*

Purpose: To determine brain tissue affected by dystonia
by making group comparison of parameter-based diffu-
sion tensor imaging (DTI) distributions of patients with
control subjects. A 2D distribution analysis of mean diffu-
sivity and fractional anisotropy index was used for model-
ing brain tissues according to the inherent diffusion
characteristics.

Materials and Methods: Seven affected carriers of the
DYT1 dystonia mutation and eight healthy control sub-
jects were imaged for a previous study. We employed a 2D
distribution analysis of all the diffusion voxels and a four
compartmental brain model for group comparison of the
dystonia subjects and controls.

Results: Our analysis showed disease involvement in the
white matter of the patients. Excellent tissue characteri-
zation was achieved automatically using the 2D distribu-
tion analysis based on a physical brain model.

Conclusion: This 2D analysis implicated white matter in
dystonia and could be useful as a screening tool in dis-
eases with unknown pathologies.
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DIFFUSION TENSOR IMAGING (DTI) has been used
extensively to investigate the properties of brain tis-
sues at different levels of architectural organization
and to diagnose many diseases (1,2). The most com-
monly used DTI parameters are mean diffusivity (MD
or Dav) and fractional anisotropy index (FA).

Previously, studies investigated the use of DTI to
characterize normal and pathological tissues (3–7)
according to the diffusion characteristics. In these
studies, whole-brain mean diffusivity histograms were

obtained from the entire brain. The whole-brain histo-
gram data can be modeled by three (3,5,7) compart-
ments each described by a one-dimensional (1D)
Gaussian function. The first compartment represents
the brain tissue consisting of white and gray matter.
The second compartment is brain tissue mixed with
cerebrospinal fluid (CSF) (ie, partial volume compart-
ment) and the third compartment consists of CSF.
One disadvantage of this 1D modeling utilizing only
the average diffusion constant is that white and gray
matter cannot be distinguished from each other since
average diffusion constants of these are similar. In
order to differentiate white and gray matter, a whole-
brain FA histogram can be used instead. But there is
still a considerable overlap of FA values in these tis-
sue types, and usually prior to the distribution analy-
sis, segmentation of the brain is necessary using an
additional image set T1-weighted registered to the DTI
images. The prior removing of CSF voxels may also be
necessary by using the additional image set.

Despite its limitations, 1D whole-brain diffusion
histograms have been used extensively in the past,
including in studies of breast imaging (8), aging
(3,9,10), multiple sclerosis (4), brain maturation
(5,11), traumatic brain injury (12–14), intracranial
hemorrhage (15), lupus (7,16), chemoirradiation dam-
age (17), Parkinson’s disease (18), and Batten’s
disease (19). A distribution analysis tool that can
differentiate the tissues according to the inherent
diffusion characteristics (5,20–22) can be useful,
especially in the diseases that cause microstructural
damage, or have a nonfocal disease burden.

2D histogram analysis of DTI has been used previ-
ously to segment white and gray matter (WM and GM)
(23). In that work, each tissue class (WM, GM, and
CSF) was assumed to be modeled by a 2D Gaussian
surface. In another work that used DTI for tissue seg-
mentation (24), mean diffusivity was used to classify
CSF and non-CSF tissue, and FA was used to classify
WM and non-WM tissues.

In this study we used 2D distribution analysis of
DTIs with a four-compartmental physical brain model
(WM, GM, CSF, and mixture). Each tissue class was
also modeled by a 2D Gaussian function. FA and dif-
fusion constant information from each voxel were
determined and used concurrently in four 2D
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Gaussians describing the tissue types. The analysis
included a fourth compartment (mixture) to account
for partial-volume voxels as well as pathology.

We applied this 2D distribution analysis on
previously acquired DTI data from carriers of DYT1
mutation for primary dystonia (25). Clinical magnetic
resonance imaging (MRI) of dystonia subjects nor-
mally do not show any pathology. Primary dystonia is
a brain disorder in which affected individuals exhibit
abnormal involuntary twisting movements and abnor-
mal postures of the trunk and limbs (26). Hereditary
dystonia has been associated with over 10 distinct
genetic mutations. The DYT1 mutation is the most
common of these and is inherited as an autosomal
dominant trait, with a clinical penetrance rate of
�30%. Although the pathology of hereditary dystonias
is not completely understood, the disorder is thought
to involve abnormalities of neural pathways linking
the cerebellum to the basal ganglia-thalamo-cortical
motor regions (25,27,28). To demonstrate the applic-
ability of this method to the investigation of brain
diseases, the fitted parameters of the four-compart-
ment brain model were used for comparison of DYT1
gene carriers and control subjects. We also segmented
brain tissue according to the diffusion characteristics
to look for obvious pathology.

MATERIALS AND METHODS

2D Gaussian Functions

We used a 2D Gaussian function of both Dav and FA
to model a brain compartment of a single tissue type.
A 2D distribution of the entire brain is then fitted
using four 2D Gaussian functions describing the WM,
GM, CSF, and partial volume/mixture compartment
as:

f ðDav;FAÞ ¼ K
X4

i¼1

Cið2pÞ�1 detðV iÞ�
1
2

� exp �1

2
½Dav � Di FA � FAi �V

�1

i

Dav � Di

FA � FAi

� �� �
; ½1�

where for each compartment i,

V i ¼
V11 V12

V21 V22

� �
i

½2�

is the 2 � 2 covariance matrix of each Gaussian func-
tion.

V11 ¼ EðD2
avÞ � ðEðDavÞÞ2;

V12 ¼ V21 ¼ EðDavFAÞ � EðDavÞEðFAÞ; and

V22 ¼ EðFA2Þ � ðEðFAÞÞ2
½3�

where EðX Þ ¼
P

n xnPðxnÞ is the expected value of vari-
able X (the estimate of population mean based on the
model); xn is the outcome with probability P(xn). K is
the total number of brain voxels in the distribution.
Four 2D Gaussian functions (i ¼1,2,3,4) represent
WM, GM, CSF, and mixture compartments, respec-
tively. Using the above Eq. [1], 2D distribution can be

modeled by parameters of fCi ;Di ;FAi ;V ig, where
i ¼ 1,2,3,4, and

P4
i¼1 Ci ¼ 1.

For each compartment i, Ci represents the propor-
tion of volume in that compartment; Di and FAi are
the mean values of Dav and FA.

Parameter Estimation Using EM Algorithm

Each pair value of Dav and FA at a given voxel is con-
sidered to be a 2D vector observation xðkÞ. Hence, the
dataset X ¼ fxð1Þ; . . . ; xðNÞg contains N 2D vector
observations, where N is the number of voxels of the
3D Dav and FA maps. We assume that each data point
xðkÞ is independent and identically distributed (i.i.d:
each data point is a random variable which has the
same probability distribution as the others and all are
mutually independent):

f ðx n PÞ ¼ K
X4

i¼1

Cifiðx n piÞ; ½4�

where P ¼ {C1, C2, C3, C4, p1, p2, p3, p4}. Each compo-
nent is a 2D Gaussian function with its own parame-
ters pi ¼ fmi ;V ig as follows:

fiðx n piÞ ¼ ð2pÞ�1 detðV iÞ�
1
2 exp �1

2
ðx � miÞ

TV
�1
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where x ¼
�
Dav

FA

�
, m ¼

�
Di

FAi

�
, and T is the transpose

operation. Expectation maximization algorithm (EM)
(29–31, http://www1.aston.ac.uk/eas/research/
groups/ncrg/resources/netlab/), is an iterative opti-
mization method to estimate unknown parameters P,
given observation data X. Unknown parameters P are
obtained by maximizing their posterior probability
given the data X as follows:

P� ¼ arg max
P

f ðP n X Þ: ½6�

Data Acquisition

DTIs were collected from seven affected carriers of the
DYT1 dystonia mutation (four males, three females,
age 46.8 6 15.4) and eight healthy control subjects
(five males, three females, age 39.7 6 19.3). Images
were acquired with a 3T GE whole-body MR scanner
with an 8-channel head coil in parallel imaging mode
with an acceleration factor of 2 (25). A single-shot
spin-echo EPI sequence was used, with one image
without diffusion weighting and 55 isotropically dis-
tributed diffusion gradient directions. The b-value in
the diffusion-weighted images was 1000 s/mm2 (¼1
msec/mm2). The DTI protocol included 72 slices of 1.8
mm thickness, field of view (FOV) of 230 mm, image
matrix was 128 � 128 zero-filled to 256 � 256. TE
was 68.3 msec and TR was 7000 msec. The nominal
image resolution was (0.9 � 0.9 � 1.8) mm3.

Data Analysis

After DTI data acquisition, diffusion images
were processed using FSL routines (http://
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www.fmrib.ox.ac.uk/fsl/). First, eddy current correc-
tion using affine registration to the b0 (b ¼ 0) image
was applied to all DTIs for correction of eddy current
distortions and simple head motion. Next, we used
the brain extraction tool (BET) of FSL to remove non-
brain tissue such as the skull in b0 image and to cre-
ate a brain mask. Using the eddy current corrected
DTI scans and the brain mask, we calculated Dav

(¼Trace/3) and FA maps for all brain voxels.

2D Distribution Analysis

Using a physical diffusion brain model of four compart-
ments (WM, GM, CSF, and mixture compartment), 2D
distribution was fitted using four 2D Gaussian func-
tions as described above. Parameters of 2D distribution
were fitted using the EM algorithm (http://www1.aston.
ac.uk/eas/research/groups/ncrg/ resources/netlab/).
Diffusion Dav was measured between 0 and 5 mm2/ms
and FA was defined between 0 and 1.

Group Comparison

Diffusion tensor data for each subject was modeled by
25 parameters (24 free parameters since

P
Ci ¼ 1): {K,

Ci, Di, FAi, V11,V12, V22, and i ¼ 1,2,3,4. We computed
the mean and standard deviation of parameters in
each group. Two-tailed t-test was used to determine
the significance of the group differences. The thresh-
old for significance was set at P < 0.05. To account
for false positives due to multiple comparisons of the
three parameters in each compartment, we utilized
Bonferroni correction in determining significance.

We used the covariance matrix V i as a first step to
implicate the compartments in the dystonia group
that are significantly different from the controls. Then
we used the fitted diffusion parameters {Ci, Di, FAi} to
further discriminate the compartment involved in the
disease process.

Brain Segmentation Using 2D Distribution
of DTI Data

We segmented the four compartments using fitted 2D
distribution of DTI data as shown in Fig. 5 for a
control subject. With all obtained parameters
fCi ;Di ;FAi ;V ig, we performed classification for all
data points X ¼ fxð1Þ; . . . ; xðNÞg. A data point
xðkÞ ¼ ½DavðkÞ;FAðkÞ�T of a voxel is determined to
belong to a compartment i when the contribution from
the ith compartment has the maximum contribution
to the voxel, ie, i ¼ arg max

j¼1;...;4
CjfjðxðkÞÞ.

In order to compare the brain segmentation results
using 2D distribution analysis with the common seg-
mentation method, we used a standard segmentation
tool (FAST) in FSL to segment b0 image with T2-
weighted contrast into three tissue types (GM, WM,
and CSF). This segmentation method is based on a
hidden Markov random field model and an associated
EM algorithm (32). In the b0 image, skull and non-
brain tissue were first removed by using the brain
extraction tool in FSL (33) before the segmentation.

1D and 2D Distribution Comparison

To compare the 2D distribution results with 1D distri-
bution analysis, we processed Dav of the healthy con-
trol subjects and the DYT1 carriers with 1D distribu-
tion analysis (3,5). Histograms of Dav are fitted to
three 1D Gaussian functions (5) as follows:

f ðDavÞ ¼
X3

i¼1

Wi exp � Dav � Di

si

� �2
" #

: ½7�

Each subject was modeled by nine parameters {Wi,
Di, si} where i¼1,2,3, including mean Di, standard
deviation si and weighting coefficients Wi correspond-
ing to three Gaussian functions of all compartments.
Figure 1 shows the 1D distribution of Dav fitted with
three 1D Gaussian functions (3,5).

RESULTS

Figure 2 shows the 2D distribution for each group.
Here, the 2D distribution data for the entire group
of subjects is visualized using a 2D histogram of
100 � 100 bins. The bin size is 0.05 mm2/ms � 0.01.
Figure 3 shows the average fitted contours of the indi-
vidual compartments for each group of subjects. We
calculated the parameters of the covariance matrix for
each compartment and summarized them in Table 1.
The fitted diffusion parameters of Ci, Di, FAi, when
i¼1,2,3,4, and the total number of brain voxels, K,
obtained from the two groups are summarized in
Table 2. Figure 4 shows standard segmentation (32)
of b0 image from a control subject. The four compart-
ments of the brain are also visualized by segmentation
in Fig. 5 using the 2D distribution of DTI data in the

Figure 1. Histogram of diffusion tensor data Dav and fitted
1D distribution using three 1D Gaussian functions. The his-
togram bin size is 0.02 mm2/ms. The black dots are data
points from the histogram bins. The red line is the overall fit
to the data. D1 is the mean and s1 is the standard deviation
of the first compartment. The means of the second compart-
ment (D2) and the third compartment (D3) are also shown.
[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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same control subject of Fig. 4. The segmented images
in Fig. 5 that depend on the diffusion characteristics
of the brain model visualized the basal ganglia struc-
tures better than the standard segmentation of b0

images which are shown in Fig. 4. Diffusion parame-
ters of the 1D distribution are summarized in Table 3.

Table 1 lists significant changes of the parameters
of the covariance matrix. The changes in the WM (V22,
P < 0.009 corrected) and the mixture compartments

(V11, P < 0.03 corrected) point to disease involvement
in these two compartments. Since V22 is the variance
of FA, the significant change in V22 in the WM com-
partment points to a pathological process whereby
WM coherence is altered. V11 is the variance of Dav,
and V11 changes in the mixture compartment may
suggest a change in the composition of this compart-
ment. In addition, in the CSF compartment one
parameter of the covariance matrix was changed, but

Figure 3. The average fitted 2D Gaussian contours of the individual compartments for each group. The distribution of each
subject is decomposed into the individual compartments and then the average fitted parameters for each group are com-
puted. Top row shows the control group and bottom row is the dystonia DYT1 gene carrier group. Left to right: compartment
1 to compartment 4. Contour levels are included in the figure.

Figure 2. 2D distributions (FA, Dav) of subject groups are shown. Here the 2D distribution data for the entire group of
subjects is visualized using a 2D histogram of 100 � 100 bins. The bin size is 0.05 mm2/ms � 0.01. a: Control group.
b: Dystonia group.
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this change was not significant when corrected for
multiple comparisons.

Table 2 points to a significant increase in D1 and
decrease in FA1 in the WM compartment of the dysto-
nia group when compared with the controls. There
were no significant group differences in the GM and
CSF compartments, suggesting that DYT1 dystonia is
associated with WM changes. When corrected for mul-
tiple comparisons in each compartment, FA1 is still
significantly different in the patient group (P < 0.03,
corrected) when compared to the control group. There
were also significant changes in the mixture compart-
ment similar to those observed in the WM compart-
ment (Di and FAi). These changes were not significant
when Bonferroni corrected.

The 1D analysis only showed a significant change
in s2 in the mixture compartment (P < 0.03), and a
marginal increase (P ¼ 0.09, two-tailed t-test) in the
first compartment diffusion value (Table 3). When cor-
rected for multiple comparisons, the change in s2 was
not significant (P < 0.09, corrected).

DISCUSSION

There are significant differences between the dystonia
and normal groups in terms of the measured parame-
ters (Tables 1, 2). When corrected for multiple com-
parisons the covariance matrix parameters (Table 1)
point to pathological changes in the WM compartment
and mixture compartment. Further changes in Table
2 point to the WM as the only significantly different
compartment when corrected for multiple compari-
sons (FA1, P < 0.01, corrected). In the first compart-
ment (WM) the D1 of dystonia group is marginally
increased, and the FA1 decreased when compared
with the control group. This result suggests WM
involvement in DYT1 dystonia, where subtle damage
to the fiber tracts became evident in the group analy-
sis. Similarly, the mixture compartment shows D4

increase and FA4 decrease. Although these (D4 and
FA4) changes are not significant when corrected for
multiple comparisons, these results may suggest
some evidence for pathological tissue in the patient
group since the brain model will classify any tissue

Table 2

Fitted Parameters of the 2D Distribution of Diffusion Tensor Data

Model parameters

Control group (n ¼ 8)

mean 6 SD

DYT1 group (n ¼ 7)

mean 6 SD P

K 1048190 6 71369 1107479 6 175438 ns

First compartment C1 0.395 6 0.016 0.397 6 0.032 ns

(White matter) D1 0.766 6 0.022 0.791 6 0.031 0.05

FA1 0.406 6 0.011 0.393 6 0.009 0.01*

Second compartment C2 0.338 6 0.038 0.321 6 0.029 ns

(Gray matter) D2 0.848 6 0.015 0.839 6 0.027 ns

FA2 0.167 6 0.007 0.170 6 0.007 ns

Third compartment C3 0.195 6 0.048 0.209 6 0.049 ns

(CSF) D3 1.922 6 0.082 1.817 6 0.306 ns

FA3 0.089 6 0.010 0.084 6 0.005 ns

Mixture compartment C4 0.072 6 0.018 0.073 6 0.011 ns

(White þ gray þ CSF) D4 1.428 6 0.171 1.760 6 0.368 0.02

FA4 0.256 6 0.037 0.216 6 0.047 0.04

Diffusion constants (Di) were measured in (mm2/ms) and FA is defined between 0 and 1. K is the number of voxels used in the analysis in

each subject. Ci is the proportion of voxels in the given compartment. Di is the mean of average diffusion constant and FAi is the mean of

FA in a given compartment.

*Significant after the Bonferroni correction.

Table 1

Fitted Parameters of the Covariance Matrix of Each 2D Gaussian Function

Model parameters

Control group (n ¼ 8)

mean 6 SD

DYT1 group (n ¼ 7)

mean 6 SD P

First compartment V11 0.019 6 0.0062 0.024 6 0.0116 ns

(White matter) V12 �0.006 6 0.0022 �0.007 6 0.0050 ns

V22 0.028 6 0.0011 0.026 6 0.0014 0.003*

Second compartment V11 0.033 6 0.0063 0.033 6 0.0039 ns

(Gray matter) V12 �0.006 6 0.0012 �0.006 6 0.0006 ns

V22 0.004 6 0.0003 0.004 6 0.0002 ns

Third compartment V11 0.539 6 0.0580 0.465 6 0.0776 0.03

(CSF) V12 0.001 6 0.0010 0.001 6 0.0016 ns

V22 0.001 6 0.0003 0.001 6 0.0002 ns

Mixture compartment V11 0.356 6 0.0849 0.500 6 0.1299 0.01*

(White þ gray þ CSF) V12 �0.036 6 0.0186 �0.039 6 0.0151 ns

V22 0.016 6 0.0069 0.013 6 0.0083 ns

*Significant after the Bonferroni correction in each compartment.

2D Distribution Analysis of Dystonia DTI Data 63



that cannot be identified as WM, GM, or CSF as part
of the mixture compartment.

Table 3 shows the 1D distribution analysis results.
The D1 increase in the first compartment, which
includes both WM and GM of the patient group, does
not reach significance. The 2D method where WM and
GM tissues can be separately investigated is more
sensitive to pathological changes than the 1D distri-
bution analysis. The change in the second compart-
ment, which is the mixture compartment of the 1D
distribution analysis, is in agreement with the 2D
analysis mixture compartment and may be evidence
for the existence of pathological tissue that has differ-
ent inherent diffusion properties than WM and GM.
Similar to the 2D distribution analysis, in the 1D dis-
tribution analysis voxels which cannot be classified as
brain tissue (WM and GM) and CSF will be included
in the mixture compartment. This finding is not sig-
nificant when Bonferroni correction is applied.

Figure 5 provides visual confirmation of the physi-
cal diffusion brain model of the four compartments.

The 2D distribution analysis-based segmented images
display excellent tissue classification. Figure 4 shows
segmented images using the standard segmentation
method (32) based on b0 (T2-weighted contrast)
images used for the same subject as in Fig. 5. The
segmented images that depend on the diffusion char-
acteristics of the brain model are better than the seg-
mentation of b0 images especially in the basal ganglia
structures. In addition to the three tissue types, the
brain model-based segmented images visualized a
fourth compartment of mixture mainly around the
ventricles. Although in Fig. 5 the fourth compartment
visualized only the voxels with considerable partial-
volume content as designed, the fourth compartment
can also be useful in visualizing pathological voxels
where the diffusion characteristics were significantly
different than WM and GM.

In the 1D distribution of Dav, each subject was
modeled by nine parameters. When these nine param-
eters of the model of dystonia group were compared
with the control group (Table 3) there was, however,

Figure 4. b0 (T2-weighted contrast) image of a control subject (same subject as in Fig. 5) was segmented using FAST seg-
mentation algorithm in FSL (32). The first compartment (white matter) is shown in green, the second (gray matter) in yellow,
the third (CSF) in blue. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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only one significant feature (s2) with P < 0.05. With
the 2D distribution, we obtained seven significantly
different features with P < 0.05. When Bonferroni cor-
rection was applied in each compartment, there were
no significantly different features in the 1D analysis,

and one significant feature in the 2D analysis pointing
to WM involvement in the dystonia group. The covari-
ance matrix also has two significant features after
Bonferroni correction pointing to WM involvement and
changes in the mixture compartment. It is clear that

Figure 5. Segmentation results of a control subject using the 2D distribution of diffusion tensor imaging data and the brain
model are shown. The first compartment (white matter) is shown in green, the second (gray matter) in yellow, the third (CSF) in
blue, and the last (mixture) in red. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Table 3

Fitted Parameters of the 1D Distribution of Diffusion Tensor Data, Dav

Model

parameters

Control group (n ¼ 8)

mean 6 SD

DYT1 group (n ¼ 7)

mean 6 SD P

First compartment W1 42470 6 6436 42832 6 7463 ns

(Brain tissue: white and gray matter) D1 0.782 6 0.020 0.801 6 0.029 ns (P ¼ 0.09)

r1 0.182 6 0.015 0.186 6 0.024 ns

Second compartment W2 4649 6 1497 4218 6 977 ns

(Brain tissue and CSF) D2 1.181 6 0.091 1.213 6 0.138 ns

r2 0.380 6 0.084 0.537 6 0.195 0.03

Third compartment W3 2086 6 496 2077 6 663 ns

(CSF) D3 1.838 6 0.246 2.056 6 0.503 ns

r3 1.118 6 0.219 1.092 6 0.322 ns

Diffusion constants (Di) were measured in mm2/ms. 1D histograms were computed with 250 bins. The bin size is 0.02 mm2/ms.
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the 2D distribution analysis reveals more information
about the brain than the 1D histograms.

The results show that brain tissue can be charac-
terized by inherent diffusion parameters using distri-
bution analysis in 2D. This method provides excellent
segmentation based on the diffusion parameters. We
found considerable differences between the two
groups studied in terms of the parameters measured,
pointing to a clear WM involvement in dystonia. Con-
sidering that dystonia is not known to affect the brain
globally, this finding is significant and is compatible
with the presence of highly localized tract-specific
changes on DTI scans (25,28,34).

In conclusion, we described a 2D distribution analy-
sis of the DTI data. We investigated the utility of the
proposed methodology in a group of dystonia patients
carrying the disease-related DYT1 mutation. The anal-
ysis showed WM involvement in this disease. Excel-
lent tissue characterization was achieved automati-
cally using the 2D distribution analysis based on a
physical brain model. This completely automated
analysis can help in aiding the diagnosis of dystonia
and in elucidating the pathophysiology of this disor-
der. We expect this 2D analysis to be useful as a
screening tool in diseases with unknown pathologies,
such as neuropsychiatric disorders, that can point to
brain tissue with possible disease involvement.
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