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Abstract
Diffusion tensor imaging (DTI) is a sensitive tool for the assessment of microstructural alter-

ations in brain white matter (WM). We propose a new processing technique to detect, local

and global longitudinal changes of diffusivity metrics, in homologous regions along WM

fiber-bundles. To this end, a reliable and automatic processing pipeline was developed in

three steps: 1) co-registration and diffusion metrics computation, 2) tractography, bundle

extraction and processing, and 3) longitudinal fiber-bundle analysis. The last step was

based on an original Gaussian mixture model providing a fine analysis of fiber-bundle

cross-sections, and allowing a sensitive detection of longitudinal changes along fibers.

This method was tested on simulated and clinical data. High levels of F-Measure were

obtained on simulated data. Experiments on cortico-spinal tract and inferior fronto-occipital

fasciculi of five patients with Multiple Sclerosis (MS) included in a weekly follow-up protocol

highlighted the greater sensitivity of this fiber scale approach to detect small longitudinal

alterations.

Introduction
Amajor challenge of neuroimaging research consists in identifying new markers that can accu-
rately characterize pathological processes and predict clinical outcomes. Achieving this goal is
particularly crucial in Multiple Sclerosis (MS), the primary cause of neurological disability in
young adults and remains without well-known etiology [1]. MS is a chronic demyelinating
inflammatory disease of the central nervous system, characterized by white matter (WM)
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lesions that are well detected by conventional MRI. However, T2 lesion load is moderately cor-
related with the patient clinical status leading to the development of more sensitive techniques
such as diffusion tensor imaging (DTI).

DTI is a promising technique for white matter WM fiber-tracking and microstructural char-
acterization of axonal/neuronal integrity and connectivity. By measuring water molecules
motion in the three directions of space, numerous parametric maps can be reconstructed based
on eigenvalues of the diffusion tensor. Among these, fractional anisotropy (FA), mean diffusiv-
ity (MD), and axial (λa) and radial (λr) diffusivities have extensively been used to investigate
brain diseases [2, 3, 4, 5] such as stroke [6, 7], Parkinson disease [8, 9], brain tumors [10, 11]
and also normal aging [12, 13]. In MS, DTI has proved to be sensitive enough to detect micro-
scopic changes occurring in WM lesions, normal appearing white matter (NAWM) and sub-
cortical grey matter (GM). Indeed, several studies have demonstrated higher MD and lower FA
in lesions when compared to NAWM of MS patients [14, 15, 16] and to NAWM of healthy
controls [17, 18]. In contrast, FA was increased in subcortical GM structures such as the cau-
date nuclei and thalami of MS patients that are supposed to reflect dendritic neurodegeneration
mechanisms [19]. Overall, these findings demonstrated that WM and GM tissues are subjected
to numerous microstructural alterations in MS. However, it remains unclear whether these tis-
sue alterations result from global processes, such as inflammatory cascades and/or neurodegen-
erative mechanisms, or local inflammatory and/or demyelinating lesions. Furthermore, these
pathological events may occur along afferent or efferent WM fiber pathways, leading to antero-
or retrograde degeneration [20]. Thus, for a better understanding of MS pathological processes
spatial progression, an accurate and sensitive characterization of WM fibers along their path-
ways is needed.

By merging the spatial information of fiber tracking [21] with the diffusion metrics derived
from the tensor, WM fiber-bundles could be modeled and analyzed along their profile. Such
signal analysis of WM fibers can be performed by several methods providing either semi- or
automated extraction of WM fiber-bundles. Semi-automated algorithms consisted in a manual
extraction of the bundle by defining a set of regions of interest (ROIs) [22, 23, 24] based on
neuroanatomical knowledge. However, this task usually performed by an expert is time con-
suming and operator dependent. In order to overcome such limitations, fully automated algo-
rithms have been implemented [25, 26]. These methods enable systematic, large-scale analysis
of fiber bundles in large subject populations. However they remain relatively insensitive to
changes affecting only a small portion of fibers within a bundle.

In this work, we introduce an automated method for the analysis of WM fascicles from DTI
data, and the detection of small longitudinal changes along the fiber-tracts. Based on a Gauss-
ian mixture model, this method provides a fine cross-sectional fiber-bundle analysis allowing
the differentiation of “changed” and “unchanged” fibers of the bundle.

Material and Methods

Subjects
Five relapsing-remitting (RR) MS patients (4 women and 1 man, mean (±SD) age: 36.8 ± 9.5
years; media disease duration: 4.24y; max 16.5 y) (median EDSS = 2.5, range = [0–4]) and one
healthy control (HC) subject (age: 24 years) were included in this study. Inclusion criteria spec-
ified that studied patients were diagnosed as RR MS and present at least one new Gadolinium-
enhancing lesion during the six months preceding study enrollment. All patients were not
treated with disease modifying drugs for at least one year before inclusion in the study, and
remained untreated during the study period. In order to limit the nephrogenic damage risks
associated to Gadolinium injection, creatinine clearance was checked every 2 weeks after
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inclusion. A clearance higher than 60ml/min was an exclusion criterion. This study was
approved by the local ethics committee (CPP Lyon Sud-Est IV) and the French national agency
for medicines and health products safety (ANSM). Written informed consents were obtained
from all patients and control subjects prior to study initiation.

MRI protocol
All subjects underwent a weekly examination for a period of two months (8 time-points from
W1 to W8). MRI protocol included a DTI and a FLAIR acquisition, that were performed on a
3T Philips Achieva system (Philips Healthcare, Best, The Netherlands) with a 16-channels
head-coil. The DTI image set consisted in the acquisition of 60 contiguous 2mm-thick slices
parallel to the bi-commissural plane (AC-PC), and were acquired using a 2D Echo-Planar
Imaging (EPI) sequence (TE/TR = 60/8210 ms, FOV = 224x224x120 mm) with 32 gradient
directions (b = 1000 s.mm-2). The nominal voxel size at acquisition (2x2x2 mm) was interpo-
lated to 0.875x0.875x2 mm after reconstruction. The FLAIR Vista 3D sequence (TE/TR/
TI = 356/8000/2400 ms, FOV = 180x250x250 mm) consisted in the acquisition of 576 slices of
0.43 mm thickness oriented in the AC-PC axis with a nominal voxel size of 0.6x0.43x0.43 mm.

Longitudinal variations simulation. Two time-points of the control subject (W1 and
W2) were used to simulate longitudinal variations. 120 different lesions were simulated on the
control subject’s FA maps obtained at W2. All the lesions were generated in 6 different fiber-
bundles, namely, left and right, Cortico-spinal tract, inferior-fronto occipital fasciculi and for-
ceps major and minor of corpus callosum extracted from the atlas [27]. Small spherical varia-
tions (radius of 2 voxels) of FA values were generated according to the following equation: FA
(x) = α�FA(x) where α (called reduction coefficient) varies from 0 to 1, and x is a voxel belong-
ing to the spherical region.

Longitudinal fiber-bundle analysis methods
The processing pipeline of DTI data is composed of three steps: 1) co-registration and diffusion
metrics computation, 2) tractography bundle extraction and processing, and 3) longitudinal
fiber-bundle analysis (Fig 1). In the following, we assume that each subject underwent a longi-
tudinal DTI examination. Each longitudinal acquisition is composed of k time-points from 1
(W1) to k (Wk).

Co-registration and diffusion metrics computation. Diffusion images were processed
using the FMRIB software Library (FSL) [28]. Eddy current correction was first applied on the
diffusion volumes using the b0 volume (b = 0 s.mm-2) as reference. The tensor model was then
fitted using the FDT module of FSL

Longitudinal data co-registration was performed using the method described in (Keihanine-
jad et al., 2013) based on DTI ToolKit (DTI-TK) including the following procedures: 1) genera-
tion of a patient specific template obtained from longitudinal diffusion tensor images, 2) co-
registration of the resulting template to the Illinois Institute of Technology (IIT) atlas (Varent-
sova et al., 2014), and 3) co-registration of each time-point data into the IIT atlas space by
applying the previously obtained transformations to the initial longitudinal data. The resulting
images were then used to compute diffusion metrics maps (FA, MD, . . .).

Tractography, bundle extraction and processing. Probabilistic streamline tractography
was performed using MRTrix [29] based on the fiber orientation density (FOD) information of
the IIT Atlas. Twenty fiber bundles were extracted using 20 ROIs of the JHU atlas [27] as seed
and mask.

Before the extraction of diffusion metrics, each fiber-bundle underwent a three-steps pro-
cessing pipeline. The first step consisted in defining the start and end points of each fiber
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Fig 1. General overview of the processing pipeline for fiber-bundles longitudinal analysis. 1) Co-registration and
diffusion metrics computation: DTI data were longitudinally co-registered and diffusion metrics were computed, 2)
Tractography, bundle extraction and processing, 3) Longitudinal fiber-bundle analysis using both “mean” and “histogram”

methods.

doi:10.1371/journal.pone.0156405.g001
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within the bundle. A classical K-Means algorithm [30] was applied to the extracted raw fiber-
bundle to generate two different clusters, R1 for the starting points and R2 for the ending
points. Fiber points were reordered from R1 to R2 and fibers that did not link the two clusters
were automatically removed. In a second step we resampled each fiber with c = 100 equidistant
points (also called nodes). The third and last step consisted in the removal of fibers that were
too distant from the center of the fiber-bundle. The mean fiber of the entire bundle was first
computed using the method described by Klein and coworkers [31]. Let F be a fiber-bundle
F = {f1, f2, � � �, fm} composed ofm fibers of 100 points each, such as fi = {p1, � � �, p100} 1�i� c,
pq = (xq,yq,zq) and letMF = {(pμ,1, pσ,1),. . .,(pμ,c, pσ,c)} be the mean skeleton of the fiber-bundle
where pμ,i and pσ,i 1�i� c represent respectively the mean and the standard deviation (SD) of
computed from every point belong to the i-th cross-section. A fiber fot was considered an “out-
lier” if it contains at least one point pr that was more than 3 SD away from the corresponding
node in the mean fiber.

The last step consisted in the automatic extraction of the diffusion metrics from the fiber-
bundle. Based on the resampled fibers, each fiber point (xi,yi,zi) was associated with the diffusion
metric value of its corresponding voxel. Thus, every point of the fiber-bundle was associated
with a set of diffusion metrics values allowing the characterization of the diffusion properties of
the entire bundle. In this report, we focused on the FA metric, but the method is designed for
any diffusion metrics that can be derived from the tensor.

Longitudinal fiber-bundle analysis. Previous fiber-tract profile approaches [23, 25, 22,
32] were based on representing diffusion metrics along a given fiber-bundle by averaging the
signal value at every cross-section of the bundle. This “mean” approach allowed first, to repre-
sent the mean and SD of any diffusion metric and second, to detect any changes along the
fiber-bundle, as illustrated in Fig 2.

In order to improve the sensitivity of the “mean” approach to detect small pathological
changes along a fiber-bundle, the following “histogram” approach was developed. The histo-
gram of FA values of a given bundle was fitted with a distribution model for every cross-section
of the bundle. For a reference time-point i (Wi) and for a successive time-point i+s (Wi+s), two
histograms were independently fitted by means of a Gaussian mixtures model (Di, Di+q) (Fig
3A1). The number of mixture components used to fit the histogram with the Gaussian model
was computed by solving the following multi-objective optimization problem:

maximize n

CðDiðnÞÞ ¼
Xn

t¼1

logðDiðxsÞÞ

CðDiþsðnÞÞ ¼
Xn

t¼1

logðDiþsðxtÞÞ

8>>>>><
>>>>>:
subject to n � 1; n INT

where Di and Di+s represent the Gaussian mixture model with n component andXn

s¼1
logðDðxsÞÞ represents the log-likelihood of the distribution model calculated using the

histogram of the cross-section. Parameters of Di and Di+s were estimated by the maximum
likelihood estimation (MLE) algorithm [33]. The NSGA-II algorithm [34] was used to solve
the optimization problem. From the multiple Pareto’s solutions, the one with the smallest
number of mixture was selected. Then, both distributions (Di, Di+s) were compared and
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Fig 2. (A1) “Mean” cross-sectional analysis of the inferior fronto-occipital fasciculi (IFOF). (A2) FA values are represented by the mean (black solid line)
and standard deviation (green bands) in each cross-section of the fiber-bundle. B) Longitudinal analysis of FA values between the first (blue) and fourth
time-point (red) showing a significant FA decrease (no intersection in standard deviation) in several cross-sections (dashed box) of the IFOF.

doi:10.1371/journal.pone.0156405.g002
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Fig 3. Global overview of the “histogram” approach. As first step (A1) the histogram of the data extracted from
time point i and time-point i+p in the same cross-section are fitted using Gaussian mixture model. As second step
(A2) our method detects a pathological longitudinal variation between the two time-points in the histogram. The
obtained threshold value γ is then used to differentiate between “changed” and “unchanged” fibers (B). Plotted FA
signal profile of the two subset of fiber and cross-sectional view of the labeled fibers (C).

doi:10.1371/journal.pone.0156405.g003
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local changes were detected by solving the following optimization problem:

maximize

b; g
PD ¼ R g

b Diþs

subject to PF ¼
R g

b Di � z

PD > PF

ð1Þ

where z is an input value called the tolerated error of the test. If no longitudinal variations were
detected betweenWi andWi+s, the problem did not admit solutions. The obtained values β and
γ were then used to differentiate fibers in two subsets. In the specific case of FA (but any other
diffusivity metric can be used), fibers showing β� FA� γ were labeled as “changed” while the
other fibers were labeled as “unchanged” (Fig 3A2 and 3B). The graphic representation of the
diffusion metric values along the fiber-bundle was performed as previously described using the
“mean” approach (Fig 3C) [22]. For each subset of fibers (“changed” and “unchaged”), the
mean and SD values of FA were computed for every cross-section of the bundle.

Results

Validation on simulated longitudinal variations
The “histogram”method was applied on simulated longitudinal variations of FA (described in
section 2.2.1) between two time-points (W1-W2) and was evaluated by measuring true positive
(TP), true negative (TN), false positive (FP) and false negative (FN) in order to compute sensi-
tivity, precision and F-Measure. Since our Gaussian mixture model depends on two parameters
(z and β) the method was tested with different values of z, {0.02, 0.05, 0.08, 0.10, 0.12, 0.14} and
β was fixed to 0 in order to detect decreased FA changes as usually observed in pathological
WM. As shown in Table 1, our method is strongly dependent on the parameter z. Low z values

Table 1. Evaluation of detection performances, as measured by the sensitivity, precision and F-Measure, on simulated longitudinal lesions in
function of the reduction coefficient α using different ζ values.

α 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Sensitivity (%) ζ = 0.02 10.83 10.83 11.67 19.17 34.17 48.33 59.17 68.33 79.17

ζ = 0.05 15.00 15.83 25.83 36.67 52.50 63.33 72.50 78.33 85.83

ζ = 0.08 24.17 28.33 39.17 52.50 65.00 75.00 81.67 85.00 92.50

ζ = 0.10 33.33 36.67 45.83 57.50 69.17 79.17 84.17 87.50 93.33

ζ = 0.12 45.83 48.33 55.83 65,83 77.50 82.50 85.83 89.17 95.00

ζ = 0.14 55.00 56.67 63.33 71.67 81.67 49.28 88.33 92.50 96.67

Precision (%) ζ = 0.02 50.00 50.00 51.85 63.89 75.93 81.69 84.52 86.32 87.96

ζ = 0.05 50.00 51.35 63.27 70.97 77.78 80.85 82.86 83.93 85.12

ζ = 0.08 51.79 55.74 63.51 70.00 74.29 76.92 78.40 79.07 80.43

ζ = 0.10 51.28 53.66 59.14 64.49 68.60 71.43 72.66 73.43 74.67

ζ = 0.12 50.93 52.25 55.83 59.85 63.70 65.13 66.03 66.88 68.26

ζ = 0.14 50.77 51.52 54.29 57.33 60.49 61.68 62.35 63.43 64.44

F-Measure (%) ζ = 0.02 17.81 17.81 19.05 29.49 47.13 60.73 69.61 76.28 83.33

ζ = 0.05 23.08 24.20 36.69 48.35 62.69 71.03 77.33 81.03 85.48

ζ = 0.08 32.95 37.57 48.45 60.00 69.33 75.95 80.00 81.93 86.05

ζ = 0.10 40.40 43.56 51.64 60.79 68.88 75.10 77.99 79.85 82.96

ζ = 0.12 48.25 50.22 55.83 62.70 69.92 72.79 74.64 76.43 79.44

ζ = 0.14 52.80 52.80 52.80 52.80 52.80 52.80 52.80 52.80 52.80

doi:10.1371/journal.pone.0156405.t001
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(z = 0.02) makes the method more conservative and a large number of FN are thus detected.
In contrast, high z value (z = 0.14) results in a large number of FP. The best performance, in
terms of average F-Measure (65.58%) for all the α, was reached for z = 0.12.

High performances were reached for α�0.2 showing the ability of our method to detect
small pathological longitudinal variations. While low performance were obtained with α = 0.1,
probably due to FA variability. The “mean”method was also applied on these simulated
variations. In order to check the presence of longitudinal changes, manual inspection of the
obtained plot was performed to find cross-sections where no overlap between the confidence
intervals (defined by one standard deviation) are visible in the signal profile generated from the
two time-points. No differences were found between the two time-points with any value of α.

Application in MS follow-up
DTI data of each patient were processed using our proposed pipeline including “mean” and
“histogram” fiber-bundle analysis. Among the 20 fiber-bundles extracted in each patient, the
Cortico-Spinal Tract (CST) and the Inferior Fronto-Occipital Fasciculi (IFOF) were selected to
detect longitudinal changes. Based on our simulated results, we selected z = 0.12. Significant
changes were validated by our neurologist (FDD) and neuroradiologist (FC) experts. An exam-
ple of application of our “histogram”method on the CST of a MS patient is illustrated in Fig 4.

Analysis of whole fiber-bundles. Three typical cases of longitudinal lesion evolution
were selected for illustration. First, the case of two lesions preexisting at W1 in the left CST of
Patient1 is shown in Fig 5A. The first lesion was well detected by the “histogram”method due
to its size increase, while the second lesion was not detected due to its lack of change during the
follow-up period. Second, a new lesion was detected at W6 in the right IFOF of Patient2 (Fig
5B). Third, the case of two lesions preexisting at W1 and a new lesion appearing at W7 in the
same cross-section of the right IFOF of Patient2 is presented in Fig 5C. In these three cases,
the “mean”method failed to detect any changes in contrast to our “histogram”method that
allowed to differentiate “changed” fibers, characterized by significant longitudinal changes,
from “unchanged” fibers.

“Changed” fiber-subsets analysis. Following this previously described identification of
the “changed” fiber-subsets; we iteratively applied our method to further characterize their spa-
tial and temporal evolutions, as illustrated in the right CST of Patient1 through the W6-W8
period (Fig 6A). The analysis of the fiber-subset’s signal revealed a new lesion occurring at W6
and evolving through W7 and W8. The “histogram”method was able to identify at W7 the
progression and expansion of a preexisting lesion in a neighboring fiber-bundle of the CST,
and to detect new changes at W8. Also, a second preexisting lesion was detected at W8 in
another cross-section of the CST. This lesion, already present at W1, started to evolve at W8.
In Fig 6B the analysis of the “changed” fiber-subset in the right IFOF of Patient2 through the
W6-W8 period showed the presence of a new lesion appearing at W6 and evolved at W7 and
W8. The “histogram”method was able to identify at W6 a preexisting lesion and to follow its
evolution through W7 and W8 time-points.

Discussion
The combination of fiber-tracking and DTI-derived measures, such as FA or other tensor met-
rics, offers a novel opportunity for the characterization of tissue properties along the WM
fiber-tracks. In this work, we presented a new methodology providing automatic processing
and detection of “changed” fibers subset of the bundle. The major interest of our “histogram”

analysis method relies in its sensitivity to detect small FA changes at multiple locations along
the fiber-bundle. In contrast to the “mean” analysis where local scale information contained in
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each cross-section of the bundle was lost, our method reduced the scale analysis, compatible
with a “single” fiber scale. This scale reduction provided two main advantages. First, the detec-
tion sensitivity was greatly improved. Second, this fine scale approach allowed us to discrimi-
nate “changed” from “unchanged” fibers coexisting in a same bundle.

Clinical Interest
This new method was applied in MS patients to demonstrate its clinical interest for the char-
acterization of MS pathological processes and its potential to detect fine longitudinal tissue
damages based on diffusion metrics. For example the analysis of the fiber properties along
and inside the tract showed various profiles of occurrence and evolution of lesions. Indeed,
WM fibers of MS patients are subjected to several and complex pathological mechanisms
such as inflammation, demyelination and Wallerian degeneration that occur in various

Fig 4. Longitudinal analyses of the FA values along the right CST of Patient1. (A) The “mean”method analysis showed no changes in the fiber-
bundle between time-point 1 (W1, blue) and the other 7 time-points (yellow). (B) The “histogram”method analysis showed significant FA changes (red)
between the reference time-point W1 (blue) and the others 7 time-points (W2 toW8) in different cross-sections of the fiber-bundle. (C) The “histogram”

method allowed the distinction of “unchanged” fiber-subset (green) from “changed” fiber-subset (red) compared to the reference (W1) fiber-bundle (blue)
as shown on the cross-sectional view of the CST. (D) FLAIR images of Patient1 showing the corresponding lesions.

doi:10.1371/journal.pone.0156405.g004
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WM regions and at different time intervals. Thus, this approach could be applied to study the
propagation of tissue damages along the “changed” fiber-subsets and investigate the relation-
ship between WM lesions and their neighboring WM tracts, as well as distant cortical and
subcortical GM structures. Indeed, WM lesions might have a role in deep GM atrophy as pre-
viously shown in MS patients [35, 19]. Finally, the detection of “changed” fiber-subsets based
on their diffusion properties may constitute a promising tool to measure the gradient of alter-
ations inside and along the fiber, and potentially to better understand the disease progression
[36].

Fig 5. Detection of longitudinal variations by applying the “mean” and “histogram”methods. (A)On the left CST of Patient1
betweenW1 andW8 time-points, detecting a change in two preexisting lesions (L1, L2); (B)On the right IFOF of Patient2 betweenW1
andW6 detecting a new lesion; (C)On the right IFOF of Patient2 betweenW1 andW7 detecting a change in two preexisting lesions (L1,
L2) and the apparition of a new lesion (L3). Lesions are shown on FLAIR images. Fiber-subsets labeled as “unchanged” (green) and
“changed” (red) are shown on top of FLAIR images.

doi:10.1371/journal.pone.0156405.g005
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Methodological limitations
Our method provided a complete, operator independent and automated processing pipeline
applicable in large cohort studies. The reliability of the proposed approach stands on the accu-
racy and robustness of the pre- and post-processing procedures of the fiber tracking. First, each
patient’s time-points images were co-registered to a common diffusion atlas in order to use the
atlas tractography as a reference model for the longitudinal acquisition of the subject.

A major limitation stemming from the longitudinal registration pipeline used in this work
could be the introduction of new biases. Specifically, regions affected by pathology might
potentially be improperly registered due to the use of nonlinear registration.

Second, our approach provided an automatic fiber-bundle extraction by using an atlas-
based extraction method. Third, the resulting bundles were post-processed to remove improper
fibers generated by the tractography algorithm. This step was performed in order to improve
the reliability of the local cross-sectional fiber analysis. Despite the great interest of our method
to provide a better differentiation of “changed” fiber-subsets, we should keep in mind that
absolute measurement of fibers number is out of reach due to intrinsic limitations of tractogra-
phy algorithms [37]. However, if the tracking algorithm is compatible with crossing fibers, FA

Fig 6. Iterative analysis of the “changed” fiber-subset of Patient1’s left CST (A) and of Patient2’s right IFOF (B) at different time-points. (A)
Detection of a new lesion (L1) at W6 and at W8, and a preexisting lesion at W7, evolving by contaminating the CST). (B) Detection of a preexisting lesion
(L4) and a new lesion (L5) at W6, both evolving in size and degree of FA alteration at W7, and remaining unchanged at W8.

doi:10.1371/journal.pone.0156405.g006
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and other tensor-derived measures are not. This means that, in regions containing crossing
fibers, if a difference appears in the metric, it will be attributed to all fiber-bundles traversing
the region.

The capability of our method to detect small longitudinal alterations in FA maps was tested
using simulated lesions generated on a control subject’s data. This test showed that our “histo-
gram” approach is more sensitive to detect very small spherical alterations than the “mean”
approach that failed to detect any of them. These results suggest that our method enables the
detection of small alterations that remained undetectable by the classical “mean” approach.
The sensitivity of our proposed method appeared adequate in studying MS lesions, but will
require more formal sensitivity assessment in future work, to quantify its limits and potentials
in this regard.

It should be noted that the proposed approach constitutes a detection mechanism; it does
not perform genuine statistical analysis of the data. Indeed, the detection of change presented
in this work could also been accomplished in simpler fashion: voxel-wise analysis of change
could easily be combined with tractographic identification of fibers and bundles.

We expect that the strength of our approach will come to bear in situations where properties
(e.g. FA) need to be grouped for voxels along a specific fiber bundle or across its cross-section.
One can for instance envision increasing the sensitivity of change detection within a given fiber
tract by integrating change specifically along a given tract. This is straightforward to accom-
plish by simple adaptation of the proposed formalism.

Since a number of recent reports in the literature have demonstrated that normal appearing
white matter (i.e. tissue outside of overt lesions) plays an important role in MS [38, 39], in the
future we also plan to apply our method to the assessment of more subtle changes to the prop-
erties of specific tracts.

Conclusion
We have described a new fully automated tool for analyzing longitudinal changes in WM fiber-
bundles of MS patients. Compared to previous methods developed for the characterization of
fiber-tract profiles, our approach provides a fine detection of local scale longitudinal variations
along the fiber-bundle, such as those expected to occur during inflammatory or neurodegener-
ative processes in MS patients. This new approach allows the discrimination of affected fiber-
subsets within a bundle, and holds the potential for more detailed and topographically specific
description of disease-induced disruption of connectivity in the brain, with implications for
specific functional losses associated with disease progression.

Acknowledgments
Claudio Stamile is funded by an EU-funded FP7-PEOPLE- 2012-ITN project 316679 TRANS-
ACT. This work is supported by the French National Research Agency (ANR) within the
national program “Investissements d’Avenir” through the OFSEP project (ANR-10-COHO-
002) and the LABEX PRIMES (ANR-11-LABX-0063) of Lyon University (ANR-11-IDEX-
0007). The funders had no role in study design, data collection and analysis, decision to pub-
lish, or preparation of the manuscript.

Author Contributions
Conceived and designed the experiments: FC FDD DR CF DSM. Performed the experiments:
CS GK. Analyzed the data: CS GK. Contributed reagents/materials/analysis tools: DR CF FC
FDD SH. Wrote the paper: DSM SH CRGG. Significantly contributed to the revision of this

An Automatic White Matter Fiber Tracts Model for Longitudinal Analysis

PLOS ONE | DOI:10.1371/journal.pone.0156405 May 25, 2016 13 / 15



article both in terms of significant intellectual content, as well as with regards to its language:
CRGG.

References
1. Compston A, Coles A. Multiple sclerosis. Lancet. 2008; 372(9648):1502–17. doi: 10.1016/S0140-6736

(08)61620-7 PMID: 18970977

2. Basser PJ, Mattiello J, LeBihan D. MR diffusion tensor spectroscopy and imaging. Biophys J. 1994; 66
(1):259–67. doi: 10.1016/S0006-3495(94)80775-1 PMID: 8130344

3. Rovaris M, Gass A, Bammer R, Hickman SJ, Ciccarelli O, Miller DH, et al. Diffusion MRI in multiple scle-
rosis. Neurology. 2005; 65(10):1526–32. doi: 10.1212/01.wnl.0000184471.83948.e0 PMID: 16301477

4. Kingsley PB. Introduction to diffusion tensor imaging mathematics: Part I. Tensors, rotations, and
eigenvectors. Concepts in Magnetic Resonance Part A. 2006a; 28A(2):101–22. doi: 10.1002/cmr.a.
20048

5. Kingsley PB. Introduction to diffusion tensor imaging mathematics: Part II. Anisotropy, diffusion-weight-
ing factors, and gradient encoding schemes. Concepts in Magnetic Resonance Part A. 2006b; 28A
(2):123–54. doi: 10.1002/cmr.a.20049

6. Lai C, Zhou H-C, Ma X-H, Zhang H-X. Quantitative evaluation of the axonal degeneration of central
motor neurons in chronic cerebral stroke with diffusion tensor imaging. Acta Radiol. 2014; 55(1):114–
20. doi: 10.1177/0284185113492456 PMID: 23873888

7. Zhang Y, Wan S, Zhang X. Geniculocalcarine tract disintegration after ischemic stroke: a diffusion ten-
sor imaging study. AJNR Am J Neuroradiol. 2013; 34(10):1890–4. doi: 10.3174/ajnr.A3535 PMID:
23639556

8. Nicoletti G, Lodi R, Condino F, Tonon C, Fera F, Malucelli E, et al. Apparent diffusion coefficient mea-
surements of the middle cerebellar peduncle differentiate the Parkinson variant of MSA from Parkin-
son's disease and progressive supranuclear palsy. Brain. 2006; 129(Pt 10):2679–87. doi: 10.1093/
brain/awl166 PMID: 16815875

9. Nicoletti G, Tonon C, Lodi R, Condino F, Manners D, Malucelli E, et al. Apparent diffusion coefficient of
the superior cerebellar peduncle differentiates progressive supranuclear palsy from Parkinson's dis-
ease. Mov Disord. 2008; 23(16):2370–6. doi: 10.1002/mds.22279 PMID: 18816803

10. Server A, Graff BA, Josefsen R, Orheim TED, Schellhorn T, Nordhøy W, et al. Analysis of diffusion ten-
sor imaging metrics for gliomas grading at 3 T. Eur J Radiol. 2014; 83(3):e156–65. doi: 10.1016/j.ejrad.
2013.12.023 PMID: 24457139

11. Sternberg EJ, Lipton ML, Burns J. Utility of diffusion tensor imaging in evaluation of the peritumoral
region in patients with primary and metastatic brain tumors. AJNR Am J Neuroradiol. 2014; 35(3):439–
44. doi: 10.3174/ajnr.A3702 PMID: 24052506

12. Cavallari M, Moscufo N, Skudlarski P, Meier D, Panzer VP, Pearlson GD, et al. Mobility impairment is
associated with reduced microstructural integrity of the inferior and superior cerebellar peduncles in
elderly with no clinical signs of cerebellar dysfunction. Neuroimage Clin. 2013; 2:332–40. doi: 10.1016/
j.nicl.2013.02.003 PMID: 24179787

13. Inano S, Takao H, Hayashi N, Abe O, Ohtomo K. Effects of age and gender on white matter integrity.
AJNR Am J Neuroradiol. 2011; 32(11):2103–9. doi: 10.3174/ajnr.A2785 PMID: 21998104

14. Filippi M, Iannucci G, Cercignani M, Assunta Rocca M, Pratesi A, Comi G. A quantitative study of water
diffusion in multiple sclerosis lesions and normal-appearing white matter using echo-planar imaging.
Arch Neurol. 2000; 57(7):1017–21. PMID: 10891984

15. Werring DJ, Clark CA, Barker GJ, Thompson AJ, Miller DH. Diffusion tensor imaging of lesions and nor-
mal-appearing white matter in multiple sclerosis. Neurology. 1999; 52(8):1626–32. PMID: 10331689

16. Assaf Y, Pasternak O. Diffusion tensor imaging (DTI)-based white matter mapping in brain research: a
review. J Mol Neurosci. 2008; 34(1):51–61. doi: 10.1007/s12031-007-0029-0 PMID: 18157658

17. Ciccarelli O, Werring DJ, Wheeler-Kingshott CA, Barker GJ, Parker GJ, Thompson AJ, et al. Investiga-
tion of MS normal-appearing brain using diffusion tensor MRI with clinical correlations. Neurology.
2001; 56(7):926–33. PMID: 11294931

18. Hannoun S, Bagory M, Durand-Dubief F, Ibarrola D, Comte J-C, Confavreux C, et al. Correlation of dif-
fusion and metabolic alterations in different clinical forms of multiple sclerosis. PLoS One. 2012b; 7(3):
e32525. doi: 10.1371/journal.pone.0032525

19. Hannoun S, Durand-Dubief F, Confavreux C, Ibarrola D, Streichenberger N, Cotton F, et al. Diffusion
tensor-MRI evidence for extra-axonal neuronal degeneration in caudate and thalamic nuclei of patients
with multiple sclerosis. AJNR Am J Neuroradiol. 2012a; 33(7):1363–8. doi: 10.3174/ajnr.A2983

An Automatic White Matter Fiber Tracts Model for Longitudinal Analysis

PLOS ONE | DOI:10.1371/journal.pone.0156405 May 25, 2016 14 / 15

http://dx.doi.org/10.1016/S0140-6736(08)61620-7
http://dx.doi.org/10.1016/S0140-6736(08)61620-7
http://www.ncbi.nlm.nih.gov/pubmed/18970977
http://dx.doi.org/10.1016/S0006-3495(94)80775-1
http://www.ncbi.nlm.nih.gov/pubmed/8130344
http://dx.doi.org/10.1212/01.wnl.0000184471.83948.e0
http://www.ncbi.nlm.nih.gov/pubmed/16301477
http://dx.doi.org/10.1002/cmr.a.20048
http://dx.doi.org/10.1002/cmr.a.20048
http://dx.doi.org/10.1002/cmr.a.20049
http://dx.doi.org/10.1177/0284185113492456
http://www.ncbi.nlm.nih.gov/pubmed/23873888
http://dx.doi.org/10.3174/ajnr.A3535
http://www.ncbi.nlm.nih.gov/pubmed/23639556
http://dx.doi.org/10.1093/brain/awl166
http://dx.doi.org/10.1093/brain/awl166
http://www.ncbi.nlm.nih.gov/pubmed/16815875
http://dx.doi.org/10.1002/mds.22279
http://www.ncbi.nlm.nih.gov/pubmed/18816803
http://dx.doi.org/10.1016/j.ejrad.2013.12.023
http://dx.doi.org/10.1016/j.ejrad.2013.12.023
http://www.ncbi.nlm.nih.gov/pubmed/24457139
http://dx.doi.org/10.3174/ajnr.A3702
http://www.ncbi.nlm.nih.gov/pubmed/24052506
http://dx.doi.org/10.1016/j.nicl.2013.02.003
http://dx.doi.org/10.1016/j.nicl.2013.02.003
http://www.ncbi.nlm.nih.gov/pubmed/24179787
http://dx.doi.org/10.3174/ajnr.A2785
http://www.ncbi.nlm.nih.gov/pubmed/21998104
http://www.ncbi.nlm.nih.gov/pubmed/10891984
http://www.ncbi.nlm.nih.gov/pubmed/10331689
http://dx.doi.org/10.1007/s12031-007-0029-0
http://www.ncbi.nlm.nih.gov/pubmed/18157658
http://www.ncbi.nlm.nih.gov/pubmed/11294931
http://dx.doi.org/10.1371/journal.pone.0032525
http://dx.doi.org/10.3174/ajnr.A2983


20. Mukherjee P, Miller JH, Shimony JS, Philip JV, Nehra D, Snyder AZ, et al. Diffusion-tensor MR imaging
of gray and white matter development during normal human brain maturation. AJNR Am J Neuroradiol.
2002; 23(9):1445–56. PMID: 12372731

21. Mori S, Crain BJ, Chacko VP, van Zijl PC. Three-dimensional tracking of axonal projections in the brain
by magnetic resonance imaging. Ann Neurol. 1999; 45(2):265–9. PMID: 9989633

22. Colby JB, Soderberg L, Lebel C, Dinov ID, Thompson PM, Sowell ER. Along-tract statistics allow for
enhanced tractography analysis. Neuroimage. 2012; 59(4):3227–42. doi: 10.1016/j.neuroimage.2011.
11.004 PMID: 22094644

23. Mårtensson J, Nilsson M, Ståhlberg F, Sundgren PC, Nilsson C, vanWesten D, et al. Spatial analysis
of diffusion tensor tractography statistics along the inferior fronto-occipital fasciculus with application in
progressive supranuclear palsy. MAGMA. 2013; 26(6):527–37. doi: 10.1007/s10334-013-0368-5
PMID: 23543132

24. Corouge I, Fletcher PT, Joshi S, Gouttard S, Gerig G. Fiber tract-oriented statistics for quantitative diffu-
sion tensor MRI analysis. Med Image Anal. 2006; 10(5):786–98. doi: 10.1016/j.media.2006.07.003
PMID: 16926104

25. Yeatman JD, Dougherty RF, Myall NJ, Wandell BA, Feldman HM. Tract profiles of white matter proper-
ties: automating fiber-tract quantification. PLoS One. 2012; 7(11):e49790. doi: 10.1371/journal.pone.
0049790 PMID: 23166771

26. Grigis A, Noblet V, Blanc F, Heitz F, de Seze J, Kremer S, et al. Longitudinal change detection: infer-
ence on the diffusion tensor along white matter pathways. Med Image Anal. 2013; 17(3):375–86. doi:
10.1016/j.media.2013.01.004 PMID: 23453084

27. Hua K, Zhang J, Wakana S, Jiang H, Li X, Reich DS, et al. Tract probability maps in stereotaxic spaces:
analyses of white matter anatomy and tract-specific quantification. Neuroimage. 2008; 39(1):336–47.
doi: 10.1016/j.neuroimage.2007.07.053 PMID: 17931890

28. Jenkinson M, Beckmann CF, Behrens TEJ, Woolrich MW, Smith SM. FSL. Neuroimage. 2012; 62
(2):782–90. doi: 10.1016/j.neuroimage.2011.09.015 PMID: 21979382

29. Tournier J, Calamante F, Connelly A. MRtrix: diffusion tractography in crossing fiber regions. Interna-
tional Journal of Imaging Systems and Technology. 2012; 22(1):53–66.

30. MacQueen J. Somemethods for classification and analysis of multivariate observations. Proceedings
of the fifth Berkeley symposium on mathematical statistics and probability. 1967; 1(281–297):14.

31. Klein J, Hermann S, Konrad O, Hahn H, Peitgen H-O. Automatic Quantification of DTI Parameters
Along Fiber Bundles. Bildverarbeitung für die Medizin 2007. 2007:272–6.

32. O'Donnell LJ, Westin C-F, Golby AJ. Tract-based morphometry for white matter group analysis. Neuro-
image. 2009; 45(3):832–44. doi: 10.1016/j.neuroimage.2008.12.023 PMID: 19154790

33. Myung IJ. Tutorial on maximum likelihood estimation. Journal of Mathematical Psychology. 2003; 47
(1):90–100. doi: 10.1016/S0022-2496(02)00028-7

34. Deb K, Pratap A, Agarwal S, Meyarivan T. A Fast Elitist Multi-Objective Genetic Algorithm: NSGA-II.
IEEE Transactions on Evolutionary Computation. 2000; 6:182–97.

35. Henry RG, Shieh M, Amirbekian B, Chung S, Okuda DT, Pelletier D. Connecting white matter injury
and thalamic atrophy in clinically isolated syndromes. J Neurol Sci. 2009; 282(1–2):61–6. doi: 10.1016/
j.jns.2009.02.379 PMID: 19394969

36. Stoll G, Jander S, Myers RR. Degeneration and regeneration of the peripheral nervous system: from
AugustusWaller's observations to neuroinflammation. J Peripher Nerv Syst. 2002; 7(1):13–27. PMID:
11939348

37. Jones DK. Challenges and limitations of quantifying brain connectivity in vivo with diffusion MRI. Imag-
ing in Medicine. 2010; 2(3):341–55.

38. Steenwijk MD, Daams M, Pouwels PJ, Balk LJ, Tewarie PK, Killestein J, et al. What explains gray mat-
ter atrophy in long-standing multiple sclerosis? Radiology. 2014; 272(3):832–42. doi: 10.1148/radiol.
14132708 PMID: 24761837.

39. Bergsland N, Lagana MM, Tavazzi E, Caffini M, Tortorella P, Baglio F, et al. Corticospinal tract integrity
is related to primary motor cortex thinning in relapsing-remitting multiple sclerosis. Mult Scler. 2015.
doi: 10.1177/1352458515576985 PMID: 25791368.

An Automatic White Matter Fiber Tracts Model for Longitudinal Analysis

PLOS ONE | DOI:10.1371/journal.pone.0156405 May 25, 2016 15 / 15

http://www.ncbi.nlm.nih.gov/pubmed/12372731
http://www.ncbi.nlm.nih.gov/pubmed/9989633
http://dx.doi.org/10.1016/j.neuroimage.2011.11.004
http://dx.doi.org/10.1016/j.neuroimage.2011.11.004
http://www.ncbi.nlm.nih.gov/pubmed/22094644
http://dx.doi.org/10.1007/s10334-013-0368-5
http://www.ncbi.nlm.nih.gov/pubmed/23543132
http://dx.doi.org/10.1016/j.media.2006.07.003
http://www.ncbi.nlm.nih.gov/pubmed/16926104
http://dx.doi.org/10.1371/journal.pone.0049790
http://dx.doi.org/10.1371/journal.pone.0049790
http://www.ncbi.nlm.nih.gov/pubmed/23166771
http://dx.doi.org/10.1016/j.media.2013.01.004
http://www.ncbi.nlm.nih.gov/pubmed/23453084
http://dx.doi.org/10.1016/j.neuroimage.2007.07.053
http://www.ncbi.nlm.nih.gov/pubmed/17931890
http://dx.doi.org/10.1016/j.neuroimage.2011.09.015
http://www.ncbi.nlm.nih.gov/pubmed/21979382
http://dx.doi.org/10.1016/j.neuroimage.2008.12.023
http://www.ncbi.nlm.nih.gov/pubmed/19154790
http://dx.doi.org/10.1016/S0022-2496(02)00028-7
http://dx.doi.org/10.1016/j.jns.2009.02.379
http://dx.doi.org/10.1016/j.jns.2009.02.379
http://www.ncbi.nlm.nih.gov/pubmed/19394969
http://www.ncbi.nlm.nih.gov/pubmed/11939348
http://dx.doi.org/10.1148/radiol.14132708
http://dx.doi.org/10.1148/radiol.14132708
http://www.ncbi.nlm.nih.gov/pubmed/24761837
http://dx.doi.org/10.1177/1352458515576985
http://www.ncbi.nlm.nih.gov/pubmed/25791368

