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a b s t r a c t
During the last decade, diffusion tensor imaging (DTI) has been used extensively to investigate
microstructural properties of white matter ﬁber pathways. In many of these DTI-based studies, ﬁber
tractography has been used to infer relationships between bundle-speciﬁc mean DTI metrics and measuresof-interest (e.g., when studying diffusion changes related to age, cognitive performance, etc.) or to assess
potential differences between populations (e.g., comparing males vs. females, healthy vs. diseased subjects,
etc.). As partial volume effects (PVEs) are known to affect tractography and, subsequently, the estimated DTI
measures sampled along these reconstructed tracts in an adverse way, it is important to gain insight into
potential confounding factors that may modulate this PVE. For instance, for thicker ﬁber bundles, the
contribution of PVE-contaminated voxels to the mean metric for the entire ﬁber bundle will be smaller, and
vice-versa — which means that the extent of PVE-contamination will vary from bundle to bundle. With the
growing popularity of tractography-based methods in both fundamental research and clinical applications,
it is of paramount importance to examine the presence of PVE-related covariates, such as thickness,
orientation, curvature, and shape of a ﬁber bundle, and to investigate the extent to which these hidden
confounds affect diffusion measures. To test the hypothesis that these PVE-related covariates modulate DTI
metrics depending on the shape of a bundle, we performed simulations with synthetic diffusion phantoms
and analyzed bundle-speciﬁc DTI measures of the cingulum and the corpus callosum in 55 healthy subjects.
Our results indicate that the estimated bundle-speciﬁc mean values of diffusion metrics, including the
frequently used fractional anisotropy and mean diffusivity, were indeed modulated by ﬁber bundle
thickness, orientation, and curvature. Correlation analyses between gender and diffusion measures yield
different results when volume is included as a covariate. This indicates that incorporating these PVE-related
factors in DTI analyses is imperative to disentangle changes in “true microstructural” tissue properties from
these hidden covariates.
© 2011 Elsevier Inc. All rights reserved.

Introduction
Diffusion tensor imaging (DTI) is a non-invasive imaging technique that can provide information about brain microstructure and
the directional organization of neural ﬁber tissue in vivo by measuring
the self-diffusion of water molecules (Basser et al., 1994). In brain
white matter (WM), diffusion of water is less hindered along than
perpendicular to axons, making the local diffusion dependent on local
microstructure (Beaulieu, 2002). DTI was ﬁrst used clinically in
schizophrenia (Buchsbaum et al., 1998) and leukoaraiosis (Jones et al.,
1999b), where regional changes in diffusion anisotropy or trace were
observed in patients but not in healthy controls. These diffusion
changes suggest a structural change, which could be detected more
easily on DTI scans than on conventional MR images. Since then, the
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use of DTI in both fundamental research and clinical studies has
exploded, with almost a third of all studies on DTI discussing the
development of ﬁber tractography (FT) methods, e.g., Mori et al.
(1999), or the use of FT in DTI analyses. FT was initially applied as a
method to investigate “brain connectivity” (Basser et al., 2000) and is
now often used to increase speciﬁcity of observed radiological
ﬁndings with respect to patient disability, for instance in multiple
sclerosis (Wilson et al., 2003; Ciccarelli et al., 2008).
In recent years, DTI and FT have been used extensively to study the
microstructural properties of WM ﬁber pathways. The developing/aging
brain, in particular, has been the research topic of many investigations,1
with studies including subjects ranging from neonates to aging adults. It
has been shown repeatedly that the FA of several WM regions (e.g., the
cingulum bundles and the uncinate fasciculi) increases during maturation and subsequently decreases with age above the age of approximately 30 years (Bastin et al., 2010; Hasan et al., 2009; Hsu et al., 2008,
1
57 publications on “DTI brain aging” and 84 on “DTI brain development” since
2009 alone, according to Pubmed.
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2010; Jones et al., 2006; Lebel et al., 2008, in press; Sala et al., in press,
2005; Voineskos et al., 2010, in press). Most of these studies also show
an inverse relationship (decrease followed by increase) for the mean
diffusivity (MD) and link these diffusion changes to differences in
microstructural organization within the WM (Dubois et al., 2008; Lebel
et al., 2008). More speciﬁcally, changes in radial diffusivity (RD,
diffusivity perpendicular to the predominant diffusion direction) and
axial diffusivity (AD, diffusivity along the predominant diffusion
direction) are believed to reﬂect different microstructural processes in
the WM (Pierpaoli et al., 2001; Song et al., 2002, 2003).
A particular aspect that is known to affect the accuracy of estimated
DTI metrics – but which is not always considered a potential cause for
correlations or differences in quantitative diffusion analyses – is the
partial volume effect (PVE). Reﬂecting the intra-voxel heterogeneity of
different tissue organizations (Alexander et al., 2001; Frank, 2001;
Oouchi et al., 2007), Alexander et al. (2001) mentioned that “the PVE
could cause diffusion-based characterization of cerebral ischemia and white
matter connectivity to be incorrect”. Pfefferbaum and Sullivan (2003)
have shown that the PVE is also present in the calculation of diffusion
measures when averaging data values over regions of interest (ROIs).
WM segmentation and semi-automated ROI delineation were used to
outline the genu and splenium of the corpus callosum (CC), yielding
increased MD values compared to the MD at the center of the WM
bundles. This indicates a contamination of the outer WM voxels with its
surrounding tissue, which, for the midsagittal genu and splenium of the
CC, consists mostly of cerebrospinal ﬂuid (CSF). Several options to
mitigate such a CSF contamination have been proposed, such as CSF
suppression using ﬂuid-attenuated inversion recovery (FLAIR) acquisition sequences (Papadakis et al., 2002; Cheng et al., in Press), or using a
two-tensor model (Pierpaoli and Jones, 2004; Pasternak et al., 2009) to
remove the CSF contamination during tensor estimation. However,
most DTI studies use neither of these techniques, which leave PVEs with
CSF a relevant issue. As partial voluming is not only between WM
bundles and CSF, but also, for instance, between different WM bundles,
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investigations into the effects of the PVE are important to improve
quantitative diffusion analyses.
There are several confounding factors related to the PVE that may
affect DTI metrics indirectly. For instance, as total WM volume changes
with age, and therefore the thickness of some ﬁber bundles, the relative
contribution of PVE-contaminated voxels will be different between
bundles of different size (thicker bundles will have a lower contribution
of PVE voxels to the entire bundle than thinner bundles), which may
introduce a bias in the estimated measures (see Fig. 1 for a schematic
example). Not only is bundle volume potentially a hidden covariate
in the analysis of DTI metrics, but the orientation and curvature of a
bundle may also alter the PVE and thus the diffusion measures.
In this work, we hypothesize that hidden covariates, such as bundle
thickness (in the following also referred to as “volume”, assuming a
constant bundle length and cross-sectional shape), orientation,
curvature, and shape modulate the PVE intrinsically and, subsequently, affect the estimated DTI metrics. Previous studies show support for
this hypothesis. For instance, investigations of brain volume changes
with age show a decline in total WM volume from around the age of
30 (Courchesne et al., 2000; Liu et al., 2003; Resnick et al., 2003),
matching the age-FA relation mentioned previously. Another study
shows a left-sided co-lateralization of FA and concomitant bundle
volume, potentially indicative of a more general agreement between
morphometry and diffusion properties (Huster et al., 2009).
Using simulations of synthetic diffusion phantoms (Leemans et al.,
2005) we determine whether the PVE-related covariates (volume,
orientation, and curvature) affect the estimated diffusion measures.
With these simulations, it is possible to change the volume,
orientation, or curvature of a bundle independently while keeping
all other conﬁgurational properties ﬁxed. This allows for investigations of only the speciﬁc covariate of interest in relation to the
estimated DTI metrics. In addition, the cingulum bundles and the CC of
55 healthy subjects are reconstructed using FT to examine whether
the PVE-related confounding factors are present in experimental DTI

Fig. 1. Schematic representation of the partial volume effect (PVE) in a 3D object. The PVE is deﬁned as the volume-to-surface ratio of an object. For a cylinder, which has a circular
cross-section (indicated as the shaded area in A), this can be simpliﬁed to a circle, which has a surface-to-circumference ratio. Further simpliﬁcation yield that the PVE scales with 1/R
(with R the radius of the circle), showing that increasing volume means a reduction in PVE. This is shown in B, where a small and big circle have been plotted on a square grid. The
relative number of PVE voxels (light gray) compared to voxels enclosed completely by the circle (dark gray) is larger for a small circle (left) than for a big circle (right).
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data. The interest by many researchers in these bundles has resulted
in an abundance of information about diffusion changes, and thus
valuable reference material for this study (Davis et al., 2009; Huster et
al., 2009; Jones et al., 2006; Lebel et al., 2008; Malykhin et al., 2008;
Salat et al., 2005). The cingulum does not interface with CSF-ﬁlled
spaces, in contrast with the CC, which is partially adjacent to the
lateral ventricles and the longitudinal ﬁssure. In regions where there
is proximity to the ventricles, for example, one observes “spikes” in
the MD values (Jones et al., 2005). The large difference in the
surrounding tissues makes these bundles ideal candidates to
determine the potential effect of PVE-related covariates on the
different diffusion parameters. By investigating correlations between
the volume of the bundles and speciﬁc diffusion properties of these
bundles, the presence of such a hidden covariate may be revealed.
Our results demonstrate that DTI metrics are indeed correlated
with volume, orientation, and curvature of a ﬁber bundle. As such,
several conclusions drawn from previous analyses – aging studies in
particular – should be nuanced in the light of these PVE-related
covariates in order to correctly classify whether the observed changes
in diffusion measures originate from either changes in macrostructural/morphological or microstructural properties, or a combination
of both. Observed relations between age and diffusion properties are
altered by the inclusion of volume as a covariate, which indicates that
it is required to include this confound in quantitative analyses.
Preliminary results of this work on PVE-related covariates have been
presented at the 2010 Joint ISMRM–ESMRMB meeting in Stockholm,
Sweden (Vos et al., 2010).
Materials and methods
Fiber bundle simulations
Simulations of neural ﬁber bundles were performed according to
Leemans et al. (2005) to investigate the following potentially
confounding factors in FT-based analyses: (i) ﬁber bundle thickness
(predeﬁned range: 9–13 mm); (ii) pathway orientation (in-plane
rotation range: 0–15°); and (iii) bundle curvature (inverse radius
range: 0.035–0.055 mm− 1). Keeping all other simulation parameters

unchanged, only the contribution of PVE-contaminated voxels to the
bundles differs between the simulations. The effect of these factors
was examined using FA = 0.9 and MD = 0.0007 mm2/s within the
bundle, and two different bundle environments: one representing the
CC segment environment (in the following referred to as “CC
simulations”, with background FA = 0 and MD = 0.0032 mm2/s);
and one representing the cingulum environment (in the following
referred to as “cingulum simulations”, with background FA and MD
values equal to the values within the ﬁber bundle, albeit with a
different orientation) (Le Bihan et al., 2001; Jones and Basser, 2004).
In total, six sets of simulations were performed (Fig. 2). Fiber bundles
were simulated with 2 mm isotropic voxel size and a Gaussian proﬁle
across the bundle. For more detailed information on the simulation
framework, the reader is referred to (Leemans et al., 2005).
Deterministic FT (Basser et al., 2000) was performed in ExploreDTI
(Leemans et al., 2009) with an FA tracking threshold of 0.2 and an
angle threshold of 30°.
Data acquisition
Cardiac-gated DTI data were acquired from 55 healthy volunteers
(37 females and 18 males), aged 18.4 to 44 years (median age
31.9 years), on a 3T system using a single-shot spin-echo EPI
sequence with a b-value of 1200 s/mm2 along 60 directions (Jones
et al., 1999a), with 6 B0-images and ASSET factor = 2. The acquisition
matrix of 96 × 96 was reconstructed to 128 × 128 with a ﬁeld-of-view
of 230 × 230 mm2 and 60 axial slices with thickness 2.4 mm were
acquired without gap. This resulted in an effective TR of 15 R–R
intervals and a total acquisition time of approximately 25 min. All
subjects gave a written informed consent to participate in this study
under a protocol approved by the Cardiff University Ethics
Committee.
Image processing
Prior to data analysis, the acquired images were corrected for eddy
current induced geometric distortions and subject motion by
realigning all diffusion-weighted images (DWIs) to the B0-images

Fig. 2. Simulated ﬁber bundles of varying thickness (A and B), curvature (C and D), and orientation (E and F). A–D are examples of cingulum simulations, with a ﬁber bundle in an
isotropic surrounding with high diffusivity; whereas E–F are examples of CC simulations, with an anisotropic environment oriented perpendicularly to the simulated bundles.
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(non-diffusion weighted images) with elastix (Klein et al., 2010)
using an afﬁne coregistration technique (12 degrees of freedom) with
mutual information as the cost function (Pluim et al., 2003). In this
procedure, the diffusion gradients were adjusted with the proper bmatrix-rotation as described by Leemans and Jones (2009). The
diffusion tensor model was ﬁtted using the Levenberg–Marquardt
nonlinear regression method (Marquardt, 1963), initiated with the
ﬁtted values from a weighted linear least squares estimation. All DTI
scans were rigidly transformed to MNI space in the motion–distortion
correction procedure (Rohde et al., 2004).

Tractography
To determine whether PVE-related confounds affect FT-based
analyses of DTI metrics in experimental data we investigated the
characteristics of the cingulum and the CC. Whole brain FT parameters
were identical to the ones used for the simulated diffusion data. To
investigate the existence of the aforementioned covariates when
analyzing diffusion measures of the cingulum bundle, a speciﬁc
segment was selected in the dorsal part of the cingulum. The
segments were deﬁned by placing three “AND” ROIs at selected
anatomical landmarks (Emsell et al., 2009) and placing two ROIs
10 mm anterior (S1) and posterior (S2) of the central “AND” ROI
(Fig. 3). Only the tract segment, i.e., the part of the ﬁber bundle
between ROIs S1 and S2, was investigated. In doing so, there were no
intersubject differences in segment length, which ensures consistency
in estimating the volume of the ﬁber bundles. Bundle characteristics
were calculated by averaging diffusion measures for all voxels
intersected by that bundle, with each voxel only counted once
(Concha et al., 2005a,b, 2009; Eluvathingal et al., 2007; Lebel et al., in
press), and deﬁning segment volume as the total volume of the voxels
intersected by that bundle. ROIs were deﬁned by a single blinded
rater.
The second bundle that was studied was the CC. Only the medial
part of the CC, which is (almost) entirely surrounded by CSF, was
investigated to test whether the inﬂuence of the PVE on DTI
measures may be different from bundle conﬁgurations where the
ﬁber bundles are surrounded by other WM structures and not by
CSF. Segments of 4 mm length to either side of the midsagittal slice
were selected (Fig. 4): a length that is long enough to have a large
spread in segment volumes, but short enough so that the segment is
still surrounded by CSF only. As all data were analyzed in MNI
space, the midsagittal slice could be determined reliably in all
subjects.

Fig. 4. Selection of the medial segment of the corpus callosum. The red line represents
the midsagittal plane in MNI space, and the two segment-selecting regions-of-interest
(green) are drawn two voxels (4 mm) to either side of the midsagittal plane.

Statistical evaluation
To test the hypothesis that bundle volume is a PVE-related
covariate, Spearman's rank correlation coefﬁcients between DTI
metrics (FA, MD, AD, and RD) and segment volume were calculated.
According to our hypothesis, segment volume should be added as a
covariate not-of-interest in further analyses, for instance, when
calculating the correlation between age and bundle-speciﬁc quantitative measures. Using multiple regression we have tested whether
there was a signiﬁcant linear or quadratic relation between age and
diffusion measures (Hsu et al., 2010), and whether the inclusion of
volume as a covariate yielded a different outcome in these analyses.
Previously, diffusion values of the cingulum were found to differ
between males and females and between the left and the right bundle
(Huster et al., 2009). Segment volume was incorporated into these
analyses as a covariate, to examine whether any observed differences

Fig. 3. Selection of the cingulum segment. Anterior (A) and posterior (P) regions of interest (ROI) were placed at the most posterior slice showing the genu in full proﬁle and the most
anterior slice showing the splenium in full proﬁle, respectively. Central (C) ROI was placed at midpoint between A and P, with segment-selecting ROIs placed ﬁve voxels (10 mm)
anterior (S1) and posterior (S2) of C.
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in diffusion measures between left and right cingulum bundles or
between males and females were due to volume differences.
Results
PVE-related covariates in simulations
All six sets of simulations (changes in volume, orientation, and
curvature, for both the cingulum and CC simulations) showed a clear
effect of these PVE-related covariates on the estimated DTI metrics.
Bundle volume demonstrated a monotonous relation with the
diffusion measures (Fig. 5). By contrast, the other PVE-modulating
factors generally displayed a high degree of non-monotonicity (Figs. 6
and 7).
Experimental data
Correlations between segment volume and DTI metrics have been
visualized in Fig. 8 for the cingulum and in Fig. 9 for the CC. A positive
correlation of FA with volume (p = 0.028) was found for the cingulum
segments, and the CC segments showed a signiﬁcant decrease of MD
with segment volume (p = 0.0039). To reveal the underlying causes
for these correlations, subsequent analyses were performed to
determine whether AD and/or RD were correlated with segment
volume. In the cingulum, a downward trend of RD with segment
volume was observed (Fig. 8). In the CC, the correlation between MD
and volume was due to underlying decreases of both AD and RD with
segment volume (p = 0.021 and p = 0.0037, respectively) (Fig. 9).
Investigation of the effect of age on bundle-speciﬁc quantitative
measures demonstrated that in the CC segment only the FA correlated
signiﬁcantly (decreasing linearly) with age (p = 0.0056). Inclusion of
bundle volume as a covariate did not alter this relation. For the
cingulum, no signiﬁcant relation with age was observed, with or
without including volume as a covariate.
No gender-related differences in diffusivity measures were
observed for the cingulum. For the CC, including volume as a covariate

yielded a signiﬁcantly higher FA and lower MD, caused by a
signiﬁcantly lower RD, in females than in males. These effects could
not be observed without segment volume as a covariate (Table 1).
Intrasubject analysis of left and right cingulum segments revealed
a signiﬁcantly higher AD left than right, with or without segment
volume as a covariate. There was no signiﬁcant difference in the
corresponding FA, MD, or RD values between the left and the right
cingulum segments (Table 2).
Discussion
Several factors, e.g., bundle thickness, orientation, and curvature
may change the PVE and thus the analysis and estimation of bundleaveraged DTI metrics. These PVEs originate from the acquisition:
signal averaging over ﬁnite-size voxels may include more than one
structure. As already illustrated in Fig. 1, bundles can be inﬂuenced
differently by the PVE depending on bundle thickness. However, a
single bundle may also be affected by its position relative to the
acquisition matrix. Consider the simulated ﬁber bundle shown in
Fig. 10A(i), which is perfectly aligned with the voxel grid. If the bundle
is not perfectly aligned with the acquisition grid (Fig. 10A (ii)–(iv)),
the outer voxels are PVE voxels, which affect the estimated DTI
metrics of the bundle, as seen in Fig. 10B. Such a “gridding effect”
affects the reproducibility of DTI analyses negatively. Therefore, it is
important to tease out possible covariates that may confound the
estimation of diffusion measures in order to improve the reliability of
DTI analyses.
Proof of principle
Previously, it has been shown that CSF contamination in PVE
voxels inﬂuences voxel-wise DTI metrics (Papadakis et al., 2002; Chou
et al., 2005). In this work, however, we investigated whether PVE
modulating factors (i.e., bundle volume, orientation, and curvature)
cause signiﬁcant differences in diffusion measures of large, multivoxel regions. To highlight this issue for experimental data, we also

Fig. 5. Dependence of DTI metrics on bundle volume. The plots in the left column show the results of the corpus callosum (CC) simulations; plots in the right column show the results
of the cingulum simulations. These plots show that bundle volume modulates, through the PVE, all estimated diffusion parameters: FA, MD, axial diffusivity (AD), and radial
diffusivity (RD).
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Fig. 6. Dependence of DTI metrics on bundle orientation. The plots in the left column show the results of the corpus callosum (CC) simulations; plots in the right column show the
results of the cingulum simulations. In these simulations, the simulated bundle is rotated over a range of 15°, and the resulting effect of orientation can be seen in all DTI measures
(FA; MD; axial diffusivity, AD; and radial diffusivity, RD). The non-linear dependence of diffusion metrics on the investigated confounds shows that these effects are non-trivial.

performed an analysis in which volume can be considered as the only
PVE modulating factor. More speciﬁcally, we examined the existence
of a relation between DTI parameters of the CSF and the total CSF
volume. The diffusivity of CSF should be roughly the same across
individuals, so no correlation with volume is expected. However, as
the MD of PVE voxels is decreased compared to non-PVE voxels of the

CSF (Chou et al., 2005), one can expect that for smaller CSF volumes
(where the relative contribution of PVE voxels is higher than for larger
CSF volumes) the estimated MD would be lower. This relation is
conﬁrmed by segmenting all CSF voxels using an automated graylevel thresholding method, performed on the MD map (Otsu, 1979),
and correlating the total volume of CSF with the estimated DTI metrics

Fig. 7. Dependence of DTI metrics on bundle curvature. The plots in the left column show the results of the corpus callosum (CC) simulations; plots in the right column show the
results of the cingulum simulations. In these simulations, the curvature of the simulated bundle is increased, causing a change in FA and MD through a change in axial and radial
diffusivity (AD and RD, respectively). The non-linear dependence of DTI metrics on the investigated confounds shows that these effects are non-trivial.
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Fig. 8. Correlation of DTI metrics and volume for the cingulum segments. A signiﬁcant increase in fractional anisotropy (FA) with volume is observed, whereas no signiﬁcant changes
in mean, axial, or radial diffusivity are observed (MD, RD, and AD, respectively). The increase in FA is caused by opposite trends of AD and RD with volume. While non-parametric
tests have been used to test for correlations, parametric tests have been used for the plotted lines to show the trends in the data.

in that volume. The FA decreases with larger CSF volumes, whereas
the MD, AD, and RD show a distinct positive correlation with CSF
volume. This proof of concept clearly demonstrates the existence of a
confounding factor (in this case the volume of CSF regions) that affects
the PVE contribution and, in turn, the estimation of DTI measures.

PVE-related covariates in simulations
The effect of PVE modulation can be observed in both the cingulum
and the CC simulations, where bundle volume and FA are strongly
correlated (p b 0.001). The induced change in FA is caused by a

Fig. 9. Correlation of DTI metrics and volume for the corpus callosum (CC) segments. No signiﬁcant change in fractional anisotropy (FA) with volume is observed, whereas the mean
diffusivity (MD) decreased signiﬁcantly with volume. The decrease in MD is caused by negative correlations of axial and radial diffusivity (AD and RD, respectively) with segment
volume. While non-parametric tests have been used to test for correlations, parametric tests have been used for the plotted lines to show the trends in the data.
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Table 1
Gender comparison of bundle segments.
Female

Male

Cingulum
segment

Volume (cm3)
Fractional anisotropy
MDa (10− 4 mm2/s)

0.942 ± 0.166
0.448 ± 0.032
8.16 ± 0.26

1.045 ± 0.195⁎
0.456 ± 0.028
8.12 ± 0.36

Corpus
callosum
segment

Volume (cm3)
Fractional anisotropy
MDa (10− 4 mm2/s)

7.857 ± 0.787
0.569 ± 0.019
10.63 ± 0.55

8.215 ± 0.665
0.559 ± 0.019†
10.86 ± 0.47†

a
Mean diffusivity.
⁎ p b 0.01 not including volume as covariate.
†
p b 0.05 including volume as covariate.

signiﬁcant reduction in RD in both sets of simulations, a decrease of
AD in the CC simulations, and an increase of AD in the cingulum
simulations (Fig. 5). In all simulations, the relative changes in RD were
larger than or equal to the relative changes in AD, showing that
changes in RD are the main underlying cause of the observed changes
in FA. These results indicate that the contribution of PVE-contaminated voxels reduces with increased volume and that this PVE-related
covariate inﬂuences the analysis of diffusion parameters. In these
simulations, a constant cross-sectional shape has been deﬁned. It is
important to note that for bundles with a more irregular shape, larger
volumes do not necessarily result in a higher PVE-contamination.
A relation was also observed between DTI metrics and two other
confounds, i.e., orientation and curvature, but not all simulations
showed a monotonous relation (Figs. 6 and 7). These changes,
especially in the CC simulations, demonstrate that the effects of
orientation and curvature are non-trivial. Although the simulations
showed a strong effect of PVE altering factors on diffusion measures,
in particular for volume, these results can only be regarded as an
approximation: in each set of simulations only one factor was varied,
whereas real data will show variation in volume, orientation, and
curvature between different (parts of) bundles simultaneously.
Experimental data
The effect of bundle volume on diffusion measures in the
simulations was larger than the effects of curvature and orientation.
We have therefore focussed only on bundle volume as a potential
PVE-modulating covariate in the experimental DTI data.
Group analysis of the cingulum bundles showed a positive
correlation between the volume of the cingulum segment and FA
(Fig. 8). Adjacent WM-bundles have a high diffusivity perpendicular
to the cingulum and low diffusivity parallel to the cingulum, and the
PVE, therefore, is expected to affect both AD and RD. In the cingulum
segments, however, this has not lead to signiﬁcance relations with
volume. Thanks to the opposite trends of AD and RD with volume, the
FA increased and the MD was unchanged. These ﬁndings are in
agreement with the known fact that the MD does not depend on PVE
changes in the cingulum bundle, inasmuch as it is surrounded by gray
matter and other WM structures, both of which have similar MD
values in the Gaussian b-value regime (Pierpaoli et al., 1996; Yoshiura
et al., 2001).
For the cingulum simulations (Fig. 5), the average MD within the
bundle was affected by the hidden covariates. However, the changes
were relatively small compared to the absolute values. Although these
ﬁndings could not be observed in the experimental data, detecting
such small changes in MD values in acquired DTI data is harder than in
simulations because of noise and natural variability between subjects.
Furthermore, there is more than one PVE modulating covariate
affecting the diffusion metrics in experimental data, whereas only one
factor was changed in the simulations. Overall, the results observed in
the simulations are in very good agreement with the experimental
ﬁndings of the cingulum segments.
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In structures adjacent to CSF, for instance the CC, one would expect
changes in PVE to affect the MD as well. CSF should exhibit
unhindered diffusion and hence a high MD, so, in theory, PVE
contamination with CSF will increase the estimated MD of the CC
bundle (similar to the proof of concept analysis). This means that a
thinner CC would have a higher MD than a thicker CC. In the group
analysis of the medial part of the CC, a signiﬁcant decrease of MD with
increasing bundle volume was observed, showing that the MD
depended on PVE-related changes due to bundle thickness (Fig. 9).
Although the MD decreased signiﬁcantly, caused by a decrease in both
its axial and its radial component, only an upward trend of FA with
volume was observed. Here, the inter-subject variability in terms of
local curvature and orientation, or true microstructural differences
(e.g., axon diameter or axon packing density) may be too large to infer
a clear FA relationship.
The observed changes in MD are in accordance with previously
reported measurements, showing signiﬁcant increases from adolescents to older adults (mean age 18.9 years and 67.6 years, respectively) in structures adjacent to CSF (e.g., the genu of the CC and the
fornix), whereas deep WM (e.g., pericallosal) areas showed no change
(Bennett et al., 2010). Next to “microstructural” changes, these
differences in MD between adolescents and older adults may be
explained in part on the basis of WM atrophy, i.e., WM tissue loss due
to aging. Shrinkage of the WM causes thinning of several ﬁber bundles
and, as we have shown in this work for the CC, the MD depends on the
thickness of this ﬁber bundle. Although changes in diffusion measures
are observed even when correcting for volume (Bendlin et al., 2010),
atrophy could still explain part of the observed variance of diffusion
measures with age.
As shown in this work, bundle volume is signiﬁcantly correlated
with bundle-speciﬁc quantitative measures, and should therefore be
included as a covariate in the analysis of age on these measures.
Independent of whether segment volume has been included as a
covariate, we showed a linear decrease of FA with age for the CC
segment. The diffusion measures for the cingulum, and the MD, AD,
and RD for the CC showed no signiﬁcant age relation. This is due to the
age range of the subjects, which is located at the peak of the quadratic
relation between age and DTI measures (Hsu et al., 2010). In studies
where an age effect has been demonstrated, such as Lebel et al. (2008)
and Hsu et al. (2010), the importance of WM volume as a covariate in
DTI analyses is even more essential to specify whether the cause of the
observed age effects is due to changes in bundle volume, “true
microstructural” change, or both.
In the investigation of differences in diffusion measures between
genders, incorporating volume into the analysis yielded a signiﬁcant
difference in the FA, MD, and RD of the CC. A higher FA and lower MD
were observed in females than in males, originating from signiﬁcantly
lower RD values in males. These differences were only observed when
volume was incorporated in the analysis 1, showing that including
volume as a covariate is imperative.
Besides the “gridding effect” due to discrete sampling, preprocessing of the DWIs (e.g., motion correction) introduces additional PVE.

Table 2
Intrasubject comparison of cingulum bundle segments.

Segment volume (cm3)
Fractional anisotropy
MDa(10− 4 mm2/s)
ADb(10− 4 mm2/s)
RDc(10− 4 mm2/s)
a

Left

Right

0.031 ± 0.167
0.456 ± 0.031
8.11 ± 0.29
12.84 ± 0.54
5.84 ± 0.34

0.921 ± 0.181⁎
0.445 ± 0.029
8.12 ± 0.29
12.57 ± 0.54⁎,†

Mean diffusivity.
b
Axial diffusivity.
c
Radial diffusivity.
⁎ p b 0.01 not including volume as covariate.
†
p b 0.05 including volume as covariate.

5.90 ± 0.32
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Fig. 10. The relative position of a simulated ﬁber bundle on the voxel grid changes the partial volume effect (PVE). In this simulation, the background has a high fractional anisotropy
(FA) and orientation perpendicular to the bundle. A (i) shows a simulated bundle aligned with the voxel grid, (ii)–(iv) show the bundle misaligned by 0.3, 0.5, and 0.8 voxels
horizontally, respectively. B shows the DTI metrics as a function of relative position to the voxel grid (FA; mean diffusivity, MD: axial diffusivity, AD; radial diffusivity, RD). The
resulting differences in PVE of these bundles (as can be seen in A) lead to changes in the estimated DTI metrics.

The preprocessing steps, as well as the extent of the corrected motion
and distortions, are roughly equal for all subjects. This means that the
intersubject variability in volume and diffusion estimates subjects
may be increased, but any underlying trends will not be altered.
An FA threshold of 0.2 and an angle threshold of 30° have been
used to reconstruct the ﬁber pathways. Although these values are
often used in deterministic FT, there are also many studies using a less
strict threshold, such as FA thresholds of 0.15 or 0.1. One can imagine
that if such more liberal thresholds are used, FT will include more
voxels on the edges of bundles, thereby increasing the PVE
contribution to the bundle. A clear example of this has been shown
in the work of Taoka et al. (2009), where the uncinate fasciculus (UF)
has been tracked with four different FA tracking thresholds (0.1, 0.15,
0.2, and 0.25). As a result of changing this FT parameter, they found an
increase in UF volume, accompanied by lower FA and higher MD
values in the UF, when using lower FA thresholds. The inclusion of
more PVE voxels with lower thresholds increased the bundle volume,
and consequently modulated the estimated FA and MD values. We
have chosen to use strict tracking parameters to show that even when
using conservative parameters, the PVE-related confounds still affect
the DTI metrics.
Implications and future work
The results presented in this work are not limited to FT-based
analyses. Since bundle thickness is inherently an underlying factor,
ROI-based (Mukherjee et al., 2001; Bonekamp et al., 2007), voxelbased (Madden et al., 2009; Westlye et al., 2009), and atlas-based
analyses (Huang et al., 2006; Fjell et al., 2008) suffer from these

confounds as well. Similarly, these effects are not limited to the tensor
framework, but also apply to other approaches of diffusion modeling,
such as spherical deconvolution and Q-ball imaging (Tournier et al.,
2004; Tuch, 2004), among others. To truly examine the extent of PVErelated confounds in diffusion analyses, future studies should aim to
clarify the effect sizes of different factors inﬂuencing diffusion
measures.
Being cross-sectional by design, this study cannot uncouple
potentially true microstructural changes from morphological confounds, such as bundle volume, orientation, or curvature, across
different subjects. Longitudinal studies could overcome this drawback
by comparing bundle volume and conﬁguration over time as well as
age and DTI parameters. For instance, if in such a study covariates notof-interest remain unchanged but diffusion measures do change,
those changes truly reﬂect changes in microstructure. Given a
sufﬁcient total follow-up time and regular examination of bundle
characteristics, such studies should be able to determine the effects of
these factors on the estimated diffusion metrics, and during what
stage of development and/or aging these changes occur.
In conclusion, our work shows that bundle volume, orientation,
and curvature are PVE-modulating factors that, subsequently, affect
the estimation of diffusion metrics when sampled along the tract.
These ﬁndings further our understanding of causality when interpreting the results of DTI analyses. In other words, we have shown the
existence of variables that have not been considered previously,
volume in particular, contributing to the explanation of the observed
differences in DTI measures between populations (e.g., males vs.
females). To disentangle “true microstructural” from macrostructural
and conﬁgurational differences/relations or, more generally, to
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improve the speciﬁcity of quantitative DTI analyses, we suggest to
include volume as a covariate not-of-interest in future studies.
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