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Abstract
Diﬀusion-weighted (DW) magnetic resonance imaging (MRI) is a noninvasive imaging method, which can be used to investigate neural tracts in the
white matter (WM) of the brain. However, the voxel sizes used in DW-MRI
are relatively large, making DW-MRI prone to signiﬁcant partial volume effects (PVE). These PVEs can be caused both by complex (e.g. crossing)
WM ﬁber conﬁgurations and non-WM tissue, such as gray matter (GM) and
cerebrospinal ﬂuid. High angular resolution diﬀusion imaging methods have
been developed to correctly characterize complex WM ﬁber conﬁgurations,
but signiﬁcant non-WM PVEs are also present in a large proportion of WM
voxels.
In constrained spherical deconvolution (CSD), the full ﬁber orientation
distribution function (fODF) is deconvolved from clinically feasible DW data
using a response function (RF) representing the signal of a single coherently
oriented population of ﬁbers. Non-WM PVEs cause a loss of precision in the
detected ﬁber orientations and an emergence of false peaks in CSD, more
prominently in voxels with GM PVEs. We propose a method, informed
CSD (iCSD), to improve the estimation of fODFs under non-WM PVEs
by modifying the RF to account for non-WM PVEs locally. In practice,
the RF is modiﬁed based on tissue fractions estimated from high-resolution
anatomical data.
Results from simulation and in-vivo bootstrapping experiments demonstrate a signiﬁcant improvement in the precision of the identiﬁed ﬁber orientations and in the number of false peaks detected under GM PVEs. Probabilistic whole brain tractography shows ﬁber density is increased in the major WM tracts and decreased in subcortical GM regions. The iCSD method
signiﬁcantly improves the ﬁber orientation estimation at the WM-GM inter1

face, which is especially important in connectomics, where the connectivity
between GM regions is analyzed.
Keywords: diﬀusion MRI, ﬁber orientation, response function, partial
volume eﬀect, constrained spherical deconvolution, tractography,
connectomics, gray matter

1. Introduction
Diﬀusion-weighted (DW1 ) magnetic resonance imaging (MRI) is a noninvasive imaging method to investigate tissue microstructure via the measurement of the displacement of water molecules (Stejskal and Tanner, 1965;
Jones, 2010). Diﬀusion in white matter (WM) neural tracts is anisotropic,
larger parallel to the tract than perpendicular to it. This property can be
exploited to extract ﬁber orientations from DW data and investigate neural
tracts in the brain WM using ﬁber tractography algorithms (Conturo et al.,
1999; Basser et al., 2000; Mori and van Zijl, 2002; Jones, 2008; Tournier et al.,
2010; Jeurissen et al., 2011).
The image resolution in DW-MRI is relatively low, with voxel sizes typically larger than 2 × 2 × 2 mm3 . Thus, signiﬁcant partial volume eﬀects
(PVE) are present in the measured DW signal (Alexander et al., 2001; Vos
∗
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et al., 2011). These PVEs may be caused by complex WM ﬁber conﬁgurations, such as crossing tracts (Vos et al., 2011; Jeurissen et al., 2013), or several tissue types present in a voxel (Pasternak et al., 2009; Metzler-Baddeley
et al., 2012b; Roine et al., 2014a).
Currently, the most common method to analyze DW-MRI data is diﬀusion tensor imaging (DTI) (Basser et al., 1994b,a; Jones and Leemans, 2011;
Tournier et al., 2011). However, its shortcoming is the inability to identify complex ﬁber conﬁgurations (Alexander et al., 2001; Frank, 2001, 2002),
present in 60–90 % of WM voxels (Jeurissen et al., 2013). To overcome
this, high angular resolution diﬀusion imaging (HARDI) (Tuch et al., 2002;
Jansons and Alexander, 2003; Tournier et al., 2004; Tuch, 2004; Anderson,
2005; Alexander, 2005; Hosey et al., 2005; Tournier et al., 2007; Dell’Acqua
et al., 2007; Descoteaux et al., 2007; Behrens et al., 2007; Descoteaux et al.,
2009; Daducci et al., 2014) and methods based on diﬀusion spectrum imaging
(DSI) (Wedeen et al., 2005, 2008; Canales-Rodrı́guez et al., 2010) have been
developed.
However, although able to identify complex ﬁber conﬁgurations, many of
the HARDI methods do not account for PVEs caused by non-WM tissue,
such as gray matter (GM) and cerebrospinal ﬂuid (CSF) (Dell’Acqua et al.,
2010; Metzler-Baddeley et al., 2012b; Roine et al., 2014a). In our previous
study, we reported that signiﬁcant PVEs with non-WM tissue were present
in 35–50 % of WM voxels, of which the vast majority was with GM (Roine
et al., 2014a). This indicates that the non-WM PVEs are nearly as common
as complex ﬁber conﬁgurations within a voxel, and thus taking them into
account is important.
Diﬀusion in non-WM tissue is mostly isotropic within the resolution of
DW-MRI (Dell’Acqua et al., 2010). Isotropic non-WM PVEs have been
shown to aﬀect DTI (Alexander et al., 2001; Pasternak et al., 2009; MetzlerBaddeley et al., 2012b) and constrained spherical deconvolution (CSD) (Tournier
et al., 2007; Roine et al., 2014a). Pasternak et al. (2009) used constrained
optimization of a bi-tensor model for free water elimination (FWE) in DTI,
showing increased fractional anisotropy (FA) and mean diﬀusivity (MD).
Metzler-Baddeley et al. (2012b) used FWE to correct for CSF-contamination
in tensor-derived measures in CSD-based tractography and showed that diffusivity measures were more sensitive to PVEs than anisotropy measures.
However, FWE-based approaches are not suitable for GM-contaminated regions. Roine et al. (2014a) showed that in CSD, the precision of the identiﬁed
ﬁber orientations decreased and the number of spurious false peaks increased,
3

when isotropic non-WM volume fraction (VF) increased. These eﬀects were
most prominent with GM, which may cause signiﬁcant consequences when
studying the connectivity between GM regions.
In HARDI methods, few methods account for non-WM PVEs. To the
authors’ knowledge, the ball and stick model is one of the few methods that
directly includes an isotropic compartment and has been extended into multiple ﬁber orientations (Behrens et al., 2003, 2007; Schultz et al., 2010; Jbabdi
et al., 2012). In addition, a method based on total variation and sparse deconvolution has been developed to address the isotropic partial volume eﬀects
in q-ball imaging (Tuch, 2004; Zhou et al., 2014). In another study, isotropic
non-WM PVEs were dampened through adaptive regularization in the iterative Richardson-Lucy deconvolution algorithm (Dell’Acqua et al., 2010).
This method reduced the number of spurious false peaks, but is limited in
that it reports large isotropic fODFs in regions without WM ﬁbers.
CSD is currently one of the most used, clinically feasible and readily available HARDI methods (Tournier et al., 2012; Leemans et al., 2009; MetzlerBaddeley et al., 2012a; Emsell et al., 2013; Farquharson et al., 2013; Forde
et al., 2013; Kristo et al., 2013; McGrath et al., 2013a,b; Reijmer et al.,
2013b,a; Thompson et al., 2014; Roine et al., 2014b). In CSD, the ﬁber
orientation distribution function (fODF) is estimated from clinically feasible DW data by deconvolving the data with a kernel constructed from a
response function (RF) representing a single coherently oriented population
of ﬁbers (Tournier et al., 2004, 2007). However, the non-WM PVEs have not
previously been taken into account in CSD.
In this paper, we propose a novel method, informed CSD (iCSD), where
the traditional RF representing a single ﬁber orientation in pure WM regions
is modiﬁed to account for isotropic diﬀusion from GM and CSF. In practice,
this can be done by using VFs estimated from high-resolution anatomical
data. We evaluate the performance of the proposed method in comparison to
the original CSD with comprehensive simulations. In addition, experiments
on real DW data are performed to conﬁrm the simulation results.
2. Material and methods
We propose a novel method to improve the ﬁber orientation estimation
with CSD under non-WM PVEs. The performance of the method is evaluated with simulations and in-vivo experiments.
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2.1. Fiber orientation estimation with CSD
In CSD, the full fODF is deconvolved from the DW signal using a kernel
constructed from the RF representing a single coherently oriented population
of WM ﬁbers (Tournier et al., 2004). During the deconvolution procedure,
to be able to reliably solve the ill-posed problem, constraints are imposed to
suppress negative peaks in the fODF (Tournier et al., 2007, 2008). The RF
is the DW signal of an ideal ﬁber population perfectly aligned along the zaxis. In practice, it can be estimated from real data by recursive calibration
(Tax et al., 2014) or by selecting voxels with high FA, (e.g. FA > 0.7),
aligning their principal eigenvectors along the z-axis, and then averaging
their spherical harmonics (SH) decompositions (Tournier et al., 2004).
2.2. Informed CSD (iCSD)
In WM regions with non-WM PVEs, the use of the single traditional RF
estimated from pure WM voxels is not accurate. Therefore, we propose a
novel method, iCSD, which exploits the VFs estimated from high-resolution
T1-weighted data to account for local non-WM PVEs in CSD. In iCSD,
the RF corresponding to a single coherently oriented population of ﬁbers is
adapted to the local tissue composition. This anatomically-informed RF is
estimated by linearly combining the DW signal from the WM RF with the
isotropic RFs from GM or CSF tissue, assuming no exchange between the
compartments, as shown in Figure 1. Thus, the RF in iCSD becomes:
riCSD = fwm rwm + fgm rgm + fcsf rcsf ,

(1)

where riCSD is the iCSD RF, rwm is the single-ﬁber RF from pure WM tissue
(as in CSD), fwm , fgm and fcsf are the VFs of WM, GM and CSF tissue and
rgm and rcsf are the isotropic GM and CSF responses, respectively.
After the deconvolution with the iCSD RF, the resulting fODF is proportional to the WM volume in the voxel. However, as the fODF was extracted
from the voxels with diﬀerent tissue types, a scaling factor of fwm should
be used to scale the amplitudes of the fODF to be proportional to the total
volume of the voxel.
2.3. Simulated DW data
The WM signal was simulated for two crossing WM ﬁber conﬁgurations
with equal weight, FA, and MD. The orientation of the ﬁrst ﬁber bundle was
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Figure 1: An illustration of the proposed anatomically-informed response function (RF)
estimation with an example tissue composition of 50 % WM, 50 % GM and 0 % CSF.
The traditional RF corresponding to a single ﬁber orientation in pure WM voxels (A) is
combined with the GM (B) and CSF (C) RFs based on volume fractions estimated from
high-resolution T1-weighted data. Thus, an anatomically-informed RF (D) is received,
which is more accurately adapted to the local tissue composition.

randomly selected, after which the orientation of the second ﬁber bundle was
calculated in spherical coordinates with a predeﬁned crossing angle.
Then, the DW signal was simulated separately for diﬀerent tissue types,
and the resulting signals were combined assuming no exchange between the
compartments (Leemans et al., 2005). The number of gradient directions
uniformly distributed on the unit half-sphere was 64 (Jones et al., 1999). To
avoid any bias caused by the gradient orientations, a diﬀerent gradient set was
used for each simulated DW signal. The signals from the speciﬁc WM ﬁber
conﬁgurations were combined with isotropic CSF and GM compartments.
Based on Basser and Jones (2002), the combined simulated DW signal S(b)
for a single gradient orientation corresponding to b is:
S(b) =fwm (fﬁber1 e−Trace(bDﬁber1 ) + fﬁber2 e−Trace(bDﬁber2 ) )
+ fgm e−Trace(bDgm ) + fcsf e−Trace(bDcsf ) ,

(2)

where fﬁber1 and fﬁber2 are the VFs of the two ﬁbers with respect to the
WM compartment, and Dﬁber1 and Dﬁber2 are the diﬀusion tensors of the
ﬁbers (FA=0.8, MD=0.0007 mm2 /s), and Dgm and Dcsf are the isotropic tensors of the DW signal in GM (FA=0, MD=0.0007 mm2 /s) and CSF (FA=0,
MD=0.002 mm2 /s), respectively. Complex Gaussian noise was added to the
combined DW signal, resulting in Rician distributed data.
In the simulations, the iCSD RF can be calculated using the diﬀusion
tensors of the respective compartments and the following formula (Basser
and Jones, 2002):
rs (b) = fwm e−Trace(bDwm ) + fgm e−Trace(bDgm ) + fcsf e−Trace(bDcsf ) ,
6

(3)

where rs (b) is the amplitude of the simulated iCSD RF along the single gradient orientation corresponding to b, the b-matrix summarizing the interactions of all gradient waveforms applied in the acquisition (Mattiello et al.,
1997). Dwm is the diﬀusion tensor of the DW signal in single-ﬁber WM voxels (FA=0.8, MD=0.0007 mm2 /s). Complex Gaussian noise is added, with
a signal-to-noise ratio (SNR) equal to the simulated signal, resulting in Rician distributed data. SNR is calculated with respect to the non-diﬀusion
weighted signal in pure WM (Dietrich et al., 2007; Tournier et al., 2013).
2.4. Extraction of peak measures from the fODFs
To ﬁnd the peaks of the fODF estimated with CSD from both simulated and in-vivo DW data, a Newton optimization algorithm was used to
extract the local maxima of the fODF directly based on the SH decompositions (Jeurissen et al., 2013). Optimization was initialized on a dense set of
uniformly distributed spherical sample points (Jones et al., 1999). A threshold of 33 % of the maximum amplitude and 0.1 absolute amplitude of the
fODF was used to discard small peaks, as commonly used in tractography
(Tournier et al., 2010; Jeurissen et al., 2011; Tournier et al., 2012). A maximum of 6 of the highest peaks were identiﬁed. The peaks were clustered
around the peaks of the average fODF calculated over all simulation repetitions performed with the same parameter conﬁguration. Peaks further away
than half of the crossing angle (with an upper limit of 35 degrees) from any
of the peaks of the average fODF were not included in the clusters. A mean
dyadic tensor was used to derive the average orientation for each of the identiﬁed ﬁber clusters (Basser and Pajevic, 2000; Jones, 2003). This orientation
was then compared to the true orientations of the simulated ﬁber bundles to
calculate bias. Peaks in clusters that were less than half of the crossing angle
(with an upper limit of 35 degrees) from the true orientations were considered true peaks, and the rest of the peaks, including those not assigned to
a cluster, false peaks. From the true clusters, accuracy (bias) and precision
(95th percentile conﬁdence interval, CI) with respect to the orientation of the
mean dyadic tensor were calculated.
2.5. Simulation experiments
Simulation experiments were conducted to study the performance of CSD
with the modiﬁed RF in comparison to the original RF. Simulations and
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analyses were performed in Matlab (The MathWorks, Inc., Natick, Massachusetts, United States), by using dedicated software programmed by the
authors.
Precision, accuracy, and the number of correct and false peaks identiﬁed
were investigated under GM and CSF PVEs varying the non-WM VF from
0.00 to 0.95. The angle between the ﬁber conﬁgurations was varied from 40 to
90 degrees, and the b-value from 1000 to 3500 s/mm2 . The SNR, calculated
with respect to the non-diﬀusion weighted signal in pure WM, was varied
from 10 to 60. We performed 1000 repetitions for each parameter conﬁguration by adding diﬀerent realizations of Rician noise to the simulated DW
signal. The fODFs were estimated from the simulated DW signals with CSD
using an SH representation truncated at orders from 4 to 14. Both the original RF and the anatomically-informed RF, as explained in section 2.2, were
used in the estimation of the fODFs. The individual peaks and quantitative
measures were extracted from the fODFs according to section 2.4.
To study the eﬀect of each parameter separately in the simulations, only
one parameter at a time was varied. The default values for the non-varying
parameters were: b-value: 3000 s/mm2 ; angle between the crossing ﬁber
conﬁgurations: 70 degrees; SNR: 20 (as measured in real data). The default
maximum SH order was 8.
2.6. Data acquisition and pre-processing
High angular resolution DW data were acquired on a 3T MRI system with
a 32-channel head coil. The healthy volunteer gave written informed consent
to participate in this study under a protocol approved by the local ethics
committee. A single-shot echo-planar imaging (EPI) sequence was used with
TR=8100 ms, TE=116 ms and 2.5 × 2.5 × 2.5 mm3 voxel size. The ﬁeld
of view (FOV) was 240 × 240 mm2 with a 96 × 96 acquisition matrix and
the number of excitations (NEX) was 1. In the axial direction, 54 slices were
imaged with 2.5 mm thickness and no gap. Diﬀusion sensitizing gradients
with b = 2800 s/mm2 were applied along 75 non-collinear directions. Ten
images without diﬀusion-weighting (b = 0 s/mm2 ) were acquired, of which
one was acquired with reverse phase-encoding for the purpose of the EPI
distortion correction. The SNR of the non-DW images was calculated to be
approximately 20 in WM tissue using the method presented by Dietrich et al.
(2007) and Tournier et al. (2013). High-resolution anatomical T1-weighted
images were acquired with a 3D magnetization-prepared rapid gradient-echo
(MPRAGE) sequence (Mugler and Brookeman, 1990) with TR=1900 ms,
8

TE=2.52 ms, TI=900 ms and 1 × 1 × 1 mm3 voxel size (ﬂip angle = 9◦
and NEX = 1). FOV was 250 × 250 × 176 mm3 with a 256 × 256 × 176
acquisition matrix.
The DW data were corrected for subject motion and eddy current induced
distortions (Andersson et al., 2012; Leemans and Jones, 2009) and FMRIB
Software Library’s (FSL) TOPUP was used to correct for EPI distortions
(Andersson et al., 2003). Four tissue types (CSF, cortical GM, deep GM
and WM) were segmented on the structural image using the state-of-theart framework outlined in Smith et al. (2012). In summary, the approach
combines several tools from the FSL, including the Brain Extraction Tool
(BET) (Smith, 2002), the FMRIB Automated Segmentation Tool (FAST)
(Zhang et al., 2001), and the FMRIB Integrated Registration and Segmentation Tool (FIRST) (Patenaude et al., 2011), to obtain a reliable partial volume fraction map for all four tissue types. The structural data was aligned
to the DW images using rigid body registration in SPM (Ashburner and Friston, 2003) (http://www.ﬁl.ion.ucl.ac.uk/spm/software/spm8/). The MRtrix package (J-D Tournier, Brain Research Institute, Melbourne, Australia,
https://github.com/jdtournier/mrtrix3) was used for probabilistic tractography and visualization of the in-vivo experiments (Tournier et al., 2012).
2.7. In-vivo fODF bootstrapping
The precision of the extracted ﬁber orientations was evaluated in in-vivo
data by using residual bootstrapping in combination with SH modeling to
create diﬀerent realizations from the DW data of a single subject (Jeurissen
et al., 2011). Thus, the same voxels between the diﬀerent realizations can be
directly compared to each other, which is not possible when using diﬀerent
acquisitions, even of the same subject. The residuals were calculated by
subtracting the SH decomposition, using up to 8th order terms, of the DW
signal from the original signal and they were corrected for leverage (Jeurissen
et al., 2011; Davison and Hinkley, 1997). Then, 200 realizations of the DW
data were generated, by randomly choosing with replacement among the
residuals and adding the bootstrapped residuals to the SH decomposition of
the original DW signal.
The fODFs from the diﬀerent realizations were extracted with CSD and
iCSD using up to 8th order SH. The peaks of the fODFs and quantitative
measures were extracted as explained in section 2.4, with the exception that
a constant threshold of 20 degrees was used in the clustering of the peaks.
The precision (95th percentile CI) of the identiﬁed peaks (in a cluster) and
9

the number of unstable peaks (not in a cluster) were calculated. The term
unstable peaks was chosen, as it refers to these peaks not being found reliably
across the 200 bootstrap realizations of the same voxel.
2.8. In-vivo tractography
To investigate the eﬀect of the proposed method on tractography performed based on the fODFs, we performed probabilistic whole brain tractography with the iFOD2 algorithm (Tournier et al., 2010, 2012). Tract-density
imaging (TDI) was used to investigate the diﬀerences between the reconstructed tractograms (Calamante et al., 2010). The diﬀerence between the
TDIs derived using iCSD and CSD was calculated (iCSD – CSD), which resulted in an image indicating whether there are more tracts passing through
each voxel using the original CSD or iCSD approaches.
3. Results
The results of the fODF estimation using the proposed iCSD method in
comparison to the original CSD implementation are presented in this section. Experiments with simulated as well as in-vivo data are presented. In
addition, the eﬀects of the proposed method on probabilistic tractography
are presented.
3.1. Simulation experiments
Figure 2 shows the eﬀect of isotropic non-WM volume using iCSD and
original CSD. The proposed method signiﬁcantly increased the precision (Fig.
2B) and reduced the number of false peaks (Fig. 2D) with both CSF and GM
PVEs. The improvement was more prominent with GM PVEs. However, the
method had a small negative eﬀect on accuracy (Fig. 2A). The number of
correct peaks detected decreased with very high isotropic VFs (Fig. 2C),
which was more clearly expressed with CSF PVEs. The results with SH
orders 8 (Fig. 2A-D) and 12 (Fig. 2E-H) were similar.
The eﬀect of varying non-WM volume with a lower diﬀusion-weighting of
b = 1000 s/mm2 is shown in Figure 3. The isotropic PVEs can now be seen
in lower non-WM fractions and the performance of both the proposed iCSD
and original CSD methods was worse than with the high b-value of b = 3000
s/mm2 . The proposed method could not distinguish the two correct ﬁber
orientations under very high (larger than 0.85) non-WM fractions, which
caused also an increase in bias. However, until volume fractions of 0.6–0.8,
10
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Figure 2: Bias, 95 % conﬁdence interval (CI), and the number of correct and false peaks
estimated using iCSD and original CSD as a function VF of CSF and GM. Figures A-D
with SH order 8 and E-H with SH order 12 (diﬀusion weighting 3000 s/mm2 , angle 70
degrees, and SNR 20).

the proposed method increased the precision and reduced the number of
spurious false peaks, with only a small 1–2 degree increase in bias.
The trends of the diﬀerent methods were similar with diﬀerent b-values,
as shown in Figure 4. The precision remained signiﬁcantly higher and the
number of false peaks was close to zero with 50% non-WM VFs using all
b-values. The bias of the proposed method was slightly increased, approximately one degree higher for all b-values.
The eﬀect of diﬀerent maximum SH orders is shown in Figure 5. The
estimation with the proposed method resulted in increased precision and
decreased number of false peaks in comparison to the original method with
SH orders of 6 or larger.
The eﬀect of diﬀerent SNRs is shown in Figure 6. Figures 4A-D show
the results with 50 % and Figures 4E-H with 75 % non-WM VF. With the
original CSD, the results under high GM PVEs (75 %) did not improve with
SNR. However, with the proposed iCSD method the precision increased in
the case of large PVEs, and the number of false peaks remained lower than
with original CSD. A slight decrease in the number of correct peaks can be
noticed with the proposed method at very low SNR.
The eﬀect of the varying angle between the ﬁber conﬁgurations is shown
in Figure 7. The number of false peaks for the iCSD was lower for all angles

11

8
95% CI (degrees)

Bias (degrees)

A
6
4
2
0
0

30 B
20
10
0
0

0.2
0.4
0.6
0.8
Isotropic volume fraction

2.5

2
D

2
1.5

0.5
0
0

CSD (CSF)
iCSD (CSF)
CSD (GM)
iCSD (GM)

False peaks

Correct peaks

C

1

0.2
0.4
0.6
0.8
Isotropic volume fraction

1.5
1
0.5
0
0

0.2
0.4
0.6
0.8
Isotropic volume fraction

0.2
0.4
0.6
0.8
Isotropic volume fraction

Figure 3: Bias (A), 95 % conﬁdence interval (CI) (B), and the number of correct (C) and
false peaks (D) estimated using iCSD and original CSD as a function VF of CSF and GM
(diﬀusion weighting 1000 s/mm2 , SH order 8, angle 70 degrees, and SNR 20).

and the precision was improved for angles larger than 50 degrees. For the
50 degree crossing, the number of correct peaks was slightly lower than with
the original method. The 40 degree crossing could not be identiﬁed correctly
under 50 % non-WM VF with either of the methods.
An example of the fODFs estimated with iCSD and original CSD methods
is shown in Figure 8. The default parameter values were used. The blue lines
correspond to the true orientations. With the original method, small false
peaks appeared with 40 % GM VF and signiﬁcant deviation from the true
orientations was present with 60-80 % VFs. The proposed method could
detect the two ﬁber orientation correctly and without any false peaks until
60 % VFs, but a deviation from the true orientations was present with 80 %
VF.
3.2. In-vivo fODF bootstrapping
Voxel-wise measures for the precision (95 % CI) and the number of unstable peaks were derived from real data based on 200 realizations generated
by bootstrapping the residuals of the SH decomposition. The measures as
a function of non-WM VF are presented in Figure 9. In addition, coronal, sagittal and axial illustrations for the diﬀerences in these measures are
provided in Figure 10. The diﬀerences were calculated by subtracting the
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Figure 4: Bias (A), 95 % conﬁdence interval (CI) (B), and the number of correct (C) and
false peaks (D) estimated using iCSD and original CSD as a function of b-value (with 50%
isotropic VF, SH order 8, angle 70 degrees, and SNR 20).

measures estimated with the original CSD method from the ones estimated
with the iCSD approach. Thus, a negative value indicates that the measured
quantity is lower for the proposed method.
The improvement in precision (95 % CI), as shown in Figure 9, was statistically signiﬁcant for GM VFs larger than or equal to 25 %. For the number
of unstable peaks, signiﬁcance was reached already with 15 % GM VF. Statistical signiﬁcance was tested with a two-tailed two-sample t-test assuming
unequal variances, and Bonferroni correction for multiple comparisons was
used to control for familywise error rate. The total number of statistical
tests performed was 80 and thus, the signiﬁcance threshold (for α = 0.05)
is p < 0.000625. The p-values, t-values and the number of voxels for each
VF conﬁguration are presented in Table 1, and the signiﬁcant p-values after
Bonferroni correction are marked with an asterisk. For CSF, no statistical
signiﬁcance was reached in the individual VF measures, partly due to less
voxels being aﬀected by CSF PVEs. In addition, the global measures over all
voxels with signiﬁcant non-WM PVEs (25 % – 75 % non-WM and at least
25 % WM) were calculated. Of these global measures, both the increase in
precision and the decrease in the number of unstable peaks with iCSD were
statistically signiﬁcant for GM PVEs, and the number of unstable peaks was
signiﬁcantly reduced also for CSF PVEs.
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VF
5%
10 %
15 %
20 %
25 %
30 %
35 %
40 %
45 %
50 %
55 %
60 %
65 %
70 %
75 %
80 %
85 %
90 %
95 %
25%–75%

GM
95 % CI
N
t-stat
p-value
2393 0.921
0.993
1923
2.21
0.357
1612
3.31
2.71e-02
1640
3.72
9.39e-04
1638
4.94
2.04e-04*
1630
6.28
8.31e-07*
1678
6.60
3.80e-10*
1683
8.14
4.65e-11*
1648
9.13
5.46e-16*
1630
10.4
1.15e-19*
1597
12.4
5.85e-25*
1482
13.0
9.37e-35*
1306
14.0
1.07e-37*
1315
15.2
4.95e-43*
1271
17.4
3.60e-50*
1356
21.9
1.30e-63*
1463
25.6
2.73e-97*
1535
29.2 3.35e-127*
1932
35.5 1.06e-153*
14776 31.4 5.70e-213*

Unstable peaks
t-stat
p-value
2.56
0.787
4.58
1.04e-02
5.32
4.89e-06*
8.27
1.12e-07*
9.49
1.91e-16*
10.8
4.14e-21*
14.0
1.24e-26*
16.3
2.22e-43*
19.1
8.75e-58*
21.8
4.67e-77*
25.7
2.11e-98*
29.3 1.76e-132*
32.7 5.45e-166*
39.9 6.32e-197*
47.6 2.73e-270*
57.5
0*
60.2
0*
38.2
0*
15.4 3.26e-234*
68.5
0*

N
284
200
139
135
125
107
113
112
101
111
117
112
115
105
118
132
164
209
251
342

CSF
95 % CI
t-stat p-value
0.067
0.993
0.109
0.947
0.189
0.914
0.128
0.851
0.375
0.898
0.222
0.708
0.524
0.824
0.273
0.601
0.441
0.785
0.414
0.659
0.351
0.680
0.550
0.726
0.735
0.583
0.751
0.463
0.570
0.454
0.871
0.569
0.200
0.385
1.12
0.841
-1.70
0.264
2.84 4.66e-03

Unstable peaks
t-stat
p-value
0.181
0.787
0.096
0.856
0.222
0.924
0.296
0.824
0.196
0.767
0.572
0.845
0.116
0.568
0.237
0.908
0.632
0.813
0.808
0.528
0.830
0.420
0.613
0.407
1.18
0.540
1.55
0.237
1.01
0.122
2.77
0.315
1.27
6.02e-03
2.01
0.207
-1.05 4.55e-02
6.07 2.14e-09*

Table 1: Statistical tests for the precision (95 % CI) and the number of unstable peaks for
diﬀerent GM and CSF VFs.
VF: volume fraction, N: number of voxels, GM: gray matter, CSF: cerebrospinal ﬂuid, CI:
conﬁdence interval. Statistically signiﬁcant diﬀerences (after Bonferroni correction) are
marked with *.
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Figure 5: Bias (A), 95 % conﬁdence interval (CI) (B), and the number of correct (C) and
false peaks (D) estimated using iCSD and original CSD as a function of SH order (with
50% isotropic VF, diﬀusion weighting 3000 s/mm2 , angle 70 degrees, and SNR 20).

Example fODFs from the lateral occipital cortex, near the Brodmann
area 19 are presented in Figure 11. The original fODFs are presented on the
left and the iCSD fODFs on the right, visualized on the WM tissue fraction
map (white = 100 % WM, black = 0% WM). In addition, the diﬀerences
in precision and in the number of unstable peaks are presented below the
estimated fODFs. Another example region in the occipital lobe is shown
in Figure 12. The area in question is marked with a red rectangle, and the
fODFs estimated with the CSD and iCSD methods are visualized on the WM
VF map. Both of the example regions show large changes in the fODFs, most
clearly expressed as the reduction in the number of spurious peaks and the
decrease of the ﬁber amplitudes, due to the non-WM signal removed from
the voxel. In addition, the precision is improved and the number of unstable
peaks reduced, as shown in Figure 11 (iii and iv ).
3.3. In-vivo tractography
Probabilistic whole brain tractography indicated that there are small differences in the reconstructed tracts between iCSD and original CSD. These
diﬀerences were the most pronounced in the major WM tracts and their
cortical extensions, where the tract density was increased and in the deep
gray matter, where the density was decreased with iCSD in comparison to
15
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Figure 6: Bias, 95 % conﬁdence interval (CI), and the number of correct and false peaks
estimated using iCSD and original CSD as a function of SNR (using SH order 8, diﬀusion
weighting 3000 s/mm2 , angle 70 degrees). Figures A-D with 50 % and E-H with 75 %
isotropic VF.

the original CSD method. An illustration of these diﬀerences is provided in
Figure 13.
4. Discussion
We proposed a method, iCSD, to improve the reliability of ﬁber orientation estimation in CSD for regions under non-WM PVEs by modifying the
RF used in the estimation of the fODF to account for local tissue composition. The results showed a signiﬁcant improvement compared to the original
CSD in the precision of the identiﬁed ﬁber orientations and in the number
of spurious false peaks detected under GM PVEs both in simulated and real
DW data. A small decrease in accuracy is present in the simulation results,
but the bias is small while the increase in precision and the reduction in the
number of false peaks are much more pronounced.
Our previous results indicated that although CSD is eﬃcient and accurate
in the detection of complex ﬁber conﬁgurations within a voxel, precision of
the estimated ﬁber orientations decreases and the number of false peaks
detected increases in the case of GM contamination, which was estimated
to be present in 35-50 % of WM voxels (Roine et al., 2014a). This will
most likely introduce false positives and hinder tract propagation into the
cortex or near subcortical GM tissue. Reliable tractography at the WM16
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Figure 7: Bias (A), 95 % conﬁdence interval (CI) (B), and the number of correct (C) and
false peaks (D) estimated using iCSD and original CSD as a function of the angle between
the ﬁber conﬁgurations (with 50% isotropic VF, diﬀusion weighting 3000 s/mm2 , SH order
8, and SNR 20). To be able to compare the measures, a constant angular threshold was
used (20 degrees) in the clustering.

GM interface is especially important in connectomics, where the connectivity
between GM regions is analyzed. An algorithm, anatomically constrained
tractography (ACT), already exists (Smith et al., 2012). In ACT, tracts are
discarded based on their anatomical feasibility and thus, only tracts that
correctly propagate to the cortex are accepted. However, the problem of
false positives and systematic errors in the tractography performed based on
erroneous fODFs remains. Therefore, we decided to develop a method to
take these non-WM PVEs into account directly in the estimation of fODFs
in CSD and thus, potentially improve the accuracy of tractography in the
regions under GM contamination. The proposed method does not guarantee
the anatomical feasibility of the tracts, and it may be used in conjunction
with ACT (Smith et al., 2012).
Part of the non-WM PVEs is due to the reduced SNR of the WM compartment, which can not be recovered. The rest of the eﬀects are caused
by the mostly isotropic diﬀusion from the non-WM tissue. This is shown
in the diﬀerence between the measures of GM and CSF VFs. As shown in
Roine et al. (2014a), CSF signal is completely attenuated with b-values from
1500–2000 s/mm2 upwards, in which case only the reduced SNR aﬀects the
results with CSF.
17

Figure 8: Examples of the fODFs estimated with the iCSD (bottom) and original CSD
(top) with diﬀerent isotropic GM VFs (0 %, 20 %, 40 %, 60 % and 80 %). The blue lines
correspond to the correct simulated ﬁber orientations.

The proposed method takes the isotropic diﬀusion into account in the RF
used in the deconvolution of the fODF from the DW signal. Thus, the results
show a more signiﬁcant improvement with GM PVEs. The proposed method
increased the precision of the identiﬁed ﬁber orientations and decreased the
number of spurious false peaks in the simulation experiments under GM
PVEs. The improvement was clear for diﬀusion-weightings from 1000 s/mm2
to 3500 s/mm2 , for maximum SH orders from 8 to 14, for SNRs from 10 to
60, and for angles between the crossing ﬁber conﬁgurations from 50 to 90
degrees. For CSF PVEs, the improvement was generally very small, and more
noticeable only in the number of false peaks detected with very low SNRs
or very high VFs. Based on the simulation results presented in Figure 5, we
suggest to avoid the use of very high SH orders in the estimation of the fODFs
with iCSD (or CSD) in regions with signiﬁcant GM PVEs. The simulation
results were not sensitive to diﬀerences in the threshold values used in the
peak extraction or clustering.
In addition, experiments performed with bootstrapping of the residuals in
real data showed a signiﬁcant increase in the precision of the identiﬁed ﬁber
orientations from 25 % GM VF and a signiﬁcant decrease in the number
of detected unstable peaks from 15 % GM VF. No signiﬁcant improvement
was detected with CSF VFs, except for the global reduction in the number
of unstable peaks. The similarity between the simulations and the in-vivo
experiments was clear.
From Fig. 11 and Fig. 12 it can be observed that in areas with signiﬁcant
PVEs the number of spurious peaks was reduced, similar to what has been
observed from the simulation and bootstrapping experiments (Sections 3.1
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Figure 9: The number of unstable peaks (A) and the precision (95 % CI) of the identiﬁed
peaks as a function of non-white matter (GM or CSF) volume fraction (VF). Estimated
with SH order 8 based on 200 bootstrap realizations in real data with iCSD and original
CSD.

and 3.2), and the amplitudes of the fODFs were decreased due to the removal
of non-WM signal. The fODFs estimated with iCSD had less spurious peaks
and in some cases, they showed a fanning structure of the cortical tract extensions (e.g. in Fig. 12). This kind of ﬁber dispersion has been previously
reported to be present in high-resolution DW-MRI data acquired in the Human Connectome Project and is supported by histology in the macaque brain
(Sotiropoulos et al., 2013b,a; Ugurbil et al., 2013; Jeurissen et al., 2014).
The comparison of the tract density images between iCSD and CSD
showed increased tract density in the main white matter tracts and their
cortical projections and decreased tract density in for example subcortical
GM. However, the changes in the tract density were small, so the global
tract density remains highly similar to tractography performed based on the
original CSD method. This may be due to the improvements being restricted
to voxels with non-WM PVEs and thus, the proposed method mostly aﬀects
voxels located close to the end-points of the tracts. Although globally the
changes are small, the end-points of the tracts will be more correctly reconstructed with iCSD, as shown by the simulations and the bootstrapping
experiments, as well as the visualization of estimated fODFs. Accuracy of the
end-points of the tracts is especially important in connectomics, in which the
connectivity between GM regions is analyzed (Bullmore and Sporns, 2009;
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(i) Unstable peaks

(ii) 95 % CI

Figure 10: An illustration of coronal (A and D), sagittal (B and E) and axial (C and F)
slices showing the spatial distribution of the diﬀerences (iCSD – CSD) in the number of
unstable peaks (A–C) and in the precision (95 % CI) of the identiﬁed ﬁber orientations
(D–E) between iCSD and original CSD. Estimated with SH order 8 based on 200 bootstrap
realizations in real data.

Rubinov and Sporns, 2010; Hagmann et al., 2010).
Parker and coworkers previously reported a pitfall in the ﬁber orientation estimation performed with spherical deconvolution (Parker et al., 2013).
They showed that incorrect calibration of the single-ﬁber RF caused spurious
peaks in the fODF. Their ﬁndings are closely related to our previous results
concerning non-WM PVEs (Roine et al., 2014a). However, while Parker’s
results arose from incorrect calibration of the WM RF, our previous results
concerned isotropic non-WM PVEs assuming that the WM RF was correctly
calibrated. The proposed iCSD method accounts for the non-WM PVEs by
modifying the RF accordingly, but it uses a traditional WM RF and thus,
the pitfall proposed in Parker et al. (2013) is not eliminated. To avoid this
20

(i) Original CSD

(ii) iCSD

(iii) Unstable peaks

(iv) 95 % CI

Figure 11: An illustration of fODFs from lateral occipital cortex estimated with original
CSD (i ) and iCSD (ii ) visualized on the WM volume fraction (VF) map (white = 100
% WM, black = 0% WM). The diﬀerences (iCSD – CSD) in the number of unstable
peaks (iii ) and in the precision (95 % CI) of the identiﬁed ﬁber orientations (iv ) are also
presented.

pitfall, we have used state-of-the-art methods to estimate the WM RF and
therefore, the calibration of the single-ﬁber RF is as accurate as possible with
the currently available methods.
A limitation of this study is that the in-vivo results can not be validated
with a hardware phantom, because no such phantom containing also signiﬁcant non-WM PVEs exists. Nonetheless, the similarity of the in-vivo results
concerning precision of the identiﬁed ﬁber orientations and the number of
detected unstable peaks provides further support for the simulation results.
Another limitation is that the proposed method depends on the availability
of a structural MRI scan aligned with the DW-MRI data. This has two implications. First, it requires that a structural MRI scan of the same subject
is available. Second, it requires that the signiﬁcant EPI distortions typically seen in DW data sets are properly accounted for to be able to align
21

Figure 12: An illustration of fODFs in an example area in the occipital lobe marked with
a red rectangle (A). The fODFs were estimated with original CSD (B) and iCSD (C) using
SH order 8 and are visualized on the WM volume fraction (VF) map (white = 100 % WM,
black = 0% WM).

the DW data accurately with the undistorted structural image. Our current
pipeline achieves EPI distortion correction by means of acquiring at least one
additional b = 0 s/mm2 volume with reversed phase encoding (Andersson
et al., 2003). If these conditions are not fulﬁlled, our current pipeline cannot
correctly account for isotropic PVEs.
Furthermore, the experiments and the proposed method are currently
restricted to the CSD approach, although it may be possible to incorporate
a similar approach into other methods. Previous studies indicate that the
non-WM PVEs are present in DW-MRI in general (Alexander et al., 2001;
Behrens et al., 2007; Pasternak et al., 2009; Dell’Acqua et al., 2010; MetzlerBaddeley et al., 2012b). While some of the analysis methods already account
for (Behrens et al., 2003, 2007; Pasternak et al., 2009; Jbabdi et al., 2012) or
reduce the adverse eﬀects of these PVEs (Dell’Acqua et al., 2010), many of
the currently used methods do not. Dell’Acqua et al. (2010) proposed to use
adaptive regularization to damp the spurious peaks caused by the isotropic
PVEs in the iterative Richardson-Lucy deconvolution algorithm (Dell’Acqua
et al., 2010). The number of spurious false peaks was shown to be reduced,
while the angular resolution was preserved. However, their method produces
non-zero ﬁber densities also in the CSF, unlike the proposed iCSD method.
In CSD, which is a widely used method (Metzler-Baddeley et al., 2012a;
Emsell et al., 2013; Forde et al., 2013; Kristo et al., 2013; McGrath et al.,
2013a,b; Reijmer et al., 2013b,a; Thompson et al., 2014; Roine et al., 2014b),
the isotropic PVEs were not taken into account earlier.
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(i) Diﬀerence in tract density

(ii) Tract density with iCSD

Figure 13: An illustration of coronal (A and D), sagittal (B and E) and axial (C and F)
slices showing the diﬀerences in the tract density images (iCSD – CSD, as a fraction of the
total number of tracts) in A–C and the tract density images of the iCSD method in D–E.
Estimated with SH order 8, and probabilistic tractography with the iFOD2 algorithm.

5. Conclusions
We propose a novel method, informed CSD (iCSD), in which the singleﬁber RF used in the estimation of the fODFs in CSD is modiﬁed to account
for local tissue VFs estimated from high-resolution anatomical data. Significant improvement in the precision of the estimated ﬁber orientations and
in the number of spurious false peaks detected in GM contaminated regions
was shown both with simulated and real DW data. However, neither the proposed iCSD method nor the original CSD method is able to correctly resolve
ﬁber crossing angles of less than 60 degrees under signiﬁcant non-WM PVEs.
The proposed method will be particularly useful in connectomics, where the
end-points of the tracts are critical for the successful analysis of connectivity
between GM regions.
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