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Diffusion tractography using HARDI is signiﬁcantly affected by quantitative anisotropy (QA) threshold values.
Tractography of speciﬁc fasciculi can be inadvertently inﬂuenced by QA threshold.
Network-based analyses are also susceptible to the effects of QA threshold.
Subject-speciﬁc QA thresholds are recommended to provide meaningful results.
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a b s t r a c t
Background: Deterministic diffusion tractography obtained from high angular resolution diffusion imaging (HARDI) requires user-deﬁned quantitative anisotropy (QA) thresholds. Most studies employ a
common threshold across all subjects even though there is a strong degree of individual variation within
groups. We sought to explore whether it would be beneﬁcial to use individual thresholds in order to
accommodate individual variance. To do this, we conducted two independent experiments.
Method: First, tractography of the arcuate fasciculus and network connectivity measures were examined in a sample of 14 healthy participants. Second, we assessed the effects of QA threshold on group
differences in network connectivity measures between healthy young (n = 19) and old (n = 14) individuals.
Results: The results of both experiments were signiﬁcantly inﬂuenced by QA threshold. Common thresholds set too high failed to produce sufﬁcient reconstructions in most subjects, thus decreasing the
likelihood of detecting meaningful group differences. On the other hand, common thresholds set too
low resulted in spurious reconstructions, providing deleterious results.
Comparison with existing methods: Subject speciﬁc thresholds acquired using our QA threshold selection
method (QATS) appeared to provide the most meaningful networks while ensuring that data from all
subjects contributed to the analyses.
Conclusions: Together, these results support the use of a subject-speciﬁc threshold to ensure that data
from all subjects are included in the analyses being conducted.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction

Abbreviations: HARDI, high angular resolution diffusion imaging; ODF, orientation distribution function; QA, quantitative anisotropy; QATS, quantitative
anisotropy threshold selection; ROI, region(s) of interest.
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Diffusion MRI can be used to assess the movement of water
molecules within the brain, making it possible to infer structural
properties of underlying neural tissue. Deterministic ﬁber tracking methods provide the ability to reconstruct models of white
matter pathways obtained from diffusion MRI data. High angular
resolution diffusion imaging (HARDI) and diffusion spectrum imaging (DSI) are becoming popular because of their ability to model
pathways through the complicated geometry imposed by crossing, kissing, or other complex ﬁber orientations found in the brain
(Wedeen et al., 2008). HARDI samples the diffusion MR signal at

46

C.M. Bauer et al. / Journal of Neuroscience Methods 288 (2017) 45–56

a set of points on the surface of a sphere at a high b-value and is
sensitive to the microstructural differences in the underlying tissue (Nagy et al., 2013). HARDI, as a single B-shell sequence, offers
image acquisition times that are amenable for scanning clinical
populations (Rodrigues et al., 2013).
In HARDI, the orientation distribution function (ODF) characterizes the relative likelihood of diffusion along any given direction
within a voxel and is based on the spin density function (Yeh et al.,
2010). For each reconstructed ﬁber within a voxel, a quantitative
anisotropy (QA) value is calculated. QA is deﬁned for each peak of
the spin distribution function, making this technique rather insensitive to partial voluming. Because of this, QA provides a useful
index for ﬁltering ﬁber populations and for deﬁning track termination in deterministic tractography (Yeh et al., 2013).
A critical step in the reconstruction of white matter projections with deterministic tractography is choosing the appropriate
threshold parameters. These include anisotropy threshold (e.g.
QA, FA), termination angle, step size, smoothing, and length constraints. The anisotropy threshold plays an important role in
determining when tracts end. When the anisotropy value within a
voxel falls below the threshold, the tracking algorithms terminate.
Thus, anisotropy threshold ultimately determines which voxels are
included in a tract and the choice of this value can signiﬁcantly
alter ﬁber trajectory (Mukherjee et al., 2008). One of the biggest
challenges faced is in determining the optimal QA threshold. For
example, setting the value too high can deﬂate the number of connections found, producing false negative results (Kunimatsu et al.,
2004), while setting the QA threshold too low can result in spurious
connections and cause false-positive results (Seehaus et al., 2012).
Despite the importance of this parameter, ﬁnding a way to objectively determine the optimal QA value has received little attention
in the literature. Furthermore, because the scaling of QA is different from FA (Yeh et al., 2010), previously determined FA thresholds
(Domin et al., 2014; Kunimatsu et al., 2004; Parizel et al., 2007;
Seehaus et al., 2012; Taoka et al., 2009) cannot be directly applied
in studies using HARDI forms of imaging.
The impact that anisotropy threshold parameters can have on
the resultant tractography models has not been studied within the
context of ODF-based approaches, such as HARDI. This is concerning given the growing number of studies that are using ODF-based
techniques to study a wide array of disorders such as neurological
conditions (Abhinav et al., 2014; Dennis et al., 2011; Muhlert et al.,
2013) or normal aging and development (Dennis et al., 2013; Lee
et al., 2015). Moreover, the impact that these thresholds have on the
ﬁber tract models generated has not been examined in the context
of network-based connectivity (Rubinov and Sporns, 2010), which
is also becoming increasingly popular. In the realm of networkbased connectivity, there is evidence that early processing steps
can signiﬁcantly inﬂuence the outcome of network-based models.
For example, studies have investigated the inﬂuence of different
parcellation schemes with respect to a variety of network properties (Cammoun et al., 2012; Cheng et al., 2012b) and weighting
schemes (Cheng et al., 2012a). Further, the speciﬁc tractography
algorithm used has also been shown to impact network characteristics (Bastiani et al., 2012). However, it is unknown how QA
threshold inﬂuences these measures.
Most studies being conducted today employ a common
anisotropy threshold across all subjects even though there is a
strong degree of individual variation in anisotropy values. In doing
this, there is the potential for individual subjects to offer little to the
analysis because their ﬁber reconstruction models have few to no
connections. In this study, we sought to explore whether it would
be beneﬁcial to accommodate individual variation through the use
of individual thresholds. To do this, we conducted two separate
experiments. First, the effect of varying QA threshold in the reconstruction and anatomical properties of the arcuate fasciculus was

examined. The arcuate fasciculus has been characterized extensively in-vivo using diffusion based imaging tractography (Catani
and Thiebaut de Schotten, 2008) and ex-vivo using the Klinger dissection technique (Fernández-Miranda et al., 2015). Thus, there
exists an anatomical/true “gold standard” that can be compared
to the ﬁber reconstruction models that we generate. Second, the
role of QA threshold on the network-based properties of clustering
coefﬁcient, node strength, nodal efﬁciency, network global efﬁciency, network density, and number of network hubs (Rubinov
and Sporns, 2010) was investigated in two phases. The ﬁrst phase
involved a network-based exploration of the overall effects of QA
threshold; independent of any clinical application. The second
phase involved a network-based study on the effect of QA threshold on the ability to detect meaningful differences between healthy
young and healthy aged participants.
2. Materials and methods
2.1. Subjects
For the ﬁrst experiment, data were collected from fourteen
healthy subjects (mean = 26.46 years, range = 15–44, 6 females).
The second experiment consisted of a completely separate cohort
of 19 young (mean = 24.9 years, range = 19–32, 8 females) and
14 aged individuals without subjective cognitive complaints
(mean = 72.4 years, range = 65–84, 7 females). All subjects were free
of any neurological or psychiatric disorders and had normal structural MRI scans. Written informed consent was obtained from all
subjects (and/or their guardians where appropriate) prior to participation. The experimental procedures were approved by the
Institutional Review Board at the Massachusetts Eye and Ear Inﬁrmary, Boston, MA, USA or the Institutional Review Board at Boston
University School of Medicine, Boston, MA as appropriate.
2.2. MRI acquisition parameters
All MRI scanning was performed using a 3T Philips Achieva system (Best, the Netherlands) with an eight-channel phased array
head coil. In the ﬁrst experiment, two T1-weighted structural
images were acquired using a FFE pulse sequence (TE 3.1 ms, TR
6.8 ms, ﬂip angle 9◦ , 1 × 1 × 1.2 mm voxel size) and one high angular diffusion imaging (HARDI) scan using a single shot EPI sequence
(TE 73 ms, TR 17844 ms, 64 directions, bmax 3000 s/mm2 , a single
b0, 2 × 2 × 2 mm voxel size, 80 mT/m, slew rate 100 mT/m/ms, diffusion time 36.3 ms, diffusion gradient duration 19.1 ms), and ﬁeld
map (TE 2.3 and 4.6 ms, TR 20 ms, ﬂip angle 10◦ , 3 × 3 × 3 mm voxel
size). For the second experiment, data were obtained as part of
the Healthy Outreach Program for the Elderly (HOPE) study using
a 32 channel phased array head coil. The T1 w parameters were
identical though only one scan was acquired and the single shot
EPI HARDI parameters were as follows: TE 100 ms, TR 8789 ms, 64
directions, bmax 3000 s/mm2 , a single b0, 2 × 2 × 2 mm voxel size,
40 mT/m, slew rate 200 mT/m/ms, diffusion time 50.3 ms, diffusion
gradient duration 33.4 ms. Dynamic stabilization was used during
all HARDI scans to adjust for B0 drift (Benner et al., 2006). Because of
the differences in acquisition parameters, datasets for each experiment were assessed completely separately and the results of each
analysis were independent.
2.3. Processing of T1-weighted data
T1-weighted data was processed using FreeSurfer 5.3.0 (https://
surfer.nmr.mgh.harvard.edu/), which has been described in detail
elsewhere (Dale et al., 1999; Fischl et al., 1999, 2002, 2004). Brieﬂy,
the T1-weighted images were skull stripping, intensity normalization, and Talairach registration. Grey matter was parcellated into 68
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cortical and subcortical regions of interest (ROIs) from the Desikan
atlas (Desikan et al., 2006). White matter was segmented into 68
regions that were derived from the cortical parcellations using a
Voronoi diagram approach (Salat et al., 2009). A distance constraint
of 2 mm into the white matter from the grey/white matter boundary was applied to avoid substantial overlap between white matter
segmentations.
2.4. Preprocessing of HARDI data
The HARDI data were skull-stripped using the brain extraction tool (BET) and corrected for eddy currents using Eddy-correct
and from FSL 5.0.8 (FMRIB Software Library, http://fsl.fmrib.ox.ac.
uk/fsl). Motion was assessed using MCFLIRT. No subject’s motion
exceeded 2 mm, which is less than the voxel size. For the ﬁrst
HARDI experiment, the average absolute motion was 1.13 mm
and the average relative motion was 0.66 mm. For the second HARDI aging experiment, the average absolute motion was
1.32 mm (aging = 1.44 mm, young = 1.23 mm, t = −2.06, p = 0.048)
and the average relative motion was 0.805 mm (aging = 0.89 mm,
young = 0.75 mm, t = −2.27, p = 0.03). Some motion correction
occurs as part of the eddy-current correction process. For both studies, the ODF in each voxel was reconstructed in DSI-Studio (http://
dsi-studio.labsolver.org) using generalized q-sampling imaging
(GQI) (Yeh et al., 2010) with a diffusion sampling length ratio of
1.25, ODF sharpening via decomposition (Yeh and Tseng, 2013),
a decomposition fraction of 0.04, and a maximum ﬁber population of 8. Three ﬁbers per voxel were resolved with an 8-fold ODF
tessellation.
2.5. Parcellation of HARDI data
Boundary based registration (BBR) in FreeSurfer (Greve and
Fischl, 2009) was used to align the HARDI data to the corresponding T1-weighted structural image. Each white matter, cortical grey
matter, and subcortical grey matter ROI from the T1-weighted
parcellation scheme was reverse transformed into subject-speciﬁc
HARDI space. This resulted in 136 regions (68 grey and 68 white
matter with 34 in each hemisphere) that served as seed (white
matter) and end target (grey matter) points for tractography. This
choice ensured that reconstructions ended in a grey matter region
of interest (Zajac et al., 2017). This also allowed us to examine the
effects of QA threshold on both grey and white matter regions.
2.6. Tractography and connectivity matrix generation
An in-house MATLAB script was used to generate connectivity
matrices between each of the 68 grey and 68 white matter regions.
Tractography parameters were as follows: termination angle = 45◦ ,
step size = 0.5 mm, min/max length = 5/300 mm, 100,000 seeds,
random ﬁber orientation, and Gaussian radial interpolation. Tracking was performed using the Runge-Kutta method (Basser et al.,
2000). Six different QA threshold values were tested in the initial
experiment. The ﬁrst, upper-end threshold was QA = 0.1, followed
by two-midrange thresholds of QA = 0.07263 and QA = 0.062. The
fourth threshold used was QA = 0.025 as a low-end constant. The
ﬁfth threshold was individually-derived using 0.6*(Otsu’s threshold) (Otsu, 1979)(as utilized in DSI-Studio). For the purposes of
this study, this is referred to as the DSI-Studio method. The ﬁnal
threshold was determined using an in-house tool, the Quantitative Anisotropy Threshold Selection Tool (QATS), to identify a
QA threshold speciﬁc to each subject based on the percentage of
suprathreshold voxels remaining within each ROI. The number of
suprathreshold voxels within each ROI (as a percentage of the total
number of voxels) was determined for a variety of QA thresholds
ranging from 0.005 to 0.3 in increments of 0.05. For each subject,
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the QA threshold value that was chosen was the one which kept
on average 70% of the available voxels within each grey matter ROI
as well as approximately 90% or more of the voxels within each
white matter ROI for each subject. Thus, the threshold was based on
ODF coverage (i.e. the percentage of suprathreshold voxels within
each ROI whose ODF is included in the search algorithm) of both
the white and grey matter ROIs. Based on the results of the initial
experiment, the second experiment only examined high- (0.1), low(0.025), and mid-range (0.062) QA thresholds, along with subjectspeciﬁc QATS thresholds (using the same guidelines as above) and
the average QATS (0.0455). Finally, all analyses of young and old
subjects were also run at the average QATS threshold of 0.0455.
2.7. Experiment 1
2.7.1. Parcellation and MNI transformation of the arcuate
fasciculus
The arcuate fasciculus was deﬁned using start and end seeds
of the pars opercularis, pars triangularis, middle temporal, superior temporal, and transverse temporal gyri (Catani and Thiebaut
de Schotten, 2008; Fernández-Miranda et al., 2015; Kamali et al.,
2014; Makris et al., 2005). For simplicity, only the left arcuate fasciculus was examined as it has been shown that this pathway has
signiﬁcant lateralization favoring the left hemisphere (FernándezMiranda et al., 2015).
Using FLIRT linear registration, for every subject, the left arcuate
fasciculus at each QA threshold was transformed into MNI space
(152, 2 mm voxels) using the corresponding T1w data as a highresolution reference image. Once in MNI space, the reconstructions
were added together as a weighted measure of tract density across
subjects. Total ﬁber counts per voxel of the arcuate fasciculus were
determined and sorted into eleven 500-ﬁber bins, ranging from 0
to 5500 ﬁbers per voxel, providing the number of voxels containing
n ﬁbers across all subjects. To examine the spatial overlap of the left
arcuate fasciculus between subjects as a function of QA threshold,
reconstructions were binarized and summed. Each voxel in these
volumes was then sorted and placed into one of fourteen bins, representing the total number of subjects. This was repeated for each
QA threshold.
2.7.2. Statistical analysis
The fraction of voxels within each ROI covered by the ODF was
compared as a function of QA threshold using one-way repeated
measures ANOVA. The variance of ODF coverage across the ROIs of
each subject was compared using a series of F-tests, while the range
of ODF coverage was compared qualitatively.
2.8. Experiment 2
2.8.1. Phase 1: effect of QA threshold on whole brain connectivity
metrics within a single group
The effect of QA threshold on network reconstructions of the
whole cortex was examined using network-based measures. The
same in-house MATLAB script referenced in Section 2.4 was used to
generate matrices for each of the QA thresholds tested (0.1, 0.07263,
0.062, 0.025, DSI-Studio, and QATS). These were then made symmetrical about the diagonal axis according to the maximum value.
Clustering coefﬁcient, node strength, network density, and network
efﬁciency were calculated using Brain Connectivity Toolbox (Version 2015/01/25) (Rubinov and Sporns, 2010). Matrices were not
normalized and, where possible, weighted undirected functions
were used. Connectivity matrices were assessed for QA-related differences in clustering coefﬁcient, node strength, network density,
and network efﬁciency using one-way repeated measures ANOVA.
Signiﬁcance was determined based on a p-value of 0.05.
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for young and old groups at each QA threshold, whereby a hub
was deﬁned where local efﬁciency ≥ mean nodal efﬁciency + the
standard deviation (i.e. global efﬁciency + S.D.) (Lo et al., 2010). In
addition, a series of t-tests were performed at each QA threshold to determine how threshold inﬂuenced age-related changes
in connectivity. To assess for overall differences in connectivity,
two sample t-tests were performed at each node. These p-values
were then corrected for multiple comparisons using false discovery
rate (FDR) (Benjamini and Hochberg, 1995). Only the FDR corrected
results are presented.
3. Results
3.1. Experiment 1

Fig. 1. A) Distribution of the mean grey matter ODF voxel coverage as a function of
QA threshold. B) Distribution of mean white matter ODF voxel coverage as a function
of QA threshold. Notice that for both GM and WM ROIs, the coverage variability is
much larger for thresholds of 0.1, 0.07263, 0.062, and DSI-Studio compared to either
QATS or 0.025. Also, the peak coverage occurs at a larger percentage for QATS and
0.025 compared to other thresholds.

2.8.2. Phase 2: age-related changes in network connectivity
measures
To demonstrate how the choice of QA threshold can inﬂuence
between group results, we applied ﬁve QA thresholds to a cohort
of young and aged individuals. As previously mentioned, the QA
thresholds examined in this experiment were 0.1, 0.025, 0.062,
QATS, and average QATS (0.0455). After preprocessing and whole
brain tractography (as described above), measures of connectivity were calculated using Brain Connectivity Toolbox (Version
2015/01/25). Signiﬁcant differences in node strength, clustering
coefﬁcient, nodal efﬁciency, network density, and network global
efﬁciency were assessed using a repeated-measures ANOVA followed by Tukey’s post-hoc analysis in SAS (University Edition).
The number of hubs based on nodal efﬁciency were determined

3.1.1. Effects of QA threshold on ODF coverage within ROIs
QA threshold inﬂuenced the overall percentage of voxels
included in the tractography search algorithm (Table 1). There was
an overall signiﬁcant effect of QA threshold on mean grey matter ROI ODF coverage (F(5,65) = 61.64, p < 0.0001), with no overall
change in the within-subject variance of grey matter ODF coverage (e.g. the consistency of ODF coverage across all grey matter
ROIs in a single subject, F(5,65) = 0.9, p = 0.49). Individual F-tests
for between-subjects variance of grey matter coverage between
pairs of QA thresholds revealed that the QATS and 0.025 provided signiﬁcantly lower variance than other thresholds. However,
between-subjects variance with QATS and 0.025 were not signiﬁcantly different (Supplemental Table 1). Qualitatively, QATS
showed the lowest standard deviation and range for grey matter
ODF coverage across subjects (Table 1), as well as low variability
between subjects as indicated by the narrow full-width-at-halfmaximum in Fig. 1a.
There was also an overall signiﬁcant effect of QA threshold
on mean white matter ODF coverage (F(5,65) = 47.92, p < 0.0001).
An overall signiﬁcant effect of QA threshold on within-subjects
variance of white matter ODF coverage was observed (e.g. the
consistency of ODF coverage across all white matter ROIs in a
single subject, F(5,65) = 47.01, p < 0.0001). Both QATS and 0.025
thresholds provided signiﬁcantly decreased amounts of variance
compared to all other thresholds, but they were not signiﬁcantly
different from one another (Table 1). Individual F-tests for betweensubjects variance of white matter ODF coverage between pairs of
QA thresholds revealed that a threshold of 0.025 provided signiﬁcantly less variance than other thresholds, followed by QATS
(Supplemental Table 1). Qualitatively, the range and standard deviation of white matter ODF coverage across subjects were lowest
using a QA threshold of 0.025, followed by QATS (Table 1). The variability in white matter ODF coverage between subjects across the
QA thresholds tested is demonstrated in Fig. 1b.
3.1.2. Arcuate fasciculus reconstruction
Qualitatively, the arcuate fasciculus reconstructions were visually compared to anatomical dissections that have been previously
published (Catani and Thiebaut de Schotten, 2008; FernándezMiranda et al., 2015). For three subjects, no ﬁbers from the arcuate
fasciculus could be reconstructed at a QA threshold of 0.1 (e.g. subjects 2 and 4 in Fig. 2), and the presence of spurious connections was
observed in a number of subjects at a threshold of 0.025 (e.g. subjects 1 and 3 in Fig. 2). QATS consistently generated reconstructions
in all subjects that resembled those in the literature.
3.1.3. Conjunction data for arcuate fasciculus
The maximum ﬁber density per voxel was greatest for QATS and
0.025, at >5000 ﬁbers. This was approximately double that observed
for DSI-Studio, 0.062, and 0.07263 (Table 2). The total number of
voxels present in the reconstructed group arcuate ranged between
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Table 1
ODF coverage data for each QA threshold tested. Where applicable, a one-way repeated measures ANOVA was utilized with Tukey’s posthoc analysis. For Tukey’s results, cells
with the same letter are not signiﬁcantly different. * Signiﬁcance for between subjects variance was calculated using a series of F-tests and Tukey’s style grouping applied
afterwards. Full F-test results are found in Supplemental material

mean GM coverage
sd GM coverage
between subjects variance GM coverage*
average within subject variance
range GM coverage
min GM coverage
max GM coverage
mean WM coverage
sd WM coverage
between subjects variance WM coverage*
average within subjects variance WM coverage
range WM coverage
min WM coverage
max WM coverage

0.025

0.062

0.07263

0.1

QATS

DSI-Studio

F-value

Pr > F

0.95 (a)
0.030
0.00089 (b)
0.0045 (a)
0.10
0.89
1.00
0.99 (a)
0.0050
0.000025 (e)
0.00026 (c)
0.016
0.98
1.00

0.54 (c)
0.19
0.038 (a)
0.025 (a)
0.69
0.28
0.98
0.86 (b)
0.073
0.0054 (cb)
0.012 (b)
0.24
0.76
1.00

0.42 (c)
0.23
0.053 (a)
0.023 (a)
0.79
0.18
0.96
0.79 (c)
0.11
0.013 (ba)
0.017 (b)
0.44
0.55
1.00

0.26 (d)
0.24
0.057 (a)
0.048 (a)
0.83
0.075
0.90
0.64 (d)
0.14
0.021 (a)
0.027 (a)
0.53
0.46
0.99

0.71 (b)
0.021
0.00043 (b)
0.034 (a)
0.063
0.68
0.74
0.93 (ab)
0.031
0.00093 (d)
0.0045 (c)
0.089
0.87
0.96

0.53 (c)
0.14
0.021 (a)
0.026 (a)
0.46
0.41
0.87
0.86 (bc)
0.062
0.0039 (c)
0.012 (b)
0.24
0.74
0.98

61.64

<0.0001

0.9

0.4885

47.92

<0.0001

47.01

<0.0001

Fig. 2. Tractography of the arcuate fasciculus in four subjects at differing QA thresholds: 0.1, 0.07263, 0.062, 0.025, and individually derived thresholds using DSI-studio
QATS. Starting seeds were pars opercularis and pars triangularis, while end seeds were superior, middle, and inferior temporal gyri, supramarginal gyrus, and the transverse
temporal regions, as per anatomical dissection studies. Fibers which were part of the uncinate fasciculus were manually removed. Notice that the QATS threshold reconstructs
the arcuate the most accurately in each subject, whereas in each of the conditions whereby the same QA threshold was used across all subjects, some subjects show robust
connections, perhaps verging on inaccurate (i.e. subject 1 at 0.07263, 0.062, and 0.025) while other subjects show very minimal or no reconstruction (i.e. subject 4 at 0.07263
and 0.062), and others still show anatomically accurate reconstructions (i.e. subjects 2 and 3 at 0.07263 or 0.062). This clearly demonstrates the need to use a subject-speciﬁc
QA threshold for tract tracing studies.

10914–32634, depending on the threshold chosen. Of these, 0.025
and QATS were the highest, while 0.1 and 0.07263 were the lowest.
The degree of overlap across subjects was visualized in a series
of binary maps, where yellow indicates a greater overlap (Fig. 3).
It is evident that there was more overlap between subjects using
thresholds of 0.025 and QATS. A greater number of voxels were
represented across all 14 subjects using QA thresholds of 0.025 or
QATS compared to the other tested thresholds (Table 3).
3.2. Experiment 2 – phase 1
3.2.1. Network connectivity measures within a single group
Network-based measures were examined for effects of QA
threshold. Network efﬁciency showed a statistically signiﬁcant
effect of QA threshold F(5,65) = 51.47, p <0.0001. Tukey’s post-hoc
analysis revealed signiﬁcantly larger values of network efﬁciency
for QATS compared to all other thresholds, except for 0.025,
with which it was not signiﬁcantly different. Network density
also showed a statistically signiﬁcant effect of QA threshold

F(5,65) = 84.97, p < 0.0001. QATS resulted in signiﬁcantly larger network density values over all other thresholds, with the exception
of 0.025 (Table 4).
A signiﬁcant main effect of QA threshold on clustering coefﬁcient was observed for the majority of ROIs (Supplemental Table
2). In general, the lower the QA threshold, the higher the clustering
coefﬁcient. Tukey’s post-hoc analysis revealed that there was not a
signiﬁcant difference between QATS and 0.025 for the majority of
regions, with the exception of six ROIs in which QATS provided a
signiﬁcantly greater clustering coefﬁcient.
A signiﬁcant main effect of QA threshold on node strength was
observed for all ROIs (p < 0.0001) (Supplemental Table 3). Tukey’s
post-hoc analysis revealed that node strength using a QA threshold of 0.025 and QATS were not signiﬁcantly different from one
another for approximately half of the ROIs within each hemisphere,
while for the other half a threshold of 0.025 provided a signiﬁcantly
higher node strength than QATS. Node strength was the lowest for
a threshold of 0.1, while it was typically not signiﬁcantly different
using a threshold of 0.062, 0.07263, or that provided by DSI-Studio.
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Table 2
Number of voxels with streamlines present within the arcuate fasciculus reconstructions at each of the six tested QA thresholds. The measures of ﬁber density were obtained from the weighted group sum of arcuate reconstructions
for each threshold indepdedntly. The total ﬁber counte per voxel were calcualted and sorted into eleven 500-ﬁber bins, ranging from 0 to 5500 ﬁbers per voxel. The number of voxels containing nn ﬁbers across all subjects is
shown.
Number of ﬁbers per voxel

Number of voxels
containing n ﬁbers

0−500

501–1000

1001–1500

1501–2000

2001–2500

2501–3000

3001–3500

3501–4000

4001–4500

4501–5000

5001–5500

total voxels

29983
21663
18404
10650
25255
20305

1425
829
639
201
1284
829

664
236
152
53
516
263

275
66
16
10
148
41

124
15
2
0
71
4

82
3
0
0
25
0

47
0
0
0
19
0

28
0
0
0
4
0

5
0
0
0
1
0

1
0
0
0
1
0

0
0
0
0
1
0

32634
22812
19213
10914
27325
21442

Table 3
The number of voxels at which n subjects (1 through 14) have streamlines present in reconstructions of the left arcuate fasciculus. To quantify the spatial overlap, individual arcuate reconstructions were binarized and summed
across all subjects. This was done independedntly for each QA threshold tested. Thus, voxels represetned in all 14 subjects would have a value of 14, etc.
Number of Subjects Represented within n voxels

Number of voxels
within the group
arcuate reconstructions

Threshold

1

2

3

4

5

6

7

8

9

10

11

12

13

14

total voxels

0.025
0.062
0.07263
0.1
QATS
DSI-Studio

9512
10383
9262
6203
10668
9181

5799
4358
3575
2061
5017
4026

4474
2411
1925
972
3315
2316

3335
1553
1293
654
2252
1655

2509
1033
915
404
1496
1050

1717
717
605
330
1107
738

1282
574
457
215
800
576

976
461
406
73
605
518

732
419
380
2
547
408

687
358
268
0
459
412

591
291
106
0
450
318

511
182
21
0
339
178

350
68
0
0
193
61

159
4
0
0
77
5

32634
22812
19213
10914
27325
21442
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0.025
0.062
0.07263
0.1
QATS
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Fig. 3. Conjunction maps in diffusion space of the reconstructed left arcuate fasciculus of each subject at each tested QA threshold shown in radiological convention.
Yellow indicates regions with the most overlap between subjects. The optimal
threshold will have the highest amount of overlap and show the least amount of red,
which indicates presence of tracts in fewer subjects. Using a higher threshold, such
as 0.1 or 0.07263 shows low amounts of overlap. A low threshold (i.e. 0.025) shows
high amount of overlap as well as high amount of individual subject variability as
shown by the increased red voxels. Both DSI-Studio and QATS are subject-speciﬁc
thresholds, however it is clear that QATS provides greater overlap in the arcuate
between subjects. The mid-range threshold of 0.062 performs well, although QATS
provides greater overlap between subjects. Min = 0, Max = 1000, slice information
x = 65, Y = 40, Z = 48. (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

When taken together with results from these two independent
experiments demonstrate that QA threshold signiﬁcantly impacts
not only the reconstructions of individual fasciculi, but also whole
brain network connectivity measures.
3.3. Experiment 2 – phase 2
3.3.1. Age-related changes in network connectivity measures
The second experiment determined the effect of QA threshold
on identifying age-related changes in network measures of structural connectivity. Signiﬁcant age-related group differences were
observed for each network characteristic (node strength, clustering coefﬁcient, network efﬁciency, and network density), however
these differences varied substantially based on QA threshold.
When examining connectivity matrices, signiﬁcant age-related
increases and decreases in number of ﬁbers reconstructed (i.e. con-
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nection strength) were revealed (Figs. 4–5). The extent, direction,
and location of these signiﬁcant differences varied depending on
which QA threshold was chosen. For example, at a QA threshold of
0.1, one connection showed a signiﬁcant increase in ﬁber number in
old versus young subjects. This same inter-hemispheric connection
was signiﬁcantly decreased between old and young groups using
QA thresholds of 0.063 and QATS, but was not signiﬁcant using QA
0.025. As the QA threshold decreases one would expect the majority of connections from higher thresholds to be replicated at lower
thresholds. To this end, 100% of the signiﬁcantly different connections observed using 0.1 were replicated at the lower thresholds
of 0.062 and QATS, while no overlap was observed with 0.0455
or 0.025; 67% of the signiﬁcantly different connections observed
using 0.062 were replicated with QATS, 33% with 0.0455, and 0%
with 0.025; 40% of the signiﬁcantly different connections observed
using 0.045 were replicated with QATS and 20% with 0.025; and
lastly, only 11% of the signiﬁcantly different connections observed
using QATS were replicated using 0.025. In total, 100% of the signiﬁcantly different connections observed using 0.1 and 0.062 were
shared with at least one other threshold. Similarly, 80% of those
observed using 0.0455, 56% of those observed using QATS, and 15%
of the signiﬁcant differences observed at 0.025 were shared with at
least one other threshold (Figs. 4–5). Note that the lack of overlap at
a threshold of 0.025 was not due to an increase in total connections,
but rather an absence of connections observed at higher thresholds. Despite more connections showing differences at the lowest
threshold tested, the low degree of overlap with other thresholds
indicates that there may be a mixture of biologically based changes
in connectivity and artiﬁcial changes in connectivity based solely
on the effect of QA threshold on tracking algorithm performance.
Age-related differences in node strength also varied depending
on which threshold was selected (Supplemental Table 4, Fig. 4).
Using QATS, 12 nodes showed a signiﬁcant decrease in node
strength in old compared to young subjects, while a threshold of 0.1
revealed a signiﬁcant decrease in nine nodes, a threshold of 0.062 or
0.0455 revealed signiﬁcant decreases in ﬁve nodes, and a threshold
of 0.025 revealed a signiﬁcant decrease in 23 nodes. A signiﬁcant
increase in node strength was observed in the old group in the left
caudal anterior cingulate using a threshold of 0.1; otherwise, no
ROI demonstrated increased node strength between old and young
groups.
When examining age differences in clustering coefﬁcient, the
results again varied based on which QA threshold was selected
(Supplemental Table 5, Fig. 5). Using QATS, six nodes showed a
signiﬁcant age-related decrease in clustering coefﬁcient This was
observed in four nodes using a threshold of 0.1, three nodes using
0.062, four nodes using 0.0455, and 20 nodes using 0.025.No nodes
revealed signiﬁcant increases in clustering coefﬁcient in old compared to young groups.
Both network density and global network efﬁciency also showed
signiﬁcant age-related differences which varied with QA threshold. Network efﬁciency was reduced in the old group compared
to young subjects, but this reached signiﬁcance only for QATS and
QA = 0.025 (Fig. 6, Table 5). Network density was also reduced in old
compared to young subject groups, but this did not reach statistical
signiﬁcance at any of the thresholds tested (p > 0.05). Across thresholds, similar to the results of the ﬁrst experiment, network density
was the greatest for 0.025, followed by QATS, with 0.1 demonstrating the lowest density (Supplemental Fig. 1, Table 5).
Age-related differences in nodal efﬁciency were also inﬂuenced
by choice of QA threshold (Supplemental Table 6). Speciﬁcally,
using QATS, 22 nodes showed signiﬁcant age-related decreases
in nodal efﬁciency. Signiﬁcant decreases were also observed in
seven nodes using a threshold of 0.1, two nodes using a threshold of 0.062, eight nodes using a threshold of 0.0455, and 52 nodes
using a threshold of 0.025. The number of hubs based on nodal efﬁ-
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Fig. 4. Ball and stick representations of network differences between old and young subject groups. Differences in node strength are represented by the spheres, whereby
size and color reﬂect the p-value. Dark blue represents non-signiﬁcant decreases in node strength, cyan represents signiﬁcant decreases in node strength, red represents
non-signiﬁcant increases in node strength, while yellow represents signiﬁcant increases in node strength in old compared to young subjects. The larger the sphere, the
more signiﬁcant the difference is. Differences in number of ﬁbers between ROIs is represented by the “sticks”. These are FDR corrected for multiple comparisons. Decreases
in connectivity are represented by cool colors (e.g. blue/cyan), whereas increases in connectivity in the aged group are represented by warm colors (e.g. red/yellow). This
scheme is the same for each of the four conditions. Changes in node strength and connectivity using a QA threshold of A) 0.1 for all subjects, B) QA threshold of 0.062 for
all subjects, C) QA threshold of 0.0455 for all subjects, D) QA threshold of 0.025 for all subjects, and E) subject-speciﬁc QATS. Note that as QA threshold decreases, more
signiﬁcant changes (both increases and decreases) with aging are observed. Furthermore, the connections observed at 0.1 and 0.062 are not represented using QA 0.025,
suggesting that these differences at the lowest threshold tested may not be truly representative of age-related changed. (For interpretation of the references to colour in this
ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 5. Ball and stick representations of network differences between old and young subject groups. Differences in clustering coefﬁcient are represented by the spheres,
whereby size and color reﬂect the p-value. Dark blue represents non-signiﬁcant decreases in clustering coefﬁcient, cyan represents signiﬁcant decreases in clustering
coefﬁcient, red represents non-signiﬁcant increases in clustering coefﬁcient, while yellow represents signiﬁcant increases in clustering coefﬁcient in old compared to young
subjects. The larger the sphere, the more signiﬁcant the difference is. Differences in number of ﬁbers between ROIs is represented by the “sticks”. These are FDR corrected
for multiple comparisons. Speciﬁcally, decreases in connectivity are represented by cool colors (e.g. blue/cyan), whereas increases in connectivity in the aged group are
represented by warm colors (e.g. red/yellow). This scheme is the same for each of the four conditions. Changes in clustering coefﬁcient and connectivity using a QA threshold
of A) 0.1 for all subjects, B) QA threshold of 0.062 for all subjects, C) QA threshold of 0.0455 for all subjects, D) QA threshold of 0.025 for all subjects, and E) subject-speciﬁc
QATS. Note that as QA threshold decreases, more signiﬁcant changes (both increases and decreases) with aging are observed. Furthermore, the connections observed at 0.1
and 0.062 are not represented using QA 0.025, suggesting that these differences at the lowest threshold tested may not be truly representative of age-related changed. (For
interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

C.M. Bauer et al. / Journal of Neuroscience Methods 288 (2017) 45–56

53

Table 4
Mean network density and efﬁciency for connectivity matrices at each of the six QA thresholds tested. A one-way repeated measures ANOVA was utilized with Tukey’s
posthoc analysis. For Tukey’s results, cells with the same letter are not signiﬁcantly different.
Threshold

0.025

0.062

0.07263

0.1

QATS

DSI-Studio

F-value

Pr > F

Density
Efﬁciency

0.77 (a)
1696.71 (a)

0.43 (c)
1013.10 (b)

0.35 (c)
746.60 (b)

0.20 (d)
346.11 (c)

0.55 (b)
1459.49 (a)

0.42 (c)
1004.20 (b)

84.97
51.47

<0.0001
<0.0001

Fig. 6. A signiﬁcant reduction in network efﬁciency was observed in the aged group compared to young controls only using QA thresholds of 0.025 or QATS. * p < 0.05, **
p < 0.0001.

ciency was also determined for young and old groups for each QA
threshold (Fig. 7). The number of hubs identiﬁed for each group and
threshold were as follows: 22 young QATS, 21 old QATS; 6 young,
3 old 0.1; 4 young, 0 old 0.062; 10 young, 5 old 0.0455; 18 young,
14 old 0.025.
4. Discussion
The choice of tracking thresholds is critical to obtaining meaningful ﬁber reconstructions from diffusion data (Mukherjee et al.,
2008) and, as the present results indicate, the choice of threshold
can alter the differences observed when comparing two subject
groups. Previous studies examining these parameters have only
been performed using FA measures derived from DTI data (Domin
et al., 2014; Kunimatsu et al., 2004; Parizel et al., 2007; Seehaus
et al., 2012; Taoka et al., 2009), but never using QA-based HARDI
approaches. To our knowledge, this is the ﬁrst study to systematically examine the effects of anisotropy threshold values on
network-based measures.
In the ﬁrst experiment reported herein, HARDI data were used
to empirically test the effects of varying ODF-derived QA thresholds on the anatomical reconstruction of the arcuate fasciculus,
as well as whole-brain network-based measures in two independent samples. The QA threshold determines which ODFs to
include in the search for possible ﬁber tracts (Yeh et al., 2013).
Using an individually derived QA threshold obtained with the QATS
method provided signiﬁcantly different results than other common
or subject-speciﬁc thresholds tested. Speciﬁcally, the QATS method
provided greater grey and white matter coverage compared to DSIStudio and all the common QA values, with the exception of a
threshold value of 0.025. However, qualitative assessment of recon-

structed arcuate fasciculi using a threshold of 0.025 indicated that
there was an increase in spurious and anatomically infeasible ﬁbers
(e.g. subjects 1, 2, and 3 in Fig. 3), rendering this threshold value
sub-optimal. This also highlights the importance of assessing the
accuracy of how well reconstructions match published anatomical
dissections. The inverse was also true, whereby setting the threshold too high diminished the number and quality of reconstructed
ﬁbers, resulting in a paucity of reconstructed ﬁbers in many subjects
(e.g. subjects 2 and 4 in Fig. 2). This is in agreement with previous
FA tractography studies, which determined that a poor choice in
anisotropy threshold can be detrimental to the tractography outcomes (Kunimatsu et al., 2004; Seehaus et al., 2012).
As a secondary analysis, QA threshold was examined in the context of network-based measures. The choice of QA threshold was
shown to have a signiﬁcant effect on measures of network analysis
in both experiments, including network density and efﬁciency, and
node-speciﬁc measures of clustering coefﬁcient, nodal efﬁciency,
and node strength. Hubs were also strikingly different in both
young and old groups depending on the QA threshold chosen. The
highest number of nodes was identiﬁed using QATS, with the fewest
using the mid-range threshold value of 0.062. In the second experiment, the effects of QA threshold choice on age-related differences
in structural connectivity network measures were determined. A
high- (0.1), low- (0.025), and two mid-range (0.062 and 0.0455)
common QA thresholds, as well as a subject-speciﬁc (QATS) threshold were utilized. The results indicate that when the threshold is
too high, as in the case of 0.1 and 0.062, there is the potential for
some subjects to not be represented in the sample because too
few ﬁbers are reconstructed between ROIs, diminishing the likelihood of observing group differences. When the threshold is too
low, as was in the case for QA = 0.025, although more group dif-
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Fig. 7. Nodal hubs for young and old subjects group by QA threshold. Nodes surpassing the threshold for hub identiﬁcation are shown in red, while non-hub nodes are shown
in blue. Nodes size indicates their nodal efﬁciency values. The threshold for nodal hubs was mean nodal efﬁciency + S.D. (e.g. global efﬁciency + S.D.) for each group and
threshold. Note that nodal efﬁciency increases at lower thresholds, with the young subjects having overall higher nodal efﬁciency compared to old subjects. Furthermore,
the number if hubs varies as a function of QA threshold and age. Young subjects also have more hubs than older subjects. The most hubs were observed for both young and
old groups using QATS, while the fewest hubs were observed using 0.062, one of the mid-range threshold values. Similar to what was observed for other nodal measures,
0.025 shows less overlap with higher threshold, whereas every hub identiﬁed at higher threshold is presenta using QATS. (For interpretation of the references to colour in
this ﬁgure legend, the reader is referred to the web version of this article.)

ferences were observed, many of these were not meaningful and
likely represented mixed non-biological effects. The ﬁnal threshold tested was the average QATS value. This was in between the
two lowest common thresholds, but still represented a deviation
from subject-speciﬁc values, both in terms of node and connection
changes. Speciﬁcally, 0.0455 (the average QATS value) did not reach
the same extent of group differences observed with QATS. The further downside is that this value could not be fully determined until
all subjects were scanned and analyzed.
The results of this study suggest that there is a beneﬁt to setting a QA threshold on an individual basis in order to ensure that
data from each subject is included in the analysis. If a more traditional common threshold is used, the percentage of voxels included
in the search algorithm in the seed and end target ROIs will differ
greatly from subject to subject, making it impossible to parse out
differences related to disease (or the condition of interest) from
that of individual variation of ODF coverage at the chosen threshold. Individualized QA thresholds, such as those obtained with
QATS, ensure relatively consistent levels of white and grey matter coverage across subjects and potentially minimize the effects of
the scanning environment across sessions that may contribute to
the diffusion signal (i.e. ﬁeld inhomogeneity, coil sensitivity, etc.)
(Abhinav et al., 2014). As a result, QATS likely provides between
group results that are more meaningful (i.e. the results observed
will likely be because of true group differences, not because of an
artifact related to thresholding).
Although we are conﬁdent in the conclusions drawn from this
study, a few limitations exist. Due to feasibility constraints, a

restricted number of common thresholds were examined. However, the current results provide support for a subject-speciﬁc
threshold using QATS, as it provides more similar ODF coverage
across ROIs compared to a common threshold. When the tractography algorithm is limited to similar amounts of voxels/ODFs
across subjects, one can be conﬁdent that tractography outcomes
are derived from the variable of interest, rather than a spurious
outcome related to the speciﬁc post-processing design.
In conclusion, this study highlights the importance of choosing
the optimal QA termination thresholds in ODF based tractography using HARDI data. We provide support for an individualized
QA threshold, using the QATS approach. Using an individualized
threshold reduced the inter-subject tractography variability for
both grey and white matter seeds, which is a direct result of the
number of voxels included within each seed region after applying
a QA threshold, while maintaining the similarities or differences
relevant to the research question of interest. This could help isolate
more accurate differences between clinical and control populations
and limit the ability to artiﬁcially skew the results.
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