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A B S T R A C T

Diffusion tensor imaging (DTI) has been widely used in children and adults to study the microstructural features
of the brain. Its use in neonate brains has been limited. Neonate brains are almost completely unmyelinated, and
this together with the tendency for babies to move during a scanning session may affect the reliability of the
measurements. Here we divided a 96 direction acquisition into three segments, and analysed the intra scan test-
retest reliability for pairs of segments. Each segment was subjected to a rigorous quality control, and from the
surviving data we chose 25 diffusion encoding directions from each segment, and assessed the pairwise reliability
of the most common DTI metrics. This pairwise reliability was assessed for data from 86 infants. We used tract-
based spatial statistics (TBSS), voxelwise and ROI analysis schemes, to see potential differential effects of analysis
strategy and post processing on the obtained DTI metrics. We found that intra class correlation coefficient (ICC)
values were generally high (ICC> 0.80). Residual motion in the data, after quality control, was not found to
associate with the diffusion metrics. The results indicate that DTI metrics from neonate data can be reliable, even
at relatively low angular resolution that are common for neonate scans. The results lend confidence to the use of
neonate DTI data in cross sectional and longitudinal analyses in brain white matter skeleton. Future studies should
assess the reliability of fiber tracking techniques in neonate data.
1. Introduction

Neonatal MR imaging provides measures for understanding the nor-
mally developing brain and the effects of prematurity and disease (Kelly
et al., 2018). Diffusion Tensor Imaging (DTI) measures the diffusion of
water molecules and, because that diffusion is restricted by cell mem-
branes, myelin, etc., can be used to study the microstructural features of
the brain. It is most often used to assess white matter (WM) structure.
Common modelling includes calculation of scalar measures such as
fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AD)
and radial diffusivity (RD). Controlling measurement error in the scalar
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measures is of high importance for studies of brain development. Infants
frequently move even during evidently calm sleep, and head motion is
known to cause bias in the parameter estimates of the DTI models (Roalf
et al., 2016; Ling et al., 2012; Yendiki et al., 2014; Gumus et al., 2014;
Graham et al., 2017). As DTI sequences are typically time consuming, it is
not possible to repeat the entire sequence in case of excessive motion. A
solution is to divide the acquisition scheme into several parts that enable
redoing the individual parts, if excessivemovement occurs. We have used
such a scheme for neonates of 2–5 weeks of age. We divided a 96 di-
rection sequence into three segments. An added benefit of this scheme is
that it allows us to assess the test–retest reliability (TRTR) of the diffusion
ostics, Wickenden, 10900, Euclid Ave, Cleveland, OH, USA.

April 2019

mailto:harri.merisaari@utu.fi
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neuroimage.2019.04.067&domain=pdf
www.sciencedirect.com/science/journal/10538119
http://www.elsevier.com/locate/neuroimage
https://doi.org/10.1016/j.neuroimage.2019.04.067
https://doi.org/10.1016/j.neuroimage.2019.04.067
https://doi.org/10.1016/j.neuroimage.2019.04.067


H. Merisaari et al. NeuroImage 197 (2019) 598–607
scans. A high TRTR for pairs of the pieces of our 96 direction scan would
lend confidence that the overall scan will provide true measures of
microstructural characteristics.

To the best of our knowledge there has not yet been an assessment of
the reliability of diffusion data acquired from neonates. Previous evalu-
ations of the repeatability of diffusion data in developmental context
have used data acquired from children from 5.5 years old and older
(Bonekamp et al., 2007), and from adults. Extant studies on test retest
reliability have typically used paired scans with one weeks interval (Duan
et al., 2015), while some also included intra-session reliability measures
(Madhyastha et al., 2014). Intra-class correlation coefficient (ICC) values
vary but are often more than 0.60 for intra session comparisons. Even
across-site comparisons show promisingly good reliabilities (Jovicich
et al., 2014). But the reliability of neonatal diffusion imaging may be
impacted by a number of factors such as greater head motion. For such
data, quality control is of major importance, and automated quality
control software is likely to prove helpful (Oguz et al., 2014). Head
motion can be measured by post-processing tools aligning the dataset
(Smith et al., 2004). Expectedly, techniques used for spatial manipula-
tions affect the reliability measures (Cabeen et al., 2017). The infant
brain has also very different white matter features than what is observed
later in life, and this may pose additional methodological challenges (Li
et al., 2016). The number of diffusion directions (Leemans and Jones,
2009), and Signal-to-Noise Ratio (SNR) (Landman et al., 2007; Farrell
et al., 2007) have been reported to affect DTI parameters. Apart from
actual diffusion direction orientations and slight difference in number of
directions between parts of the 96 direction sequence (numbers of di-
rections were 31, 32 and 33), we had the same acquisition schemes for all
scans, the sequence set up was identical, and physiological noise is likely
similar across sessions. If the motion and other artefacts are controlled for
(Madhyastha et al., 2014), the TRTR should be high and here we aimed to
describe this in more detail.

We focused on the effects that may occur due to variations in distri-
bution of diffusion directions remaining after correction for motion and
eddy currents; we standardized the comparisons, in terms of the number
of directions, by choosing 25 spatially evenly distributed directions in
each segment. In a DTI head motion study conducted on adults, it has
been noted that the effect of motion can be present even after correction
(Ling et al., 2012), and may yield false positive findings, if not controlled
for (Yendiki et al., 2014). Extensive evaluation has not been done in
neonates for potential factors that may have an effect on precision and
accuracy, such as motion metrics, and metrics relating to the distribution
of the diffusion directions used for tensor modelling. The purpose of this
study was to evaluate the reliability of intra-session quantitative diffusion
measures at both voxel and region of interest (ROI) levels.

2. Materials and methods

The FinnBrain Birth Cohort Study [www.finnbrain.fi] was established
in 2011 to prospectively investigate the effects of ELS, including prenatal
stress (PS) exposure, on child brain development and health (Karlsson
et al., 2018). The aim is to identify biomarkers related to ELS exposures
as well as eventual trajectories for common psychiatric and somatic ill-
nesses. The MR scanning took place in 2012–2015.

For brain imaging, 180 infants at ages of 2–5 weeks were recruited by
contacting the families via telephone (by study nurse or investigators).
Exclusion criteria for infants were: occurrence of any perinatal compli-
cations with potential neurological consequences (e.g. hypoxia); less
than 5 points in the 5min Apgar score; previously diagnosed central
nervous system anomaly or prior clinical MR scan at peripartum due to
clinical indications; gestational age<32 weeks; or birth weight <1500 g.
All of the children were term-born, with a normal >2500 g weight at
birth. Families were provided oral and written information about the
study, and the parents provided written consent to participate on behalf
of their baby. The study was conducted in accordance with the Decla-
ration of Helsinki, and it was approved by the Ethics Committee of the
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Hospital District of Southwest Finland (15.3.2011 x95, ETMK: 31/180/
2011).

2.1. MRI scanning visits

The scans were acquired at the Medical Imaging Centre of the Hos-
pital District of Southwest Finland). The infants were fed with breastmilk
or formula until they slept and subsequently gently swaddled into a
vacuum mattress. No anesthetics were used.

All infants were provided with double hearing protection (wax plugs
and custom-sized ear muffs). Standard ear muffs were given to parents, as
they usually stayed in the scanning room throughout the scanning ses-
sion. The personnel observed the scanning procedure through the win-
dow of the control room. A microphone and loudspeaker in the scanner
room facilitated audio monitoring of the infant, and contact to the parent.
If the baby woke up during the scan, the session was discontinued.

Each set of structural infant images was checked by an experienced
neuroradiologist (author RP) to detect any possible incidental findings in
the scans. In accordance with our study protocol, radiology reports were
delivered to the researchers who then communicated them to the family
within 1–4 weeks of the scans. In the case of an incidental finding, the
parents were referred to a child neurologist (author TL) for a neurological
check-up (N¼ 6, for this data set) as per study protocol. These incidental
findings are relatively common in newborns (Rooks et al., 2008) and
after visual inspection by experienced neuroradiologist (RP), they were
deemed not to affect the imaging metrics in the regions of interest (the
white matter), therefore we did not exclude participants based on these
findings. None of the infants had any clinically identified, significant
neurological symptoms or deficits in neurological development at the
time of the neurological examination.

2.2. MRI acquisition

MRI scans were conducted on a Siemens Magnetom Verio 3T scanner
(Siemens Medical Solutions, Erlangen, Germany) using a 12-element
Head Matrix coil. Sequences were scanned in the following order: 1)
Axial PD-T2, 2) Sagittal T1-MPRAGE, 3) field map, 4) DTI, and 5) task
and rs-fMRI towards the end of the study (year 2015 only). The total
duration of the complete scanning protocol did not exceed 60min. Only
DTI data were used in this study.

The DTI sequences were designed to maximize the success of data
acquisition even with substantial motion. A standard twice-refocused
Spin Echo-Echo Planar Imaging (SE-EPI) sequence with b-value of
1000 s/mm2 and 2� 2x2 mm3 isotropic resolution (FOV 208mm; 64
slices; TR 8500ms; TE 90ms) was used to acquire DTI data. Protocol
containing 96 diffusion encoding directions was divided into three parts
with 31, 32, and 33 directions, where diffusion encoding directions were
uniformly distributed inside each part, and in composition of the three
parts. This made it possible to repeat just one of the sequences in case of
significant subject motion during the scan; this was done for 19 partici-
pants. In addition, each of the three sequences contained three volumes
without diffusion encoding (b0 images, in the beginning, in the middle,
and in the end). The diffusion vectors are provided in Appendix A.

2.3. DTI data preprocessing

Susceptibility artefacts commonly cause distortion in EPI images. We
detected minimal distortion in our data set. We chose not to apply
distortion correction, as we noted that some of the acquired field maps
were corrupted by motion, and we considered that using them could
compromise the data quality. The whole data analysis procedure is
illustrated in Fig. 1.

First, the b0 volumes were visually checked by three raters, inde-
pendently. The good quality b0 volumes were coregistered, averaged and
moved to the front of the 4D series. A brain mask was then created from
the selected b0 volume with FSL's (FMRIB Software Library v 5.0.9

http://www.finnbrain.fi


Fig. 1. Data analysis procedure of uniformized 25 directional dataset. Visual quality control steps were used to assure that automated steps worked as intended, and
are highlighted in blue. After pre-processing of the DTI images, the TBSS (Tract Based Spatial Statistics) pipeline was applied. The infant JHU atlas (Oishi et al., 2011)
was co-registered to the TBSS template volume to have white matter regions with and without TBSS masking in an automatic manner.

Table 1
Descriptive statistics of the neonate datasets.

Description Number of
cases

Infant participants in the MRI 180
Datasets having more than 60 diffusion volumes after quality
control

121

Datasets having more than 40 diffusion volumes after quality
control

166

Datasets available for TRTR experiments having at least two parts of
96 the directional protocol, both having 25 directions after
quality control

86
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(Jenkinson et al., 2012), Brain Extraction Tool (BET) (Smith, 2002) with
flags -R -f 0.3. The brain mask was visually inspected by two raters,
independently, to assure that this step had been successful.

Second, the quality of diffusion datasets was quantitatively evaluated
using DTIprep software, which identifies artefacts in 4D diffusion data
(Oguz et al., 2014). Infant scans are commonly corrupted by artefacts
that are clear and severe. From our experience a thorough quality control
process is needed and strongly recommended for all studies. DTIprep was
used inside our batch processing pipeline with default settings and used
only to detect poor quality data before subsequent modelling with FSL
tools to allow flexible modelling options and file formats for later steps
(see details below). Directions/volumes that DTIprep suggested as being
of bad quality were discarded. The remaining images were subject to by
judgement of visual inspection by (by HM and JJT), and remaining
artefactual images were discarded (1–3 diffusion images for 3 subjects).
In the analysis presented here, we used only data for which there were
two parts with each having at least 25 acceptable diffusion encoding
directions. To eliminate the possibility of measurement bias from
different numbers of diffusion directions, we kept only 25 gradient di-
rections from data with more than 25 directions in such a way that
maximized the final angular resolution. The angular resolution was
calculated as the inverse of the largest empty region in the spherical
representation of the diffusion directions. This was measured using cap
angles of spherical segments between triplets of directions calculated
with the spherical voronoi algorithm in Scipy python library (Millman
and Aivazis, 2011; Caroli et al., 2010), and angles between pairs of di-
rections. The final sample size available for TRTR analysis for this study
was 86. The descriptive statistics are displayed in Table 1.

Third, the data were corrected for motion and eddy currents using FSL
tools (Andersson and Sotiropoulos, 2016). The transform parameters
were used to align the 4D diffusion volumes and the movement compo-
nents were applied to the directional vectors. The b-matrix was rotated
accordingly (Leemans and Jones, 2009). The resulting diffusion direction
vectors were then examined to ensure that the remaining directions were
evenly distributed (Roalf et al., 2016). Finally, the 4D diffusion dataset
was processed with FSL's dtifit, using the brain mask to limit the
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modelling to brain tissue only.
For further processing, we used the Tract-Based Spatial Statistics

(TBSS) pipeline of FSL (Smith et al., 2007). It limits the analysis only to
the skeletons of white matter tracts, estimated from individual images
that are projected to a common skeleton space prior to statistical testing.
Unlike conventional voxel-based analyses, TBSS does not require perfect
brain-to-brain alignment or spatial smoothing and the estimation of tract
center decreases partial volume effects.

We used the “tbss_2_reg -n” option that identifies the "most repre-
sentative" image, which was then used as the target image for the linear
and non-linear transformations for all the other data. The resulting study-
specific infant template was reoriented to a straight position along the
AC-PC line, co-registered to existing infant JHU template (Oishi et al.,
2011) by using FSL (FLIRT, FNIRT) to facilitate later region of interest
analysis, and upsampled to 1mm3 resolution.

We then ran a modified version of the “tbss_3_postreg –S” step to
incorporate registrations to the study-specific infant template and
upsample the data to 1mm3 resolution as per TBSS defaults. We used two
FA threshold values of 0.15 and 0.10 in “tbss_4_prestats”module to create
FA skeletons. Examples of axial slices of the TBSS template and skeleton
are shown in Fig. 2. While various threshold values have been used with
infants (some examples: 0.15 (Ball G, 2010), 0.18 (Ly, 2016), 0.2 (Lep-
om€aki V, 2013)), we chose to use these values because smaller FA values
than 0.1 were considered too noisy by visual inspection, and higher



Fig. 2. The mean infant FA template (axial, coronal, and sagittal view) pro-
duced by the TBSS pipeline, overlayed with the skeleton generated using an FA
threshold of 0.15. All the statistics are performed to the skeletonized data.
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values than 0.15 were considered to produce too few remaining voxels
for the remaining analyses. We then ran “tbss_non_FA” script with the
MD, AD and RD maps (i.e. used the transformations estimated from FA
maps to generate the coregistrations for the other tensor maps.
2.4. Data quality metrics to the DTI

Using spearman's rho test for non-linear associations, 32 measures
that may potentially affect DTI reliability (Appendix B) were correlated
with the DTI parameter mean values and test-retest variability (VAR),
calculated as percentage of difference in proportion to average of test and
retest acquisitions (jscan1-scan2j/[[scan1þscan2]/2]) of FA, MD, AD and
RD parameter values in a voxelwise analysis. The data quality metrics
contained estimates of residual motion from simultaneous eddy and
motion correction step, angular resolution measures, and SNR for 32 ROI
mean measurements.

Head motion is expected to increase RD and decrease AD, while MD
as average diffusion is expected to be least affected (Yendiki et al., 2014).
The amount of motion that occurred during acquisition may affect the
diffusion measurements and was included in the models together with
brain volume, which also may affect the diffusion measurements indi-
rectly due to variations in relative resolution (individual voxels include
less anatomical details in larger brains).
Fig. 3. Reliability of DTI parameters in 86 infant brains with violin plots of intra
class correlation coefficient ICC(3,1) for voxels across the TBSS skeleton. The
ICC(3,1) values are slightly lower for MD, AD, RD parameters and slightly
higher for FA inside the skeleton mask.
2.5. Statistical methods

We used intra class correlation coefficient for single measurement
(ICC(3,1) (Shrout and Fleiss, 1979; Koo and Li, 2016)), and variability
(VAR). For voxel-based statistical analysis, we calculated intra class
correlation coefficients for single measurement (ICC(3,1)) and variability
(VAR) at the voxel level within the TBSS skeleton with 0.10 and 0.15
thresholding, and for the 122 ROIs of JHU atlas. The overall ICC(3,1) and
VAR measures over 86 subjects were compared between DTI parameter
values for each analysis method, with 1-Way ANOVA test followed by a
Tukey HSD test to see significant differences between reliability mea-
sures of ICC and VAR.

For region of interest analysis, we calculated ICC(3,1) and VAR for the
mean values inside the 122 ROIs of the JHU atlas masked with the TBSS
skeleton after thresholding at an FA of either 0.10 or 0.15. The JHU ROI's
were thus calculated for each subject in skeleton space, which here
corresponded to the skeletonized study-specific template space. The
mean values of 122 ROIs of the infant JHU atlas within the TBSS skele-
tons were calculated. For the assessment of potential confounding factors
we performed 32 comparisons per DTI scalar value (FA, MD, AD, RD), we
applied Bonferroni corrected threshold per scalar (p-value threshold
0.001/32¼ 3.125� 10�5). Here we report p-values that are below
p< 3.125� 10�5 preserve sensitivity, noting that these p-values are not
corrected across the four scalars, 32 confounding factors, 122 ROIs, and
the two statistics used. All statistical analyses were performed in Rstudio
(v 1.1.456) (RStudio, 2016). The python and R programming codes that
were used to analyze the data are available upon request from the cor-
responding author.
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3. Results

3.1. Motion and data quality measurements

Residual (minor) motion in the data had negligible association to the
diffusion metrics, as the image quality parameters significantly affected
DTI parameters in only two of the 122 JHU ROIs. The mean absolute
translation along the y axis was significantly associated with the mean
AD in the left external capsule inside the skeleton region with both 0.15
and 0.10 threshold (p¼ 1.51� 10�5 and p¼ 9.36� 10�6). In addition,
the absolute derivative of rotation around the y axis was significantly
associated with the test-retest variance of FA in the left superior frontal
gyrus (p¼ 1.20� 10�5) with 0.15 threshold. In the other regions, no
significant associations were found between the quality measures and
either the DTI parameter values or test retest variance of the DTI
parameter values. The mean (�SD) absolute motion estimated in eddy/
motion correction step, in x, y, and z directions over 86 cases was:
1.229� 0.983mm, 1.235� 0.978mm and 1.224� 0.978mm, and mean
(�SD) rotations in degrees 0.70� 0.67�, 0.54� 0.48� and 0.58� 0.59�.

3.2. Repeatability of voxelwise measurements

The ICC(3,1) values for voxelwise repeatability were generally high
for all four DTI tensor measures (Figs. 3 and 4). For FA, using 0.15
thresholding was better than 0.10 in terms of VAR values (p¼ 0.023). FA
had the higher ICC(3,1) and VAR in comparison to MD, AD and RD with
0.15 and 0.10 threshold values (p< 3.125� 10�5). The distributions of
mean ICC(3,1) and VAR values were generally symmetric apart from
outliers towards low ICC(3,1) and higher VAR values. The ICC(3,1)
performance across subjects was more squeezed in FA than other scalars,
while in VAR, the FA was more spread than rest of the DTI parameters.

The distribution of ICC(3,1) and VAR across TBSS skeleton (threshold
0.15) is shown in Figs. 5 and 6. The ICC(3,1) varied across the brain, so
that the peripheral regions and subcortical regions had lower repeat-
ability in comparison to corpus callosum and main white matter path-
ways where the repeatability was high (see Fig. 5 and Supplemental
Fig. S3). Test-retest variability (VAR) followed similar pattern, with
overall variation between scans was generally higher in FA than the other
three DTI scalars (see Fig. 6 and Supplemental Fig. S4).

3.3. Repeatability of ROI measurements

For 81 of the 122 ROI mean values of JHU atlas (with the 0.15
threshold, 4 of the ROIs did not have any voxels left for further analysis),
ICC(3,1) was increased when using the TBSS skeleton with an FA



Fig. 4. Repeatability of DTI parameters in 86 infant brains with violin plots of
variability (VAR) across voxels inside TBSS skeleton mask region. The VAR
values are lower for MD, AD, RD parameters than for FA with both FA threshold
values 0.10 and 0.15.
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threshold of 0.15 instead of 0.10, and decreased in 37 ROIs. Test retest
variance (VAR) was reduced when the 0.15 threshold was used for FA in
57 ROIs while in 61 ROIs, the 0.15 threshold affected increase in variance
in comparison to a 0.10 threshold. The smaller ROIs are likely cause of
increase in variance with 0.15. In conclusion, using 0.15 threshold
resulted in better ICC(3,1) in majority of the ROIs. We selected 32 ROIs
which overlap TBSS skeleton for further analysis (see supplemental
Fig. S1 and Fig. S2). The SNR averaged over two acquisition segments
was 3.6� 0.2 (see Appendix B for calculation). The biggest correlations
over 86 subject between SNR and ROI mean value of FA was found in
Fig. 5. Test-retest ICC(3,1) maps of TBSS skelet

602
retrolenticular part of internal capsule (p¼ 0.00021 and p¼ 0.00026, for
0.10 and 0.15 threshold values), which were not considered significant
(p< 3.125� 10�5) after correction for multiple comparisons. In other
DTI metrics, MD, AD and RD correlated with SNR in fornix, AD in corpus
callosum, and cinculum cingular part (p< 3.125� 10�5), while other
correlations where not considered significant. Within the 32 ROIs and
four DTI metrics, we found no major difference in ICC(3,1) between left
and right hemisphere in any of the DTI metrics. Overall, 63 metrics had
ICC(3,1) above 0.9. The highest ICC(3,1) values in all DTI metrics
bilaterally were found in corona radiata (superior corona radiate FA
ICC(3,1)¼ 0.913). Six out of total 128 values the ICC(3,1) was below 0.8.
The lowest ICC(3,1) was found in internal capsule (retrolenticular part of
internal capsule FA ICC(3,1)¼ 0.714). We also visually inspected overall
intensity value patterns of 32 ROI mean values (see supplemental
Fig. S5), where the individual cases were considered to be
distinquishable.

ICC(3,1) values of the union of both sides of corpus callosum region
(CC) are shown in Fig. 7. The DTI fitting models are expected to work
well in the CC with the data due to predominantly single orientation of
the fibers in left-to-right direction. In the corpus callosum, changing of
threshold value between 0.10 and 0.15 did not result in improvement of
reliability. To evaluate effect of individual voxels contribution to
repeatability, we discarded 10% of voxels in corpus callosum that
expressed highest variability. This resulted in increase of ICC(3,1) in FA.
In corpus callosum, biggest difference between ROI level and voxel level
analysis was in MD.

4. Discussion

We evaluated test retest reliability for a multi-part DTI acquisition
scheme designed for use with neonates. The number of diffusion
on calculated with 86 neonatal DTI images.



Fig. 6. Test-retest Variability maps of TBSS skeleton image calculated with 86 neonatal DTI images.

H. Merisaari et al. NeuroImage 197 (2019) 598–607
directions per part was standardized to 25 directions. The TBSS skeleton
processing method was evaluated for reliability at the voxel level and the
ROI level. The overall reliability was high (ICC(3,1)> 0.8). The repeat-
ability of MD, AD, RD was robust to changing of TBSS threshold value,
suggesting that the threshold parameter may be safely chosen between
0.10 and 0.15 with infant DTI data, and that 0.15 could be better for
optimized processing for FA values. The performance of TBSS analysis in
voxelwise analysis may be explained by smoothing which reduces the
impact of Rician noise on the analysis, and results in increased effective
ROI size (from one voxel to neighborhood), with the cost of losing spatial
information (Jafari-Khouzani et al., 2019). We found that test-retest re-
liabilities were high in regions of interest, while voxel-level ICC values
were spatially variable within the skeleton. Notably, most of the low
voxelwise ICC values were located peripherally, which is expected.
Additionally, lower ICC values were also found near the subcortical
nuclei. This may be due to the narrowness of the white matter tracts
within the infant brain that may cause minor registration errors.
Admittedly, the DWI typically have lower SNR in deep brain regions but
this effect was not pronounced with the used 12-channel head coil (as
compared to using more channels). Similar plot for adults may thus have
higher ICC.

We found only marginal associations with potential covariates
including SNR, motion metrics and metrics related to distribution of
diffusion directions, after rigorous quality control and standardization of
number of directions to 25. Nevertheless, we recommend this to be tested
for each study in question. Looking at the p-values not considered sig-
nificant (data not shown), in alignment with (Ling et al., 2012), the most
prominent association of data quality metric was found in translation
along the y axis (anterior-posterior direction). We speculate that associ-
ation of DTI to the effect of movement along y axis is to be caused by
motion induced susceptibility artefacts in phase encoding direction that
603
was used in the acquisition.
While the sample size was reasonable in the current study, the find-

ings apply to infant scans only and it is left for future studies to address
data quality metrics’ effects on populations with older subjects. It is to be
noted that only few data sets were perfect although the scans were
deemed to be successful at the scanner (the scanner provided preview of
the images with axial slices and an estimated FA map), which underlines
the need for thorough quality control in infant DTI studies. The test retest
scans were obtained here during the same session, and we acknowledge
that it is hard to organize multiple scans for infants within narrow
enough time margin where brain development would not hinder validity
of test retest scans. Future studies may address reliability within a single
day or paired days.

The number of directions was limited to only one setting with 25
directions to best reflect the test retest reliability between two scans/
sequences. Importantly, the reliability metrics may be different with
more or less available diffusion encoding directions (Landman et al.,
2007; Leemans and Jones, 2009). However, for conciseness, we leave it
for future to study the effects of a range of diffusion directions to the
evaluatedmetrics. According to our experiments with various numbers of
directions, 25 directions provided a good trade-off between number of
cases left for analysis (as requirement for more directions forces exclu-
sion of more cases), while having no association between data quality
metrics and the mean DTI parameters. A simulation study (Jones, 2004)
suggested the use of at least 30 directions for robust MD and tensor
orientation estimation, and (Magnotta et al., 2012) found small within
subject variability with 26 directions in an adult MR study. The fact that
we used non-identical diffusion encoding directions may have result in
decreased ICC values. However, even though the scanner directions
would remain the same, head orientation/subject placement in the
scanner makes every rescan to have a non-identical distribution of



Fig. 7. Reliability of the DTI parameters in 86 infant brains assessed with
intraclass correlation coefficient ICC(3,1) values in the corpus callosum of the
JHU atlas masked with the TBSS skeleton thresholded at either 0.10 or 0.15. On
the left and in the middle: ICC(3,1) of ROI mean values with two FA threshold
values. On the right: Distributions of voxelwise ICC(3,1) values for the same
region with 0.15 threshold. Top row: All voxels included in analysis. Bottom
row: ICC(3,1) values when 10% of voxels with highest VAR were excluded.
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diffusion encoding directions, which supports that similar, and high, test
retest reliability likely apply in other studies as well.

The evaluated diffusion metrics may be sensitive to other analyses of
the data, such as fiber tracking algorithms (Baum et al., 2018) and
tract-specific analysis (TSA). As there are various fiber tracking and tract
segmenting methods available, which may have different reliability also
depending on parameters used in their execution, it is left for future
studies to address data quality metrics’ effect on the reliability of the
DTI part 1 DTI part 2
31 directions
3 b0 images

32 directions
3 b0 images

[0] (0.000, 0.000, 0.000) [0] (0.0
[1] (0.049, �0.919, �0.391) [1] (0.2
[2] (0.726, 0.301, �0.618) [2] (0.9
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resolved fibers and in TSA, together with test-retest repeatability of the
principal tensor orientation that was not analysed here. However, we
speculate that fiber tracking may be sensitive to inhomogeneities in the
distribution of diffusion directions, since lower angular resolution results
in higher angular error (Prckovska et al., 2013; Landman et al., 2007).
We did not assess the effects of including minor artefact corrupted data,
and how much that may affect the reliability. However, some novel ap-
proaches (Bastiani M, 2018) may help in partial data recovery for cor-
rupted scans and such approaches may increase the amount of useable
scans (Andersson et al., 2016). In addition, we speculate that other
acquisition schemes such as multi-shell DTI procedures may benefit from
using the presented data quality metrics (Appendix B) for controlling of
potential limitations to accuracy and precision that they may pose to the
results.

5. Conclusion

We have presented an assessment of the reliability of neonate DTI
measurements using a test-retest analysis of pieces of a 96 direction
acquisition divided into three segments. The results showed that the DTI
measurements within the WM skeleton were reliable in voxelwise ana-
lyses and in most of the ROIs of the JHU atlas. We did not find any major
dependency between data quality metrics, including residual motion,
and final DTI parameters at the voxel or the ROI level. The results indi-
cate that DTI metrics from neonate data can be reliable, even at relatively
low angular resolution, and thus lend confidence to the use of neonate
DTI data in cross sectional and longitudinal analyses.
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Appendix C. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.neuroimage.2019.04.067.

Appendix A. Table of 96 diffusion encoding directions

Table of diffusion encoding vectors used in DTI data acquisition. Acquisition was divided in three parts with 31, 32 and 33 diffusion encoding
directions. Each contained three volumes without diffusion encoding (b0 images, in the beginning, in the middle, and in the end), otherwise b-value of
1000 s/mm2 was used.
DTI part 3
33 directions
3 b0 images

00, 0.000, 0.000) [0] (0.000, 0.000, 0.000)
12, �0.754, �0.622) [1] (-0.809, 0.324, �0.491)
12, �0.104, 0.398) [2] (-0.281, �0.955, 0.096)

(continued on next page)
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[3] (-0.683, 0.255, �0.684) [3] (-0.311, 0.947, �0.077) [3] (0.592, 0.483, �0.645)
[4] (0.845, �0.502, �0.186) [4] (0.679, 0.632, �0.374) [4] (0.382, 0.593, 0.709)
[5] (-0.730, �0.619, �0.288) [5] (0.135, �0.286, 0.949) [5] (0.237, �0.506, �0.829)
[6] (-0.051, 0.039, 0.998) [6] (-0.647, 0.230, 0.727) [6] (-0.711, 0.625, �0.323)
[7] (-0.018, 0.871, �0.491) [7] (0.904, 0.397, 0.158) [7] (-0.146, 0.519, �0.842)
[8] (-0.444, 0.494, 0.747) [8] (-0.757, 0.647, �0.087) [8] (0.927, �0.243, �0.286)
[9] (-0.989, �0.086, �0.116) [9] (0.143, 0.284, 0.948) [9] (-0.809, �0.587, �0.004)
[10] (-0.470, �0.855, 0.221) [10] (0.233, 0.894, �0.382) [10] (-0.976, 0.142, �0.165)
[11] (0.412, 0.400, 0.819) [11] (0.664, �0.531, 0.527) [11] (-0.135, �0.870, �0.474)
[12] (-0.552, 0.790, �0.267) [12] (0.157, 0.710, 0.686) [12] (0.274, �0.048, �0.960)
[13] (-0.123, �0.477, 0.871) [13] (-0.895, �0.214, 0.392) [13] (0.518, �0.855, 0.037)
[14] (-0.848, 0.141, 0.510) [14] (0.594, 0.080, 0.801) [14] (-0.482, �0.767, 0.423)
[15] (0.000, 0.000, 0.000) [15] (-0.006, 0.688, �0.726) [15] (0.750, �0.039, 0.660)
[16] (-0.341, �0.788, �0.512) [16] (0.000, 0.000, 0.000) [16] (0.000, 0.000, 0.000)
[17] (0.361, �0.529, 0.768) [17] (0.665, 0.746, 0.024) [17] (0.143, �0.048, 0.989)
[18] (-0.472, 0.850, 0.234) [18] (-0.277, 0.276, 0.920) [18] (0.632, �0.434, �0.642)
[19] (-0.856, �0.481, 0.189) [19] (-0.962, 0.268, 0.046) [19] (0.799, 0.429, �0.422)
[20] (0.797, 0.162, 0.582) [20] (-0.133, �0.970, �0.202) [20] (0.480, �0.632, 0.608)
[21] (0.467, �0.009, �0.884) [21] (0.790, �0.405, �0.461) [21] (-0.547, �0.799, �0.250)
[22] (0.013, 0.998, �0.056) [22] (-0.194, �0.193, 0.962) [22] (-0.616, �0.310, �0.724)
[23] (0.882, �0.387, 0.267) [23] (-0.236, 0.952, 0.195) [23] (-0.028, �0.962, 0.270)
[24] (0.017, �0.536, �0.844) [24] (-0.884, �0.272, �0.379) [24] (-0.324, �0.506, 0.799)
[25] (-0.442, �0.651, 0.617) [25] (0.463, �0.307, 0.831) [25] (0.268, �0.875, �0.403)
[26] (0.365, �0.058, 0.929) [26] (0.700, 0.066, �0.711) [26] (0.843, 0.059, �0.534)
[27] (0.977, �0.004, �0.213) [27] (-0.200, 0.928, �0.314) [27] (-0.886, 0.462, �0.044)
[28] (-0.406, �0.902, �0.145) [28] (0.550, 0.705, 0.449) [28] (0.187, 0.489, 0.852)
[29] (-0.627, 0.614, 0.479) [29] (-0.670, 0.727, 0.153) [29] (0.184, �0.746, 0.640)
[30] (-0.354, 0.772, �0.528) [30] (0.237, 0.722, �0.650) [30] (0.793, 0.450, 0.412)
[31] (-0.658, �0.472, �0.586) [31] (0.960, 0.260, �0.100) [31] (0.475, �0.248, �0.844)
[32] (0.423, 0.322, �0.847) [32] (0.407, �0.756, �0.512) [32] (0.662, 0.728, �0.181)
[33] (0.000, 0.000, 0.000) [33] (-0.355, �0.180, �0.917) [33] (0.943, 0.083, 0.323)

[34] (0.000, 0.000, 0.000) [34] (-0.045, 0.720, 0.692)
[35] (0.000, 0.000, 0.000)
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Appendix B. Data quality metrics correlated with DTI parameter estimates

Metrics 1.-24. relate to motion and eddy current effects measured from the data during correction process, and are calculated using 4� 4 trans-
formation matrix obtained in coregistration of volumes for eddy and motion correction.

1. Absolute derivative of rotation around x axis
2. Absolute derivative of rotation around y axis
3. Absolute derivative of rotation around z axis
4. Mean of absolute rotation around x axis
5. Mean of absolute rotation around y axis
6. Mean of absolute rotation around z axis
7. Absolute derivative of scaling along x axis
8. Absolute derivative of scaling along y axis
9. Absolute derivative of scaling along z axis

10. Mean of absolute scaling align x axis
11. Mean of absolute scaling align y axis
12. Mean of absolute scaling align z axis
13. Absolute derivative of skew along x axis
14. Absolute derivative of skew along y axis
15. Absolute derivative of skew along z axis
16. Mean absolute skew along x axis
17. Mean absolute skew along y axis
18. Mean absolute skew along z axis
19. Absolute derivative of translation along x axis
20. Absolute derivative of translation along y axis
21. Absolute derivative of translation along z axis
22. Mean absolute translation along x axis
23. Mean absolute translation along y axis
24. Mean absolute translation along z axis

All absolute derivate metrics are calculated as absolute difference divided by time between acquisitions which was considered the same for all
gradient directions:

MetricDerivative ¼
X

Gradient Directions

Δmetric
Δacquisition time
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All mean absolute metrics were calculated as average of absolute metric values:

MetricMean ¼
P

Gradient DirectionsΔmetric
Number of Gradient Directions

Metric 25. (brain volume) estimates voxel size and scanner FOV relative to the size of the brain, and is calculated from BET brain extraction tool
mask.

25. Brain volume in mL

Metrics 26.-32. address distribution of the measurement directions after preprocessing. The 27.-28. are calculated by applying spherical voronoi
tesselation algorithm (Caroli et al., 2010) to the diffusion direction vectors to find largest non-covered region in the sphere together with pairwise
comparisons between diffusion direction vectors.

26. Maximum of neighboring tensor directions after preprocessing

AngularGapMax pairs ¼ max
Gradients i

�
min

Neighbors j of Gradient i

��angle�Vi � Vj

����

27. Theta angle of orientation in center direction of biggest gap in the coverage of diffusion directions.
28. Phi angle of orientation in center direction of biggest gap in the coverage of diffusion directions.

The biggest gap is the center orientation of either two neighboring gradients i and j, or center of three gradient directions if the cap angle is greater
than angle between neighboring gradients. The cap angle is calculated with center orientation vectors from spherical voronoi tesselation as:

AngularGapMax triplets ¼ max
Voronoi Centers Ki

�
min

Neighbors j of Ki

��angle�Ki � Vj

����

The metrics 29.-32. Are estimated from distribution of angles, where one angle is resolved for each diffusion vector by finding largest non-covered
region from AngularGapMax triplets values, which is bordered by evaluated diffusion vector.

29. Average angle between neighboring diffusion directions after preprocessing
30. Median angle between neighboring diffusion directions after preprocessing
31. Standard deviation of angles between neighboring diffusion directions after preprocessing
32. Range of angles between neighboring diffusion directions after preprocessing
33. Signal-to-noise ratio of DWI imaging data

The estimated signal-to-noise ratio of the DTI acquisition before processing was calculated for ROI from two B0 images inside each of two used
acquisition segments, as in [1]:

BAvg ¼ ðB0;1st þ B0;2ndÞ

BDiff ¼ B0;1st � B0;2nd

SNRROI ¼ 1
. ffiffiffi

2
p

� Mean
�
ROI

�
BAvg

���
SD

�
ROI

�
BDiff

��

where B0;1st and B0;2nd are first and second accepted B0 in their order of occurrence in the acquisition segment, and ROI is the brain mask with three
voxels erosion. Mean and SD refer to average and standard deviations of all voxels inside ROI.

[1] National Electrical Manufacturers Association (NEMA). 2001.'Determination of signal-to-noise ratio (SNR) in diagnostic magnetic resonance
imaging. NEMA Standards Publication MS 1–2001'. Rosslyn: National Electrical Manufacturers Association.
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