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ABSTRACT

The Extended Frontal Aslant Tract (exFAT) is a recently described tractography-based extension of the Frontal
Aslant Tract connecting Broca’s territory to both supplementary and pre-supplementary motor areas, and more
anterior prefrontal regions. In this study, we aim to characterize the microstructural properties of the exFAT
trajectories as a means to perform a laterality analysis to detect interhemispheric structural differences along the
tracts using the Human Connectome Project (HCP) dataset. To that end, the bilateral exFAT was reconstructed
for 3T and 7T HCP acquisitions in 120 randomly selected subjects. As a complementary exploration of the exFAT
anatomy, we performed a white matter dissection of the exFAT trajectory of two ex-vivo left hemispheres that
provide a qualitative assessment of the tract profiles. We assessed the lateralization structural differences in the
exFAT by performing: (i) a laterality comparison between the mean microstructural diffusion-derived parameters
for the exFAT trajectories, (ii) a laterality comparison between the tract profiles obtained by applying the Auto-
mated Fiber Quantification (AFQ) algorithm, and (iii) a cross-validated Machine Learning (ML) classifier analysis
using single and combined tract profiles parameters for single-subject classification. The mean microstructural
diffusion-derived parameter comparison showed statistically significant differences in mean FA values between
left and right exFATs in the 3T sample. The diffusion parameters studied with the AFQ technique suggest that the
inferiormost half of the exFAT trajectory has a hemispheric-dependent fingerprint of microstructural properties,
with an increased measure of tissue hindrance in the orthogonal plane and a decreased measure of orientational
dispersion along the main tract direction in the left exXFAT compared to the right exFAT. The classification accu-
racy of the ML models showed a high agreement with the magnitude of those differences.

1. Introduction

different tract profile segments and behavioral outcomes related to nor-
mal brain function and diseased states.

The quantitative investigation of the White Matter (WM) connectiv-
ity using techniques derived from diffusion imaging, such as tractogra-
phy, is a powerful approach to the characterization of different tracts in
the human brain. However, the high prevalence of crossing fibers in the
WM tissue and the geometric complexity of the fiber architecture pose
serious limitations to the sensitivity and specificity of the tractographic
reconstructions (Jones and Cercignani, 2010).

In order to address this problem, different frameworks of along-tract
profiling have been proposed (Chamberland et al., 2019; Corouge et al.,
2006; Jones et al., 2005). One of such proposals is the Fiber Quantifica-
tion Analysis (AFQ) technique (Yeatman et al., 2012), which works by
creating a “tract profile” of diffusion measurements at multiple locations
along the trajectory of a WM tract. This technique has been successfully
applied to investigate several major WM tracts and showed remarkable
precision when evaluating the associations between WM properties of
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In addition, the AFQ technique has been shown to be a robust tool for
detecting asymmetries in the human Arcuate Fasciculus across different
datasets and pipelines (Bain et al., 2019). Hemispheric asymmetry is
a cardinal feature of brain organization and it is known that different
areas in the human cerebral cortex are asymmetrical in their structural
features (Kong et al., 2018). Asymmetry of WM pathways has also been
studied with regards to several cognitive functions, with a paradigmatic
example being language, which shows both functional and structural
lateralization in the human brain (Bradshaw et al., 2017; Catani et al.,
2007; Desmond et al., 1995).

In the frontal lobe territory, a connection between Broca’s re-
gion (and its contralateral homologous region in the non-dominant
hemisphere for language) and the Anterior Supplementary and Pre-
Supplementary Motor Areas (SMA and pre-SMA) of the Superior Frontal
Gyrus (SFG) has been recently reported in the human brain in dissection
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and tractography studies (Catani et al., 2012): Due to its character-
istic slanted trajectory, this tract has been named the Frontal Aslant
Tract (FAT). The FAT has been recently included in clinical models of
language networks (Dick et al., 2014), it has been suggested that the
left FAT serves as a key communicative link between sentence plan-
ning and lexical access processes(Chernoff et al., 2018), and evidence
shows that loss of integrity of the left FAT is associated with alterations
in Primary Progressive Aphasia (PPA) (Catani et al., 2013; Mandelli
et al., 2016). An AFQ study showed differences in diffusion measures
of the bilateral FAT in persistent developmental stuttering (Kronfeld-
Duenias et al., 2014), and its damage is correlated with a loss in speech
fluency (Basilakos et al., 2014). Additionally, the FAT has been impli-
cated in visually-oriented hand movements (Budisavljevic et al., 2017).

The initial FAT reconstructions (Catani et al., 2012; 2013) adhere to
the SMA and pre-SMA territory parcellation criteria proposed by Picard
and Strick (Picard and Strick, 1996; 2001). A commonly used defini-
tion for the anterior limit of the pre-SMA region is a virtual line pass-
ing through the genu of the corpus callosum and parallel to the vertical
anterior commissure line (Krainik et al., 2004; Lehéricy et al., 2004).
Due to the interindividual variability of the brain and the size of the
genu of the corpus callosum, this definition has led to many proposals
for the FAT reconstruction, some approaching the more restrictive tra-
jectory originally proposed by Catani (Ferpozzi et al., 2018; Vassal et al.,
2014), and others offering a wider connection reaching to more ante-
rior regions in the SFG (Rojkova et al., 2016) and, at the same time,
suggesting that it could subserve additional cognitive functions beyond
language (Dick et al., 2014). In this line, it has been suggested that the
FAT could have a potential role for relating hierarchically organized
processes outside of language function (Chernoff et al., 2018). Further
studies using cytoarchitecture and multimodal approaches have offered
additional converging evidence on the spatial location of the pre-SMA
in the frontal lobe (Ruan et al., 2018) that agree with the original, rel-
atively more restrictive Catani FAT reconstructions.

In this context, and to address potential ambiguities, we distinguish
between the original more restrictive FAT definition, and a wider frontal
aslant connection between the sum of pars opercularis and pars triangu-
laris in the Inferior Frontal Gyrus (IFG), and the totality of the SFG: the
extended Frontal Aslant Tract (exFAT). We have shown that bilateral
exFAT volume is correlated with language function and the right ex-
FAT volume is correlated with working memory performance in healthy
adults (Varriano et al., 2018). The implication of the frontal aslant con-
nections in executive function is an emerging topic in structural neu-
roimaging research (Dick et al., 2019). In a recent study, we have shown
that a clustering procedure using voxel-based morphometry was able
to detect two separated clusters with an anterior-posterior relationship
in the right exFAT WM trajectory. The posterior component captures
fibers from the original FAT trajectory and is related to language (and
not working memory) performance, while the anterior component cap-
tures fibers from a more anterior frontal aslant component and is related
to working memory (and not language) performance (Varriano et al.,
2020). The exFAT includes and extends the original FAT definition, and
due to its strategic placement reaching more anterior frontal regions, the
structural characterization of this connection has the potential to con-
tribute to the understanding of language function, as evidenced by the
original FAT results, and to higher-level cognitive functions depending
on more anterior connectivity.

The main objective of this study is to characterize the microstruc-
tural properties along the exFAT trajectory by calculating a tract profile
using the AFQ algorithm as a means to perform a laterality analysis to
detect interhemispheric structural differences along the tracts. In addi-
tion, we propose a cross-validated Machine Learning (ML) procedure
that is capable of performing single-subject inferences by classifying
the exFATs into left-right categories according to local microstructural
differences along the tract profiles. As a complementary exploration of
the exFAT anatomy, we offer the results of a WM dissection of the ex-
FAT trajectory of two ex-vivo left hemispheres that provide a qualitative
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Table 1
HCP dataset diffusion acquisition parameters.
HCP 3T HCP 7T
Spatial resolution 1.25 mm? 1.05 mm?
LR/RL phase encoding AP/PA phase encoding
(PE) (PE)
Acceleration Multiband = 3 Multiband = 2
GRAPPA = 3
Partial Fourier = 6/8 Partial Fourier = 6/8
Total echo train length 84.24 ms 41 ms
Gradient strength (max) 100 mT/m 70 mT/m
b—values(s/mm?) 1000, 2000, 3000 1000, 2000
Q-space directions 270 x 2 130 x 2

assessment of the underlying anatomy from which the tract profiles are
calculated.

2. Materials and methods
2.1. Human Connectome Project data

This study was performed on neuroimaging data from 120 randomly
selected subjects (mean age + SD of 29.43 + 3.35 and a male ratio
of 0.38) from the WU-Minn 7-tesla Human Connectome Project (HCP)
1200 MRI open-access dataset (http://humanconnectomeproject.org).
Three and 7-tesla diffusion-weighted sequences were used. For struc-
tural images, 3-tesla T1 sequences were used, as 7-tesla T1 images are
not available in the HCP sample.

The 3-tesla HCP acquisition was conducted on a Siemens Magnetom
Skyra MRI machine. Structural imaging consisted of a T1 weighted 3D
MPRAGE sequence with 224 x 244 mm of FOV with a voxel size of
0.7 mm isotropic (TR = 2400 ms, TE = 2.14 ms, TI = 1000 ms, flip
angle of 8 degrees, BW = 210 HZ/Px, iPAT of 2 and the acquisition time
was 7 minutes and 40 seconds) (Andersson and Sotiropoulos, 2016).
The diffusion-weighted HCP acquisition parameters are summarized in
Table 1 (Sotiropoulos et al., 2016; Vu et al., 2015).

According to the HCP consortium, the subjects were healthy individ-
uals that gave written consent to share anonymized brain imaging and
behavioral data. The inclusion criteria were the availability of 3T and
7T diffusion data and Freesurfer parcellation data (Fischl et al., 2004).

The HCP subjects have handedness scores according to the Edin-
burgh Handedness Inventory (EHI). From the 120 subjects of the sam-
ple, 107 are right-handed (50 < EHI < 100), 10 are ambidextrous
(=50 < EHI < 50),and 3 are left-handed (-100 < EHI < -50). The
results of this study using the complete sample and the results using only
the 107 right-handed subjects were very similar, and because of this, the
entire sample of 120 subjects was used for the analyses (Additional fig-
ures for the right-handed subsample can be found in Appendix A).

This study was conducted with the approval of the Bioethics Com-
mittee of the University of Barcelona, Institutional Review Board
(IRB00003099).

2.2. Tractogram reconstructions

For each individual subject, whole-brain tractography reconstruc-
tions were performed for the 3T and the 7T diffusion acquisi-
tions with Mrtrix3 (Tournier et al., 2019) software using the iFOD2
(Calamante et al., 2010) algorithm firing randomly distributed seeds
in the WM until 10 million streamlines were obtained. Tissue infor-
mation provided by the Anatomically-Constrained Tractography (ACT)
framework (Smith et al., 2012) was used to increase the biological
plausibility of the reconstruction, Multi-Shell, Multi-Tissue, Constrained
Spherical Deconvolution (MSMT-CSD) (Jeurissen et al., 2014) was per-
formed, and streamlines were cropped at the white/gray matter inter-
face. This allowed us to obtain high-quality tractography reconstruc-
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tions and avoid several well-known shortcomings of the tracking proce-
dure (Calamante, 2019).

For each hemisphere, the Desikan-Killiany parcellation
(Desikan et al., 2006) from the T1 acquisition in native space was
used to obtain the exFAT tractograms from the whole brain tracto-
graphic reconstructions by using Broca’s region — defined as Pars
Opercularis and Pars Triangularis in the left hemisphere — and its
contralateral homologous region in the right hemisphere, and the SFG
as inclusion masks (Varriano et al., 2018). Every other gray matter
structure other than the two explicitly defined as inclusion ROIs was
employed as an exclusion mask to produce automated and robust tract
reconstructions while reducing the presence of false-positive tracts
(Martinez-Heras et al., 2015). A maximum length limit of 150 mm was
defined to reduce the presence of false positives.

2.3. Tract profiles

To obtain the tract diffusion profiles for each oriented exFAT
— from SFG to Broca’s region (or its contralateral homologous re-
gion) — we used the AFQ open source library (https://github.com/
yeatmanlab/pyAFQ) implemented in Python software (Van Rossum and
Drake, 2012). The AFQ algorithm performs iterative comparisons be-
tween fibers to obtain a mean tract trajectory from their distances and
lengths in four steps: (i) in the first step each streamline is resampled
into 100 equidistant nodes, considering the spread of coordinates as
multivariate Gaussian. (ii) Each node contributes to the calculation of
the fiber tract core as the average of each X, y, and z coordinates, and
the spread of fibers is calculated by computing the covariance between
nodes. (iii) Each node is represented as a mean coordinate value, m,
and by a 3 x 3 covariance matrix. For each of these matrices the AFQ
algorithm calculates its Mahalanobis distance, D,,(x) as follows:

D, (1) =\ =" s~ r =,

where ris a vector containing the fiber node’s x, y, and z coordinates. (iv)
All the fibers that are more than 5 standard deviations away from the
core of the fiber tract or more than 4 standard deviations away from the
mean fiber length are removed. Steps i-iv are iterated until no outliers
remain (Yeatman et al., 2012).

The resulting 100 equidistant nodes can be interpolated with a
value for each diffusion-derived parameter — Fractional Anisotropy
(FA), Mean Diffusivity (MD), Radial Diffusivity (RD) and Axial Diffu-
sivity (AD) — across each of the nodes along the exFAT streamlines
(Bain et al., 2019). Diffusion-derived parameters were calculated using
the tensor2map (Basser et al., 1994) tool from the Mrtrix3 package.

2.4. Statistical analyses

As a preliminary and general overview of the dataset, we perform
a global analysis in which mean values (and standard deviations) were
calculated for each microstructural diffusion-derived parameter in each
tract. A laterality test was performed using t-tests to compare left and
right mean exFAT microstructural diffusion-derived parameters. Co-
hen’s d was used to evaluate the effect size of the significant results
using the expression:

\/5(?51 —X3)

\/(SD? + (SD)?

In the AFQ analysis, we calculated a Laterality Index (LI) for each
node of the left and right exFAT tract profiles using the expression:

d=

LI = Vleft - Vrighl )
Vle ft + Vright
Where V is the specific map value (FA, MD, RD or AD) for each coor-

dinate in the left and right exFAT tract profile. Each pair of nodes was
compared using a t-test.
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Table 2
Mean values for the diffusion-derived microstructural parameters.
FA MD RD AD
3T left 0.451 + 0.016 0.538 + 0.017 0.399 + 0.016 0.816 + 0.024
3T right 0.440 + 0.017 0.538 + 0.016 0.404 + 0.016 0.808 + 0.023
7T left 0.467 + 0.018 0.589 + 0.020 0.430 + 0.021 0.907 + 0.024
7T right 0.465 + 0.017 0.589 + 0.021 0.430 + 0.020 0.905 + 0.024

All the t-tests were calculated after performing a Shapiro-Wilk test to
confirm normality and an F test to prove homoscedasticity. The resulting
p-values were corrected for multiple comparisons using the Bonferroni
correction if applicable (p < «). A total of 808 comparisons were made in
this study, 8 comparisons in global analyses and 800 in the AFQ corre-
sponding of 100 nodes x 4 metrics x 2 fields. The null hypothesis, Hy,
was rejected for corrected p-values (p x 808, being 1 the upper bound)
under our significance threshold established at « = 0.05. The MD, RD,
and AD maps were multiplied by 1K for scaling convenience. All statis-
tical tests were performed using Python software.

2.5. Machine learning model

In order to validate the laterality indices differences in the resulting
tract profiles and make inferences at the single-subject level, we de-
veloped an ML-model. We ran a repeated random sub-sampling cross-
validated procedure based on a regularized logistic regression classifier
using sklearn (Pedregosa et al., 2012) with a testing/training split ratio
of 0.3, Limited-Memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS)
solver and L2 penalty. The ML classification algorithm was trained with
separate data from FA, MD, RD, and AD values derived from the zs-
cored tract profiles and with a vector combining every diffusion param-
eter. The training/testing procedure was repeated 10K times in order to
ensure the robustness of the ML classification algorithm under random
permutations of the results dataset.

2.6. White matter fiber dissection

Two left human brain hemispheres were obtained within the first
24 h post mortem from donors with no clinical history of neurologi-
cal disease. After inspecting the brains for any abnormalities, the speci-
mens were prepared in accordance with Klingler’s method (Klingler and
Ludwig, 1956). The specimens were fixated in a 10% formaldehyde so-
lution for 2 months. Each hemisphere was frozen at —16°C for 2 weeks.
The arachnoid and pia mater of each hemisphere were removed after
thawing the specimens under tap water for 24 hours. The fiber dissec-
tions of the brain hemispheres were performed in a stepwise manner,
from lateral to medial.

3. Results
3.1. Descriptive results

The mean values for the different diffusion parameters and MRI fields
for the bilateral exFAT territories can be seen in Table 2.

For more detailed information about the exFAT trajectory, an addi-
tional figure showing the probabilistic map for all the sample at both 3T
and 7T can be found in Appendix B.

3.2. Laterality results

In the mean microstructural diffusion-derived parameters compari-
son, we found statistically significant differences between left and right
FA values (p < 0.001) with a medium-large effect size of 0.648 for the
3T data. We did not find left/right differences in diffusion-derived pa-
rameters for the 7T data. The results are shown in Table 3 (additional
violin plot shown in Appendix C).
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Table 3
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Laterality comparison between the mean microstructural diffusion-derived parameters for the exFAT trajectories. 1 in-
dicates Bonferroni corrected p-values. * Indicates H, rejection at Bonferroni corrected p-values.

FA MD RD AD
t-val p-val d-val t-val p-val d-val  t-val p-val d-val  t-val p-val d-val
3T 5.356 < 0.0017* 0.648 -0.086 0932 - -2293 1% - 2890 17 -
7T  0.801 0.424 - 0.016 0987 - -0.285 0775 - 0516 0.606 -
Table 4
Significant segments of the tract profile for the 3T and 7T AFQ analyses.
3T 7T
Segment AUC Max p-value  Laterality = Segment AUC Max p-value  Laterality
FA [37, 100] (64%) 1.828  0.029 Left [72, 78] (7%) 0.117  0.031 Left
MD  [65, 78] (14%) 0.180  0.043 Right - - - -
RD [57, 96] (40%) 1.035  0.030 Right — — — —
AD [93, 100] (8%) 0.117  0.036 Left [68, 77] (9%) 0.118  0.041 Left

Table 5

Table showing the accuracy results of the laterality ML classifiers for the different microstruc-
tural parameters and for each field. Values correspond to mean accuracies + standard devia-
tion for the 10K iterations of the cross-validated models.

FA MD RD AD Combined model
3T 0.890 + 0.042 0.793 + 0.053  0.889 + 0.041 0.670 + 0.061 0.911 + 0.040
7T  0.660 + 0.061 0.629 + 0.063  0.618 + 0.063  0.719 + 0.059  0.768 + 0.059

In the AFQ laterality comparison, we report the significant segments
along the tract profile together with its percentile position, the Area
Under the Curve (AUC), the maximum Bonferroni-corrected significant
p-value, and its asymmetry value for the laterality analysis in Table 4
and Fig. 1.

For the 3T AFQ laterality analyses we found a left lateralization pat-
tern for the FA and AD tract profiles and a right lateralization pattern
for the MD and RD tract profiles. For the 7T AFQ laterality analyses we
found a left lateralization pattern for the FA and AD tract profiles and
no laterality differences were found for the MD and RD tract profiles.

3.3. Machine Learning model

Accuracies of the ML models for single-subject classification of AFQ
exFAT profiles can be seen in Table 5 for the laterality analyses (Addi-
tional figures, confusion matrices and comparisons with a random clas-
sifier can be found in Appendix D).

3.4. White matter dissection

In the WM dissection study performed on two left hemispheres, we
revealed the exFAT trajectory using a stepwise procedure and obtained
two oblique coronal slices that approximate the plane of the AFQ tract
profile. In those slices, we distinguish three anatomically different re-
gions along the exFAT trajectory as shown in Fig. 2 (an additional pic-
ture of the specimen shown in Fig. 2(a) before the slicing can be seen in
Appendix E).

4. Discussion
4.1. Laterality analysis
In the present work, we performed a laterality study by comparing

tract profiles along the exFAT trajectory. The systematic reconstruction
of the exFAT provides a reproducible way of reconstructing the frontal

aslant connectivity beyond the pre-SMA — as originally defined by Pi-
card and Strick (Picard and Strick, 1996; 2001) — explicitly addressing
the problem of FAT reconstructions reaching to more anterior frontal
cortical regions.

Overall, the global analysis did not detect laterality differences for
the average microstructural properties of the exFAT, with the exception
of the FA values, which showed a significant left lateralization pattern
in the 3T acquisitions, but not in the 7T acquisitions.

The AFQ analysis provided additional and in-depth information for
the microstructural properties along different segments of the exFAT
tract profile, offering insights regarding its laterality properties beyond
what can be seen in the global analysis. We have detected significant
laterality differences along the exFAT tract profiles for all the measured
microstructural parameters in the 3T field, and for FA and AD param-
eters in the 7T field. All the significant segments were detected in the
inferiormost 60% of the exFAT tract profiles. The FA tract profile com-
parisons show an exclusive left lateralization pattern of the significant
segments for both 3T and 7T fields. This is compatible with results from
Bain et al. (2019) where laterality comparisons of tract profiles of the
arcuate fasciculus showed a left lateralization pattern of FA values in
the regions approaching Broca’s territory.

For the 7T field, where the global analysis failed to detect differ-
ences, we can distinguish significant left-lateralized segments for the
FA and the AD tract profiles when approaching the IFG. Nevertheless,
the 3T data was capable of a better characterization of the laterality
properties of the exFAT trajectory compared to the 7T data: the cu-
mulative AUC corresponding to statistically significant segments in the
3T field was around 17 times higher than in the 7T data. One reason-
able explanation for the increased sensitivity of the exFAT AFQ later-
ality analyses in the 3T data, as seen by its higher AUC values, is that
there is a trade-off between 3T and 7T HCP datasets, where the 3T HCP
dataset has a lower spatial resolution, but it contains an additional third
shell of higher b-value (b = 3000 s/mm?) that allows for a wider sam-
pling of the g-space (Vu et al., 2015). Under these circumstances, the
MSMT-CSD algorithm is capable of resolving more complex fiber cross-
ing patterns in the 3T data (Sotiropoulos et al., 2013) and this additional
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3T HCP dataset
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7T HCP dataset
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Fig. 1. AFQ tract profiles oriented from the SFG to Broca’s region (or its contralateral homologous region) — superior (1) < inferior (100) — for each diffusion-
derived microstructural parameter. Significant centiles after Bonferroni correction in the laterality index analysis are shown in purple. Individual tract profiles are
shown in salmon color and the mean tract profile is shown in red.

Fig. 2. Coronal slices of two dissected left
hemispheres showing the central region of the

exFAT trajectory.
light anatomically

Colored dashed lines high-
distinguishable segments: in

green, the trajectory from SFG to the central

convex region. In
gion. In red, from
the IFG.

blue, the central convex re-
the central convex region to



S. Pascual-Diaz, F. Varriano and J. Pineda et al.

Neurolmage 222 (2020) 117260

Fig. 3. Lateral view of an exFAT reconstruction in the left hemisphere with (a) FA values projected along the fiber trajectories with a lateral view of the FA tract
profile, and (b) RD values projected along the fiber trajectories with a lateral view of the RD tract profile. The colormap scale indicates the relative value intensity
for each corresponding microstructural parameter. Maximum and minimum values for the parameters projected over the exFAT fiber core and the exFAT fibers are

respectively shown above and below the scale color bar.

resolution could positively impact the reconstruction of the AFQ tract
profiles.

The ML classifiers were able to perform single-subject laterality clas-
sification on the testing datasets with very high accuracy, showing that
the average microstructure differences, as detected in the AFQ analy-
sis, correspond to single-subject-level patterns of lateralization along
the exFAT trajectory. In the 3T ML classification algorithms, FA and
RD were the parameters leading to the highest classification accuracy
(89.0 + 4.2% for the FA and 88.9 + 4.1% for the RD) while AD led to
the lowest (67.0 + 6.1%). The ML models performed better in 3T than in
7T. The combined ML model offered a marginal improvement in clas-
sification accuracy (91.1% + 4.0%) compared to the best-performing
single-parameter models. This suggests that an accurate profile finger-
print can be extracted from a subset of microstructural parameters mea-
sured along the tract. This is compatible with dimensionality reduction
studies showing that models of combined microstructural parameters
can be effectively reduced, with minor losses of explained variance, to
two biologically interpretable components, one related to orientational
dispersion, and the other related to hindrance restrictions in tissue mi-
crostructure (Chamberland et al., 2019). To this regard, our results show
a significantly higher diffusion hindrance and a lower orientational dis-
persion in the central and inferiormost parts of the left exFAT trajectory
compared to the right exFAT trajectory.

Overall, the AFQ laterality analyses were capable of detecting sig-
nificant differences along the tract profiles, with overlapping segments
where significant differences were present for more than one microstruc-
tural diffusion-derived parameter. The ML results strongly agree with
the AFQ results, as the ML classifiers showed a very good performance
in cases where the AFQ AUC was high. Moreover, in cases where the
AFQ AUC was small or 0, the ML classifiers were still able to detect
additional nonlinearities which allowed them to perform single-subject
classification with higher-than-chance accuracy.

4.2. exFAT trajectory characterization
For both the 3T and 7T fields, the average AFQ tract profiles show

a marked decrease around the central percentiles of the trajectory in
the FA and AD values. The RD values, which tend to be inversely corre-

lated to AD values in coherently organized WM bundles, show an inverse
behavior along the tract profiles, while the MD values show a flatter
profile. A single-subject case with tract profile values for FA and RD
projected onto the exFAT fibers can be seen in Fig. 3.

The stepwise procedure of the exFAT dissection required extreme
care when approaching the lateral surface of the frontal lobe after the re-
moval of the U-fibers, as the Superior Longitudinal Fascicle fibers run an-
teroposteriorly forming a sheet that closely embraces a large part of the
aslant fibers. The results shown in the WM dissection of the exFAT are
compatible with what was observed in the AFQ analyses, which showed
differences in the central region of the AFQ tract profiles compared to
the extremes: although the dissection of the exFAT extremes (red and
green segments in Fig. 2) is facilitated by the presence of smooth parallel
fibers along the tract direction (and thus we would expect a high FA and
alow RD), the dissection of the central region, which describes a convex
shape (blue segments in Fig. 2), is particularly challenging due to the
high prevalence of crossing fibers (and thus we would expect a low FA
and a high RD). Even though the dissection study is of complementary
and qualitative nature, it offers a strong ground truth validation that al-
lows us to reject high-level reconstructions that explicitly disagree with
its results (e.g. should the dissection study have revealed a pattern of
crossing fibers in the distal parts of the exFAT that was not reflected in
the properties of the AFQ tract profiles, we could not accept the validity
of the tract profiles for the exFAT characterization).

Previous studies have reported that the Fronto-Striatal Tract (FST)
could be a fiber population that crosses the central region of the frontal
aslant connections (Dick et al., 2019; Kinoshita et al., 2014). We show
that the central region of the exFAT is a densely transversed area where
coherently organized fibers connecting the Middle Frontal Gyrus (MFG)
through the FST, the thalamocortical radiations, and MFG-MFG com-
missural connections from the anterior region of the corpus callosum lead
to a high level of intra-voxel fiber crossing. This situation is represented
for a single subject in Fig. 4.

Crucially, the results obtained from the exFAT AFQ laterality anal-
yses and the complementary results obtained from the exFAT WM dis-
section studies offer converging evidence for the existence of a central
region of crossing fibers and two extreme segments of higher diffusion
hindrance and lower orientational dispersion.
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Fig. 4. Single-subject tractography reconstruction showing the high prevalence of crossing fibers along the central convex region of the left exFAT. A volumetric
render of the left striatum and thalamus can be seen in green and blue colors respectively. (a) The fronto-striatal fibers connecting to MFG and the IFG are shown in
green. (b) The thalamocortical radiations connecting to MFG and the IFG are shown in blue. (¢) The MFG-MFG and the MFG-IFG commissural fibers are shown in
white. The FA values have been projected to the exFAT fibers. The colormap scale indicates the FA values for the exFAT.

5. Limitations

The AFQ analysis projects the tract trajectory along the main tract
direction. This means that differences present along the direction of the
fibers can be detected, while differences existing in the perpendicular
plane (e.g. the possibility that the exFAT could contain distinct anterior
and posterior components) would be averaged out. Furthermore, the
AFQ analysis collapses the complexity of the entire tract in the represen-
tation of the tract profile. While this is a powerful and useful approach,
complementary methods are necessary for an in-depth exploration of
the totality of the tract and to characterize heterogeneous regions dis-
tant from the fiber core.

Even though the dissected hemispheres offer complementary evi-
dence for the tractography reconstructions, it must be noted that the
number of dissected hemispheres is low, and lack right-hemisphere spec-
imens and MRI acquisitions that could provide same-subject compar-
isons between dissection data and diffusion data, as ex vivo diffusion
MRI is still, to our best knowledge, an open problem with additional
challenges.

Bridging the gap between structural properties of brain connections
and human behavior is a complex and open question. Here, we stud-
ied the exFAT trajectory and its laterality differences from a structural
perspective, which should be complemented by studies approaching its
functional and behavioral implications.

In order to better characterize the implication of the exFAT in hu-
man behavior, functional studies characterizing the cortical regions con-
nected by the exFAT fibers should be performed. Furthermore, the func-
tional interplay between the frontal aslant connectivity and the frontal
lobe U-fibers should be studied. In addition, and to better understand
the differences between the 3T results and the 7T results, further studies
should be conducted to understand the effects of data resolution on the
structural properties of the exFAT.

6. Conclusions

We have performed a characterization of the microstructural prop-
erties along the exFAT trajectory using the AFQ technique in 3T and 7T
acquisitions. After applying a conservative multiple comparison correc-
tion, we have found significant lateralization differences for diffusion-
derived microstructural parameters in the central and inferior regions of

the exFAT in the 3T sample (FA, MD, RD, and AD) and in the 7T sample
(FA and AD). The average AFQ tract profiles show a marked decrease
around the central percentiles of the trajectory in the FA and AD val-
ues together with an increase of RD values suggesting the presence of a
central region of crossing fibers. These results show that a hemisphere-
dependant fingerprint can be obtained from a subset of microstructural
parameters measured along the exFAT, as shown by a cross-validated
ML classifier model that was capable of detecting laterality differences
by performing left-right classification with a high accuracy. As a com-
plementary exploration of the exFAT anatomy, we performed a white
matter dissection study of the exFAT trajectory that offered converging
evidence for the presence of a central region of crossing fibers and two
extreme segments of higher diffusion hindrance and lower orientational
dispersion.
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Appendix A. Right-handed results
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a) Whole sample (120) b) Right-handed subjects (107)
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Fig. Al. Violin plots representing the left/right distribution of diffusion-derived microstructural parameters for each field for the whole-sample and for the right-
handed subjects. Quartiles are shown in dashed lines. In this figure we illustrate that the mean values for the diffusion-derived microstructural parameters of the
exFAT are similar across handedness.
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Fig. A2. Laterality indices for the AFQ analyses oriented from the SFG to Broca’s region (or its contralateral homologous region) — superior (1) < inferior (100) —

for the whole sample and for the right-handed sample. In this figure we illustrate that the tract profiles of the exFAT are similar across handedness.
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Appendix B. exFATs probabilistic maps for the 120 subjects.

Fig. B1. Probabilistic maps of the exFATs. 3T density maps shown in red-yellow colormap, 7T density maps shown in blue colormap. The calculated overlap for the
3T-7T intersection is 79.9% with the 3T exFATs and 96.4% with the 7T exFATs. A threshold of 50% has been applied.

Appendix C. Violinplot for the global laterality comparisons.
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Fig. C1. Violin plots representing the left/right distribution of diffusion-derived microstructural parameters for each field. Quartiles are shown in dashed lines.



S. Pascual-Diaz, F. Varriano and J. Pineda et al. Neurolmage 222 (2020) 117260

Appendix D. Machine Learning confusion matrices
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Fig. D1. Confusion matrices for the ML models for the laterality classification of the (a) FA, (b) MD, (c) RD and (d)AD at 3T. Violin plot of the logistic regressor
classifier accuracy (blue) compared with a random classifier (orange).



S. Pascual-Diaz, F. Varriano and J. Pineda et al.

a)
True left True Right
Left labeled  86.562 +£3.494  33.550 + 3.257
Right labeled 33.438 £3.494  86.450 + 3.257
b)
True left True Right
Left labeled  81.993 +4.785 35.032 +4.321
Right labeled 38.004 + 4.785  84.968 + 4.321
c)
True left True Right
Left labeled  82.446 £4.526 34.428 + 4.673
Right labeled 37.554 £4.526 85.572 +4.673
d)
True left True Right
Left labeled  94.301 +2.883  27.587 £ 3.796
Right labeled 25.699 + 2.883  92.413 £ 3.796

Fig. D2. Confusion matrices for the ML models for the laterality classification of the (a) FA, (b) MD, (c) RD and (d)AD at 7T. Violin plot of the logistic regressor

classifier accuracy (blue) compared with a random classifier (orange).
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Appendix E. Dissected exFAT trajectory.

Neurolmage 222 (2020) 117260

Fig. E1. Lateral view of a dissected hemisphere revealing the exFAT trajectory.

approximates the spatial location of the AFQ tract profile.

Supplementary material

Supplementary material associated with this article can be found, in
the online version, at 10.1016/j.neuroimage.2020.117260
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