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Abstract

Objectives: The white matter structure of the human brain undergoes critical developmental
milestones in utero, which we can observe non-invasively using diffusion-weighted magnetic
resonance imaging. In order to understand this fascinating developmental process, we must
establish the variability inherent in such a challenging imaging environment and how measurable
quantities can be transformed into meaningful connectomes.

Methods: We review techniques for reconstructing and studying the brain connectome and
explore promising opportunities for in utero studies that could lead to more accurate measurement
of structural properties and allow for more refined and insightful analyses of the fetal brain.

Results: Opportunities for more sophisticated analyses of the properties of the brain and its
dynamic changes have emerged in recent years, based on the development of iterative techniques
to reconstruct motion-corrupted diffusion-weighted data. While reconstruction quality is greatly
improved, the treatment of fundamental quantities like edge strength require careful treatment
because of the specific challenges of imaging in utero.

Conclusions: There are intriguing challenges to overcome, from those in analysis due to both
imaging limitations and the significant changes in structural connectivity, to further image
processing to address the specific properties of the target anatomy and quantification into a
developmental connectome.
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1 Introduction

With in utero diffusion-weighted magnetic resonance imaging, we can observe critical white
matter development during the second and third trimesters as it organizes the foundation of
the brain’s global structural connectivity [1-3]. Understanding both typical and pathological
development is not only crucial for applications to individuals in a clinical setting as a
diagnostic or preventative tool, but it is also a fascinating period of change as the foundation
of an emerging intelligence. By acquiring accurate, detailed observations of its growth, we
can better understand why the brain is connected as it is and how variations affect the
developmental process. Since acquiring and processing images for such observations push
the limits of available tools and analysis methods, there are exciting opportunities to
overcome the challenges faced in reconstructing a meaningful fetal connectome.

Patterns in diffusion direction, typically resolved in utero down to the order of 1 mm, are
often interpreted as a coherent organization of a large number of coherent connections on the
axonal scale. Magnetic resonance imaging (MRI), especially in utero, is unable to capture
the dynamic processes of individual neuron growth and axonal wiring, but the cumulative
effect of large numbers of organized tissue is observable in large-scale fasciculation and
pruning. Similarly, the effects of fiber myelination, which insulates connections and
improves functional efficiency to further guide structural patterns as the brain matures, has
an observable effect within a large coherent ensemble of fibers by inhibiting water diffusion
perpendicular to bundle paths. For a more detailed review of these fundamental biological
developmental processes, see, e.g. [4]. We can more reliably observe coherent white matter
bundles in utero at a much coarser scale via diffusion-weighted imaging for subjects nearing
20 weeks gestational age (GA). One critical component to reconstruction is to treat these
observations according to this corresponding scale.

Reproducibility of imaging and the subsequent connectomes has been studied in adults (e.g.,
[5-7]), and more recently for fetal development in utero (e.g. [1, 2, 8, 9]). In the present
paper, we focus on the reproducibility of connection strength, which has shown to be more
difficult to reproduce even in adults [10], although averaging over connections to produce
node strength or other graph-wide measures can be reproduced better [11]. Because accurate
individual connection strengths are critical to all subsequent graph analyses, the variability
of these fundamental quantities must be carefully considered.

1.1 Imaging Challenges

The major challenge for imaging in utero comes from subject motion [12, 13], not only in
aligning disparate positioning and orientation between frames, but artifacts from motion
during the acquisition of a single planar image. The most drastic source of motion comes
from the freedom of the fetus to move its head. Motion from maternal respiration tends to be
less extreme, but can still reduce the accuracy even for mature fetuses when fetal motion is
more constrained within the uterus. As long as the brain and anatomical landmarks remain
within the field of view, iterative reconstruction techniques can correct for moderate subject
motion [14, 15]. Such approaches can also reduce bias in later analyses by reconstructing
volumes with cubic voxels, correcting for the typically longer distance between slices.
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Other challenges are common to any type of imaging, but are compounded by the in utero
imaging environment. Employing a body coil improves signal acquisition, but signal
strength is limited by scan time to keep the brain within the FOV and in considering the
comfort of the mother. Length scales of fetal anatomy are much smaller than in adults, and
the tissues and organs themselves may only be partially developed and lack significant
landmarks, e.g. cortical folding has not progressed enough to produce gyral landmarks in
young fetuses. Tissue contrasts change with age [16], including transient laminar zones [17],
as do diffusion properties from plasticity and myelination.

1.2 Building Connectomes

The characteristics of a connectome depend on choices by the investigators concerning what
is being connected and how the definition of connectivity constructs a graph from the
available imaging data [18]. Structural covariance connectomes (spatial comparisons of
cortical thickness [19]) are challenging with fetal brains because of the lack of gyral
landmarks on which to base a reliable parcellation, especially before 30 weeks GA. While
not without significant challenges, using tractography (particularly single-tensor
approximations) to define the paths for a connectome is appealing from the readily apparent
visual coherence of streamlines and the correspondence with known major white matter
tracts (e.g., see results in Fig. 1(c)). Despite the guidance “Don’t use tractography to provide
a quantitative estimate of ‘connection strength’ * from [20], tractography has remained a
popular method for assigning connection strength, although alternatives have been proposed,
such as global approaches for simulated flows [21], energy minimization [22, 23], or
“analytic™” tractography [24]. While popular, more traditional tractography approaches are
dominated by streamlines that, if taken to be accurate along their entire length, yield
misleading connectivity. Most reconstructed fiber streamlines migrate from one white matter
tracts into another, but these diversions may only be a small portion of the entire path; even
ignoring those with diversions, almost none span the entire tract. Consequently, further
refinement of these paths is necessary.

The properties of the data that divert a streamline can have effects that lead true paths to be
overwhelmed by false ones, even on the level of coherent bundles [25]. While we have
observed promising results from diffusion volume reconstructions that identify multiple
principle directions [26], the ability to distinguish diverted from true-path streamlines — or
more appropriately, to segregate which portions of streamlines fall into either category —
remains a dominating challenge. It is especially important to accurately distinguish between
true and misleading connections to study fetal development because the width and thickness
of the tracts themselves can be on the same length scale as the limitations imposed by
imaging constraints. Additionally, the shapes of tracts in utero may differ from the well-
established adult forms, so that while extracting and cleaning using an atlas- (or neural
network-) based approach as has shown success in adults [27-33] constructing a standard
correspondence between bundles of fibers in fetal brains across ages and established tracts
requires significantly more investment in data collection, processing, and analysis.

Both the construction of a diffusion field and the method employed to navigate it can affect
the character of the final tractography. Each voxel may contain a single direction for
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reconstructed fibers, as in single-tensor DTI [34], or multiple directions as in higher order
diffusion models, including constrained spherical deconvolution [35] or probabilistic
tractography [36, 37]. The consequences of tractography algorithm have been reviewed [38],
although limitations of in utero imaging introduce further complications. Even once such a
means of connecting distance regions through tractography is chosen, there are many
options for the choice of node definitions [39—-42]. A common route, as we follow here, is to
utilize automatic anatomy-based parcellations to define node locations.

However, one crucial drawback of this approach for fetal studies is the requirement for
developmentally consistent parcellations of the cortex, which are increasingly more difficult
to define at younger GAs because of the lack of cortical folding. Importantly, this introduces
potential errors in parcellation that are a function of GA or developmental stage of folding
that may create false developmentally-correlated features in the connectome properties.
Alternatives include clustering of unassociated tractography [43—-45] and adaptive node
locations [46], which depend only on patterns in white matter and do not rely on
supplemental anatomical landmarks. While this can extend the range of applicability of
graph analyses to younger brains, such definitions for nodes are not independent from the
measure of connectivity, as well as being susceptible to the same errors and biases faced by
edge strength that is built from white matter tractography.

Commonly used metrics for connection strengths all aim to capture the quality and
magnitude of the white matter pathways between regions. The first is raw fiber count/density
Fjjbetween nodes /and j, so that the connection strength Aj;is

where a fiber contributes to the connection when the endpoints of its path are in each of the
two regions. A second definition for connection strength makes use of the mean fractional
anisotropy FA of the voxels along the path of the fiber & to yield a connection strength of

Two variants of Eq. (1) attempt to correct for biases in region volume [47] and the
contribution to the overall count (and possible diversions) from longer fibers [48], having the
forms

where V4 is the volume of region kand
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where Ly is the length of fiber 4.

Each of Egs. (1)—(4) yield different relative strengths as the basis for connectome analysis,
and each is susceptible to the effects of misleading streamlines. Consequently, other
measures or methods may be necessary for a more accurate and appropriate representation
of connectivity. In the current paper, we explore these basic graph types to find the
reproducibility of the resulting connectomes.

2 Materials and Methods

2.1 Subject selection

Subjects were recruited to be included in the University of Washington Fetal Brain
Database, approved by the University of Washington Institutional Review Board (1D
00001931). A subset of 14 healthy subjects were selected for study based on age and
reconstructed DWI quality, including one test-retest subject (male, ~ 35 weeks GA) and 13
additional single-scan subjects (9 male, ~ 34 to 36 [35.1 + 0.5] weeks GA). All subjects are
screened for abnormal development before inclusion in the healthy set.

2.2 Image acquisition

Subjects are scanned in a 1.5 T Philips Achieva dStream (software version R5) using multi-
slice single shot EPI with SENSE factor 2 using a 16-channel body coil for improved signal.
Standard acquisition protocol for a scan consists of three stacks of DWI volumes with
resolution 2.5 mm x 2.5 mm x 4 mm, planned to be oriented along the axial, coronal, and
sagittal anatomical planes. Each stack includes three sets of one 4= 0 and 15 4= 600 s/mm?
volumes ( 7E/ TR = 125/5405 ms), with a supplemental set of three consecutive 6=0
volumes for distortion correction, yielding a total of 153 volumes (135 direction-sensitive).
When time permits, additional sets may be acquired, but such opportunities are uncommon.

2.3 Image volume reconstruction

Non-rigid alignment of the EPI-based DWI sets to a geometrically accurate, motion
corrected 7>weighted structural image is used to correct for susceptibility-induced
geometric distortions [49]. We use a polynomial model to normalize each slice’s relative
signal, which can vary depending on scanner gain, coil sensitivity, and motion-induced slice-
specific signal variations. Preliminary alignment of every DWI volume to a common
anatomical coordinate system is manually inspected before automatic between-slice motion
correction [15].

Iterative model-based 3D spatial deconvolution reconciles the separate DWI orientations in
combination with simultaneous deconvolution of diffusion directions, incorporating robust
intensity rejection for through-plane motion induced spin history artifacts. Fetal motion
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distributes the original 15 scanner-based directional estimates over a set of 64 directional
bins to collect the estimates of the diffusion profile for each reconstructed 1.5 mm cubic
voxel.

2.4 Tractography and Connectome

Subject-specific tissue segmentations to define the valid tractography volume, as well as
gyri-based parcellations for the definition of connectome nodes are automatically generated.
Tissue labeling utilizes an age-specific atlas applied to the 7>weighted MRI reconstructions
(see [50]). To apply gyral parcellations from an adult atlas [51], we use the nonrigid log-
demons diffeomorphic registration algorithm to estimate a mapping between adult brain
atlas anatomy and each of the fetal brains, rather than aligning MRI values, which are
incomparable.

We drive the alignment using the tissue labeling of cortical and non-cortical tissues
automatically extracted from the fetal MRI scans. A total of six adult brains from the atlas
are mapped to each fetal MRI scan and the most likely gyral label is assigned to each voxel.
Lack of gyral landmarks complicates extending the anatomy-based parcellation to younger
subjects, so our present focus is on older fetuses of at least 34 weeks GA. Current
alternatives for fetal cortical parcellations can suffer from a lower number of parcels [52] or
do not yield equivalent parcel schemes across developmental stage [53] because of
insufficient folding.

We generate whole brain tractography using a deterministic streamline algorithm with
adaptive step size from the Runge-Kutta-Fehlberg method (RKF45) through the field of
principal diffusion directions, constructed from a single-tensor fit to each reconstructed
voxel’s diffusion profile. Final fibers are downsampled to a constant step size of 0.1mm. An
initial small set (240) of random seed locations generate paths that terminate in non-white
matter or low FA (< 0.1) voxels, or in the case of sharp turns (> /2 rad/mm). Subsequent
sets of seed locations avoid voxels that already contain a fiber in order to produce
tractography that covers the entire volume without introducing greater computational
expense.

2.5 Comparing basic graph properties

The rarity of numerous supplemental stacks precludes the typical metric of intraclass
correlation coefficients to evaluate the reproducibility of the constructed graphs.

As an alternative, we consider the coefficient of variation CV'= ofy, where o is the standard
deviation and y is the mean of a set of measurements. To quantify the variability of edge
strengths within a single subject compared to the variability between subjects, we consider
the ratio of the CV/for each set (test-retest vs. ensemble). The logarithm of the quotient is
more appropriate for the mean than the direct quotient because the relative ratios are the
relevant quantity.

For similarity between graphs as a whole, a basic metric is the Dice coefficient [54] for the
binarization of graphs G and H at density x, given by
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The two graphs being compared may have different effective thresholds so that both have the
same density.

Building from previous studies, we consider the edge-space similarity from [1], which is
constructed from Dice coefficients between undirected graphs across graph density

2E

d=yw-D ©)

where £'is the number of edges and N is the number of nodes. The original proposed
measure has the form

where the Dice coefficient is given by Eq. (5) and the set of densities {dl.}f= 0 [from Eq. (6)]

cover the possible densities of the graphs. Variants on this metric, such as

Zl d
Dl
H
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have slightly different interpretations, with Eq. (8) being the mean of the Dice coefficient of
all possible unique thresholds for graph binarization. Equation (9) is a similar mean, but
weighted by the threshold to favor the strongest connections.

3 Results

We evaluate the reproducibility of collecting diffusion-weighted MRIs of the fetal brain in
utero by collecting two sets of diffusion-weighted stacks during a single scan session for a
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subject ~ 35 weeks GA. The same set of reference b,images were used for geometry
correction for both sets of stacks.

Maps of FA and principal diffusion directions for the test-retest subject in their separately
reconstructed volumes (i.e., using different sets of three stacks), as well as the combined six-
stack reconstruction demonstrate general qualitative agreement (Fig. 1). Despite minor
variability, major white matter tracts are readily apparent, with the clearest reconstruction
exhibiting the benefit of the cumulative signal over six stacks. Angular differences are
strongest where fractional anisotropy is low and no single tract dominates to provide a clear
principal direction of diffusion. Figure 1(c) shows an example of the resulting whole-brain
tractography. Colors indicate the mean direction of the fiber to distinguish diverted fibers.
Voxel-wise comparisons of the test-retest subject are plotted in Fig. 2.

Example parcellations are shown in Fig. 3. Younger fetuses in Fig. 2(a)—(c) lack the cortical
folding necessary to produce anatomically meaningful parcel from the corresponding adult
atlas subjects. We construct adjacency matrices from tractography (see Fig. 4) according to
the four schemes in Sec. 1.2. Since the majority of edges are much weaker than the strongest
connected nodes for any graph type, the color scale show only 10% of the entire range.
Figure 5 illustrates the basic variability in edge weights for the four basic graph types,
showing the correspondence between individual connections for the rest-retest subject as
well as the CVover the larger ensemble. Length correction shows the worst agreement
because of the sensitivity to the shortest paths.

Table 1 summarizes these two quantities for the four graph types, as well as the average of
the log of the quotient. The negative logarithm of the quotient indicates that the test-retest
CViis typically less than that of the CV/between different subjects in the larger ensemble.

Figure 6 shows profiles of Dice coefficients against binarized graph density. These profiles
are nonmonotonic but stabilize for higher densities. Because of the nature of the distribution
of edge strengths, the density of the graph changes more quickly with threshold at lower
thresholds.

Edge-space similarities within a particular graph type are summarized in Table 2. While all

. o w u
variants of the metric give similar means for all graph types, the £, the E;;, measures

reflect the typical Dice score from Fig. 6. Edge-space similarities between different graph
types are summarized in Table 3. We observe that the fiber density and FA constructions
[Egs. (1) and (2)] are most similar, with the volume correction and length correction
constructions [Egs. (3) and (4)] also similar to each other, but less similar to other
constructions.

4 Discussion

While Dice coefficients in Fig. 6 and edge-space similarity measures in Tables 2 and 3 show
that there is promising consensus of graph topology while still being able to adequately
identify subject-specific variation, there are critical opportunities to improve the
reproducibility of edge strength. Difficulty in consistent edge strengths as shown in Fig. 5(b)
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have been previously reported, even in adults [10], although the smaller variability within
the test-retest subject compared to the whole ensemble demonstrates better reproducibility
given the same subject, as would be expected. Since edge strength is the foundation of
constructing any connectome, this variability should be considered in all studies that base
structural connectomes on connectivity. Focusing on graph-theoretic measures like node
strength, clustering, betweenness centrality, etc., as well as the stability of these measures,
may obscure the underlying variability in individual connections.

In general, tractography streamlines are not arbitrarily accurate and must be treated on a
length scale that is appropriate given the limitations to imaging, including accounting for the
variability along a single streamline where some portions may be accurate while others are
misleading. Especially in utero, whole fibers cannot be removed because a portion of the
fiber is suspicious; one must identify (refine) and infer (by patching gaps) coherent bundles
on a reasonable length scale determined by the resolution of the image.

Accurate reconstruction of structural connectomes from in utero DWIs may require a
fundamental shift in the generation of connectivity. For example, one could imagine a more
sophisticated reconstruction of major white matter tracts for which stronger assumptions in
shape can clarify connections that would not otherwise be recoverable. Figure 7 shows the
potential improvement in connectivity by enforcing a more regular tract shape for the corpus
callosum. The cortical footprints of each end of the connecting white matter bundle are
shown in two distinct colors. The regional connectivity in Fig. 7(a) departs considerably
from the typical U-shaped fibers in the callosal core (ignoring more lateral transcallosal
projections [55] that are difficult to observe with singe-tensor DTI), which are recoverable
using a regression model over the geometry of the ensemble of callosal fibers. Many
individual fibers fail to traverse the white matter to the more superior cortical regions, and
instead contribute to misleading connectivity endpoints distributed more medially in the
brain. However, the isolation and reconstruction of individual white matter tracts is a
complex problem in general — as shown by previous studies post mortem [56-59] and in
utero [60-62] — and its application to comprehensive in utero connectomes would require
further study.

There are many opportunities to study the fetal connectome and its dynamic development
from both the nature of this critical developmental stage, as well as the specific challenges
for imaging and measurement in utero. To take advantage of these opportunities in building
a fetal connectome, one must address the challenges in identifying accurate connectivity
from images collected in a difficult environment. Such sensitivity and apparent ambiguity at
the fundamental level of graph nodes and edges requires great care from initial connectome
construction, through the theoretical graph analysis, to the conclusions that one can draw
from the observed characteristics. While understanding the variability of DWI data and
connectomes is requisite to demonstrate the reproducibility of measurements, it is important
to keep in mind that good reproducibility does not necessary guarantee the accuracy or
appropriateness of a particular analysis, especially in the case of tractography-based
connectomes where there can be significant biases for diverted streamlines. However, from
the present study we see that there are many promising opportunities to recover meaningful
connectome data to study the characteristics and development of the human brain in utero.
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Figure 1:
Axial (left column), sagittal (center column), and coronal (right column) views of (a)

fractional anisotropy (FA) and (b) principal diffusion direction (weighted by FA) for the test
(top row) and retest (middle row), with highlighted angular difference (bottom row), scaled
from 0 to 7/10. Grayscale range in (a) from FA = 0.0 (black) to FA = 0.4 (white). Colors in
(b) show the principal direction of diffusion (red: left-right, green: anterior-posterior, blue:
superior-inferior). (c) Whole brain tractography for the test subject. Colors indicate the mean
direction of the fiber.
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Figure 2:

Plots of (a) FA (r=0.83, N=402,893), (b) ADC (r=0.94, N'=402,893), and (c)
reconstructed direction estimates (r=0.84, /= 25,785,152) for test vs. retest in white
matter. Point color indicates density.

Top Magn Reson Imaging. Author manuscript; available in PMC 2020 October 01.

Page 20



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Hunt et al.

retest

0.7

Fractional Anisotropy (FA)

Page 21

| | I I i

0 0.1 0.2 0.3 0.4 0.5
test

Top Magn Reson Imaging. Author manuscript; available in PMC 2020 October 01.

0.6

0.7

0.8



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Hunt et al.

Apparent Diffusion Coefficient (ADC)

35 T T T ]

25 |

retest

05

|

test

Top Magn Reson Imaging. Author manuscript; available in PMC 2020 October 01.

2.5

3.5



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Hunt et al.

retest

Direction Estimates

Page 23

0.03

0.025 |-

0.02

0.015 -

001 |

0.005 |-

1

1

0 0.005

Figure 3:

0.01

0.015 0.02

test

0.025

Automatically propagated most-likely parcel labels from the adult atlas in [51] for (a) 22
weeks (b) 25 weeks, (¢) 28 weeks, and (d) 34 weeks GA subjects, illustrating an increase in
uncertainty as the age difference increases and the number of cortical features defining gyral

structures decreases. Younger subjects exhibit insufficient cortical folding for
developmentally-consistent parcellations without information from DWIs.
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Figure 4:
Adjacency matrices for four graph constructions: (a) fiber count, (b) mean FA, (c) fiber

count with volume correction, and (d) fiber count with length correction. Color represents
normalized edge strength (all edges scaled by largest edge strength) from low strength (0.0)
in blue to higher relative strength (0.1) in red.
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Figure5:
(a) Scatter plot of normalized edge strength for the four graph types for the test-retest

subject: fiber count (r=0.92), FA (r=0.89), volume correction (r= 0.82), and length
correction (r=0.20). (b) Distribution of CV/for edge strengths for each of the four graph
types over the ensemble of subjects.
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Figure6:
Dice coefficient between test subject and other subjects over graph density. Each differently

colored profile corresponds to a different subject.
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Figure 7:
Cross hemispheric connectivity associated with the corpus callosum reconstructed from in

utero DWIs. Colors indicate the two ends of the connected regions. (a) Connectivity
constructed from individual streamlines. (b) Connectivity inferred from a regressed model of
the ensemble of callosal fibers.
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Table 1:

Summary of means over individual connections with standard deviation for coefficients of variation and their
ratio across subjects for (nonzero) graph connection strengths.

fiber density FA volumecorrected length corrected
CVrrr 0.65+0.36 0.66 + 0.35 0.65+0.35 0.74 +0.31
CVips 1.45+0.79 1.47+£0.78 0.53+0.78 1.75+0.79
log(CVrpd CViep)  —0.42+0.39 -0.41+0.37 -0.44 £0.37 -0.41+0.35

Top Magn Reson Imaging. Author manuscript; available in PMC 2020 October 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Hunt et al.

Table 2:

Mean edge-space similarities across subjects compared to the test subject for each graph type.

fiber density FA volumecorrected length corrected
Ecy 048+0.03 0.49+0.03 0.50 +0.03 0.50 +0.02
E%y  069+001 0.68+0.01 0.67 +0.01 0.72 +0.01
Elcy  069+001 0.67+0.01 0.66 +0.01 0.70 £0.01
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Table 3:

Mean similarities over the ensemble of subjects between graph types for the unweghted edge-space similarity
metric.

FA volumecorrected length corrected
fiber density 0.944 + 0.002 0.77+£0.01 0.73+0.01
FA 0.76 £ 0.01 0.70 £ 0.01
volume corrected 0.81+0.01
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