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a b s t r a c t
The amygdala is a heterogenous set of nuclei with widespread cortical connections that continues to develop
postnatally with vital implications for emotional regulation. Using high-resolution anatomical and multi-shell
diﬀusion MRI in conjunction with novel amygdala segmentation, cutting-edge tractography, and Neurite Orientation Dispersion and Density (NODDI) methods, the goal of the current study was to characterize age associations
with microstructural properties of amygdala subnuclei and amygdala-related white matter connections across
adolescence (N = 61, 26 males; ages of 8–22 years). We found age-related increases in the Neurite Density Index
(NDI) in the lateral nucleus (LA), dorsal and intermediate divisions of the basolateral nucleus (BLDI), and ventral division of the basolateral nucleus and paralaminar nucleus (BLVPL). Additionally, there were age-related
increases in the NDI of the anterior commissure, ventral amygdalofugal pathway, cingulum, and uncinate fasciculus, with the strongest age associations in the frontal and temporal regions of these white matter tracts. This
is the ﬁrst study to utilize NODDI to show neurite density of basolateral amygdala subnuclei to relate to age
across adolescence. Moreover, age-related diﬀerences were also notable in white matter microstructural properties along the anterior commissure and ventral amydalofugal tracts, suggesting increased bilateral amygdalae to
diencephalon structural connectivity. As these basolateral regions and the ventral amygdalofugal pathways have
been involved in associative emotional conditioning, future research is needed to determine if age-related and/or
individual diﬀerences in the development of these microstructural properties link to socio-emotional functioning
and/or risk for psychopathology.

1. Introduction
The amygdala plays an important role in emotion processing
(Phelps and LeDoux, 2005) and the functions of the amygdala are
modulated through its widespread connections to cortical and subcortical regions through several major white matter tracts (Abivardi and
Bach, 2017). Structurally, the amygdala continues to develop across
adolescence (Giedd et al., 1996; Herting et al., 2018) as does the prefrontal cortex (Sowell et al., 2002; Tamnes et al., 2017), with the dynamic interactions between the two structures contributing to the increasing ability for children and adolescents to regulate their emotions
(Kim et al., 2011). While the ﬁeld has made great strides in understanding child and adolescent development of total amygdala volumes as well
as examining amygdala-related white matter connectivity using diﬀu-

sion tensor imaging (DTI) (Ho et al., 2019; Rus et al., 2017), more recent advancements in anatomical and diﬀusion neuroimaging have improved our ability to further elucidate age-related diﬀerences in both
the neurite density of subnuclei within the amygdala as well as axonal
properties of white matter projections of the amygdala in children and
adolescents. Such methods include in vivo derived amygdala subnuclei
atlases (Tyszka and Pauli, 2016) and Neurite Orientation Dispersion and
Density Imaging (NODDI) (Zhang et al., 2012). The goal of the current
study was to utilize a multi-modal neuroimaging approach to elucidate
age-related diﬀerences in microstructural properties of amygdala subnuclei and amygdala white matter connections in children and adolescents. By understanding age related variation in gray and white matter
microstructure of the amygdala and its projections, these ﬁndings may
help us to further understand amygdala development as well as possi-
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ble amygdala related abnormalities that may confer risk for aﬀective
disorders that begin to emerge across adolescence (Kessler et al., 2005).
Although traditionally examined as a single structure in human magnetic resonance imaging (MRI), the amygdala is in fact heterogeneous,
and consists of various functionally and anatomically distinct subnuclei
that may have unique patterns of development. Speciﬁcally, a recent
post-mortem histological study that included brain samples from individuals ranging from the ages of 2 to 48 years found signiﬁcant increases
in amygdala neuron number with age, with the largest eﬀect seen in the
paralaminar and basal nucleus (Avino et al., 2018). The human paralaminar region was also found to contain excitatory neurons that remain
immature across postnatal life, providing a possible substrate for continued neuroplasticity in the amygdala (Sorrells et al., 2019). As such, a
recent cross-sectional structural MRI study by our team utilized a novel
in vivo derived amygdala subnuclei atlas (Tyszka and Pauli, 2016) to
examine age-related diﬀerences in amygdala subnuclei volumes across
adolescence (N = 408, mean age = 14.12 years) (Campbell et al., 2021).
We found that the relative volume fraction of a number of speciﬁc nuclei
within the amygdala, including the lateral, basolateral ventral and paralaminar subdivision (BLVPL), and central nucleus, increased with age
in males. Yet, questions remain as to whether other in vivo microstructural changes occur within the human amygdala across adolescence. To
this end, Neurite Orientation Dispersion and Density Imaging (NODDI)
is a multi-compartment biophysical model that decomposes signals from
three tissues compartments (neurites, extra-neurites and cerebrospinal
ﬂuid) (Fukutomi et al., 2019) and can be used to estimate microstructural tissue properties in vivo, including cellular features such as neurite density and orientation dispersion (Zhang et al., 2012). Moreover,
NODDI parameters are in good agreement with histological measures
(Grussu et al., 2015; Sepehrband et al., 2015), suggesting that NODDI
is an appropriate model to understand the biological properties of the
microstructural changes in vivo. To date, one small study (N = 27) has
reported increased neurite density of the total amygdala using NODDI
in 8 to 13 year-olds (Mah et al., 2017). However, no study has utilized NODDI to examine neurodevelopmental changes in microstructure
within speciﬁc amygdala subnuclei across adolescence.
Beyond developmental patterns within each subnuclei themselves,
the amygdala has extensive connections with the cortex and other subcortical structures. Primary eﬀerent pathways of the amygdala include
the ventral amygdalofugal pathway, stria terminalis, and anterior commissure (Noback et al., 2005). The ventral amygdalofugal pathway connects the basolateral and central nuclei of the amygdala to the thalamus,
bed nucleus of the stria terminalis (BNST), nucleus accumbens, and hypothalamus (Lovblad et al., 2014; Pascalau et al., 2018; Shah et al.,
2012; Weller and Smith, 1982). The stria terminalis primarily carries
ﬁbers from the centromedial portion of the amygdala to the hypothalamus and BNST (Lebow and Chen, 2016; Lovblad et al., 2014; Weller and
Smith, 1982), whereas bilateral connections between the amygdala and
temporal pole are projected to one another via the temporal branch of
the anterior commissure (Catani and Thiebaut de Schotten, 2008). A
handful of prior diﬀusion weighted imaging studies have utilized diffusion tensor imaging (DTI) or other techniques such as probabilistic tractography and Q-space diﬀeomorphic reconstruction to understand structural connectivity changes of the amygdala during development (Jalbrzikowski et al., 2017; Saygin et al., 2015), which may
not fully capture the underlying biological changes in white matter.
Speciﬁcally, while these techniques may be useful for ﬁber tracking and
understanding white matter integrity, these parameters lack speciﬁcity
about the biological properties underlying the microstructural changes
(Edwards et al., 2017). For example, DTI provides us with values of fractional anisotropy (FA), however FA is aﬀected by both neurite density
and orientation dispersion. NODDI on the other hand allows us to interpret whether microstructural changes observed in FA are due to the volume of neurites or the geometry of neurite orientation (Fukutomi et al.,
2019). Only a few studies have utilized NODDI to examine age-related
cellular architecture in various white matter tracts during childhood

and adolescence (7–13 years) (Chang et al., 2015; Genc et al., 2017;
Mah et al., 2017); however, to our knowledge no study has utilized
tractography to delineate the ventral amygdalofugal pathway in order
to thoroughly characterize NODDI based microstructural patterns in all
three of the primary amygdala-speciﬁc pathways (i.e. ventral amygdalofugal pathway, stria terminalis, and anterior commissure).
In this study, our goal was to utilize NODDI to elucidate age-related
diﬀerences in microstructural properties within amygdala subnuclei as
well as amygdala white matter eﬀerents in children and adolescents.
While prior segmentation methods utilized ex vivo MRI and histological data to parcellate the amygdala based on post-mortem brains from
older adults with an average age in the mid-60s (Amunts et al., 2005;
Saygin et al., 2015), new methods, such as the high-resolution probabilistic atlas (CIT168), allows for the segmentation of amygdala subnuclei in vivo in both adults (Pauli et al., 2018; Tyszka and Pauli, 2016)
and pediatric populations (Campbell et al., 2021; Herting et al., 2020).
We utilized each subject’s T1-weighted and T2-weighted images and
the CIT168 atlas to segment the amygdala into 9 distinct bilateral subnuclei (Pauli et al., 2018; Tyszka and Pauli, 2016) and developed a
multi-ﬁber tractography protocol to delineate the three amygdala white
matter tracts of interest, including the anterior commissure, stria terminalis, and ventral amygdalofugal pathway. Beyond the primary eﬀerents of the amygdala, for completeness we also examined microstructure
in three additional white matter tracts that have been identiﬁed to be
involved with carrying information between the medial temporal lobe
structures, including the amygdala and hippocampus, to the prefrontal
cortex and other subcortical structures. These include the cingulum bundle, carrying ﬁbers from the medial temporal lobe to the cingulate cortex
(Heilbronner and Haber, 2014; Pascalau et al., 2018); the fornix, which
innervates the hippocampus, nucleus accumbens, and mammillary bodies (Pascalau et al., 2018); and the uncinate fasciculus that connects
the anterior temporal lobe to the orbitofrontal cortex (Pascalau et al.,
2018; Von Der Heide et al., 2013). Furthermore, to be comprehensive
we also examined age associations with common DTI outcomes. Given
that NODDI parameters have been found to be more sensitive to the effects of age than DTI (Genc et al., 2017), we expected age associations
would be more prominent for NODDI estimates of amygdala gray matter
and white matter microstructure. Given previous studies that have found
sex diﬀerences as well as physical characteristics to relate to total amygdala volumes (Giedd et al., 1996; Orsi et al., 2011) and white matter microstructure (Geeraert et al., 2019; Herting et al., 2018; Kullmann et al.,
2015), we also explored if microstructural properties diﬀered between
males and females. Given previous postmortem ﬁndings that developmental trajectories of neuron numbers within amygdala subnuclei
change with age (Avino et al., 2018), we expected increased neurite
density in basolateral subnuclei across adolescence. Moreover, given
known increases in myelination throughout childhood and adolescence
(Benes et al., 1994; Yakovlev and Lecours, 1967) and generation of new
oligodendrocytes throughout development and even into adulthood, we
hypothesized to also observe age-related associations with NODDI metrics across all six white matter tracts of interest. We also expected that
NODDI parameters may vary between amygdala subnuclei given histological data on the human amygdala indicate that there are compositional diﬀerences between subnuclei (neuron number, soma volume,
neuron density) (Chareyron et al., 2011; Schumann and Amaral, 2005).
2. Materials and methods
2.1. Participants
This study analyzed data from 63 typically developing individuals
(35 female, 28 male) between the ages of 8 and 22 years old at the
time of their visit. Data for this study was collected from two separate
study samples: one from children and adolescents in the age range of
8 to 18 years and another from young adults in the age range of 19
to 23 years (Supplemental Fig. 1). Both studies underwent an identi2
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cal neuroimaging protocol acquired on the same 3 Tesla MRI scanner
at the University of Southern California’s Center for Image Acquisition.
Both research projects were approved by the local institutional review
board and informed consent/assent was obtained from parents and children prior to data collection. All subjects were screened for any signiﬁcant neurological conditions (e.g. epilepsy, traumatic head injury) and
psychiatric/developmental disorders (e.g. autism, attention deﬁcit hyperactive disorder, schizophrenia, self-harm tendencies), which barred
participation. Subjects were also screened for any factors that would prevent eﬀective and safe use of MRI, such as irremovable ferrous materials
(e.g. braces), uncorrectable vision impairments (e.g. blind spots, colorblindness), need for hearing aids, or claustrophobia. Health-related exclusionary criteria for all participants included prenatal drug or alcohol
exposure, premature birth, serious medical illness, eating disorders, or
psychotropic medication. In order to more fully characterize our sample,
the NIH Toolbox demographics form was completed from the child’s parents or the young adult participants, including handedness, race, ethnicity, and maternal education (Gershon et al., 2013). For all participants,
height and weight were measured and a SAS program based on the 2000
CDC Growth Charts (ages 0 to 20 years) was used to calculate body mass
index (BMI) as well as weight-for-height z-scores (BMI z-score) based on
the individual’s age and biological sex (Kuczmarski et al., 2002; CDC SAS
Program, 2019). Pubertal development was assessed in children (<18
years-old) by a physician using Tanner staging criteria (Tanner, 1981).
IQ was assessed in all participants using the Wechsler Abbreviated Scale
of Intelligence (WASI-II) (Wechsler, 2011).

eﬀects of motion on the quality of the DWI images. First, all raw DWI images were visually examined for artifacts due to motion, including signal
dropout in the axial plane in each of the 222 gradient volumes. Next, an
open-source, automated quality control script was used to calculate motion using the mean relative volume-to-volume translation and rotation
of the 11 interspersed b0 images (Roalf et al., 2016). Roalf (2016) sets
an exclusion threshold on motion greater than 1.89 mm, thus any subject that exceeded a value of 1.89 mm for motion was excluded from
further analyzes.
2.3. MRI preprocessing
We designed an analytic workﬂow for quantitative analysis of tissue microstructure and white matter connectivity using our collected
structural and diﬀusion MRI data. We used a template-based approach
to obtain geometric models of white matter ﬁber bundles, and we further characterized tissue properties of the ﬁber bundles and amygdala
subﬁelds.
Structural preprocessing
All structural images underwent processing and whole brain segmentation using Freesurfer v6.0 (http://surfer.nmr.mgh.harvard.edu)
(Fischl et al., 2002; Reuter et al., 2012). All postprocessed images were
visually inspected by a trained operator to assess the accuracy of segmentation for each participant. No manual intervention was performed.
DWI preprocessing
Standard DWI preprocessing was performed using a combination of
the FSL Diﬀusion Toolbox (Jenkinson et al., 2012), DTI-TK (http://dtitk.sourceforge.net/pmwiki/pmwiki.php) (Zhang et al., 2006), and
the Quantitative Imaging Toolkit (QIT) (http://cabeen.io/qitwiki)
(Cabeen et al., 2018). First, AP and PA acquisitions were intensity
normalized and images underwent EPI image distortion correction using FSL TOPUP. Images were then corrected for eddy current eﬀects,
magnetic ﬁeld inhomogeneities, and head motion using FSL EDDY
(Jenkinson, 2003). Brain masks were extracted from the average baseline diﬀusion scan using BET (Smith, 2002). To assess tissue microstructure, we performed Neurite Orientation Dispersion and Density Imaging (NODDI) (Zhang et al., 2012) using the grid-search algorithm in
the VolumeNoddiFit module of QIT. For tractography analysis, we also
estimated ball-and-stick models using FSL BEDPOSTX (Behrens et al.,
2007) using the multi-shell model and up to three ﬁber compartments
per voxel. We then performed spatial normalization of each subject’s
diﬀusion data to the IIT template (Zhang et al., 2011) using the deformable tensor-based registration algorithm in DTI-TK; the resulting
deformations were retained for subsequent analysis. For completeness,
we also estimated diﬀusion tensor indices using FSL DTIFIT, including
fractional anisotropy (FA), mean diﬀusivity (MD), axial diﬀusivity (AD),
and radial diﬀusivity (RD) (Assaf and Pasternak, 2008).
Amygdala segmentation and subnuclei microstructural analyzes
We used a multi-modal approach that combines T1w, T2w MRI and
DWI data to analyze microstructure imaging parameters in amygdala
subnuclei. Details of the CIT168 in vivo amygdala probabilistic atlas construction, validation, estimates of individual diﬀerences, and comparison with previous atlases have been previously published (Pauli et al.,
2018; Tyszka and Pauli, 2016). Amygdala subnuclei were estimated at
the individual level for each child and adolescent as previously published (Herting et al., 2020). Brieﬂy, each participant’s T1w and T2w
image were rigid-body AC-PC aligned (Tyszka and Pauli, 2016) and then
registered to the CIT168 atlas using a bivariate B-spline analog of the
symmetric normalization diﬀeomorphic registration algorithm (B-Spline
SyN) from ANTs (Avants et al., 2007; Tustison and Avants, 2013). Each
subject’s T1w and T2w signal intensities for both hemispheres of the
amygdala are plotted in Supplemental Fig. 2. Probabilistic labels in
the CIT168 atlas space were mapped to individual spaces using an inverse diﬀeomorphism, allowing probabilistic segmentation of each participant’s left and right entire amygdala and the following 9 bilateral
regions of interest (ROI): lateral nucleus (LA); dorsal and intermediate

2.2. Magnetic resonance imaging acquisition and quality control
All images were collected on a single Siemens Magnetom Prisma
3 Tesla MRI scanner using a 32-channel head coil at the University
of Southern California’s Center for Image Acquisition. 3D T1-weighted
(T1w) and T2-weighted (T2w) structural images were acquired using sagittal whole brain MPRAGE sequences (T1w: TR = 2400 ms,
TE = 2.22 ms, ﬂip angle = 8°, BW = 220 Hz/Px, FoV = 256 mm, 208
slices, and 0.8 mm isotropic voxels, with a GRAPPA phase-encoding acceleration factor of 2; T2w: TR = 3200 ms, TE = 563 ms, BW = 744
Hz/pixel, FoV = 256 mm, 208 slices, 0.8 mm isotropic voxels, and
3.52 ms echo spacing, with a GRAPPA phase-encoding acceleration factor of 2). Anterior-posterior and posterior-anterior spin echo ﬁeld maps
were also obtained (TR = 8000 ms, TE = 66.0 ms, ﬂip angle = 90°,
BW = 2290 Hz/pixel, FoV = 208 mm, 72 slices, and 2.0 mm isotropic
voxels).
Multi-shell diﬀusion-weighted MRI with b-values of 0, 1000 and
2500 s/mm2 were acquired to enable microstructural modeling
(Sepehrband et al., 2017; Zhang et al., 2012). A 32-channel head array (Nova Medical Inc, Wilmington MA) was used for radiofrequency
signal reception with body coil radiofrequency transmission. An optimally distributed multi-shell diﬀusion-encoding sampling scheme, consisting of 100 directions (33 and 67 directions for b-values of 1000 and
2500 s/mm2 , respectively) was designed using the q-space sampling web
application (Caruyer et al., 2013). Diﬀusion-encoding gradients were
acquired in both anterior-posterior (AP) and posterior-anterior (PA)
phase encoding directions to allow EPI distortion correction. Eleven interleaved unweighted diﬀusion (b0) gradients were acquired for each
phase encoding direction. Total diﬀusion MRI scan time was 15 min.
and 22s (total of 222 images). Other diﬀusion MRI sequence parameters: 81 slices, 2.0 mm isotropic voxels, matrix size = 116 × 116, ﬁeldof-view = 232 × 232 mm, ﬁxed TE of 72 ms and a TR of 4000 ms,
and eﬀective echo spacing of 0.55 ms, phase partial Fourier 6/8, iPAT
acceleration factor 3 with a monopolar diﬀusion-encoding sequence.
Motion assessments and image exclusion
All scans were reviewed by a radiologist for incidental ﬁndings of
abnormalities. All raw structural images were visually inspected to assess motion and were rated a Pass, Check, or Fail (Backhausen et al.,
2016). Qualitative and quantitative methods were utilized to assess the
3
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Fig. 1. Enlargement of the rostral-caudal view of the right amygdala for an individual at 2mm3 resolution (1) and the average at 1mm3 resolution (2) on the NDI
parameter map; (a) only the NDI parameter map; (b) outline of the amygdala subregions on NDI parameter map; (c) overlay of amygdala subregions on NDI parameter
map; (d) neurite vectors for the NDI parameter map overlayed on top of the overlay of amygdala subregions. 3D cylinder glyphs are overlaid on 1d and 2d to show
the primary axis of the NODDI intra-cellular tissue compartment, with coloring in a typical scheme where the direction vector is normalized to provide RGB values
that correspond to XYZ vector coordinates.

divisions of the basolateral nucleus (BLDI); ventral division of the basolateral nucleus and paralaminar nucleus (BLVPL); basomedial nucleus
(BM); central nucleus (CEN); cortical and medial nuclei (CMN); amygdala transition areas (ATA); amygdalostriatal transition area (ASTA);
and anterior amygdala area (AAA) (Supplemental Fig. 3). Volumes of
the CIT168 amygdala subnuclei in our study sample are plotted in Supplemental Fig. 4. We also created an average T1w brain and T2w of
our study sample by aligning and averaging all the T1w and T2w images (n = 61) from our dataset in order to provide a comparison to
the young adult CIT168 atlas (Supplemental Figs. 5 and 6). Given
that the registration cost function relies on regional signal contrast both
within and in the immediate neighborhood of the amygdala, Tyszka and
Pauli (2016) examine in their original paper how individual T1/T2weighted contrast to noise (CNR) may impact registration accuracy of
the CIT168 atlas in order to generate meaningful registration of amygdala subregions in the presence of noise. They determined a CNR greater
than 1.0 within the amygdala allows for a robust volume estimation of
the ground truth volumes of a subregion when using the ANTs SyN algorithms with appropriate regional cost-functions. Thus, the intensity
contrast within each hemisphere of the amygdala was estimated from
the interquartile range of intensities within the entire amygdala from
each subject’s T1-weighted image. The standard deviation (SD) of the
noise was estimated from the residual signal obtained from the subtracted T1-weighted atlas template image from each subject’s T1w image. The interquartile range (IQR) was then divided by the mean residual noise SD to generate the CNR for each individual. The average CNR
for the current study was 1.11 for the left amygdala and 1.14 for the
right amygdala. Importantly, in order to determine if age-related diﬀerences in CNR may impact the amygdala segmentation capabilities across
our sample, we also examined if the CNR or the signal and noise components (i.e. signal IQR and SD of the noise) that were used to derive the
CNR were associated with age. There were no signiﬁcant associations
between T1- or T2-weighted CNR within the amygdala, signal IQR, or
SD of noise (range of correlations coeﬃcients were -0.03 to -0.23, with
all p-values > 0.05).
To examine microstructural properties within each amygdala subnuclei, each subject’s structural image was registered to the DWI image
using ANTs’ nonlinear registration algorithm, symmetric normalization

(SyN), where the “moving” image was the ﬁrst b0 baseline volume from
the DWI images and the “ﬁxed” image was the T1w rigid-body AC-PC
aligned image. Next, to align the probability estimates of the amygdalae
to the subject diﬀusion data, the inverse warp was applied to the left and
right probability estimates using ANTs linear interpolation. Based on the
probability to belong to a given subnuclei, a Winner-Takes-All approach
was used to assign each voxel within the amygdala to 1 of 9 subnuclei.
Average microstructure parameters were then calculated for each subnuclei. An example of an amygdala subnuclei mask overlayed on an NDI
map is shown in Fig. 1.
Diﬀusion white matter tractography
We designed a multi-ﬁber tractography workﬂow for automated
modeling of white matter ﬁber bundles associated with the amygdala. We used a template-based approach to delineate populationaveraged ﬁber bundle models that were then used to guide the segmentation of analogous bundles in individual subject datasets (Cabeen and
Toga, 2020). Given our a priori interest in understanding amygdala
white matter connectivity, our analysis included six tracts that were
manually delineated a priori reference bundles using anatomical guidelines. We ﬁrst generated an averaged multi-ﬁber dataset in IIT template
space using 80 subjects from the Human Connectome Project and a
kernel regression framework for interpolating and averaging ball-andsticks models (Cabeen et al., 2016), which was implemented using the
VolumeFibersTransform and VolumeFibersFuse modules in QIT. Next,
regions of interest (ROI) were drawn on the multi-ﬁber IIT template
using the speciﬁc guidelines for each bundle described in detail in Supplemental Material. Multi-ﬁber streamline tractography was then performed using the averaged reference dataset to create a reference bundle
mask, and tract orientation maps were computed using the CurvesOrientationMap module in QIT, which ﬁnds the average bundle orientation in each template voxel (Wasserthal et al., 2018). We used bundlespeciﬁc tractography seed points, which were found by sampling 10,000
points equally distributed across the reference bundle mask using the
MaskSampleVects module in QIT. Bundle reference masks and their associated seeds and orientation maps were then deformed to each subject’s native space using the DTI-TK deformation ﬁeld, and these were
used as anatomical priors for performing reinforcement tractography
(Cabeen and Toga, 2020) using the VolumeModelTrackStreamline mod4
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ule in QIT. The reinforcement tractography algorithm segments bundlespeciﬁc ﬁber orientations based on the reference tract orientation map
then performs tractography with deterministic streamline integration.
Our tracking parameters included a minimum ﬁber volume fraction of
0.075, a maximum turning angle of 75°, and trilinear interpolation during streamline integration. The resulting tract models were visualized at
the single-subject level to ensure tract accuracy. Our criteria for delineating each of the six bundles are described in detail in Supplemental
Material.
Average and along-tract microstructural white matter analyzes
For each subject, each of the 6 bundles was then quantitatively
summarized with respect to volume, length, and average microstructure parameters for NODDI (NDI, ODI) as well as DTI (FA, MD, RD,
AD). In addition to averaging diﬀusion parameters across the entire
tract, we also performed along-tract analyzes to determine if associations with age were heterogeneous at various points along each white
matter bundle. In order to perform along-tract analyzes, each tract was
subdivided into equidistant points using an automated approach based
on Colby et al. (2012) and implemented with the CurvesSegmentAlong
module in QIT. A prototypical curve was ﬁrst established in template
space by identifying the “centroid” curve with the minimum Hausdorﬀ
distance to the other streamlines. The prototypical curve was then resampled with vertices every 5mm in order to represent discretized regions along the length of the bundle and was registered to subject native space using DTI-TK. In order to create correspondence among crosssectional points for a given tract, streamline vertices were interpolated
to best match the prototypical curve for each subject’s tract. Diﬀusion
parameters were then sampled and averaged over each group of shared
vertex labels that match the reference prototypical curve and the subsequent along-tract parameter maps were used for statistical analysis.

ery rate correction from the p.adjust function in the R package ‘stats’
(v3.6.2). FDR corrections were applied to models assessing NODDI and
DTI parameters within the amygdala and its 9 subnuclei (20 models
for NODDI parameters; 40 models for DTI parameters), as well as the
5 bilateral (i.e. ventral amygdalofugal pathway, cingulum, stria terminalis, fornix, and uncinate fasciculus) and 1 bihemispheric (i.e. anterior
commissure) amygdala-related tract analyses (12 models for NODDI parameters; 24 models for DTI parameters). For results passing FDR adjustment (p < 0.05), we report eﬀect sizes using partial R-squared (R2 )
or omega squared (𝜔2 ) for predictors from our multiple regression and
multi-level models, respectively.
3. Results
3.1. Study sample characteristics
One subject was removed from further analyses due to an incidental
ﬁnding of the brain and another was removed for excessive motion. Our
ﬁnal study sample included 61 children and adolescents, 26 males and
35 females (16.92 ± 4.64 years). For the fornix and stria terminalis, only
60 subjects were examined as one subject did not pass visual quality
control of the two tracts. Complete demographics of the study sample
for N = 61 are shown in Table 1.
3.2. Microstructural properties of the amygdala
The range and mean of the NODDI and DTI measures within the
amygdala and its subnuclei are shown in Supplemental Table 1 and
NDI and ODI maps are shown in Supplemental Fig. 7. For the whole
amygdala, there was no signiﬁcant age association for NDI or ODI. Microstructural results by amygdala subnuclei can be found in Table 2.
A signiﬁcant positive association was seen between NDI and age in the
subnuclei of the LA (𝜔2 =0.29, p ≤ 0.01), BLDI (𝜔2 = 0.29, p ≤ 0.01),
and BLVPL (𝜔2 = 0.21, p ≤ 0.05) (Fig. 2a,b). Based on the standardized
beta coeﬃcients for age eﬀects in Table 2, increasing age by 4.6 years
(standard deviation of age) results in a .54, .55, and .43 change in NDI
within the LA, BLDI, and BLVPL, respectively. There was no association
between ODI and age. Additionally, neither NDI nor ODI were associated with sex or an age-by-sex interaction. After FDR correction, none of
the DTI output measures were associated with age, sex, or an age-by-sex
interaction in any of the subnuclei (Supplemental Tables 2 and 3).

2.4. Statistical analyzes
All of the analyses were conducted in R (version 3.6.1) and lme4
package (version 1.1-21) (Bates et al., 2015). Although there was not
a signiﬁcance sex diﬀerence in motion (p = 0.41), we also assessed if
motion was related to age, and if these associations were diﬀerent by
sex using linear regressions. Motion was found to relate to age (p ≤
0.01) and this association was driven by males (age-by-sex interaction:
p ≤ 0.05). Therefore, we included motion as a covariate in all analyses.
Next, separate linear multi-level models were used to assess microstructure properties in relation to age, sex, and their interaction for the whole
amygdala and each of its 9 subnuclei, while covarying for BMI z-score
(BMIz), maternal education, race, hemisphere, motion, and the volume
of each region, with the random eﬀect of subject. Maternal education
was categorized in 3 groups: (1) high school graduate and lower, (2)
some college and above, or (3) not provided. Race was categorized into
4 groups: (1) White, (2) Black or African American, (3) Asian, American
Indian or Alaskan Native, Native Hawaiian or other Paciﬁc Islanders,
Other, or more than one race, and (4) not provided. Separate multilevel models were used to assess microstructure of each tract in relation
to age, sex, and their interaction, while covarying for BMIz, hemisphere,
the number of streamlines within the tract, and motion. As the anterior
commissure is not a bilateral tract, an identical linear regression was
used without the repeated measure of hemisphere included in the model.
Standardized estimates were calculated for any model where a signiﬁcant eﬀect was found using the sjPlot tab_model function in R which is
performed by completely reﬁtting the model on the standardized data.
Lastly, following the identiﬁcation of signiﬁcant age associations for a
given tract, follow-up analyses were done using linear multi-level models to examine the microstructural properties along each tract in relation
to age and sex, while covarying for BMIz, hemisphere, motion, and the
number of streamlines with the tract, with the random eﬀect of subject.
An ANOVA was then performed for each model to assess the signiﬁcance of the interaction of age by diﬀusion parameter along the tract.
All p-values were corrected for multiple comparisons using false discov-

3.3. Microstructural properties of amygdala white matter connectivity
The range and mean of the NODDI and DTI measures of the white
matter tracts are shown in Supplemental Table 4. White matter tracts
with respect to the amygdala are presented in Supplemental Fig. 8s.
Four of the six identiﬁed white matter connections also showed positive
NDI associations with age: ventral amygdalofugal pathway (𝜔2 = 0.23,
p ≤ 0.01), cingulum (𝜔2 = 0.36, p ≤ 0.001), uncinate fasciculus (𝜔2 =
0.29, p ≤ 0.005), and anterior commissure (partial R2 = 0.32, p ≤ 0.01)
(Fig. 3a, Table 3). Standardized beta coeﬃcients in Table 3 show that
by increasing age by 4.6 years results in a .52, .60, .43, and .51 change
in NDI in the ventral amygdalofugal pathway, cingulum, uncinate fasciculus, and anterior commissure, respectively. After FDR correction, a
signiﬁcant positive association between age and ODI was found in the
anterior commissure (partial R2 = 0.11, p < 0.05) (Fig. 3b). An increase
by 4.6 years resulted in an increase of .29 in ODI in the anterior commissure. There were no other associations between NODDI output measures and age, sex, or age-by-sex interaction (Table 3). No associations
between DTI output measures and age, sex, or age-by-sex were found
(Supplemental Tables 5 and 6).
3.4. Along-tract microstructural properties
In order to determine if the age eﬀects were heterogenous in tracts
identiﬁed as signiﬁcant, we examined age associations with NDI and
5
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Table 1
Study sample.

Age, yrs
Right Handed, n
Hispanic, n
Race, n White
Black or African American
Asian
American Indian/Alaskan Native
Native Hawaiian/Paciﬁc
Islander
More than one race
Other
Not Provided
Maternal Education, n
< High School
High School Degree
Some college
College
Professional Degree
Not provided
IQa
BMI z-scoreb
Motionc

All (N = 61)

Males (N = 26)

Females (N = 35)

Group diﬀerence

16.92 ± 4.64
53 (86%)
31 (51%)

16.75 ± 4.99
23 (88%)
11 (42%)

17.05 ± 4.43
30 (86%)
20 (57%)

p = 0.81
𝜒 2 (1) =5.818𝜀−32; p = 1.00
𝜒 2 (2) =1.31; p = 0.52
𝜒 2 (8) =9.59; p = 0.29

31
5
2
1
1
3
12
6

12
4
0
1
0
1
5
3

19
1
2
0
1
2
7
3

6
7
15
17
10
6
103.36 ± 13.50
0.94 ± 0.84
0.69 ± 0.30

4
2
3
6
7
4
102.46 ± 14.53
1.13 ± 0.80
0.73 ± 0.32

2
5
12
11
3
2
104.03 ± 12.85
0.80 ± 0.86
0.67 ± 0.30

𝜒 2 (12) =12.21; p = 0.43

p = 0.66
p = 0.13
p = 0.41

Mean ± Standard Deviation unless otherwise noted.
a
General Intelligence measured by the Wechsler Abbreviated Scale of Intelligence (WASI-II)
b
BMI z-score calculated using the SAS program based on the 2000 CDC Growth Charts
c
Motion calculated using an automated QC script measuring mean volume-to-volume translation

Fig. 2. Age-related increases in Neurite Density Index (NDI) found in (a) 3 of the amygdala subnuclei: lateral (LA), dorsal and intermediate division of its basolateral
nucleus (BLDI), and ventral division of the basolateral nucleus and paralaminar nucleus (BLVPL) plotted by age (years) and collapsed across hemispheres. Lines
represent predicted age associations from each respective model. The location of the 3 subnuclei within the left amygdala are shown in b.

ODI along the anterior commissure and NDI along both hemispheres of
the ventral amygdalofugal pathway, cingulum, and uncinate fasciculus.
The mean and standard deviation NDI at each point along these tracts
are shown in Supplemental Fig. 9. The standardized betas for the ageeﬀects of NDI at each point from our multi-level models are shown in
Fig. 4. Results showed signiﬁcant age-by-point interaction for NDI for
the anterior commissure (𝜔2 = 0.07, F(26, 1534) = 5.33, p < 0.0001),
left and right uncinate fasciculus (left: 𝜔2 = 0.07, F(11, 649) = 5.33,
p < 0.0001; right: 𝜔2 = 0.09, F(14, 826) = 6.59, p < 0.0001), right
ventral amygdalofugal pathway (𝜔2 = 0.02, F(13, 767) = 2.53, p <
0.005), left and right cingulum (left: 𝜔2 = 0.02, F(37, 2183) = 2.07,
p < 0.0005; right: 𝜔2 = 0.04, F(40, 2360) = 3.65, p < 0.0001). However, the age eﬀects did not signiﬁcantly diﬀer with NDI along the left
ventral amygdalofugal (𝜔2 = 0.007, F(15, 885) = 1.42, p = 0.15). Age
eﬀects also did not signiﬁcantly diﬀer with ODI along the anterior commissure (𝜔2 = 0.002, F(26, 1534) = 1.165, p = 0.26). All tracts displayed
stronger age-eﬀects with NDI in the frontal and temporal regions and the

ventral amygdalofugal pathway also displayed stronger age-eﬀects with
NDI in the diencephalic region (Fig. 4).
4. Discussion
Using cutting-edge structural segmentation of the amygdala coupled
with NODDI, our study is the ﬁrst to examine microstructural properties of amygdala subnuclei across adolescence. Additionally, our paper is
the ﬁrst to elucidate the microstructural properties of the ventral amygdalofugal pathway in children and adolescents. In addition to replicating increases in neurite density values with age (i.e. NDI) for the entire amygdala, we expanded these ﬁndings to show that neurite density increases are particularly seen in basolateral nuclei, including the
LA, BLDI, and BLVPL. Of the three primary amygdala eﬀerent white
matter pathways, we found age-related increases in NDI for the ventral
amygdalofugal pathway and increases in NDI and ODI in the anterior
commissure. We also replicated previous research that also found age6
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Table 2
Age, sex, and interaction associations with NODDI measures within the amygdala and its subnuclei. Unstandardized and standardized (std.) estimates and standard error (SE), FDR-corrected p values (p), marginalized R2 and conditional R2 or R2 and R2 adjusted are
shown. Model estimates are reported while adjusting for BMIz, mother’s education, race, hemisphere, motion (RMS), and volume of the
respective region of interest.
NDI

LA
age
sex
age-by-sex
Marginal R2 , Conditional R2
BLDI
age
sex
age-by-sex
Marginal R2 , Conditional R2
BM
age
sex
age-by-sex
Marginal R2 , Conditional R2
CEN
age
sex
age-by-sex
Marginal R2 , Conditional R2
CMN
age
sex
age-by-sex
Marginal R2 , Conditional R2
BLVPL
age
sex
age-by-sex
Marginal R2 , Conditional R2
ATA
age
sex
age-by-sex
Marginal R2 , Conditional R2
ASTA
age
sex
age-by-sex
Marginal R2 , Conditional R2
AAA
age
sex
age-by-sex
Marginal R2 , Conditional R2
Whole Amygdala
age
sex
age-by-sex
Marginal R2 , Conditional R2

ODI

beta

SE

std. beta

std. SE

FDR p

beta

SE

std. beta

std. SE

FDR p

0.002
-0.005
0.001
0.395, 0.832

0.001
0.009
0.001
0.162, 0.454

0.54
-0.02
0.15

0.15
0.22
0.22

0.009
0.91
0.84

0.003
-0.04
0.003

0.002
0.02
0.002

0.30
-0.46
0.28

0.16
0.23
0.23

0.19
0.84
0.84

0.002
-0.006
0.0002
0.406, 0.769

0.0004
0.006
0.0006
0.180, 0.506

0.55
-0.33
0.08

0.14
0.21
0.21

0.008
0.84
0.84

0.004
-0.04
0.004

0.002
0.03
0.003

0.34
-0.15
0.31

0.16
0.23
0.23

0.13
0.84
0.84

0.0009
-0.0001
-0.0006
0.157, 0.570

0.001
0.008
0.001
0.111, 0.708

0.25
-0.29
-0.17

0.17
0.24
0.24

0.27
0.99
0.84

-0.001
0.002
-0.001

0.002
0.03
0.003

-0.07
-0.04
-0.04

0.19
0.26
0.26

0.74
0.99
0.87

0.001
-0.009
0.001
0.203, 0.680

0.001
0.01
0.001
0.130, 0.730

0.30
-0.16
0.14

0.17
0.24
0.24

0.20
0.87
0.84

-0.002
-0.02
0.005

0.002
0.03
0.003

-0.142
0.230
0.387

0.19
0.26
0.26

0.62
0.87
0.84

-0.001
-0.001
0.002
0.141, 0.520

0.001
0.018
0.002
0.148, 0.658

-0.10
0.34
0.22

0.17
0.24
0.24

0.64
0.99
0.84

-0.001
0.006
-0.002

0.002
0.02
0.003

-0.10
-0.15
-0.16

0.17
0.25
0.25

0.64
0.99
0.84

0.002
-0.008
0.0005
0.351, 0.653

0.001
0.009
0.001
0.041, 0.672

0.43
-0.21
0.10

0.14
0.21
0.21

0.03
0.87
0.84

0.0005
0.02
-0.001

0.002
0.03
0.003

0.04
0.18
-0.07

0.19
0.27
0.28

0.83
0.94
0.85

0.003
0.02
-0.001
0.117, 0.378

0.002
0.03
0.003
0.179, 0.577

0.22
0.19
-0.06

0.16
0.23
0.23

0.29
0.91
0.85

0.005
0.001
-0.002

0.002
0.03
0.003

0.37
-0.18
-0.11

0.16
0.24
0.23

0.12
0.99
0.84

0.002
-0.016
0.001
0.145, 0.620

0.001
0.01
0.002
0.151, 0.674

0.26
-0.25
0.18

0.17
0.25
0.25

0.27
0.84
0.84

-0.002
-0.03
0.003

0.001
0.02
0.002

-0.26
-0.16
0.35

0.18
0.25
0.25

0.27
0.84
0.84

-0.001
-0.005
0.001
0.123, 0.661

0.002
0.03
0.003
0.129, 0.488

-0.10
0.07
0.09

0.18
0.25
0.25

0.66
0.99
0.84

-0.002
-0.03
0.003

0.002
0.03
0.003

-0.16
-0.13
0.23

0.17
0.23
0.23

0.53
0.84
0.84

0.001
-0.003
0.0005
0.318, 0.729

0.001
0.008
0.001
0.065, 0.627

0.40
0.04
0.14

0.16
0.23
0.23

0.07
0.95
0.84

0.0009
-0.02
0.002

0.001
0.02
0.002

0.14
-0.34
0.24

0.19
0.27
0.27

0.62
0.84
0.84

related increases of NDI in the entire bundles of the uncinate fasciculus
and the cingulum (Lynch et al., 2020; Mah et al., 2017). However, we
also elaborated upon these ﬁndings to show that age-related increases
in NDI along these tracts is most robust at the tail end of these tracts that
integrates with the frontal and temporal cortical gray matter. Together,
these results suggest neurite cellular architecture within the amygdala,
as well as the axonal white matter projections carrying amygdala ﬁbers,
continue to mature across adolescence.
Our results also show that microstructural composition of the amygdala varies across age in the lateral nucleus (LA), dorsal and intermediate divisions of the basolateral nucleus (BLDI), and the ventral division
of the basolateral nucleus and paralaminar nucleus (BLVPL). Histological results based on a sample of 52 participants between the ages 2 to
48 years show that there is a ∼11% increase in the number of mature
neurons in the whole amygdala (Avino et al., 2018), but this increase

is primarily accounted for by a signiﬁcant increase in mature neurons
in the basal nucleus (30%) as well as a 3% increase in the number of
mature neurons in the lateral nucleus, albeit not signiﬁcant. Additionally, Avino et al. (2018) found an age-related decrease in the number
of immature neurons within the paralaminar nucleus, which signiﬁes
changes in neuronal composition within this region with age. The histological data from Avino et al. (2018), along with research indicating that
the transition from immature to mature neurons is marked by dendritic
arborization and axonal growth (Spitzer, 2006), allow us to hypothesize
that during adolescent development, the age-related pattern in neurite
density we found in the LA, BLDI, and BLVPL could be a result of changes
in the number of immature versus mature neurons present in these subnuclei. Furthermore, animal literature on gene expression patterns show
that in adult rats the lateral and basal nuclei express more genes than the
central nucleus that are involved in axonogenesis, neuron development,
7
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Table 3
Associations of age, sex, and their interaction for NDI and ODI of white matter bundles. Unstandardized and standardized (std.) estimates and
standard error (SE), FDR-corrected p values (p), marginalized R2 and conditional R2 or R2 and R2 adjusted are shown. Model estimates are reported
while adjusting for BMIz, mother’s education, race, hemisphere, motion (RMS), and streamline number for the respective track of interest.
NDI

Ventral amygdalofugal pathway
age
sex
age-by-sex
Marginal R2 , Conditional R2
Uncinate fasciculus
age
sex
age-by-sex
Marginal R2 , Conditional R2
Fornix
age
sex
age-by-sex
Marginal R2 , Conditional R2
Stria terminalis
age
sex
age-by-sex
Marginal R2 , Conditional R2
Cingulum
age
sex
age-by-sex
Marginal R2 , Conditional R2
Anterior commissure
age
sex
age-by-sex
R2 , R2 adjusted

ODI

beta

SE

std. beta

std. SE

FDR p

beta

SE

std. beta

std. SE

FDR p

0.002
-0.003
0.0004
0.350, 0.902

0.0007
0.009
0.0009

0.52
-0.01
0.1

0.16
0.23
0.23

0.008
0.97
0.84
0.297, 0.688

0.0009
-0.007
0.0004

0.0005
0.0073
0.0008

0.26
-0.26
0.1

0.15
0.22
0.22

0.17
0.97
0.84

0.0024
-0.007
0.0013
0.613, 0.917

0.0007
0.009
0.001

0.42
0.12
0.22

0.12
0.17
0.17

0.004
0.97
0.83
0.439, 0.650

0.0008
0.003
-0.0009

0.0004
0.005
0.0005

0.31
-0.33
-0.32

0.13
0.18
0.18

0.053
0.97
0.83

0.001
-0.003
0.001
0.252, 0.750

0.001
0.01
0.001

0.28
0.17
0.19

0.16
0.23
0.23

0.17
0.97
0.83
0.269, 0.601

0.0005
0.0008
-0.0001

0.0004
0.006
0.0006

0.17
0.02
-0.02

0.15
0.22
0.22

0.37
0.97
0.96

0.0009
-0.001
0.001
0.321, 0.771

0.001
0.01
0.001

0.14
0.33
0.21

0.16
0.23
0.22

0.43
0.97
0.83
0.337, 0.508

0.0005
0.01
-0.0005

0.0005
0.01
0.0008

0.12
0.41
-0.13

0.13
0.19
0.19

0.43
0.97
0.83

0.003
-0.002
0.001
0.451, 0.834

0.001
0.01
0.001

0.60
0.20
0.18

0.14
0.2
0.2

0.001
0.97
0.83
0.315, 0.616

-0.0003
-0.004
0.00003

0.0004
0.005
0.0006

-0.12
-0.33
0.01

0.15
0.21
0.21

0.43
0.97
0.96

0.002
-0.013
0.001
0.456, 0.334

0.001
0.01
0.001

0.51
-0.06
0.34

0.16
0.23
0.23

0.01
0.38
0.29
0.633, 0.551

0.001
-0.006
-0.0002

0.0005
0.007
0.0007

0.29
-0.42
-0.06

0.13
0.19
0.19

0.03
0.40
0.77

Fig. 3. (a) Age-related increases in Neurite Density Index (NDI) found in the ventral amygdalofugal pathway, anterior commissure, cingulum, and uncinate fasciculus
plotted by age and collapsed across hemispheres. (b) Age-related increase in Orientation Dispersion Index found only in the anterior commissure plotted by age.
Lines represent predicted age association from each respective model.

neuron projection development, and neuron projection morphogenesis
(Partin et al., 2013). In combination with the gene expression data, the
lateral and basal nuclei in particular, through their involvement in neurite maturation, may be important components to amygdala circuitry
development.
Through our cutting-edge tractography methods we were able to delineate and obtain both DTI and NODDI metrics from several white matter connections to the amygdala. Furthermore, our paper is the ﬁrst to
reveal both DTI and NODDI values of the ventral amygdalofugal pathway. Our white matter analyzes revealed age-associated increases in NDI
of amygdalar connections to the uncinate fasciculus, cingulum, ventral

amygdalofugal pathway, and anterior commissure, signifying increasing ﬁber packing density in these white matter tracts (Lebel and Deoni, 2018; Zhang et al., 2012). Previous studies showing increases in
neurite density in other white matter tracts have suggested that both
ﬁber diameter and myelination during development could contribute to
these increases in NDI (Chang et al., 2015). Particularly interesting is
that our along-tract analyzes reveal the superﬁcial white matter frontal
and temporal regions of these tracts have the strongest age associations
with NDI, suggesting that those regions speciﬁcally are displaying the
most increases in ﬁber packing density and/or myelination in our age
range. In addition to increases in NDI, the anterior commissure also dis-
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high-resolution diﬀusion MRI are necessary in order to test these potential hypotheses.
Combining amygdala and white matter ﬁndings in the same individuals provides more information regarding speciﬁc amygdala related
neural circuitry that may continue to develop across adolescence. The
lateral and basal nuclei are involved in learning, memory, emotional
processing, sensory processing, social behaviors, and reward processing (Janak and Tye, 2015; LeDoux, 2007; Sah et al., 2003; Yang and
Wang, 2017; Yizhar and Klavir, 2018). Both nuclei have extensive connections to the prefrontal cortex, temporal lobe, nucleus accumbens,
and striatum (Sah et al., 2003). The uncinate fasciculus has connections
to the orbitofrontal cortex and Brodmann area 10 as well as temporal lobe and has been found to be involved in social-emotional processing (Olson et al., 2015; Von Der Heide et al., 2013). The ventral
amygdalofugal pathway connects the amygdala to the hypothalamus,
nucleus accumbens, thalamus, and bed nucleus of the stria terminalis
(Kamali et al., 2016) and is thought to be involved in generating emotional responses from the amygdala. The cingulum connects the orbitofrontal and cingulate cortex to the temporal pole and is involved
in executive function, attention, and emotion processing (Bubb et al.,
2018). The anterior commissure has connections to the temporal pole
and is involved in attention (Lavrador et al., 2019). Altogether, our results suggest that adolescent development is a critical period for the
maturation of neural circuitry involving amygdala subnuclei and white
matter related to learning how to process social and emotional cues and
responding to them. Our along-tract analyses also suggest that the maturation of the neural circuitry may not be exclusive to amygdala subnuclei and white matter. The uncinate fasciculus and cingulum connect
the amygdala to frontal and temporal regions of the brain and these
regions are where we saw the strongest age-eﬀects with NDI. The anterior commissure connects the amygdala with the temporal lobe, and
we saw large age-eﬀects with NDI within the temporal region of the anterior commissure. Lastly, the ventral amygdalofugal pathway connects
the amygdala to several structures of the diencephalon, which is where
we also saw strong age eﬀects. Overall, these results suggest that along
with the amygdala subnuclei and white matter tracts, the grey matter
regions that are connected to the amygdala via our tracts of interest may
also be maturing at the same time, further promoting the maturation of
emotional and social neural circuitry.
A few limitations of the current study should be noted. First, our ﬁnal sample size had 61 participants, limiting our ability power to detect
smaller eﬀects. For example, despite a number of known sex diﬀerences
in amygdala development (Giedd et al., 1996; Herting et al., 2018), we
did not ﬁnd a signiﬁcant diﬀerence in age relationships stratiﬁed by
sex. We were also unable to examine the inﬂuence of pubertal development on DTI and NODDI measures because the data for this analysis
came from two study samples with various ages (8–18 years and 19–23
years), where individuals over the age of 18 were not asked about pubertal maturation. Thus, future larger studies are needed to assess if pubertal maturation may play a role in any of the age-related associations
seen in the current study. Additionally, there are a few limitations of
diﬀusion MRI, such as acquisition and analysis methods, (Jones et al.,
2013) which can aﬀect the anatomical accuracy of ﬁber tractography
(Schilling et al., 2019; Thomas et al., 2014). Furthermore, modeling diffusion MRI with NODDI requires using speciﬁc ﬁxed parameters which
introduce modeling assumptions that can be addressed with additional
shells (Guerrero et al., 2019). Finally, co-registered T1- and T2-weighted
structural data may oﬀer useful additional constraints for an extended
NODDI model, particularly for myelin content estimation (Glasser and
Van Essen, 2011) although the construction and validation of such as
multimodal model is beyond the scope of this current work. Similarly,
other studies have reported using DTI metrics to segment the amygdala
into 3 larger subregions (Solano-Castiella et al., 2010), suggesting future research may consider if the integration of NODDI estimates may
complement T1/T2-derived MRI amygdala segmentation atlases, such
as the CIT168. Future studies optimizing acquisition and analysis meth-

Fig. 4. Age-associations (standardized betas) with Neurite Density Index (NDI)
at each point along the tracts as seen on a representative subject’s tracts and
structural image with 3D rendering of the amygdala subnuclei. Darker red on
the color bar indicates larger standardized beta values.

played overall increases of ODI with age. However, whereas age eﬀects
of NDI were most robust at the end of the anterior commissure, ODI
associations with age were similar along the length of the tract, suggesting both the microstructural, and thus the potential underlying biological, properties may diﬀer in the body versus the end portions of
the tract. While diﬀusion MRI is unable to detect the exact microbiology, it is important to note that it is estimated that a single 2mm3 white
matter voxel is comprised of not only myelinated and non-myelinated
axons, but a large number of glial cells, including a large proportion
of oligodendrocytes, and to a lesser degree astrocytes and microglial
cells (Walhovd et al., 2014). Thus, it is feasible that increases in NDI
may relate to increased ﬁber packing density or myelination of the anterior commissure near temporal regions, whereas the increase in ODI
averaged across the track may be picking up on changes in dispersion
due to increases in density or size of support cells within the anterior
commissure. Alternatively, given that commissural ﬁbers tend to mature
earlier than other white matter tracts, with diﬀusion metrics of maturation peaking in the early 20’s (before age related decreases are noted)
(Dubois et al., 2014; Lebel et al., 2012), it is feasible that increases in
ODI may also be reﬂective of early age-related disruptions in myelin
axon ﬁbers in portions of the anterior commissure that may begin as
early as the second decade of life (Chang et al., 2015). Additional human longitudinal studies and animal models using both histology and
9
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ods should consider tackling these methodological questions. Our study
is also limited in that it is cross-sectional in nature. Longitudinal studies are needed to conﬁrm the developmental changes in microstructural
properties of the amygdala as well as its aﬃliated white matter pathways across childhood and adolescence within individual subjects.

Felix, Adam Mezher, and Eva Gabor for assisting with participant recruitment and data collection as part of various studies that contributed
data to this project. Computation for the work described in this paper was supported by the University of Southern California’s Center for
High-Performance Computing (hpcc.usc.edu).

5. Conclusion

Supplementary materials

This is the ﬁrst study to utilize NODDI to assess neurite density of
amygdala subnuclei across adolescence. Overall, our research emphasizes that speciﬁc age-related diﬀerences exist in the microstructural
properties of key basolateral amygdala subnuclei as well as along two
key white matter tracts of the amygdala (ventral amygdalofugal pathway, anterior commissure). As these regions have been involved in associative emotional learning, future research is needed to determine if agerelated and/or individual diﬀerences in the development of these microstructural properties link to typical and/or atypical social and emotional functioning.

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.neuroimage.2021.118489.
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