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Neonatal Neural Networks Predict Children
Behavioral Profiles Later in Life
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Abstract: This study aimed to examine heterogeneity of neonatal brain network and its prediction to
child behaviors at 24 and 48 months of age. Diffusion tensor imaging (DTI) tractography was
employed to construct brain anatomical network for 120 neonates. Clustering coefficients of individual
structures were computed and used to classify neonates with similar brain anatomical networks into
one group. Internalizing and externalizing behavioral problems were assessed using maternal reports
of the Child Behavior Checklist (CBCL) at 24 and 48 months of age. The profile of CBCL externalizing
and internalizing behaviors was then examined in the groups identified based on the neonatal brain
network. Finally, support vector machine and canonical correlation analysis were used to identify
brain structures whose clustering coefficients together significantly contribute the variation of the
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behaviors at 24 and 48 months of age. Four meaningful groups were revealed based on the brain ana-
tomical networks at birth. Moreover, the clustering coefficients of the brain regions that most contribut-
ed to this grouping of neonates were significantly associated with childhood internalizing and
externalizing behaviors assessed at 24 and 48 months of age. Specially, the clustering coefficient of the
right amygdala was associated with both internalizing and externalizing behaviors at 24 months of
age, while the clustering coefficients of the right inferior frontal cortex and insula were associated with
externalizing behaviors at 48 months of age. Our findings suggested that neural organization estab-
lished during fetal development could to some extent predict individual differences in behavioral-

emotional problems in early childhood. Hum Brain Mapp 38:1362-1373, 2017.

© 2016 Wiley Periodicals, Inc.
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INTRODUCTION

The quality of the materno-fetal environment influences
subsequent risks for psychopathology in the offspring.
Children born to more anxious mothers show increased
risks for socio-emotional problems [O’Connor et al., 2003],
attention deficit hyperactivity disorder (ADHD) [Van den
Bergh and Marcoen, 2004], and anxiety [Clavarino et al.,
2010]. Children of mothers with antenatal depression
show increased internalizing and externalizing problems
in childhood [Betts et al., 2014; Gentile, 2015] and are sub-
sequently at a greater risk for depression [Pawlby et al.,
2009]. These sustained impacts of the materno-fetal envi-
ronment on the mental health of the offspring may suggest
their influences on fetal neurodevelopment. Indeed, there
is now considerable evidence for an association between
antenatal maternal mental health and fetal brain develop-
ment [Buss et al., 2012; Qiu et al.,, 2013; Rifkin-Graboi
et al., 2013, 2015], including studies in which neuroimag-
ing was performed in newborns. Such studies reveal that
neonates born to mothers with a higher level of antenatal
depressive symptoms show abnormal microstructure of
the right amygdala compared with those born to mothers
with a lower level of antenatal depressive symptoms [Rif-
kin-Graboi et al., 2013]. Antenatal maternal anxiety is asso-
ciated with microstructure of the right insula in neonates,
which in turn predicted socio-emotional problems of these
children at 1 year of age [Rifkin-Graboi et al.,, 2015]. A
meta-analysis of imaging studies on anxiety disorders
revealed the insula and amygdala as the two most affected
structures [Etkin and Wager, 2007], suggesting that vulner-
ability for affective disorders may, in part, be established
during fetal development. Taken together, in utero insult
during pregnancy may have consequences to the fetal
development of the nervous system and such influences
on the brain at the fetal stage could be the origin of the
neurodevelopment for behavioral problems and neurode-
velopmental disorders later in life.

While individual brain structures are linked to function,
they are wired in compact and economical networks and
easily transfer information in short and long distances to

adapt to demands [Bullmore and Sporns, 2012]. Diffusion
Tensor Imaging (DTI), an in vivo brain imaging technique,
characterizes water diffusion within the brain tissue and is
used to identify routes connecting different brain regions
[Mori and Zhang, 2006], which thus reflect the organiza-
tion and architecture of the neuroanatomical network.
Research with both preterm and intrauterine growth
restricted (IUGR) children suggests that altered neuroana-
tomical organization is associated with abnormal socio-
emotional behaviors in infants [Ball et al., 2015; Batalle
et al., 2012]. These inter-individual differences in neural
structures and neuroanatomical networks underlying
behavioral-emotional function may be established during
fetal development. Given the evidence of the fetal brain
development as a function of fetal exposure to adversity
[Ghassabian et al.,, 2013; Qiu et al.,, 2013; Rifkin-Graboi
et al.,, 2013, 2015; Schlotz et al., 2014], it remains unclear
whether the heterogeneity in the neuroanatomical wiring
architecture exists at birth and what is the prospective
relation of this potential anatomical network heterogeneity
with the variability of children’s behaviors later in life.

In this study, we aimed to investigate the heterogeneity
of the neuroanatomical network among full-term neonates
and to understand to what extent the neuroanatomical net-
work can explain the variation of internalizing and exter-
nalizing behaviors in the first 4 years of life. For this, we
first examined the brain anatomical organization in full-
term neonates at birth using DTI and tractography tech-
nique and then identified neonates with the similar neuro-
anatomical wiring organization using data-driven graph-
based clustering algorithms, i.e., community detection and
consensus clustering [Fair et al., 2012]. We then examined
internalizing and externalizing behavioral profiles at 24
and 48 months of age in each group identified based on
the neonatal neuroanatomical network. We employed sup-
port vector machine (SVM) to select brain regions whose
anatomical organization was strongly associated with chil-
dren behavior problems. The feature selection using SVM
provides a great advantage on dimensionality reduction of
the brain network measures, which hence facilitates multi-
variate analysis for linking the brain network measures
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with the CBCL. We hypothesized that the heterogeneity of
the neuroanatomical networks at birth can to certain extent
reflect the variability of the behavioral development in ear-
ly childhood. In particular, we expected that a set of brain
regions and their structural organization might be more
relevant to behavioral problems in the first 4 years of life
than others. The outcomes of this study provide, to our
knowledge, the direct link between the neonatal neuroana-
tomical wiring and behavior profiles in early childhood.

MATERIALS AND METHODS
Participants

One-hundred and eighty-nine infants of mothers who
participated in the prospective Growing Up in Singapore
Toward healthy Outcomes (GUSTO) birth cohort study
[Soh et al., 2012] were recruited for neuroimaging. We
included the 120 neonates who completed DTI scans (part-
ly because DTI was acquired last), gestational age >37
weeks, birth weight >2,500 g, and a 5-minute APGAR
score >9.

The GUSTO study was approved by the National
Healthcare Group Domain Specific Review Board (NHG
DSRB) and the Sing Health Centralized Institutional
Review Board (CIRB). Written consent was obtained from
mothers.

Child Behavior Checklist (CBCL)

Child internalizing and externalizing behavior problems
were assessed with maternal reports using the Child
Behavior Checklist (CBCL version1.5-5.0 years) [Achen-
bach, 1991] at 24 and 48 months. The CBCL consists of 99
items that report on emotional, behavioral and social diffi-
culties. It uses a 3-point Likert scale with high reliability
even in Singaporean [Rescorla et al.,, 2014]. The score for
internalizing problems is derived from the emotionally
reactive, anxious/depressed, somatic complaints, and
withdrawn scales. The score for externalizing problems is
the combination of the attention and aggressive behavioral
problems scales. Raw scores were converted to age-
standardized scores using T-scores, which were subse-
quently used in this study [Achenbach, 1991].

MRI Acquisition and Anatomical
Network Analysis

Axial single-shot echo-planar diffusion weighted (DW)
MRI scans (TR =7,000 ms; TE=56 ms; flip angle=90°,
FOV =200 mm X 200 mm; matrix size =256 X 256; 40-50
axial slices with 3.0 mm thickness; 19 diffusion directions
with b =600 sec/mm? 1 baseline image with b=0 sec/
mm?) were acquired in infants at 5-14 days of age using a
1.5-Tesla GE scanner. The scans were acquired when sub-
jects were sleeping in the scanner. No sedation was used

and precautions were taken to reduce exposure to the MRI
scanner noise. A neonatologist was present during each
scan. A pulse oximeter was used to monitor heart rate and
oxygen saturation throughout the entire scans. The
detailed image quality check procedure was previously
reported [Qiu et al., 2013].

DWIs were analyzed based on the procedure shown in
Figure 1A [Ratnarajah et al., 2013]. In brief, DWIs of each
subject were first corrected for motion and eddy current
distortion using affine transformation to the image without
diffusion weighting. Using multivariate least-square fit-
ting, six elements of the diffusion tensor were determined
from which fractional anisotropy (FA) was calculated. The
FA image and the image without diffusion weighting were
then simultaneously aligned via affine and nonlinear large
deformation diffeomorphic metric mapping transforma-
tions [Du et al., 2011] to those of the neonatal brain DTI
atlas [Oishi et al., 2011] with manually labeled 32 cortical
and sub-cortical structures per hemisphere. The reorienta-
tion scheme of diffusion tensor was performed using the
preservation of principal direction (PPD) method, in which
the reoriented tensor keeps its eigenvalues, yet its princi-
pal vector is transformed [Cao et al., 2005], to transform
subjects” DTI to the atlas.

Whole-brain fiber tractography was performed using
fiber assignment by continuous tracking (FACT) algorithm
[Mori et al.,, 1999] with stopping criteria of FA <0.1 or
fiber turning angle >70°. Based on the neonatal brain atlas
[Oishi et al., 2011] and whole brain tractography, a 64 X
64 matrix was constructed to represent a brain anatomical
network among the cortical and subcortical regions. The
(i,j)™ element in the matrix, denoting the connectivity
strength between regions i and j, was computed by the
number of fiber tracts connecting regions i and j normal-
ized by the mean volume of the two regions. To eliminate
brain connections due to noise effects of whole brain trac-
tography, a non-parametric one-tailed sign test was per-
formed on each element of the matrices across all the
subjects to determine the connectivity between any two
regions, i.e., the number of fiber tracts passing through
regions i and j is larger than zero at a significance level of
0.05. A clustering coefficient of each brain region in the
anatomical network was computed using Brain Connectiv-
ity Toolbox [Rubinov and Sporns, 2010] as the proportion
of anatomical connections between the brain regions with-
in its neighborhood divided by the number of connections
that could possibly exist among them. The clustering coef-
ficient of a brain region quantifies how close its neighbors
are to being a clique. It ranges from 0 to 1. If every neigh-
bor connected to a brain region is also connected to every
other brain region within the neighborhood, the clustering
coefficient of this brain region is 1. Previous studies sug-
gested that the clustering coefficient is a more robust
graph measure for classification as compared with brain
connectivity itself or other graph measures, such as nodal
betweenness centrality and nodal degree [Prasad et al.,
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Figure I.

A schematic diagram illustrates the major processes involved in
(A) the construction of the neonatal brain anatomical networks,
and (B) the classification of neonates via community detection
technique. Note. (a) registration of diffusion tensor image (DTI)
to the neonatal brain atlas; (b) whole brain tractography using
DTI deterministic tractography; (c) the atlas parcellation; and (d)
the anatomical network generated based on the whole brain
tractography and atlas parcellation; (e) the determination of the

2015; Wee et al., 2016]. Hence, this study employed the
clustering coefficients as features for the following classifi-
cation, where the clustering coefficients were standardized
across all the brain regions.

Subject Classification Based on Anatomical
Networks

A unified community detection and consensus partition
framework was employed to classify subjects with similar
anatomical networks into the same group. First, a similari-
ty matrix was constructed with its (i, j)th element

existence of the anatomical connections between any two
regions based on brain anatomical networks of all neonates; (f)
the construction of similarity matrix using brain anatomical net-
works of all neonates; (g) trimming of the similarity matrix such
that all subjects were connected to each other with at least one
edge; (h, i) Louvain’s community detection and consensus clus-
tering. [Color figure can be viewed at wileyonlinelibrary.com]

computed via Pearson’s correlation of the clustering coeffi-
cients between the i and j™ subjects. This similarity
matrix was used to quantify the similarity of the anatomi-
cal networks among the subjects. Second, this similarity
matrix was treated as a graph with each subject as a node
and the Pearson’s correlation coefficient of the clustering
coefficients between the i and j subjects as a weight of
the (i,j)™ edge. In this graph, many edges had low
weights, suggesting a low probability of classifying the
subjects connecting via these edges into one group. A
maximum Pearson’s correlation value (r = 0.60) was deter-
mined to trim the graph such that all subjects were con-
nected to each other with at least one edge. Third,
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community detection [Blondel et al., 2008] rearranged the
nodes on the graph such that the nodes (or subjects)
whose edges were with great weights were classified in
one clique, while the nodes (or subjects) whose edges
were with small weights were segregated into different cli-
ques. The community detection achieved this by optimiz-
ing the segregation among identified subject cliques via
maximizing Louvain’s modularity, Q. A greater Q value
indicates better separation among the subject groups.
However, the community detection algorithm is nondeter-
ministic in the sense that it may provide different classifi-
cation results each time even though the same graph is
given as its input. Fourth, a consensus partition procedure
[Lancichinetti and Fortunato, 2012] was further used to
overcome this issue of the community detection algorithm.
A consensus matrix was constructed with its element rep-
resented the probability at which a pair of subjects were
assigned to the same group based on 10,000 runs of com-
munity detection. The consensus matrix was trimmed to
remove weak consensus less than 0.2 at which the classifi-
cation of a pair of subjects in the same group was unlikely.
Finally, the community detection was applied on this
thresholded consensus matrix to assign subjects in differ-
ent groups. The consensus partition procedure was repeat-
ed for several times to ensure that the same classification
results were obtained. In addition, the consensus partition
procedure was also repeated with various threshold values
to trim the consensus matrix (0.20, 0.25, 0.30, 0.35) and
showed that regardless this threshold value the consensus
partition procedure consistently yielded the same classifi-
cation results.

Next, the robustness of the subject classification result
was evaluated by comparing how well the community
detection can segregate the identified subject groups based
on the aforementioned graph with that from random
graphs with the same graph properties as that of the simi-
larity matrix, including the number of nodes and edges, as
well as weights of edges [Rubinov and Sporns, 2011]. This
evaluation is crucial to ensure that the subject classification
is unique and real as suggested by Reichardt and Born-
holdt [2007]. Quantitatively, ten thousands random graphs
were generated with the same number of nodes and
edges, as well as weights of edges as that of the aforemen-
tioned similarity matrix and then applied the community
detection to each graph to obtain the modularity Q-value.
From these ten thousands random graphs, the null Q-dis-
tribution can be constructed. The robustness of the classifi-
cation result was quantified as the percentage of Q-values
from the random graphs greater than that of the graph
obtained from our real brain data. Here, the Q-value
obtained from our real brain data was the average Q-value
derived from the aforementioned 10,000 runs of the com-
munity detection for the construction of the consensus
matrix. If this is less than 5%, then the subject classification
based on the neonatal brain networks is statistically
robust. Furthermore, the confidence of the subject

classification was quantified using the probability of each
subject assigned to the same group based on the aforemen-
tioned 10,000 runs of community detection for the con-
struction of the consensus matrix.

Statistical Analysis

A nested 10-fold cross-validation with linear support
vector machine (SVM) was used to identify a subset of
brain structures whose clustering coefficients best distin-
guish the subjects in the two groups with extreme values
of CBCL scores. The linear SVM classifier based on the
MATLAB version of the LIBSVM library [Chang and Lin,
2011] was adopted in this study. Figure S1 in the Support-
ing Information shows a schematic diagram of the nested
10-fold cross-validation procedure. In short, this nested 10-
fold cross validation contained two layers, inner and outer
layers. In the outer layer, the full set of subjects was ran-
domly divided into 10 different sets with equal sample
sizes; one was considered as a test set, and the remaining
9 sets were considered as a training set. In the inner layer,
the subjects from the training set were further randomly
divided into 10 different training subsets; again one was
considered as a validation set and the remaining 9 subsets
were considered as an inner training set. Based on the
training set in the inner layer, the dimensionality of the
features (in our case, clustering coefficients of 64 brain
regions) was first reduced by minimizing the total rele-
vance of each feature-feature pairs to achieve minimum
redundancy and simultaneously maximizing the total rele-
vance of each feature-class pairs to achieve maximum rele-
vance condition [Peng et al, 2005]. An SVM-based
recursive feature elimination (SVM-RFE) algorithm [Guyon
et al., 2004] was then employed to determine a subset of
features (brain structures) that optimizes the performance
of the SVM classifier on the validation set. This reduction
of feature dimensionality and SVM-RFE were repeated for
10 times in the inner layer. Once the optimal set of fea-
tures was selected in the inner layer, it was then used as
features to classify the testing set in the outer layer. This
cross-validation procedure was repeated 10 times in the
outer layer. Hence, this nested 10-fold cross validation
procedure had total 100 validations and generated 100 dif-
ferent optimal subsets of brain structures for the SVM clas-
sification. The subject classification accuracy was also
computed based on these 100 validations. Finally, we
examined the distribution of the selection rate for all brain
structures (see Fig. S2 in the Supporting Information)
among the 100 validations and reported those with >65%
of the selection rate as the important brain regions contrib-
uting to classifying the subjects in the two groups with
extreme values of CBCL scores. This threshold was deter-
mined empirically. From Figure S2 in the Supporting
Information, any value between 50% and 65% as threshold
provides the same results on the selection of the brain
regions.

* 1366



¢ Neonatal Brain Predicts Children Behaviors ¢

TABLE I. Demographic characteristics of participants

(N=120)

Characteristic Mean SD N %
Gestational age (week) 40.1 1.2
Birth weight (g) 3,258.7 3747
Sex (male) 64 533
Ethnicity

Chinese 52 433

Malay 50 417

Indian 18 15.0
Internalizing score at 24 months 50.43 12.04 80
Externalizing score at 24 months 48.64 9.46 80
Internalizing score at 48 months 49.16 11.54 72
Externalizing score at 48 months 44.65 1030 72

SD, standard deviation.

To investigate how a set of the selected brain regions con-
tributes to the variation of CBCL internalizing or externaliz-
ing problems, a multivariate canonical correlation analysis
(CCA) was used to examine the joint contribution of clus-
tering coefficients of these important brain regions to CBCL
internalizing or externalizing scores among all the subjects
at each time point. Note that a standardized version of clus-
tering coefficient (z-score) was used in CCA. These four
CCA were corrected for multiple comparisons using Bon-
ferroni correction. Only for the interpretation of the results
derived from CCA, pairwise Pearson’s correlation analysis
was performed between clustering coefficients of these
brain regions and CBCL scores that showed the significance
from the canonical correlation analysis.

RESULTS

This study included DTI data of 120 neonates. Demo-
graphic characteristics of the neonates including gestation-
al age, birth weight, gender and ethnicity, as well as their
CBCL internalizing and externalizing scores at 24 and 48
months are provided in Table I. Among these subjects, the
mothers of 80 and 72 subjects answered the CBCL at 24
and 48 months, respectively.

Distinct patterns of neonatal neuroanatomical networks
were identified, resulting four groups with size of 22, 37,
44, and 17, respectively. The non-random nature of the
grouping pattern in Figure 2A was revealed by the modu-
larity Q-value (Q=0.293), which was significantly
(P<0.001) greater than those of the 10,000 randomly-
generated similarity matrices (Fig. 2B). Moreover, more
than 87% of the neonates were assigned to the same group
with a probability greater than 0.75 (Fig. 2C). Only one
neonate had a probability less than 0.5.

As illustrated in Figure 2D, group 2 showed the lowest
internalizing and externalizing scores at both ages among
the four groups, while group 4 had the highest scores and
the scores of groups 1 and 3 fell between groups 2 and 4.
There was no group difference among the four groups in
the internalizing problem score at 24 months (Welch

ANOVA t346=1.750, P =0.17) but a trend of significance
for the internalizing problem score at 48 months (Welch
ANOVA t336=2.720, P=0.06). In contrast, a trend of sig-
nificant group difference was observed in the externalizing
problem score at 24 months (Welch ANOVA t35,=2.480,
P =0.08) but no significant group difference was in the
externalizing problem score at 48 months (Welch
t311=1.610, P=0.21). Since manifestations of psychopa-
thology are less differentiated in infancy and early child-
hood [Sonuga-Barke et al., 1997] and our sample was from
a general population, we only expected significant differ-
ences in the CBCL between the two groups (groups 2 and
4) with extreme values of CBCL behavioral scores. Indeed,
neonates from group 4 experienced significantly more
externalizing and internalizing behavioral problems than
those from group 2 at 24 months of age (internalizing:
Welch  t09=2.323, P=0.03; externalizing: Welch
t31 =2.642, P=0.01). However, only the externalizing
behavioral problems remained significant at 48 months of
age (Welch tig7=-2496, P=0.02) while internalizing
behavioral problems were marginally significant (Welch
t21.4 = _1825, P = 008)

SVM distinguished neonates of groups 2 and 4 at rela-
tively  high  classification = accuracy  of  89.4%
(sensitive = 0.954, specificity = 0.765). Brain regions that
most frequently contributed to the discrimination of neo-
nates in groups 2 and 4 were bilateral amygdala, left supe-
rior temporal gyrus, right insular cortex, right inferior
frontal gyrus, left inferior temporal gyrus, left middle
occipital gyrus, and right medial fronto-orbital gyrus. CCA
revealed that the clustering coefficients of these structures
were highly correlated with internalizing (3= 20.51,
df=8, P=0.009) and externalizing scores (x2 =19.18,
df=8, P=0.01) at 24 months, which were also survived
for multiple comparisons. Nevertheless, CCA revealed that
the clustering coefficients of these structures were highly
correlated with externalizing score at 48 months
(x2 =17.09, df =8, P =0.03; not survived for multiple com-
parisons), but not with internalizing scores at 48 months
(x*=11.89, df=8, P=0.16). Only for visualization pur-
pose, the association between CBCL scores and individual
brain structures that most contributed to the discrimina-
tion of neonatal neural networks (Table II and Fig. 3) were
further examined and revealed that the clustering coeffi-
cient of the right amygdala was significantly correlated
with both internalizing and externalizing behavioral prob-
lems at 24 months of age, suggesting that a greater level of
clustering anatomical connections between the right amyg-
dala and the rest of the brain into tightly connected neigh-
borhoods was associated with less internalizing and
externalizing problems in children at 24 months of age.
The clustering coefficients of the right inferior frontal
gyrus and right insula were significantly correlated with
externalizing behavioral problems of 48 months (Table II),
suggesting that a less level of clustering anatomical connec-
tions of the right inferior frontal gyrus and right insula with
the rest of the brain into tightly connected neighborhoods
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Clustering results. Panel (A) shows the similarity matrix of the
neuroanatomical networks among all the neonates in this study
and its clustering pattern. Panel (B) illustrates the null Q-distri-
bution that were generated based on 10,000 random graphs
with the same graph properties, such as degree, node, weight,
as that shown in panel (A). The Q-value in panel (A) is at 45
standard deviations from the mean of the null Q-distribution
(z = 45). Panel (C) shows the probability distribution, indicating

was associated with less externalizing problems in children
at 48 months of age. Likewise, the clustering coefficient of
the left superior temporal gyrus was correlated with the
internalizing score at 24 months (Table II), suggesting that a
less level of clustering anatomical connections between the
left superior temporal gyrus and the rest of the brain into
tightly connected neighborhoods was associated with less
internalizing and problems in children at 24 months of age.
Table S1 in the Supporting Information provides additional

the chance of each neonate consistently assigned to the same
group when community detection was reran for 10,000 times.
Panel (D) shows the profiles of 24-month (top) and 48-month
(bottom) internalizing and externalizing behaviors in the four
groups shown in panel (A). * indicates significant group differ-
ences at a significance level of 0.05. [Color figure can be viewed
at wileyonlinelibrary.com]

correlation results after removing “extreme” cases (see Fig.
S3 in the Supporting Information), suggesting similar trends
of the aforementioned association.

DISCUSSION

This study was, to our knowledge, the first study to
describe inter-individual variation in neuroanatomical
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TABLE Il. Pearson’s correlation of clustering coefficients of individual brain structures with internalizing and exter-
nalizing scores

I - Externalizing
nternalizing

24-month 24-month 48-month
Region r r r
Left Amygdala (LA) 0.117 0.121 0.140
Right Amygdala (RA) -0.270% —0.296** —0.186
Left Superior Temporal Gyrus (LSTG) 0.250° 0.200 0.221
Right Insular Cortex (RIC) -0.169 -0.170 0.316**
Right Inferior Frontal Gyrus (RIFG) 0.123 0.146 0.262%
Left Inferior Temporal Gyrus (LITG) —0.107 —0.023 —0.001
Left Middle Occipital Gyrus (LMOG) -0.122 —0.123 —0.037
Right Medjial Fronto-Orbital Gyrus (RMFOG) 0.105 —0.014 0.217

Note. Only the time points with significant correlation between brain measures and behavioral problem scores in canonical correlation

analysis are shown above.
P <0.05; ** P <0.01.

networks at birth in relation to subsequent childhood
behaviors. The results of the graph-based clustering analy-
sis revealed meaningful neurodevelopment subgroups
based on network connections at birth. Moreover, the clus-
tering coefficients of the brain regions that most contribut-
ed to the mathematical grouping of neonates were
significantly associated with childhood internalizing and
externalizing behaviors assessed at 24 and 48 months of
age. Specially, the clustering coefficient of the right amyg-
dala predicted both internalizing and externalizing behav-
iors at 24 months of age, while the clustering coefficients
of the right inferior frontal cortex and insula predicted
externalizing behavior at 48 months of age. Our findings
suggested that neural organization established during fetal
development was associated with individual differences in
behavioral-emotional problems in early childhood. Our
findings further showed a stronger association between
cortical brain nodes (i.e., the insula, and the inferior frontal
gyrus) at birth and behavioral-emotional function at 48
than at 24 months, which was consistent with an increas-
ingly greater importance of cortical structures over the
course of postnatal development. Nevertheless, it was
important to note that the relevant variation in cortical
connections was established over fetal development and
apparent at birth.

Brain anatomical organization was variable across full-
term neonates and significantly associated = with
behavioral-emotional function in childhood. The link to
both internalizing and externalizing behavioral patterns is
not surprising since manifestations of psychopathology are
less differentiated in childhood and often comorbid
[Sonuga-Barke et al., 1997]. Our findings were consistent
with previous reports of the relationship between the brain
anatomical organization and neurodevelopmental out-
comes in preterm or intrauterine growth-restricted infants
[Ball et al., 2015; Batalle et al., 2012]. Altered brain network
topology in 1-year-old infants born small for gestational
age is associated with abnormal socio-emotional and

adaptive behaviors measured by the Bayley’s Scale for
Infant and Toddler Development instrument at two years
of age [Batalle et al., 2012]. Cortico-thalamic structural con-
nectivity of preterm infants at term-equivalent age is corre-
lated with cognitive scores at two years of age [Ball et al.,
2015]. The results of the current study underscore the
long-term importance of variation in fetal brain develop-
ment even in full-term, healthy neonates.

The clustering coefficient of the right amygdala at birth
was associated with both internalizing and externalizing
behaviors at 24 months of age. The amygdala is an evolu-
tionarily primitive brain region and is one of the earliest
developing brain structures [Uematsu et al., 2012]. Buss
et al. [2012] used a prospective, longitudinal study to
show an association between antenatal maternal cortisol
levels and the right amygdala volume at 7 years of age.
Moreover, a higher maternal cortisol level in gestation was
associated with emotional problems and this association
was mediated, in part, by the amygdala volume. This find-
ing was also consistent with our previous study showing
that antenatal maternal emotional well-being is associated
with abnormal microstructure of the right amygdala at
birth [Rifkin-Graboi et al., 2013].

Imaging studies of the antenatal origins of variation in
amygdala structure emphasize effects in the right hemi-
sphere, which is associated with the processing of threat.
Stress-induction procedures revealed greater activation in
the right amygdala and increased connectivity between
the right amygdala and the midbrain [Van Marle et al.,
2009]. Functional imaging studies in humans show the
involvement of the right amygdala in mood disorders, and
in the processing of emotionally negative information and
the accompanying stress responses [Hamilton and Gotlib,
2008; Pruessner et al., 2008]. Moreover, decreased function-
al connectivity between the amygdala and posterior insula
is associated with increased behavioral and emotion dysre-
gulation in youth [Bebko et al., 2015]. And abnormal
amygdala activation and connectivity were observed in
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Figure 3.
Scatter plots of internalizing and externalizing scores with standardized clustering coefficients of
individual brain structures. Panels (A, B, C) show the scatter plots for the internalizing and
externalizing behavioral scores at 24 months of age and the externalizing behavioral score at 48
months of age, respectively. Abbreviations: RA, right amygdala; LSTG, left superior temporal
gyrus; RIC, right insula; RIFG, right inferior frontal gyrus. [Color figure can be viewed at

wileyonlinelibrary.com]

adolescents with ADHD [Posner et al., 2011]. Taken
together, there are indications that right amygdala circuit-
ry could be one of likely neural bases to various behavior-

al and emotional problems in early life.
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Our findings suggested that the anatomical organization

of distinct brain regions at birth can potentially encode the
temporal patterns of behavioral development in early
childhood. Sensory-related regions,
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superior temporal gyrus and right amygdala, were strong-
ly associated with internalizing and externalizing behav-
iors at 24 months. In contrast, brain regions related to
higher-level behavioral-emotional processing, such as the
right insula and inferior frontal cortex, were strongly asso-
ciated with 48-month externalizing behaviors. Microstruc-
ture of the right insula at birth predicted socio-emotional
problems assessed using Infant Toddler Social Emotional
Assessment (ITSEA) at one year of age [Rifkin-Graboi
et al., 2015]. Disrupted functional connectivity of the right
insula has been found in children with conduct disorder
[Fairchild et al., 2014; Michalska et al., 2015]. Functional
MRI studies also suggest the involvement of the right infe-
rior frontal gyrus in response inhibition [Hampshire et al.,
2010]. Adolescents with ADHD show reduced brain acti-
vation in the right inferior frontal cortex during motor
response inhibition [Rubia et al.,, 2005] and boys with
ADHD show decreased connectivity in the right inferior
frontal cortex as compared with typically developing boys
[Zang et al., 2007].

There are several limitations of this study. The white
matter in the neonatal brain is largely unmyelinated and
hence has low diffusion anisotropy. This could cause
potential termination of fiber tracking in deterministic trac-
tography in the periphery white matter region. To over-
come this issue, our study employed the neonatal brain
atlas [Oishi et al., 2011] in which the cortical parcellation
incorporates the corresponding periphery white matter
region. Furthermore, to ensure reliable tractography
results, we employed the FACT algorithm [Mori et al.,
1999], one of the most validated tractographic approaches
in infant studies, to perform whole-brain fiber tractogra-
phy. Dubois et al. [2006] has demonstrated that the FACT
algorithm can tract most of the main fibers despite low
anisotropy of the infant white matter. To further enhance
the tractography results, we used a FA threshold of 0.1,
which is lower than that used in adults studies, and pre-
served only those tracts that passing through the deep
white matter regions. Our tractography results were com-
parable to those presented in Dubois et al. [2006]. Never-
theless, this study reflects the novel use of computational
approaches to examine the association between brain orga-
nization at birth and later emotional-behavioral function.
As such, the results merit replication and extension with
complimentary approach, both of which will become feasi-
ble with the emerging emphasis on neuroimaging of nor-
mal children.

CONCLUSION

There is now considerable focus on the important of the
quality of fetal growth and development for later function,
including mental health. A previously unmet assumption
is that individual differences established during fetal neu-
rodevelopment are functionally related to emotional and
behavioral function in childhood. Our study directly

addressed this issue and provided novel evidence that the
variability of the brain anatomical organization at birth
predicted internalizing and externalizing behaviors in ear-
ly childhood, suggesting that fetal brain development
plays a crucial role in behavioral development later in life.
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