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A B S T R A C T

Although research highlights neural correlates of Major Depressive Disorder (MDD), it is unclear whether these
correlates reflect the state of depression or a pre-existing risk factor. The current study examined whether
baseline differences in brain activations, resting-state connectivity, and brain structural differences between non-
symptomatic children at high- and low-risk for MDD based on familial depression prospectively predict the onset
of a depressive episode or increases in depressive symptomatology. We re-assessed 44 participants (28 high-risk;
16 low-risk) who had undergone neuroimaging in a previous study 3–4 years earlier (Mean age at follow-
up = 14.3 years, SD = 1.9 years; 45% females; 70% Caucasian). We investigated whether baseline brain
imaging data (including an emotional face match task fMRI, resting-state fMRI and structural MRI) that dif-
ferentiated the risk groups also predicted the onset of depression. Resting-state functional connectivity ab-
normalities in the default mode and cognitive control network that differentiated high-risk from low-risk youth
at baseline predicted the onset of MDD during adolescence, after taking risk status into account. Increased
functional activation to both happy and fearful faces was associated with greater decreases in self-reported
depression symptoms at follow-up. This preliminary evidence could be used to identify youth at-risk for de-
pression and inform early intervention strategies.

1. Introduction

Major Depressive Disorder (MDD) is one of the most common
mental illnesses (Kessler et al., 2005) and a leading cause of disability
and premature death worldwide (Ferrari et al., 2013). MDD is a highly
recurrent disorder with roughly 80% of individuals with a first episode
experiencing at least one recurrence (Judd, 1997). MDD leads to greater
impairment in work functioning than other chronic medical conditions
(Druss et al., 2000), and has an estimated annual cost of $210.5 billion
in the US (Greenberg et al., 2015). Due to the high prevalence rates,
chronic and recurring nature, and functional impairment of this dis-
order, researchers have examined risk factors associated with the onset
and course of MDD to inform prevention strategies, early identification

and intervention, and empirically-informed treatment development.
A large body of research has found differences between those with

and without MDD in terms of structural, functional connectivity, and
functional activation differences. Intrinsic function connectivity differ-
ences have been found to differentiate individuals with MDD from
healthy controls in a number of distributed brain regions (Kaiser et al.,
2015; Sheline et al., 2010; Greicius et al., 2007; Mulders et al., 2015).
The triple network model has been used to provide a framework to
understand the core network dysfunctions association with psycho-
pathology (Menon, 2011). Included in this model are the default mode
network (DMN; Greicius et al., 2003), anchored by the midline regions
of medial prefrontal cortex (mPFC) and posterior cingulate cortex
(PCC), the cognitive control network (CCN; Cole and Schneider, 2007),
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and the salience network (SN; Seeley et al., 2007), which consist of
anterior cingulate gyrus, insula and amygdala. Both within and be-
tween network connectivity abnormalities have been observed in in-
dividuals with MDD. Individuals with MDD show increased resting state
whole brain connectivity within regions of the mPFC, a central region
of the DMN, and between the DMN and subgenual ACC (sgACC)
(Greicius et al., 2007; Kaiser et al., 2015; Zhu et al., 2012). Youth with
MDD also exhibit aberrant functional connectivity in regions of the
DMN (Connolly et al., 2013; Posner et al., 2016). In addition, research
indicates decreased functional connectivity within regions of the CCN
in adults with MDD (Alexopoulos et al., 2012; Hamilton et al., 2015)
and decreased connectivity between the CCN and the DMN (Mulders
et al., 2015; Sheline et al., 2010). Finally, abnormal connectivity has
been reported in regions in the SN, and between regions of the SN and
the CCN, indicated cortico-limbic dysregulation associated with MDD
(Dutta et al., 2014; Kaiser et al., 2015; Zhong et al., 2016) that has also
been found in youth (Hulvershorn et al., 2011; Luking et al., 2011).

In parallel, individuals with major depression have shown atypical
patterns of activation in DMN, CCN and SN. In individuals with de-
pression, the DMN, anchored in the mPFC and posterior cingulate
cortex (PCC), does not show the typical pattern of de-activation that is
found in healthy subjects when confronted with emotional stimuli
(Sheline et al., 2009; Fales et al., 2008; Ho et al., 2015). The CCN,
anchored in the dorsolateral prefrontal cortex (dlPFC), has been shown
to be underactive in adults with depression, suggesting poor cognitive
control (Diener et al., 2012; Groenewold et al., 2013). Finally, the SN,
includes the amygdala and other limbic regions is centrally associated
with MDD and exhibits aberrant activation during emotional process in
adults with depression (Hamilton et al., 2012; Sheline et al., 2009). A
recent meta-analysis indicated that compared to age-matched healthy
controls, youth with MDD demonstrated hyperactivation in regions of
the SN associated with affective processing and hypoactivation in re-
gions of the CCN associated with cognitive control suggesting that pe-
diatric findings are consistent with adult depression (Miller et al.,
2015).

Finally, in addition to the functional abnormalities found in MDD,
structural differences have been found between those with MDD and
healthy controls in volume of the amygdala (Frodl et al., 2003; Hastings
et al., 2004; MacMaster et al., 2008; Sacher et al., 2012), ACC and
subregions of the PFC (Kempton et al., 2011), and mPFC (Drevets et al.,
2008). A recent review suggests that there is preliminary evidence that
pediatric depression is associated with decreased volume in the PFC,
abnormally thinned cortical regions, and smaller amygdala and hip-
pocampal volumes in those with MDD (Hulvershorn et al., 2011).

Although this research highlights neural differences between those
with and without MDD, it is unclear whether these differences precede
onset of depression and constitute risk factors for the disorder or are
simply state differences that reflect the state of acute depression
(Kraemer et al., 1997). To address this concern, researchers have begun
to examine neural differences in individuals known to be at risk for
depression who have not yet onset with disorder. One such factor is
parental history of MDD which has been shown to increase the risk of
MDD in offspring by threefold to fivefold (Williamson et al., 2004).

In the baseline wave of the present study (Chai et al., 2015, 2016),
we used fMRI and structural scans to examine function and structure in
unaffected children ages 8–14 at familial risk for MDD (high-risk group)
and comparison children who were offspring of parents with no lifetime
history of any mood disorder (low-risk group). We found that children
at high risk for depression had increased connectivity between the DMN
and sgACC, and decreased connectivity in CCN regions including the
dlPFC (Chai et al., 2016; See Fig. 1). In addition, these youth had in-
creased activation to fearful faces in the amygdala and several cortical
regions and decreased activation to happy faces in the anterior cingu-
late cortex and supramarginal gyrus (Chai et al., 2015; See Fig. 2). At-
risk youth also had structural differences including reduced amygdala
volume compared to those at low-risk (Chai et al., 2015). These findings

were consistent with prior studies highlighting differences between
those with and without MDD (e.g., Greicius et al., 2007; Kaiser et al.,
2015). Taken together, these results suggest that offspring at risk for
depression show differences in areas associated with MDD.

However, as the offspring we examined were unaffected with de-
pression, it is unclear whether the differences we observed represented
risk factors for the onset of depression, or alternatively, resilience fac-
tors associated with protection from depression. Therefore, the current
study aimed to examine whether the differences in brain activation,
resting-state connectivity and structural differences we observed pre-
viously (Chai et al., 2015, 2016) would prospectively predict depression
in two ways: That is, we utilized only the a priori neural changes that
differentiated the high- versus low-risk children to predict who would
exhibit increased depressive symptoms or the onset of depression over
time. First, we examined whether the children had emerged with a full
episode of MDD during the interval since the baseline scan, using di-
agnostic interviews covering diagnoses during the interval. Second, we
examined whether their current symptoms of depression were higher at
the follow-up than at the baseline. The follow-up was conducted 3–4
years after the original neuroimaging was conducted, when the children
were 11–19 years old. We hypothesized that the functional and struc-
tural brain differences measured by MRI between the high- and low-risk
children found at baseline would prospectively predict the onset of a
depressive episode and increases in symptomatology beyond that pre-
dicted by familial risk itself.

2. Methods

2.1. Participants

Baseline. Participants in the baseline study who had usable scans
(i.e. scans without excessive head movement) consisted of 39 offspring
of parents with a lifetime history of MDD (at-risk group; 66%) and 20
age-matched offspring of parents with no lifetime mood disorder
(control group; 34%). Participants who did not complete the resting-
state scan, had excessive head movement (defined by having transla-
tional movement >3 mm at any direction during any time of the scan,
or having more than 1/3 of the timepoints identified as outliers) were
excluded. These children were between 8 and 14 years old (Mean Age
= 11.0 years, SD = 1.72 years). Exclusion criteria included the pre-
sence of acute psychosis or suicidality in a parent or a child, the pre-
sence at any point in the life span of bipolar disorder in the parent,
autism in the child, a lifetime history of a traumatic brain injury or
neurological disorder in the child, or factors contraindicating MRI (e.g.
braces, claustrophobia). At baseline, children had no current or prior
history of major depressive disorder, as determined by structured di-
agnostic interviews with parent informants. Children in the at-risk and
control groups did not differ significantly in age, gender, or IQ
(ps > 0.3). The at-risk group had marginally, but not significantly,
higher symptoms reported by parents on the Child Behavior Checklist
(CBCL total, p = .05). However, none of the children had clinical-levels
of symptoms. In addition, self-reported depressive symptoms (CDI total
scores) did not differ significantly between the two groups (p = .26).

Follow-up. We re-assessed 44 participants (75%) from the 59 who
had usable neuroimaging data from the original study (Table 1). This
study was approved by the Institutional Review Boards at the Massa-
chusetts General Hospital and at the Massachusetts Institute of Tech-
nology. Parents provided written informed consent for their and their
child's participation, and youths provided written assent, or consent if
they were 18, for themselves. At the follow-up assessment, participants
were between 11 and19 years-old (mean age = 14.3 years, SD = 1.9
years) and included 45% females; 70% Caucasian, 5% African-Amer-
ican, 2% Asian-American, 2% Latino/Hispanic, and 19% multi-racial.
Follow-up assessments were on average 3.95 years after the initial
study (Range 3.18–4.56 years, SD = 0.39 years). The follow-up sample
consisted of 28 (64%) at-risk children and 16 (36%) control children,
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reflecting the original ratio of 2:1 at risk to comparison children
(χ2 = 0.47, p = .49). An overlapping set of participants was included
in another report that examined whole-brain connectivity patterns in
depressed individuals (Hirshfeld–Becker et al. in prep).

2.2. Procedures

2.2.1. Diagnostic assessment
Baseline. Each child and both parents in each family were assessed

for current and lifetime mood disorders (MDD, bipolar disorder, and
dysthymia), using structured clinical interviews in which the mother
was the informant. Interviews about parents used the depression,

Fig. 1. Resting-state connectivity findings previous published in Chai et al.( 2016). A) Default network seeds, B) left and right dorsolateral prefrontal cortex seeds
(dlPFC), C) left and right amygdala seeds. Images are presented in neurological convention in all figures (left side of the brain is on the left side of the image). D) A
region in subgenual ACC that showed higher connectivity with the default network in the at-risk compared to the control group. E) A region in supramarginal gyrus
that showed higher connectivity with the default network in the at-risk compared to the control group. F) Left supramarginal gyrus and left dlPFC showed lower
connectivity with right dlPFC seed in the at-risk compared to the control group. G) A region in the subgenual ACC that showed lower connectivity with left dlPFC seed
in the at-risk compared to the control group. H) A region in the right inferior frontal gyrus (IFG) that showed lower connectivity with right amygdala seed in the at-
risk compared to the control group.

Fig. 2. Emotional face matching task
activations (previously published in
Chai et al., 2015). Top panel: Brain
areas with higher activations for fearful
faces compared to neutral faces in at-
risk group compared to controls. a,
amygdala; b, superior temporal gyrus;
c, anterior prefrontal cortex (BA10); d,
posterior cingulate cortex; Bottom
panel: Brain areas with higher activa-
tions for happy faces compared to
neutral faces. a, anterior cingulate
cortex, b, supramarginal gyrus, c, su-
perior prefrontal gyrus.
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mania, dysthymia, and psychosis modules from the Structured
Interview for DSM-IV (First et al., 1995) and those about the child used
the depression, mania, dysthymia, and psychosis modules from the
Schedule of Affective Disorders and Schizophrenia for School-Aged
Children–Epidemiological Version for DSM-IV (K-SADS-E;
Orvaschel, 1994). Both at-risk and control-group participants under-
went diagnostic interviews at baseline to determine risk status.

Follow-up. At the follow-up, the child and one parent completed the
K-SADS-E to report on the child's current or history of psychopathology
since the baseline assessment. The assessor was a different interviewer
from the baseline interviews that was blind to risk status. The same
interviewer administered the K-SADS-E first to the parent and then to
the youth, and then created summary ratings. Currently, no consensus
exists about how best to integrate discrepant information from multiple
informants, despite the fact that parents and children often disagree in
their reports of the child's symptoms (e.g., Braaten et al., 2001;
Cantwell, Lewinsohn, Rohde, & Seeley, 1997; Jensen et al., 1999). To
maintain fidelity to the K-SADS-E, we used the interviewer's summary
ratings based on his/her ‘best-estimate’ clinical judgment from inter-
viewing both parent and child. The K-SADS-E diagnostic interviews
have good inter-rater and retest reliability (Orvaschel, 1994). An ad-
vanced post-doctoral psychology fellow (BGS) conducted all pro-
spective interviews. He had extensive experience interviewing adoles-
cents and parents with semi-structured diagnostic interviews, and was
trained on reliability on the K-SADS-E with a perfect diagnostic relia-
bility (Κ = 1.00, p < .001) and high item level correlation (ICC = 0.88,
p < .001). In addition, all diagnostic decisions were reviewed with a
senior child and adolescent psychologist (DRHB) who had expertise
reliably administering, training, and supervising interviewers on the K-
SADS-E.

2.2.2. Symptom questionnaires
Parent report. To assess current behavioral and emotional symp-

toms in the children, we asked parents to complete the Child Behavior
Checklist (CBCL) (Achenbach and Rescorla, 2001) about all children.
The CBCL includes a total problems score, as well as scores reflecting
internalizing (affective and anxiety) and externalizing symptoms (at-
tentional problems and disruptive behavior). We utilized the inter-
nalizing symptoms score to assess parent report of youth symptoms.
This measure was completed at baseline and the prospective assessment
with a T score above 63 on the internalizing scores considered in
clinical range.

Self-report. To assess current depressive symptoms by self-report,
we administered the Child Depression Inventory (CDI) (Kovacs, 1985)
to all children. This is a 27-item self-report questionnaire that measures
total depression, and five factors: negative mood, interpersonal

problems, ineffectiveness, anhedonia, and negative self-esteem. This
measure was completed at baseline and the prospective assessment with
a T score above 65 considered above the clinical cutoff.

2.2.3. Imaging procedure
At baseline, participants underwent fMRI scans. Data were acquired

on a 3T TrioTim Siemens scanner using a 32-channel head coil. T1-
weighted anatomical images (256 × 256 voxels, 1 × 1.3 mm in-plane
resolution, 1.3-mm slice thickness) were acquired. After the anatomical
scan, participants underwent a resting fMRI scan in which participants
were instructed to keep their eyes open and the screen was blanked.
The resting scan lasted 6.2 min (67 slices 2 × 2 × 2 mm voxels, re-
petition time = 6 s, slice thickness = 2 mm). Functional MRI images
were obtained in 3-mm-thick transverse slices, covering the entire brain
(interleaved EPI sequence, repetition time =2 s, 3 × 3 × 3 mm
voxels). See Chai et al. (2015, 2016) for more details.

Resting state functional connectivity. Functional connectivity
analysis was performed using a seed driven approach with in-house,
custom software CONN (Chai et al., 2012; Whitfield-Gabrieli and Nieto-
Castanon, 2012). We performed resting state connectivity analysis from
the DMN seeds (mPFC, PCC), cognitive control network seeds (left and
right dlPFC), and left and right amygdala seeds (Table 2). The DMN and
dlPFC seeds were defined as 6-mm spheres around peak coordinates
from Fair et al. (2009). The amygdala seeds were defined from the WFU
Pick Atlas (Maldjian et al., 2003).

First-level correlation maps were produced by computing Pearson
correlation coefficients between the average time course of the voxels
in the seed and the time course of all other voxels in the brain. DMN
connectivity was calculated from the averages of the time series from
mPFC and PCC seeds (Fox et al., 2005; Whitfield-Gabrieli et al., 2009),
given their similar connectivity patterns. First-level connectivity maps
for each participant were entered into a between-group t test to de-
termine connectivity differences for each seed between groups. See
Chai et al. (2016) for details.

Connectivity values that differentiated between the high- and low-
risk groups (Fig. 1; Table 2) (reported in Chai et al., 2016) were used in
the present analysis to predict the onset of depression.

Functional activation: face-match task. Participants completed a
simple perceptual matching task, during fMRI scanning. Participants
viewed a trio of images including faces with fearful, happy and neutral
expressions on the screen and were asked to select one of the two
images on the bottom that was identical to the target image (on the
top). Standard functional image preprocessing analysis were done using
SPM8 (http://www.fil.ion.ucl.ac.uk/spm/). We had examined two
contrasts of interest: Fearful Faces > Neutral Faces and Happy Faces >
Neutral Faces and compared the activation differences between the

Table 1
Demographic and clinical differences at follow-up.

Measure At risk (N = 28) Controls (N = 16) Statistic
n,% n,% Fisher exact, p

Sex (male) 16, 57.14% 8, 50% p = .442
Racea p = .080
European–American 23, 82.1% 7, 46.6%
African–American 1, 3.5% 1, 6.6%
Asian–American 0, 0% 2, 13.3%
Latino–American 0,0% 1, 6.6%
Biracial 4, 14.3% 4, 26.6%

Mean, SD Mean, SD Mann–Whitney, z, p

Age (years) 14.64 (1.42) 13.75 (2.49) z = −1.627, p = .104
Follow-up interval (years) 3.95 (0.31) 3.71 (0.48) z = −2.45, p = .0142
CBCL internalizing T-Scoreb 48.15 (12.07) 44.5 (7.52) z = −0.97, p = .33
CDI total depression T-Score 51.04 (11.66) 48.38 (8.38) z = −56, p = .57

a One values were missing.
b One value was missing.
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low-risk and high-risk group. See Chai et al. (2015) for details.
Regions that showed differences in activation levels between the

high- and low- risk groups (reported in Chai et al., 2015; Table 2; Fig. 2)
were used in the present analysis to predict depression. In addition, to
reflect overarching differences in activation levels two variables, total
voxels activated to Fearful versus Neutral faces and total voxels acti-
vated to Happy versus Neutral faces were also used in the present
analysis.

Structural analysis. Anatomical images were processed in FreeSurfer
v5.0 (Dale et al., 1999). We focused on volumes of the left and right
amygdala, given previous reports on abnormal amygdala volume in MDD
(Frodl et al., 2003; Hastings et al., 2004; MacMaster et al., 2008). Re-
lative amygdala volume was calculated by dividing raw amygdala by
total cranial volume in each participant (Chai et al., 2015). Compared to
the control group, the at-risk group had a smaller right amygdala volume
(adjusted by total brain volume) (t(53) = 3.05, p = .003). The left
amygdala volume (adjusted) was marginally lower in the at-risk group
compared to control group (p = .06) (Chai et al., 2015).

2.2.4. Data analysis
To determine whether the neural variables that differentiated the at-

risk and comparison youth at baseline would predict the onset of MDD
at any point during the interval since the scan, or acutely increased
depression symptoms at the time of follow-up, we conducted stepwise
logistic and linear regressions, respectively. As predictors, we used the
following variables which had previously been found to differentiate
risk status (Chai et al, 2015, 2016) (see Table 2): 1) Resting State
Functional Connectivity variables (e.g., DMN, ldLPFC, rdLPFC, R
amygdala connectivity); 2) fMRI Functional Activation differences in-
cluding responses to Fearful vs. Neutral Faces and responses to Happy

vs. Neutral faces; and 3) Structural variables that included two differ-
ences (i.e. Left and Right Amygdala Volume). Because we had more
potential covariates than subjects, it was necessary to reduce the
number of covariates considered in predictive models. We selected five
covariates using leaps-and-bounds subset selection with canonical cor-
relation as the selection criterion. We determined the size of subsets to
be considered based on a simulation of the permutation distribution
under the null hypothesis. We considered covariates which appeared
most often in the best 30 subset of 5 in order to reduce the risk of
overfitting. The dependent variables included 1) the diagnosis of MDD
at any point during the assessment interval, and 2) change in current
self- and parent-reported depression symptoms (CDI and CBCL Inter-
nalizing subscale; respectively) from baseline to follow-up. We con-
ducted separate analyses for functional connectivity, functional acti-
vation, and structural differences for each dependent variable. These
were run for the onset of MDD and symptom change separately because
participants may have had an onset of MDD at some point during the
interval but not been currently depressed at the follow-up visit. In ad-
dition, because risk status (presence or absence of parental history of
depression) is a known risk factor for onset of MDD and depressive
symptoms, we covaried risk status (1 - at risk; 0 - control) in all analyses
in the first step. This allowed us to determine whether the neural
variables distinguishing the groups at baseline added to the ability to
predict depression onset beyond that afforded by risk status alone. Data
reduction was performed using R (version 3.1) and the subset selection
library "subselect" (Cerdeira et al., 2015; R Core Team, 2016).

3. Results

The participants that were re-assessed (N = 44) did not differ from

Table 2
Baseline neural variables that differentiated at-risk from control children.

Functional activation variables

1 Fear versus Neutral Activation - MTL/amygdala
2 Fear versus Neutral Activation - PCC
3 Fear versus neutral activation - right insula STG
4 Happy versus neutral activation - dorsal ACC
5 Happy versus neutral activation - right BA9 dlPFC
6 Happy versus neutral activation - right temporal pole
7 Happy versus neutral activation - left BA40
8 Fearful versus neutral - total voxel activation
9 Happy versus neutral - total voxel activation

Functional connectivity variables

1 DMN subgenual ACC
2 DMN right supramarginal
3 DMN precuneus
4 Left dlPFC superior frontal
5 Left dlFC right inferior temporal
6 Left dlPFC lingual
7 Left dlPFC inferior temporal
8 Left dlPFC left cerebellum
9 Left dlPFC subgenual ACC
10 Left dlPFC medial frontal gyrus
11 Right dlPFC right superior frontal gyrus
12 Right dlPFC right BA46
13 Right dlPFC right BA40
14 Right dlPFC left middle orbital frontal gyrus
15 Right amygdala right IFG
16 Right amygdala supramarginal STG
17 Right amygdala right supramarginal

Structural variables

1 Left amygdala
2 Right amygdala

Note: DMN, default mode network; dlPFC, dorsolateral prefrontal cortex; ACC, anterior cingulate cortex;
BA, Brodmann area; IFG, inferior frontal gyrus; STG, superior temporal gyrus
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the original sample (N = 59) on gender (F = 0.51, p = .48), self-
reported (CDI) depressive symptoms (t = 1.50, p = .14), or parent
reported (CBCL Internalizing) depressive symptoms (t = 1.57,
p = 1.12) at baseline. At baseline, no participants had a history of
MDD. At the follow-up assessment 39% of the at-risk youth (11/28) and
6% of the control youth (1/16) had developed at least one episode of
MDD in the interval since being scanned. These were mainly diagnoses
that had occurred during the follow-up interval and resolved. At the
time of the follow-up, only two participants met criteria for current
MDD based on the KSADS. Similarly, only four participants had CDI
total scaled score above 65 and only 3 had a CBCL Internalizing scaled
score above 63 (Table 1). Age, gender, race, income, and time between
the baseline scan and follow-up assessment was not significantly asso-
ciated with the development of MDD (ps > 0.05) or symptoms at the
follow-up assessment based on self or parent report (ps > 0.05).

3.1. Resting state functional connectivity

Due to the limited sample size affording limited power to test
multiple variables, we chose to reduce the number of resting state
neural variables. We determined optimal subsets of these variables by
selecting subsets most highly correlated with omitted variables. We did
this by using leaps-and-bounds subset selection for high- and low-risk
subjects combined, with canonical correlation as the criterion (Cadima
and Jolliffe, 2001; Silva, 2001, 2002). We compared the maximum
canonical correlation as a function of subset size with the upper 95%
confidence limit of this quantity as determined by simulation of the
permutation distribution under the null hypothesis of no correlation. A
subset of size five was the smallest value for which the maximum ca-
nonical correlation was greater than this upper confidence limit. Sev-
eral overlapping subsets had values of the criterion near the maximum
value. In order to reduce the risk of overfitting, we considered the 30
subsets with the highest correlation values, instead of simply selecting a
single “optimal” subset. Among the best 30 subsets of five variables
determined in this way we chose five covariates that appeared most
frequently. We included these variables in a stepwise logistic regression
analysis with follow-up depression as response. Finally, we used this
model to predict depression, and calculated the sensitivity and speci-
ficity.

As discussed above, the subset cardinality of five was selected by
simulation. The five connectivity values that best predicted the other 17
resting state neural variables in order of decreasing canonical correla-
tion were: (1) DMN - supramarginal connectivity, (2) Right dlPFC seed -
RBA46 connectivity, (3) Left dlPFC - medial frontal gyrus connectivity,
(4) Left dlPDF - inferior temporal gyrus connectivity, (5) Right dlPFC -
BA40 connectivity. The first two values were the most highly correlated
with the 17 others. Stepwise logistic regression was used in order to
select predictive models for depression and change in depressive
symptoms. These models were constrained to include risk as a cov-
ariate. The optimal predictive models were selected using Akaike's
Information Criterion (AIC).

MDD outcome: The model including all five variables significantly
predicted MDD outcome (χ2 = 16.60, p = .011) with a 55% sensitivity
(5/9) and 86% selectivity (19/22). When including the most re-
presentative two factors (DMN - supramarginal connectivity and dlPFC
- BA46 connectivity) the model improved to significantly predict MDD
outcome (χ2 = 13.73, p = .003) with a 67% sensitivity (6/9) and 82%
selectivity (18/22).

Self-reported symptom change: The model with the most re-
presentative 5 (F = 1.47, p = .23) and the most representative 2
(F = 0.34, p = .79) did not significantly predict change in self-reported
depressive symptoms.

Parent-reported symptom change: The model including all 5 con-
nectivity variables (F = 1.82, p = .14) and the top 2 connectivity
variables (F = 0.60, p = .62) did not significantly predict change in
parent-reported internalizing symptoms.

3.2. Functional activation: fMRI face task

We conducted stepwise logistic regression predicting MDD out-
comes, including risk as a covariate in the first step. In addition, we
conducted stepwise linear regression models predicting change in self-
reported depressive (CDI) and parent-reported internalizing (CBCL)
symptoms. We ran separate models for activation in response to fearful
and happy faces as we expected them to be associated with depression
in the opposite direction based on previous findings (Chai et al., 2015).
Four separate models were run with the 1) Fear versus Neutral variables
(AMY, PCC, AI), 2) Happy versus Neutral variables (dACC, dlPFC, TP,
BA40), 3) total voxels in response to fear versus neutral, and 4) the total
voxels in response to happy versus neutral faces.

MDD outcome: The Fear versus Neutral face variables (χ2 = 1.17,
p = .76) and the Happy versus Neutral face (χ2 = 6.11, p = .19)
variables were not significant in predicting MDD. The total voxels in
response to fearful versus neutral faces (χ2 = 0.08, p = .78) and the
total voxels in response to happy versus neutral faces (χ2 = 2.03,
p = .15) also did not significantly predict MDD outcome.

Self-reported symptom change: The Fear versus Neutral (F = 0.55,
p = .70) and Happy versus Neutral (F = 0.96, p = .45) regression
models did not significantly predict changes in self-reported depressive
symptoms. However, the higher fearful versus neutral total voxels
scores predicted greater reduction in depressive symptoms (β = −0.45,
t = 3.01, p = .005) and higher happy versus neutral total voxels sig-
nificantly predicted greater reductions in depressive symptoms
(β = −0.35, t = 2.28, p = .028).3

Parent-reported symptom change: The model based on the Fear
versus Neutral did not (F = 0.65, p = .63) predict change in parent-
reported symptoms. However, the model with Happy versus Neutral
variables was significant (F = 2.73, p = .035). Within this model,
Happy versus Neutral Temporal Pole predicted greater reductions in
parent-reported internalizing symptoms (β = −0.44, t = 2.22,
p = .03) whereas BA 40 predicted greater increases in symptoms
(β = 0.65, t = 2.23, p = .03). The total voxels in response to fearful
versus neutral faces (F = 2.08, p = .14) and total voxels in response to
happy versus neutral faces (F = 2.04, p = .14) did not significantly
predict changes in parent reported depressive symptoms.

3.3. Structural variables methods and results

We conducted logistic regression predicting MDD outcomes and
linear regression predicting symptom outcomes. These models were run
individually due to the likely high levels of correlation between the Left
and Right Amygdala Volume. Neither of the variables significantly
predicted MDD outcome (χ2 = 0.20, p = 0.65; χ2 = 0.49, p = .48,
respectively), self-reported symptom change (F = 3.31, p = .07;
F = 0.71, p = .41, respectively), or parent-reported symptom change
(F = 1.47, p = .23; F = 1.84, p = .18, respectively).

4. Discussion

Our findings confirm that resting state connectivity differences that
differentiated children at high- and low-risk for depression at ages 8–14
predicted onset of MDD three to four years later. To our knowledge this
is the first investigation that has found functional brain biomarkers
associated with risk for depression that prospectively predict onset of
depression during adolescence. This study extended our previous in-
vestigation that found neural correlates of risk for depression based on

3 Sensitivity analysis was conducted to exclude participants who had the
onset of MDD in the interval to account for the possibility of residual symptoms
of a depression episode. Both outcomes remained significant when excluding
these participants (happy total voxels: t = 2.25, p = .033; fearful total voxels:
t = 2.81, p = .009).
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familial depression status (Chai et al., 2015, 2016) to indicate that
premorbid differences may be biomarkers of risk later in life.

Increased intrinsic functional connectivity between DMN and su-
pramarginal gyrus, a region in CCN, and decreased connectivity within
the CCN (between left and right dlPFC) found to differentiate at-risk
children from controls in our previous study (Chai et al., 2016) were
also associated with the onset of MDD. These findings are consistent
with prior work indicating the hyper-connectivity of the DMN and
hypo-connectivity of the CCN being associated with depression
(Kaiser et al., 2015). Similarly, decreased connectivity within the CCN
regions has been shown to be correlated with depression in adults and
adolescents (Ye et al., 2012; Clasen et al., 2014). The DMN has been
shown to be associated with ruminative and self-referential thinking
that is endemic to depression (Hamilton et al., 2015; Whitfield-Gabrielli
et al., 2011). Studies that indicate the dlPFC is less efficient in de-
pression (Hooley et al., 2005) have been associated with poorer cog-
nitive control and emotion regulation (Gotlib and Hamilton, 2008).
Together, the increased connectivity in regions associated with negative
self-referential thinking and decreased connectivity in regions asso-
ciated with the cognitive control of emotions indicate an imbalance in
neural networks that place individuals at developmental risk for de-
pression (Alexopoulos et al., 2012). This imbalance has been con-
sistently associated with depression and risk for depression. The current
findings now suggest that these are pre-morbid risk factors.

A prospective association between change in self-reported depres-
sive symptoms and baseline functional activation to emotional versus
neutral faces was also supported. This result suggests that children with
greater response to emotional versus neutral stimuli at baseline were
less likely to report an increase in depressive symptoms 3–4 years later.
This result ran partially counter to previous reports finding that hy-
peractivation to fearful faces and hypoactivation to happy faces was
associated with MDD (Miller et al., 2015). Current symptoms could
represent residual symptoms in children who had had episodes in the
intervening years or could represent sub-clinical increases in depressive
symptomatology that could affect functioning in their own right or
increase risk for future disorder. However, these findings remained
significant when excluding participants who had an intervening de-
pressive onset suggesting that this association may not be due to re-
sidual symptoms. One possible explanation is that whereas the func-
tional connectivity differences we observed between the high- and low-
risk children represented vulnerability factors for the development of
depression, the differences in activation to emotional faces represented
protective factors, as the children who showed greater activation to
emotional faces of either valence at baseline were less likely to develop
an increase in depressive symptoms.

A prospective association between change in parent-reported in-
ternalizing symptoms and baseline functional activation to happy
versus neutral faces was supported. However, an interpretation of these
findings is complex. Although the overall model was significant, within
the model the specific regions of activation predicted both greater in-
creases (Left BA40) and greater decreases (Right Temporal Pole) in
symptoms. Although at-risk youth showed hypo-activation to happy
versus neutral faces compared to control youth, it remains unclear
whether differences in activation to happy faces represents a vulner-
ability or protective factor which may depend on the specific regions of
interest. A complete understanding of these functional differences will
require additional research with larger samples.

Contrary to expectations, many neural variables that differentiated
children at high- and low-risk for depression at baseline were not found
to predict onset of MDD in adolescence. Our previous investigation
found that at-risk youth showed increased activation in the amygdala
and several cortical regions to fearful compared to neutral faces and
lower activation in several cortical to happy compared to neutral faces
(Chai et al., 2015). However, brain activations during fearful or happy
faces viewing did not predict the onset of depression, instead, they were
associated with reduction in current symptom scores. Although

functional activation differences have been frequently found to differ-
entiate those with and without MDD (Sheline et al., 2001; Gotlib et al.,
2005), the current findings did not support these differences as pre-
dictors of depression onset in adolescence. Further investigation in
larger samples with longer follow-up time is needed to make firm
conclusions about whether these brain functional and structural dif-
ferences will confer risk for depression in individuals with and without
familial risk for depression.

Our previous investigation found smaller amygdala volume in at-
risk children compared to controls (Chai et al., 2015) which was con-
sistent with previous studies in adults (Drevets et al., 1997; Hamilton
et al., 2008). However, the current study failed to find structural dif-
ferences in the amygdala as predictors of the onset of MDD or changes
in symptoms. Findings of structural differences between those with and
without MDD have been mixed, due to the suggestion the medication
status may influence outcomes (Sacher et al., 2012). We limited ana-
lysis in the current study to our previously reported structural differ-
ences (Chai et al., 2015) which limited the examination of other pos-
sibly important structural abnormalities. Recent investigations have
shown that cortical thickness may be another candidate that differ-
entiates those at high familial risk from those at low risk that may be a
predictor of depression onset (Foland-Ross et al., 2015). Therefore,
further studies are needed to determine whether structural abnormal-
ities represent potential markers of risk in depression.

Strengths of our study include the prospective, longitudinal design
that followed a well-characterized high- and low-risk sample from late
childhood to adolescence, bridging a period of known increase in rates
of onset of MDD, as well as state-of-the art neuroimaging, diagnostic
assessment and data analytic methods. This design allowed for direct
evidence that functional and structural brain differences observed
during a euthymic state could confer risk for depression. Further, the
study only examined a priori regions of interest that differentiated the
at-risk youth from low-risk controls. While focusing on a priori regions
of interest provides a conservative estimate of regions that may indicate
vulnerability, it may also be too stringent to find markers of risk.
Although the expected proportion of youth developed MDD, the sample
size of this study was modest, which limited our power to detect out-
comes. We attempted to reduce the number of models tested and
variables included in the model to account for the limited sample,
however, these findings should be considered preliminary given the
number of participants followed. In addition, our follow-up did not
extend over the full period of risk for onset of MDD, so some youths
might still develop this disorder. However, even with the modest
sample size and limited follow-up period, we did find some significant
predictors of MDD and symptomatology. These promising results sug-
gest that further study, in larger prospective studies over longer inter-
vals is warranted.

Our findings provide preliminary evidence that altered functional
connectivity in unaffected high-risk children compared to low-risk
children represent a neurobiological risk factor for major depression. A
growing body of research suggests that psychosocial interventions to
prevent onset of depression in youths at risk show promise (Merry et al.,
2012; Hetrick et al.,2016). If supported in future studies, our findings
could inform targeted interventions to prevent the onset of this chronic
and debilitating disorder.
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