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Abstract
Children growing up in poverty are vulnerable to negative changes in the developing brain; however, these outcomes
vary widely. We tested the hypothesis that receipt of supportive parenting would offset the association between living
in poverty during adolescence and the connectivity of neural networks that support cognition and emotion regulation
during young adulthood. In a sample of African American youths (N = 119) living in the rural South, poverty status and
receipt of supportive parenting were assessed when youths were 11 to 13 and 16 to 18 years old. At age 25, restingstate functional connectivity of the central-executive and emotion-regulation neural networks was assessed using
functional MRI. The results revealed that more years spent living in poverty presaged less connectivity in both neural
networks among young adults who received low levels of supportive parenting but not among those who received
high levels of such parenting.
Keywords
adolescent development, environmental effects, minority groups, neural networks, poverty
Received 4/19/18; Revision accepted 3/1/19

In the United States, 20% of children live in poverty and
another 20% live near the poverty line. For all children,
exposure to poverty forecasts developmental trajectories
of physical health, mental health, cognitive development, and educational attainment throughout life. Prominent among these are inverse relationships between
poverty and regulation of cognition, emotion, and
behavior (Blair & Raver, 2012; Farah et al., 2006; Mani,
Mullainathan, Shafir, & Zhao, 2013). As interest in the
effects of poverty has surged among pediatric and public health researchers, a parallel literature has developed
in which scientists have theorized that growing up in
poverty, where stressors are common and resources are
scarce, affects brain development.

The first generation of this research has found
consistent associations between growing up in lowsocioeconomic-status (SES) circumstances and reductions in gray-matter volumes in children’s developing
frontal-temporal networks, which are associated with
emotional, social, and regulatory processing ( Johnson,
Riis, & Noble, 2016). In addition to conferring risk for
structural metrics of brain development, growing up in
low-SES circumstances may disrupt brain function in
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individual regions. Studies have shown, for example, that
adults who grew up in such circumstances displayed
large amygdala responses and low activation in both the
ventrolateral and dorsolateral prefrontal cortex during
an emotion-regulation task, even after adjusting for current income (Kim et al., 2013). Similar findings for brain
function have been shown in neural regions that process
primary and secondary rewards but only among adults
reared in low-SES circumstances (Gianaros et al., 2011).
Together, these findings suggest that growing up in lowSES circumstances may confer lasting effects on brain
structure and function in regions subserving executive
control, emotional processing, and regulation.
Although prior research has focused on individual
brain regions affected by living in disadvantaged circumstances, relatively little research has been conducted on the networked interaction of multiple brain
regions, which this article addresses. Recognition is
growing that higher-order cognitive and emotional
functions rely on networks of distributed regions rather
than on single regions in isolation (Gordon et al., 2018).
Recent insights about the brain’s intrinsic activity have
been instrumental in identifying large-scale neural networks. Intrinsic activity refers to the spontaneous neural
states that occur when a person is not engaged in a task.
This resting-state activity is coordinated by a set of largescale functional networks, each of which is composed
of anatomically distributed nodes that display correlated
patterns of activity (Raichle, 2015). This phenomenon
is called resting-state functional connectivity (rsFC). The
degree of rsFC is a temporally stable individual characteristic that reflects person-to-person variation in both
the anatomical structure and functional history of a
network, that is, how often the nodes are coactivated
(Gratton, Sun, & Petersen, 2018). By late childhood,
individual differences in rsFC are apparent (Grayson &
Fair, 2017). This study examined the ways in which
exposure to poverty across adolescence, a time of
increased neural plasticity and reorganization (Casey,
Galván, & Hare, 2005) and of heightened sensitivity to
social influences such as parent–child relationships
(Blakemore & Mills, 2014; Knoll, Magis-Weinberg,
Speekenbrink, & Blakemore, 2015), are associated with
rsFC within the central-executive network (CEN) and
the emotion-regulation network (ERN) during young
adulthood. To our knowledge, no studies have examined this question, despite research showing that children from low-SES families are more vulnerable to
problems associated with executive functioning (e.g.,
academic achievement) and emotion regulation (e.g.,
anger and depression), which are supported by the CEN
and ERN, respectively (Blair & Raver, 2012).
The CEN is a frontoparietal network, anchored in the
dorsolateral prefrontal cortex and posterior parietal
cortex, particularly the middle frontal gyrus and inferior
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parietal lobe. The CEN is crucial to working memory
and to cognitive control of thought, emotion, and behavior (Sherman et al., 2014). It is related to the maintenance and manipulation of behavior in decision making
(Uddin, 2015), and the strength of the CEN’s withinnetwork connectivity is positively associated with IQ in
children, adolescents, and young adults (Langeslag
et al., 2013). Evidence suggests that young adults experiencing depression show hypoconnectivity within the
CEN, whereby connections among key brain regions are
weak or protracted in their development (Sacchet et al.,
2016). Complementing the CEN is the ERN, which is
anchored in the inferior gyrus, middle temporal gyrus,
and precentral gyrus. The ERN plays a role in dampening neural reactivity in limbic circuitry, including the
amygdala (Ochsner, Silvers, & Buhle, 2012). Impairments in emotion regulation and aberrant engagement
of the ERN contribute to psychological disorders such
as anxiety and major depression (Cisler, Olatunji,
Feldner, & Forsyth, 2010). Thus, the first purpose of this
study was to examine the hypothesis that greater exposure to poverty across adolescence would be associated
7 years later with less functional connectivity within the
CEN and ERN.
Not all children and adolescents who grow up in
poverty, however, experience these adverse consequences. Recent research suggests that a subset of
youths who receive supportive parenting develop resistance to the consequences of poverty and environments
associated with low SES. Studies show that parenting
that includes high levels of sensitivity and emotional
support, along with low levels of conflict, can offset
many of the psychosocial disadvantages that beset children and youths in poverty (Brody, Yu, & Beach, 2016).
Although supportive parenting during postnatal development sets the stage for future neural development
during childhood (Luby, Belden, Harms, Tillman, &
Barch, 2016) and adolescence (Bartholomeusz et al.,
2014; Whittle et al., 2017), little attention has been given
to the protective benefits of supportive parenting on
neural networks. Informed by research showing that
supportive parenting plays a significant role in the
development of processes related to the CEN and ERN,
such as executive control, cognitive self-regulation, and
emotion regulation (Deater-Deckard, 2014; Morris, Criss,
Silk, & Houltberg, 2017), we examined the hypothesis
that the cumulative number of years in which African
American adolescents lived in poverty would forecast
less connectivity within the CEN and ERN among young
adults who received low levels of supportive parenting
across adolescence but not among young adults who
received high levels of supportive parenting.
Finally, this study addressed three limitations in
human brain-imaging research. Little is known about
the role of chronicity of poverty on brain function.
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Poverty is typically treated as a one-time event, although
it actually varies over time in the lives of many children
and adolescents (Miller, Chen, Yu, & Brody, 2017). Second, the neuroscience literature is often imprecise
regarding the difference between living in poverty and
living in more general low-SES circumstances. What
constitutes low SES varies across studies and, typically,
very few participants live at or below governmentdefined poverty levels. Those participants who live in
poverty are more likely to be minorities, whereas participants higher on the SES gradient are White (for a
notable exception, see Evans & Schamberg, 2009).
Finally, the vast majority of developmental neuroscience research has involved White participants, with
minimal recruitment of African Americans and other
racial or ethnic groups. To address these shortcomings
as well as the study hypotheses, we analyzed data gathered from African American youths and their primary
caregivers who had taken part in a longitudinal study
that began when the youths were 11 years of age. When
youths were 11 to 13 and 16 to 17 years of age, data
were collected and used to calculate family poverty
status and supportive parenting; rsFC data were
obtained when the youths were 25 years of age to
determine within-CEN and within-ERN functional
connectivity.

age-19 subsample to take part in a neuroimaging session; financial constraints associated with imaging precluded inclusion of a larger sample.
All participants were screened to exclude standard
MRI research contraindications (e.g., claustrophobia,
pregnancy, ferrous metal implants) and left-handedness
prior to enrollment. Subsequent analyses excluded 28
participants because of excessive movement (i.e., models could not be fitted because of lack of degrees of
freedom resulting from volume exclusions due to intervolume movement greater than 0.2 mm or more than
25% of voxels were outliers; n = 23) and other technical
problems (n = 5). Thus, the final sample for the current
study was 91 (52% female; female coded as 0, male
coded as 1). Power analyses revealed that a sample size
of 91 would give a power of .80 to detect an effect size
of .09. Independent-samples t tests comparing participants who did and did not take part in the imaging
study at age 25 years revealed no differences at the
baseline assessment (age 11) based on sex, parental
education, income-to-needs ratio, poverty status, and
number of adults in the home. The University of Georgia
Institutional Review Board approved and monitored all
study procedures, and all participants provided written
informed consent.

Measures
Method
Participants
A total of 119 right-handed African Americans, age 25
years and living in rural environments, were recruited
from the sample of a larger longitudinal study (Brody
et al., 2013) to take part in a neuroimaging session. In
the original study, 667 families were recruited randomly
over 12 months from rural communities in Georgia
when the participants were 11 years of age (M = 11.2,
SD = 0.34). At the first assessment, the sample could be
characterized as working poor; primary caregivers
worked an average of 39.4 hr per week, yet 46.3% of
the sample lived below federal poverty standards.
When participants were 19 years of age, 500 of them
were randomly selected, because of funding constraints,
to participate in a collection of biological data. Equivalence analyses were executed using t tests for continuous variables and chi-square tests for categorical
variables. These analyses indicated that the random
subsample did not differ from the original sample on
family poverty status, single-parent status, family
income, parent age, parenting and parent–child relationship, parental depression, or children’s self-esteem
and self-control. The age-25 data collection included
119 of the participants randomly selected from the

Family poverty. When participants were 11 to 13 years
old and 16 to 17 years old, caregivers provided data on
their families’ income and size, which were used to compute families’ income-to-needs ratios (family income
divided by the poverty threshold for that family size
based on U.S. Census Bureau guidelines). Income-toneeds ratios of less than 1 were considered below the
poverty threshold and assigned a score of 1. Poverty status at each of the five waves of assessment was summed
to determine the number of years that youths lived in
poverty, according to federal guidelines (M = 1.89, SD =
1.64). This operationalization of poverty is widely used
and prospectively forecasts indicators of neurodevelopment, cognitive development, and emotion regulation
(Blair & Raver, 2012; Farah et al., 2006; Mani et al., 2013).
Supportive parenting. Supportive parenting received
by youths at 11 to 13 years old and 16 to 17 years old was
assessed with two scales that have been used extensively
with the target population. Each of these measures has
been used in longitudinal, epidemiological research and
longitudinal, randomized prevention trials with African
American parents. The scales were associated across time
with psychosocial variables (i.e., drug use, self-control,
conduct problems) and biomarkers of physical health
(Brody, 2016). The Supportive-Involved Parenting Scale
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(Brody et al., 2001) assessed encouragement, involvement, and communication. Cronbach’s alphas were .76 to
.84 across waves. An adapted version of the Ineffective
Arguing Inventory (Kurdek, 1994) was used to assess the
extent to which parents and adolescents resolved rather
than extended their conflicts. High scores indicated unresolved conflicts. Cronbach’s alphas were .75 to .79 across
waves. Both scales were averaged across the five assessment waves and standardized (r = –.60, p < .01). The Ineffective Arguing Inventory scores were subtracted from the
Supportive-Involved Parenting scores to describe parenting characterized by high levels of support and involvement and by low levels of unresolved conflict.
MRI acquisition. Imaging data were collected using a
GE Signa HDxt 3-Tesla scanner (GE Healthcare, Chicago,
IL) at the University of Georgia’s Bio-Imaging Research
Center. Structural imaging consisted of a high-resolution
T1-weighted, fast-spoiled gradient-echo scan (repetition time = 7.8 ms, echo time = 3.1 ms, flip angle = 20°,
field of view = 25.6 cm, matrix = 256 × 256, 160 contiguous 1-mm axial slices, voxel size = 1 mm3). Whole-brain
functional images were acquired using T2* echo-planar
imaging with a single-shot gradient-echo pulse sequence
(repetition time = 2,000 ms, echo time = 25 ms, flip angle =
90°, field of view = 225 × 225 mm, matrix = 64 × 64, 38
contiguous 3.5-mm axial slices, voxel size = 3.5 mm3).
The resting-state paradigm consisted of two 4-min imaging runs of 120 brain volumes each. Participants were
instructed to keep their eyes open, look at a fixation
cross, and allow their minds to wander freely.

Image analysis
Image processing. We preprocessed fMRI data using
Analysis of Functional Neuroimages (AFNI) software
(Cox, 1996). Functional data sets were despiked, slice
time shift corrected, and aligned to T1 data sets before
being warped into Montreal Neurological Institute standardized space. The first four volumes of each run were
removed to allow the scanner to reach steady state. Volumes with greater than 25% of voxels identified as outliers or intervolume movement greater than 0.2 mm along
any axis were censored. Data were spatially smoothed
using a 6-mm full-width half-maximum Gaussian filter
and masked to exclude voxels outside the brain. Bandpass filtering was applied to remove low and high frequency noise (0.009–0.08 Hz), and motion correction
was accomplished by including the six standard (demeaned) motion parameters and their temporal derivatives
as regressors of no interest. No additional nuisance regressors were included other than those described above.
Global signal regression, in particular, is controversial and
not recommended (Anderson et al., 2011; Murphy, Birn,
Handwerker, Jones, & Bandettini, 2009; Saad et al., 2012;
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for a review, see Power et al., 2014). Although some other
nuisance regressors such as white-matter signal may reduce
noise variance incrementally, censoring and the strict
framewise displacement threshold (0.2 mm) used in this
study improved data quality while limiting the degrees of
freedom lost in the regression model (Power et al., 2014).
Functional-connectivity analyses. Raw time-series
data for each voxel were de-meaned and converted to
percentage-signal-change scores to reduce variability
between scanner sessions. Region-of-interest (ROI) seed
data were then calculated as the average percentage signal
change for all voxels contained in a given region at each
time point (i.e., each volume acquisition). We quantified
rsFC using the correlation of the average time series in
each ROI with the average time series in all other voxels
of the other ROIs in the network over time using Pearson’s rs. To accomplish this, we converted r values to z
scores using Fisher’s r-to-z transformation and averaged
them per ROI. Finally, the z scores of all possible connections were averaged to compute a final value reflecting
the connectivity of all possible nodes of the network. For
the CEN, the ROIs were selected a priori using left and
right CENs that Shirer, Ryali, Rykhlevskaia, Menon, and
Greicius (2012) created. For the ERN, ROIs were selected
a priori from an activation-likelihood-estimation metaanalysis by Kohn et al. (2014), who identified an ERN
across 23 studies and 479 participants. For each ROI, a
5-mm sphere was placed around the coordinates at the
center of mass. Table 1 presents the coordinates and
labels for each ROI, and Figure 1 presents axial and sagittal views of the ROIs for the CEN and ERN networks.

Results
We tested the hypothesis that supportive parenting
would ameliorate the association of years exposed to
family poverty during adolescence with CEN and ERN
rsFC. Hierarchical multiple regression analyses were
conducted and included main effects of family poverty,
supportive parenting, and the interaction of family poverty and supportive parenting on rsFC. Sex was statistically controlled in all models. Interactions were
interpreted by plotting the estimated levels of CEN and
ERN rsFC by years in poverty and levels of supportive
parenting (low = 1 SD below the mean, high = 1 SD
above the mean). The results of these analyses are
presented in Table 2. A main effect emerged for family
poverty on ERN rsFC, and an interaction effect emerged
between family poverty and supportive parenting on
both CEN rsFC, F(1, 86) = 9.421, p = .003, ΔR2 = .094,
and ERN rsFC, F(1, 86) = 3.981, p = .049, ΔR2 = .040.
These interactions are depicted in Figures 2a and 2b.
Simple-slopes analyses indicated that more time living
in poverty across adolescence, from ages 11 to 17 years,
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Table 1. Regions of Interest in the Central-Executive and
Emotion-Regulation Networks
Region

MNI coordinates (x, y, z)

1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

Central-executive network
Left inferior parietal lobule
–42, –63, 46
Left middle frontal gyrus
–32, 23, 49
Left middle frontal gyrus
–40, 48, –01
Left middle temporal gyrus
–59, 42, 12
Left medial frontal gyrus
–07, 34, 43
Right middle frontal gyrus
38, 26, 42
Right inferior parietal lobule
48, –54, 47
Right middle frontal gyrus
38, 54, 01
Right caudate
13, 02, 14
Right medial frontal gyrus
06, 37, 46

1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

Emotion-regulation network
Left somatomotor area
–06,
Left inferior frontal gyrus
–42,
Left precentral gyrus
–44,
Left middle temporal gyrus
–58,
Left angular gyrus
–42,
Right somatomotor area
06,
Right inferior frontal gyrus
50,
Right precentral gyrus
48,
Right middle temporal gyrus
38,
Right angular gyrus
60,

14, 58
22, –06
10, 46
–38, –02
–60, 44
14, 58
30, –08
08, 48
22, 44
–54, 40

Note: For each region of interest (i.e., node) within a network, we
placed a 5-mm sphere around the center-of-mass coordinates for each
discrete cluster, separately within the left and right hemispheres. The
numbers in the Region column correspond to the nodes depicted
visually in Figure 1. MNI = Montreal Neurological Institute.

was associated with less CEN rsFC (b = −0.028, 95%
confidence interval, or CI = [–0.047, –0.010]; β = −0.390,
95% CI = [−0.645, −0.134]; p = .003) and less ERN rsFC
(b = −0.036, 95% CI = [–0.056, −0.015]; β = –0.436, 95%
CI = [−0.690, −0.182]; p = .001) among young adults
who experienced low levels of supportive parenting.
Poverty was not associated with rsFC of these networks
among participants who experienced high levels of supportive parenting (CEN rsFC: b = 0.015, 95% CI = [−0.007,
0.038]; β = 0.212, 95% CI = [−0.099, 0.522]; p = .179; and
ENR rsFC: b = −0.004, 95% CI = [−0.029, 0.021]; β =
–0.047, 95% CI = [−0.356, 0.262]; p = .762). Additional
analyses tested the association between participants’
current incomes at age 25 years and CEN and ERN rsFC.
No significant effects were detected, and none of the
findings changed when this association was included in
the models as a covariate.

Discussion
Adolescence is a period of increased neural plasticity
and reorganization (Casey et al., 2005) when neural
systems are particularly sensitive to social influences

(Blakemore & Mills, 2014; Knoll et al., 2015). This
increase in social salience may make adolescents’ neurodevelopment susceptible to both the stresses and
strains of living in poverty and the stress-buffering
effects of supportive parenting. Against this developmental backdrop, we tested a stress-buffering hypothesis that more years living in poverty across adolescence
would interact with receipt of supportive parenting to
forecast the rsFC in the CEN and ERN, large neural
networks that support cognitive processes affected by
poverty and critical for achievement, decision making,
affective control, and mental health (Grayson & Fair,
2017). The results indicated that supportive parenting
ameliorated the impact of living in poverty during adolescence on the rsFC in both the CEN and ERN years later,
during emerging adulthood. These results did not change
when personal income at age 25 years was included as
a covariate.
To the best of our knowledge, this is the first study
to present data on prospective associations between
living in poverty during adolescence and rsFC in large
neural networks and on the benefits of supportive parenting in buffering this process. Conceptually, these
results converge with parenting effects commonly
observed in animal models, wherein maternal caregiving tendencies exert lasting influences on offspring
physiology, particularly in the brain, endocrine, and
immune systems (Miller et al., 2011). The study is also
unique because (a) it is the first to include repeated
assessments across adolescence of youths’ poverty status and concurrent assessments of supportive parenting
and (b) the sample was composed of African American
youths, a group that has been underrepresented in neuroscience research.
These findings raise the following question: How
does supportive parenting lead young people who grow
up in poverty to display particular patterns of neurodevelopment? How this occurs is explicable theoretically
in terms of straightforward socialization and observational learning mechanisms. When parents engage in
supportive interactions with adolescents, they demonstrate cognitive control and problem-solving skills that
adolescents learn through observation and modeling
(Morris, Silk, Steinberg, Myers, & Robinson, 2007). This
could occur directly in the context of supportive transactions between parent and adolescent or indirectly as
the adolescent observes a parent interacting with other
people. To the extent that adolescents have multiple
opportunities over time to see planful solutions demonstrated, they will be more likely to approach problems with the belief that they can be solved with
deliberate, planful, and direct action and less likely to
cope with problems through avoidance or negative
emotions such as anger (Brody, 2016). Consistent with
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Central-Executive Network
Left

Right

Emotion-Regulation Network

Fig. 1. Axial (center) and left- and right-hemisphere sagittal views of regions of interest for the resting-state functional
connectivity networks. For each region of interest (i.e., node) within a network, we placed a 5-mm sphere around the
coordinates of peak activation for each discrete cluster, separately within the left- and right-hemisphere masks. The
numbers refer to regions of interest referenced in Table 1.

this formulation is research showing that parental modeling and encouragement of self-regulatory strategies
and skills, along with children’s use of them in their
everyday lives, presage adolescents’ self-regulation abilities, which the CEN and ERN support. This suggests that
adolescents pick up cues from their parents’ regulatory

abilities that are incorporated into their own everyday
behavior and into neuroregulatory systems that are at
least partially contextually determined (Shonkoff et al.,
2012; Telzer et al., 2014).
Conclusions drawn from the current study should be
viewed in light of some limitations. First, a weakness

Table 2. Family Poverty and Supportive Parenting as Predictors of Central-Executive and Emotion-Regulation Network
Resting-State Functional Connectivity (rsFC) at Age 25 Years
Central-executive network rsFC
Predictor
Sex (male)
Supportive
parenting
(ages 11–17
years)
Family poverty
(ages 11–17
years)
Supportive
Parenting ×
Family Poverty

Emotion-regulation network rsFC

b

95% CI

β

95% CI

b

95% CI

β

95% CI

0.022
0.007

[–0.025, 0.069]
[–0.006, 0.020]

0.094
0.107

[–0.106, 0.294]
[–0.096, 0.309]

0.013
0.009

[–0.040, 0.066]
[–0.006, 0.024]

0.049
0.121

[–0.150, 0.248]
[–0.080, 0.323]

–0.006

[–0.021, 0.009]

–0.089

[–0.296, 0.118]

–0.020

[–0.036, –0.003]

–0.242*

[–0.448, –0.036]

0.012

[0.004, 0.020]

[0.111, 0.518]

0.009

[0.000, 0.018]

0.203*

[0.001, 0.406]

Note: CI = confidence interval.
*p < .05. **p < .01.

0.314**
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a
Central-Executive Network
rsFC at Age 25

0.4

0.3

0.2

0.1

Low Supportive Parenting (b = –0.028, 95% CI = [–0.047, –0.010], p = .003)
High Supportive Parenting (b = 0.015, 95% CI = [–0.007, 0.038], p = .179)

0
0

1

2

3

4

5

Years in Poverty During Ages 11–17

b
Emotion-Regulation Network
rsFC at Age 25

0.4

0.3

0.2

0.1

Low Supportive Parenting (b = –0.036, 95% CI = [–0.056, –0.015], p = .001)
High Supportive Parenting (b = –0.004, 95% CI = [–0.029, 0.021], p = .762)

0
0

1

2

3

4

5

Years in Poverty During Ages 11–17
Fig. 2. Youths’ (a) central-executive network resting-state functional connectivity (rsFC) and (b) emotionregulation network rsFC as a function of number of years during adolescence spent in poverty and level of
supportive parenting. Regression lines are shown for low (1 SD below the mean) and high (1 SD above the
mean) levels of supportive parenting. Statistics in parentheses refer to simple-slopes analyses. CI = confidence
interval.

of the study is the one-time neuroimaging assessment.
A second neuroimaging assessment of the CEN and ERN
would have allowed us to address a rival reversecausality hypothesis for the study findings. This hypothesis suggests that what was observed in the present
study were the effects of traitlike individual differences
in youths (rsFC of the CEN and ERN) on the effects of
living in poverty and supportive family environments
rather than the reverse. A reverse-causation scenario
might be plausible here, although it would not parsimoniously explain the interaction that we observed. If
the rsFC of the CEN and ERN of the emerging adults
were affecting supportive family environments, why
would this be evident only among youths who spent

more of their adolescent years living in poverty and not
among their economically advantaged counterparts?
This study is also subject to omitted-variable biases
owing to the self-report assessments of income-toneeds ratios and supportive parenting. Despite the wellestablished predictive validity of these assessments,
self-reports could be a proxy for other processes such
as allelic variation and affective states that could also
be involved in the prediction of large neural networks.
A multiwave longitudinal study is needed that includes
multiple waves of neuroimaging, along with multimethod assessments of the study constructs, to address
these limitations. A study such as this could also help
answer questions we were unable to address here, such
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as the contributions of supportive parenting to continuity or change in neural networks when adolescents
grow up in rural poverty. Finally, it is not known
whether these findings would generalize to urban African American youths or to members of other racial or
ethnic groups. These limitations notwithstanding, the
present study demonstrated that receipt of supportive
parenting ameliorated the association between living
in poverty and the coherence of important neural networks for youths in challenging rural circumstances.
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