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Brain structural covariance norms capture the coordination of
neurodevelopmental programs between different brain regions.
We develop and apply anatomical imbalance mapping (AIM), a
method to measure and model individual deviations from these
norms, to provide a lifespan map of morphological integration in
the human cortex. In cross-sectional and longitudinal data, analy-
sis of whole-brain average anatomical imbalance reveals a repro-
ducible tightening of structural covariance by age 25 y, which
loosens after the seventh decade of life. Anatomical imbalance
change in development and in aging is greatest in the association
cortex and least in the sensorimotor cortex. Finally, we show that
interindividual variation in whole-brain average anatomical imbal-
ance is positively correlated with a marker of human prenatal
stress (birthweight disparity between monozygotic twins) and
negatively correlated with general cognitive ability. This work pro-
vides methods and empirical insights to advance our understand-
ing of coordinated anatomical organization of the human brain
and its interindividual variation.

cerebral cortex | development | lifespan

Across the cortical sheet, communities of brain regions covary
in morphological features such as cortical thickness or vol-

ume; this phenomenon is referred to as structural covariance (1).
Structural covariance can arise from morphological integration,
where the anatomy of different brain regions is shaped by shared
developmental processes. In particular, if the same develop-
mental program shapes the morphology of different brain re-
gions, we would expect those brain regions to covary across
individuals in a population where there is variation in that shared
developmental program (2). Consequently, the degree to which a
given individual deviates from population-level structural co-
variation in the brain could provide a powerful indicator of how
faithfully that individual has enacted the layered developmental
programs (3) that underpin human neuroanatomical variation.
However, although the study of individual deviations from ana-
tomical covariance norms has a long and successful history in
research on nonhuman animals (3)—particularly in the case of
deviations from bilateral symmetry (“fluctuating asymmetry”)
(4)—there has been a relative lag in their application to human
data. This gap is particularly striking given the increasingly rich
and spatiotemporally dense morphometric data sets provided by
modern magnetic resonance imaging (MRI) of the living human
brain (5). Here, to close this gap, we introduce and apply ana-
tomical imbalance mapping (AIM), a method that provides
person-level estimates of both global and interregional devia-
tions from structural covariation norms.
We use AIM to characterize spatiotemporal patterning of

anatomical imbalance in the human brain within a primary cross-
sectional neuroimaging data set of 185 structural MRI scans
from healthy youth aged 6 through 25 y and then replicate these

developmental findings in an overlapping sample of individuals
with longitudinal scans (648 scans from 399 participants).
Studying participants in this age range allows us to evaluate time-
varying anatomical imbalance and thereby delineate the inte-
gration of neurodevelopmental processes that are active in this
critical etiological time window for neuropsychiatric disease
(6–8). In particular, we seek to assess whether anatomical im-
balance is developmentally dynamic (i.e., whether individuals
change in their distance from population covariance over time).
To further assess the robustness and reproducibility of our
findings, we pursue a similar analysis in three independent de-
velopmental neuroimaging data sets. Next, to test for dynamism
of anatomical imbalance across the human lifespan, we extend
AIM to analyze three further data sets, which in combination
with our developmental data sets include scans from 21,711 in-
dividuals from 6 to 87 y of age. In particular—motivated by the
growing consensus that developmental and aging processes act
on shared neural substrates (9–11)—we use this expanded life-
span data set to ask whether and how developmental changes in
anatomical imbalance are “mirrored” in typical aging. Finally, to
address the notion that interindividual variation in anatomical
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imbalance may serve as a proxy for developmental instability
(12), we relate interindividual variation in anatomical imbalance
to independent measures of 1) developmental stress, as captured
by birthweight disparity between monozygotic twins, and 2) in-
telligence quotient (IQ), which has previously been associated
with fluctuating asymmetry (13).

Results
AIM takes advantage of well-characterized population-level
anatomical covariance within the human brain (1) to estimate
an individual’s deviation from norms of coordinated morpho-
logical development. A particularly well-studied aspect of
structural covariance is the phenomenon of interregional corre-
lations in thickness of the cerebral cortex. Patterns of cortical
thickness covariance in humans are highly reproducible and
heritable (14). These covariance patterns have also been linked
to variations in rates of anatomical change over development,
interregional coordination of brain activity and gene expression
(15–19), and interindividual variation in cognitive ability (20).
Furthermore, several neurodevelopmental and neurodegenera-
tive diseases are associated with disruptions of normative struc-
tural covariance (21–24). We therefore used interregional
cortical thickness covariances as the normative reference from
which to calculate individual-level interregional anatomical im-
balance scores (Fig. 1 and Materials and Methods).
To assess basic properties and replicability of AIM, we com-

puted anatomical imbalance in a core cross-sectional sample of
unrelated individuals (NIH Study of Healthy Brain Develop-
ment, n = 185). All scans had an average (left and right) Euler
number (a quantitative quality assessment metric) less than 217;
this threshold has been demonstrated to successfully identify
low-quality scans with high sensitivity (25). We calculated
structural covariance norms using regionwise cortical thickness
estimates that were residualized for age, sex, and Euler number.
Each individual was scored for their deviation from these norms
between all pairs of cortical regions (Fig. 1)—capturing their
anatomical imbalance for each region pair as compared to the
balancing of regional dimensions expected from population co-
variance norms. Any scan whose global average anatomical im-
balance (i.e., average across all pairs of regions) was further than
4 SDs from the cohort mean was excluded. We confirmed that

these quality control procedures effectively controlled for noise
due to subject motion and registration error (SI Appendix).
To visualize anatomical imbalance across the cortical sheet, we

collapsed pairwise interregional imbalance estimates into a
measure of average unsigned anatomical imbalance for each
brain region per person. A group-level average of these indi-
vidual maps revealed that the regions in the lowest 5% of ana-
tomical imbalance were the bilateral caudal middle frontal gyrus,
bilateral pars opercularis, bilateral pericalcarine gyrus, bilateral
postcentral gyrus, left supramarginal gyrus, right paracentral
gyrus, and right precentral gyrus (Fig. 1E). The regions in the
highest 5% of anatomical imbalance were the bilateral ento-
rhinal cortex, bilateral inferior temporal gyrus, bilateral para-
hippocampal gyrus, bilateral superior temporal gyrus, bilateral
frontal pole, bilateral temporal pole, right fusiform gyrus, and
right middle temporal gyrus (Fig. 1E). Regional variation in
mean anatomical imbalance was inversely related to regional
variation in mean structural covariance (SI Appendix, Fig. S1)
and highly reproducible between our primary NIH sample and
three independent cross-sectional samples: healthy controls from
the Autism Brain Imaging Data Exchange (ABIDE), n = 313;
Philadelphia Neurodevelopmental Cohort (PNC), n = 1168; and
NeuroScience in Psychiatry Network (NSPN), n = 291 (mean
intercohort correlations: r > 0.73 for mean imbalance across
brain regions, r > 0.66 for imbalance across region pairs). In
order to ensure comparability between the ABIDE data set and
the other developmental cohorts, we subset the ABIDE data set
to individuals under the age of 25, matching the age ceiling of the
other developmental cohorts. Structural covariance norms were
calculated separately for each data set.

Anatomical Imbalance Declines across Development. Cross-sectional
analysis within our primary NIH data set indicated that greater
age was associated with less global anatomical imbalance (i.e., a
lower person-wise mean of all interregional anatomical imbal-
ance estimates, Fig. 2A, r = −0.37, P < 0.001). We replicated this
linear decrease of global anatomical imbalance over develop-
ment in the PNC (Fig. 2A, r = −0.41, P < 0.001), ABIDE
(Fig. 2A, r = −0.35, P < 0.001) and NSPN (Fig. 2A, r = −0.17, P =
0.001) data sets We confirmed that the observed decline in
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Fig. 1. Workflow for AIM. (A) First, we estimate cortical thickness at k regions across the cortex in each subject, regressed for age, sex, and Euler number. (B)
We then create a linear model relating cortical thickness between pairs of regions and extract orthogonal residuals from those fits (examples shown in teal).
(C) This gives a symmetric k regions × k regions matrix for each individual, where values are orthogonal distance from covariance norms (i.e., anatomical
imbalance) for each pair of regions. (D) These anatomical imbalance estimates can be averaged across all pairs of regions (i.e., the upper or lower triangle of
matrices depicted in C) to give a summary estimate of anatomical imbalance per individual. (E) Anatomical imbalance estimates can also be averaged by
region, giving a cortical map of average anatomical imbalance, which is displayed here for the cross-sectional NIH data set.
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anatomical imbalance with age does not arise from changing
covariance structure over development (SI Appendix).
The rate of this developmental age-related decrease in ana-

tomical imbalance varied markedly across the cortical sheet
(Fig. 2B). The spatial patterning of age effects on anatomical
imbalance in the primary NIH data set was modestly reproduc-
ible in all three independent cross-sectional replication data sets
(Fig. 2B and SI Appendix, Fig. S2; correlation in regional age
effects: rNIH, PNC = 0.38, rNIH, ABIDE = 0.34, rNIH, NSPN = 0.15).
The observed spatial similarity between data sets in age effects
on anatomical imbalance was statistically significant relative to
empirical null distributions generated by random spatial rota-
tions of the NIH age effects map [pspin: NIH,PNC < 0.001,
pspin: NIH,ABIDE < 0.001, pspin: NIH,NSPN = 0.015, SI Appendix, Fig. S2
and Materials and Methods (6, 26)]. Of note, the effects of age on
both global and regional anatomical imbalance from cross-
sectional analyses in the NIH data set could be replicated using
longitudinally acquired scans that were available for an over-
lapping set of individuals (648 scans from 399 individuals, SI Ap-
pendix, Fig. S2). To synthesize the four cross-sectional age-effect
maps into a single consensus map, we performed a fixed-effects,
inverse-variance-weighted meta-analysis at each region (Fig. 2C).
A large proportion of regions show developmental decreases in
mean anatomical imbalance (140/308 regions showed statistically
significant decline of anatomical imbalance over development
after Bonferroni correction for multiple comparisons).
Taken together, these findings indicate that regional pattern-

ing of cortical thickness becomes less individualized over devel-
opment and that the rate of this convergence to population
norms varies in a highly reproducible manner across the cortical
sheet. In other words, we find that the human cortical sheet
shows a “tightening” of morphological integration between
childhood and adolescence, which proceeds at different rates for
different cortical regions.

Declining Anatomical Imbalance with Age Varies among Functional
Cortical Networks. Given the highly stereotyped regional pat-
terning of age effects on anatomical imbalance (Fig. 2), we next
asked whether regional differences in age-related anatomical
imbalance change over development are organized by known
functional properties of the cortical sheet. To answer this ques-
tion, we developed a simple framework for testing enrichment of
a continuous cortical map in discrete cortical parcels, where
enrichment is quantified as the proportion of brain-wide signal in
each network divided by the size of each network (Materials and
Methods). Using the meta-analytic developmental age effect map
(Fig. 2C), we computed the enrichment of age-related anatom-
ical imbalance over development change in each of the seven
canonical functional networks defined by Yeo, Krienen et al.
(27) (Fig. 3A) and compared these values against null distribu-
tions generated by spatially permuting the standardized effect
size map (rotationally) and recomputing enrichment 10,000
times. This procedure revealed that rapid developmental age-
related reductions in anatomical imbalance were significantly
greater than null expectation within the default mode (enrich-
ment = 1.2, P = 0.008) and limbic networks (enrichment = 1.6,
P < 0.001) and significantly less than null expectation in the
somatomotor network (enrichment = 0.73, P = 0.009) (Fig. 3B).
We additionally assessed and verified (Fig. 3D) that these
internetwork differences in anatomical imbalance reduction over
development could be explained by internetwork differences in
intercept from the same model (i.e., the theoretical “starting”
anatomical imbalance value). Thus, tightening of morphological
integration within the human cortex appears to vary in pace
between different functional networks: Lower-order systems al-
ready show strong morphological integration in early childhood,
with little subsequent developmental change, whereas the

A

B

C

Fig. 2. Anatomical imbalance declines across development. (A) Decline in
global anatomical imbalance across development in four developmental
data sets. Each point is a unique individual. (B) Cortical maps of imbalance
decline (quantified as the coefficient from a model regressing z-scored age
on z-scored average regional imbalance) for each data set. Spatial correla-
tions with NIH map: rNIH,PNC = 0.38, rNIH,ABIDE = 0.34, and rNIH, NSPN = 0.15. (C)
Cortical map of fixed effects, inverse variance weighted meta-analytic effect
sizes for the effect of age on regional anatomical imbalance, computed from
the four maps in B.
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process of morphological integration is more protracted in
higher-order systems.

Lifespan Analysis of Anatomical Imbalance Reveals Mirrored
Processes in Development and Aging. To extend our developmen-
tal findings into later ages, we implemented AIM in three ad-
ditional data sets: the Human Connectome Project (HCP; n =
448), the UK BioBank (UKB; n = 18,732), and the Cambridge
Center for Aging and Neuroscience repository (Cam-CAN; n =
516). Additionally, we made use of the full set of controls from
the ABIDE data set (n = 367, i.e., now including individuals over
25 y of age). We harmonized these data sets, as well as the other
developmental data sets (Fig. 2), using ComBAT (28) (Materials
and Methods). Spline modeling (Materials and Methods) across
the harmonized data set revealed a significant effect of age (F =
68, −log(p) = 111), such that global anatomical imbalance re-
duces rapidly over development, largely stabilizes in early
adulthood (after ∼25 y of age), and then increases sharply with
advancing age beyond the seventh decade of life (Fig. 4A). The
effect of age remained highly significant after including sex,
Euler number, and cohort as covariates (F = 50, −log(p) = 75).
We next modeled the relationship between age and average

anatomical imbalance in each adult data set separately. We
found no relationship between average imbalance and age in the
HCP data set (age range: 22 to 36 y, r = 0.02, P = 0.64). In the
UKB data set, we found a small but highly significant increase in
average imbalance with age (age range: 44 to 80 y, r =
0.07, −log(p) = 23)—reflecting the exceptionally large sample
size of this cohort. However, in the full Cam-CAN data set—
which notably extends into older age—we observed a significant
increase in average imbalance with age (r = 0.41, −log(p) = 22).
To assess the topography of aging effects, we subset the Cam-
CAN data set to individuals over the age of 50 (n = 269), as has
been done previously (29) (Fig. 4B). Comparison of the Cam-
CAN map of age-related AIM variation with the meta-analytic
developmental age-effect maps revealed a weak but statistically

significant anticorrelation between the regional patterning of
age-related anatomical imbalance variation in aging and in de-
velopment (Fig. 4C; r = −0.21, pspin = 0.020). This finding in-
dicates that the cortical territories with large anatomical
imbalance declines in development are more likely to experience
large anatomical imbalance increases in aging.

Anatomical Imbalance Is Associated with Functional Outcomes and Is
Sensitive to Developmental Stress. Having established that global
anatomical imbalance is highly dynamic in development and
aging and shows considerable interindividual variation, we next
sought to test whether this interindividual variation in anatomi-
cal imbalance was related to functional outcomes and develop-
mental stress. We first compared interindividual variation in
global anatomical imbalance to variation in general cognitive
ability (IQ) as an extensively studied functional outcome metric
which has been linked to prior morphological markers of de-
velopmental instability (30) and shows good psychometric
properties and predictive validity (31). In the core NIH sample
and two of our replication data sets that provided comparable IQ
measures, we identified a small but consistent negative correla-
tion between global anatomical imbalance (age- and sex-
normed) and IQ (Fig. 5A; NIH: r = −0.13, P = 0.096; ABIDE:
r = −0.15, P = 0.007; NSPN: r = −0.09, P = 0.119). We further
assessed and verified agreement between our results and a recent
meta-analysis of studies relating fluctuating asymmetry to IQ
(13) by meta-analyzing the anatomical imbalance/IQ relation-
ships across all these three data sets (Fig. 5B; meta-analytic
r = −0.12, P < 0.001). Although comparable IQ test data were
not available in the other cohorts we analyzed, those cohorts had
heterogeneously defined intelligence estimates (HCP and PNC:
factor-analysis based estimates, Cam-CAN: Cattell Culture Fair
Intelligence Test, UKB: Verbal Numerical Reasoning) that
allowed us to probe the reproducibility of the discovered inverse
relationship between average anatomical imbalance and general
cognitive ability. We observed a significant negative correlation

A B

DC

Fig. 3. Anatomical imbalance decline is patterned across functional networks. (A) Functional networks of Yeo, Krienen et al. (27). (B) Testing for significant
enrichment of anatomical imbalance decline with development in each functional network against a null distribution generated by “spin”-based spatial
permutation of the meta-analytic age/imbalance effect map (Fig. 2C, Materials and Methods, **P < 0.01, ***P < 0.001). (C) Age effects on anatomical im-
balance for each functional network. (D) Relationship between slopes and intercepts of fits from C (with intercept referring to value at age 5 y). We show
point estimates (dots) and SEM across regions in each network (lines) for slope and intercept coefficients.
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between average imbalance and general cognitive ability in each
of these four additional data sets (SI Appendix, Fig. S4).
We next examined the relationship between global anatomical

imbalance and a marker of developmental stress in humans—
birthweight differences between monozygotic twins (32). If an-
atomical imbalance captures variation in early developmental
stress, we reasoned that global brain anatomical imbalance
should be greater in the lighter versus heavier cotwin. Supporting
this prediction, we observed that global anatomical imbalance
from brain MRI scans acquired in later childhood (9 to 10 y of
age) was modestly but statistically significantly greater in the
lighter- versus heavier-born members of 256 monozygotic twin
pairs (Materials and Methods) from the Adolescent Brain Cog-
nitive Development project (ABCD) (33) (Fig. 5C, Cohen’s d =
0.15, P = 0.013). This effect persisted after correcting for age,
sex, twin pair average Euler number, and twin pair average of a
composite cognition score derived from the NIH Toolbox (P =
0.017). Taken together, these findings suggest that interindivid-
ual variation in global anatomical imbalance may serve as a
functionally relevant marker that captures effects of in utero
environmental stress.

Discussion
By introducing AIM and applying it to several large-scale in vivo
neuroimaging data sets, our work provides several fresh insights
into the patterning of neuroanatomical variation in humans.

First, we find that overall anatomical imbalance within the
human brain shows a highly reproducible age-related decline
over childhood and adolescence (Fig. 2A and SI Appendix, Fig.
S3) and reaches a minimum at age ∼25 y (Fig. 4A). These ob-
servations imply an overall tightening of morphological integra-
tion over human brain development. In other words, despite the
various starting points and presumed diversity of genomic and
environmental factors in the presently studied individuals, we
observe a remarkably consistent tendency toward population
covariance norms during development. Thus, the decline in brain
anatomical imbalance that we observe over childhood and ado-
lescence from in vivo imaging constitutes a modern example of
developmental canalization (12, 34)—a concept first articulated
by Conrad Waddington in the mid-20th century (35). Morpho-
logical integration of cortical anatomy requires the coordination
of developmental processes among brain regions, and such co-
ordination could, for example, be achieved by shared genetic
influences on anatomical variation among brain regions (36, 37).
In support of this interpretation, we have previously reported a
general pattern of increasing genetic correlations between in-
terregional cortical thickness over human development (38).
There is also evidence that developmental changes in the genetic
correlation between regional cortical thickness may reflect dif-
ferent sources of genetic variation at different developmental
stages (39)—in line with the notion of structural covariation as a
layering of different components of morphological integration
(3). Coordination of anatomical change between brain regions

A

B C

Fig. 4. Anatomical imbalance is dynamic across the lifespan. (A) Global anatomical imbalance of 21,711 individuals from seven data sets that tessellate the
lifespan. CT estimates were harmonized across cohorts with ComBAT, and the imbalance/age relationship was modeled with smoothing splines. (B) Cortical
map of imbalance/age standardized effect sizes observed in individuals 50 y of age and older from the Cam-CAN cohort. Standardized effect size was
quantified as the coefficient from a model regressing scaled age on scaled average regional imbalance. (C) Testing the spatial correlation of anatomical
imbalance change between the meta-analytic developmental imbalance/age map (Fig. 1C) and the Cam-CAN imbalance/age map (B) against a null hypothesis
generated by a “spin”-based spatial permutation of the meta-analytic developmental map.
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has also been widely speculated to arise through active trophic
effects of coordinated neuronal activation (21). This mechanism
is supported by the recent observation that structural covariance
is correlated with structural connectivity as measured by tract
tracing in mice (18) and suggests that stereotyped and sustained
patterns of functional connectivity over development (38) could
act as one proximal driver for the age-related increases in mor-
phological integration revealed by AIM.
Second, we find that the rate of morphological integration

over development varies greatly among regions of the cortical
sheet, and this regional variation is organized by the brain’s
functional topography. Lower-order sensorimotor cortices show
the lowest levels of anatomical imbalance at age 5 y and the least
age-related changes in anatomical imbalance over development
(Fig. 3). This pattern of earlier structural development in sen-
sorimotor cortex is congruent with previous descriptions of
neuroanatomical developmental trajectories (40), providing
convergent validity for our method. One interpretation of this
observation is that anatomical development of these regions is
canalized earlier on in development, congruent with the earlier
functional maturation of these cortical systems compared with
those that support later-mastered behavioral and cognitive
competencies (41). This interpretation is supported by our ob-
servation of a strong correlation between slope and intercept of
the age-imbalance relationship across functional networks, such
that functional networks with the least negative slope have the
lowest starting anatomical imbalance. Relative to these lower-
order systems, anatomical imbalance is greatest at age 5 y and
most developmentally dynamic in limbic and higher-order asso-
ciative cortices within the brain’s “default mode network”
(Fig. 3). These more slowly canalizing regions are notable for
association with diverse psychopathologies, such as mood and

psychotic disorders (42–44). The fact that morphological inte-
gration for these networks is still being established between the
ages of 5 and 25 y provides a context for known associations
between these networks and developmentally emergent mental
disorders.
Third, we show that the tightening of morphological integra-

tion during human brain development is inverted in a loosening
of morphological integration during late aging. These two phases
of dynamism are separated by a long period of relative stability in
the brain’s morphological organization (at least through the lens
of cortical thickness) between ∼25 and 60 y of age. This finding
suggests that the most developmentally dynamic neural systems
are also the most vulnerable to aging-related change. Thus, our
findings are consistent with a “last-in, first-out”model, where the
latest functional networks to develop are those that show the
most precipitous decline in aging (9, 10, 45). The inflection to-
ward age-related increases in AIM in the seventh decade of life
after a period of relative stability may reflect an age-related shift
in the genetic programs regulating variation in brain anatomy
(46). Intriguingly, it has also recently been shown that a core
spatial pattern of genetic influences on human cortical thickness
variability appears to organize the spatial patterning of cortical
thickness change in development as well as aging (29). This
observation provides a potential explanation for the partial
congruence between age-related differences in regional AIM
across both development and aging. Our finding that age-related
AIM increases in aging are most pronounced over medial tem-
poral cortices raises the possibility that interindividual variability
in AIM within these regions may correlate with interindividual
variability in risk for neurodegenerative disorders such as Alz-
heimer disease that have been associated with these very regions
of the brain (47). Thus, an important goal for future work will be

Fig. 5. Individual anatomical imbalance estimates are associated with functional outcomes and subtle developmental insults. (A) Relationship between age-
and sex-regressed individual anatomical imbalance estimates and full-scale IQ in NIH, ABIDE, and NSPN data sets. (B) Meta-analysis of effects from A. (C)
Comparison of individual global anatomical imbalance estimates between heavier and lighter cotwins in the ABCD data set (Materials and Methods). Bolded
points indicate means for each group.
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to determine if interindividual variation in the rate of anatomical
imbalance change in development and aging might relate to
variation in neurodevelopmental and neurodegenerative clinical
outcomes, respectively.
Fourth, we relate individual anatomical imbalance estimates

to both functional outcome and developmental insult. We find
that across three independent data sets that vary substantially in
ascertainment and scanning protocol, global brain anatomical
imbalance is weakly, but consistently, correlated with IQ. The
effect size of this relationship is identical to that of a recent
meta-analysis of the relationship between fluctuating asymmetry
and intelligence (13). Critically, we do not suggest that ana-
tomical imbalance is a good predictor for intelligence and only
conclude that 1) the imbalance–intelligence relationship is con-
sistent, and 2) the variance in intelligence captured by anatom-
ical imbalance is concordant with the variance in intelligence
captured by the best-studied marker of developmental instability
to date. Encouragingly, these conclusions align with those of a
prior report that predicted IQ using a distinct “leave one out”
procedure for estimating individual contribution to structural
covariance (48).
To explore the effect of developmental stress on anatomical

imbalance, we used a unique collection of MRI scans from twins
aged 9 to 10 y from the ABCD cohort (33) and found that subtle
differences in birthweight between cotwins precipitate mild dif-
ferences in anatomical imbalance, such that the lighter twin has
slightly higher imbalance. Low birthweight is associated with
adolescent- and adult-onset psychiatric disorders (49) and is af-
fected by various intrauterine factors such as blood pressure and
degree of insulin signaling (50). Our findings suggest that exposure
to more prenatal environmental stress (as indicated by the proxy
of birthweight differences between monozygotic twins) weakens
brain morphological integration as measured later in life, likely
reflecting disruption of coordinated neurodevelopmental
programs.
The biological insights discussed above stem in part from those

methodological aspects of AIM analysis that distinguish it from
prior approaches for structural covariation analysis in the de-
veloping human brain (6–8). Most fundamentally, AIM is dis-
tinct from these prior approaches for its focus on individual-level
deviations from anatomical covariance norms rather than the
magnitude of group-level anatomical covariance itself. Through
this distinction, AIM provides individual-level trait measures for
morphological integration that allow rich and flexible compari-
sons with any individual-level demographic, genetic, cognitive,
behavioral, or clinical features of interest. We therefore see AIM
as a complementary tool to structural covariance analysis for
understanding the patterning of anatomical variability within the
brain. There are several lines of empirical evidence that support
this point of view. First, while there are some developmental
phenomena that both methods recover [e.g., earlier maturation
of sensorimotor versus associative systems (7, 19), stabilization of
anatomical variability in adulthood (6), and a U-shaped pattern
across the lifespan (51)], comparison with prior reports (6) and
analysis in our current report (SI Appendix) indicate that shifts in
structural covariance and anatomical imbalance over brain de-
velopment are dissociable from one another. This dissociation
hints at the importance of distinguishing between the following
two developmental processes: a shift toward adult-like propor-
tions (i.e., changing covariance relationships) and greater con-
sistency across individuals in proportionality (i.e., decreasing
anatomical imbalance). We hypothesize that these two phe-
nomena are the result of a canalized developmental process (12),
where more variable younger brains become progressively less
variable as they attain adult-like proportions. Put differently, the
normative adult covariance pattern is a dynamical attractor (52),
which attracts all individual developmental trajectories despite
their variable starting points. Similar observations of changing

pattern with declining variability have been made in numerous
developmental settings, including vulva induction in Caeno-
rhabditis elegans (53) and blastoderm segment determination in
Drosophila (54). Whether and how other neurodevelopmental
processes are accompanied by decreases in configurational var-
iability is an intriguing direction for future research.
While we were able to demonstrate that decreasing AIM is

independent of changing covariance structure (SI Appendix),
future work is needed to better understand the biological sub-
strates for this dissociability. Encouragingly, past work has used
linear regression approaches to detect distinct age and cognitive
associations for the “slope” versus the “scatter” of bivariate
morphometric relationships between cortical regions (55), of-
fering a potential analogy to dissociability of developmental
findings for structural covariance and AIM. An important goal
for future work will be delving further into the nature of this
dissociability through comparative analysis of genetic (37), phe-
notypic (56), and developmental (57) associations.
While we implemented several procedures to check for and

remove motion- and registration-related variance from AIM
estimates (Results, Materials and Methods, and SI Appendix), a
portion of variation in AIM estimates may still relate to cortical
thickness misestimation from recalcitrant challenges in neuro-
imaging such as participant motion or the inability to perfectly
align cortical surfaces between different individuals. These
challenges remain areas of ongoing work in the field (25, 58, 59),
and future advances may be incorporated into AIM.
Taken together, the work presented herein provides several

fresh insights into normative development of anatomical coor-
dination in the human brain, and offers a set of tools for dis-
secting this coordination—both at varying spatiotemporal scales
and as a function of interindividual variation in any other trait(s)
of interest. Initial application of these tools in the current paper
provides a map of how developmental and aging processes are
spatiotemporally coordinated in the human brain. We further
demonstrate that this coordination is linked to the brain’s
functional architecture, related to cognitive outcomes, and sen-
sitive to prenatal stress.

Materials and Methods
Informed Consent and Institutional Review Board Approval. All subjects pro-
vided informed consent for participation in the cohorts described in this
paper. The approving Institutional Review Boards (IRBs) were the NIH IRB, the
University of Pennsylvania IRB, the Children’s Hospital of Philadelphia IRB,
the UK National Research Ethics Service, the Washington University IRB, the
UK BioBank Ethics and Guidance Council, the Cambridgeshire 2 Research
Ethics Committee. The ABIDE and ABCD data sets include many sites, each
with their own IRB procedure; however, IRB approval and informed consent
was required for inclusion in these data sets. Detailed information about
subject recruitment and IRB approval is presented in SI Appendix, Table S2.

MRI Data Acquisition and Preprocessing. Acquisition parameters, preprocess-
ing description, and sample characteristics for each sample are described in SI
Appendix, Table S1. Cortical surface reconstructions were generated using
FreeSurfer version 5.3 (NIH, PNC, ABIDE, NSPN, HCP, Cam-CAN) and version
6.0 (UKB, ABCD) (surfer.nmr.mgh.harvard.edu/) (60–62), which relies on T1-
weighted MRI scans (63), includes methods for estimating cortical
morphometric measures such as cortical thickness and surface area (64, 65),
and performs intersubject alignment via nonlinear, surface-based registra-
tion to a population template brain, driven by cortical folding patterns (66).
For the longitudinal analysis (SI Appendix, Supplementary Information Text
and Fig. S3), we used the FreeSurfer longitudinal pipeline (67) as imple-
mented in FreeSurfer version 5.3. For all analyses, we excluded any scan
whose left-right mean Euler number exceeded 217, following previously
established recommendations (25).

Cortical Parcellation. To define cortical regions for this analysis, the 68 regions
of the Desikan-Killany atlas (68) were subdivided into 308 regions of ap-
proximately equal size as previously described (69). This asymmetric parcel-
lation was generated on the surface of the Freesurfer standard anatomical
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template (fsaverage) and then transformed to each individual subject’s
surface. Mean CT in each region was calculated across all constituent vertices
per region in individual subject surfaces. Cortical thickness was estimated for
each region using FreeSurfer (SI Appendix, Table S1).

Anatomical Imbalance Mapping. We first regressed FreeSurfer-generated
cortical thickness estimates for age, sex, Euler number, with the following
linear model:

CT  ∼   age  *  sex  *  Euler  number.

In the case of the ABIDE data set, which includes many sites, we included site
as an additional additive linear covariate. Following all prior primary pub-
lications using the NSPN cohort (6, 70), we did not correct for site, as ac-
quisition sequences were identical and empirically shown to have minimal
differences between sites (71).

To define structural covariance norms between each pair of cortical re-
gions, we employed a total least squares regression (using the odregress
function in the R package pracma). This procedure minimizes orthogonal
distances and provides a fit that is symmetric regardless of which region is
entered as the dependent variable. From these pairwise models, we
extracted unsigned, orthogonal residuals, which corresponded to individual
anatomical imbalance estimates for each pair of regions. These residuals
were averaged across all region pairs within an individual to derive a person-
level estimate of global anatomical imbalance. We averaged residuals per
region to provide a spatial map of regional anatomical imbalance for each
individual.

In the present analysis, we have used absolute (i.e., unsigned) residuals to
estimate anatomical imbalance. However, the AIM pipeline could be easily
modified to quantify signed residuals, thereby retaining information about
which region is larger than expected from the size of another region given
interregional covariance norms. This style of analysis would be especially
powerful in cases where AIM is being used to analyze morphometry of
specific regions of a priori interest.

Spatial Permutation Testing. We test for correspondence between cortical
maps using the previously described spatial permutation (“spin”) approach
(26, 72), as implemented by Vasa et al. (6) for the 308-region parcellation
(https://github.com/frantisekvasa/rotate_parcellation). We first obtained the
coordinates of each of 308 regions on the Freesurfer spherical projection of
the parcellation (using the fsaverage brain surface). These coordinates were
then rotated about the three principal axes at randomly generated angles
θx, θy, and θz ∈ [0, 2p), with the following rotation matrices:

Rx(θ) =  
1 0 0
0 cos(θ) −sin(θ)
0 sin(θ) cos(θ)

  , Ry (θ) =  
cos(θ) 0 sin(θ)

0 1 0
−sin(θ) 0 cos(θ)

  ,

Rz(θ) =  
cos(θ) −sin(θ) 0
sin(θ) cos(θ) 0
0 0 1

Given the separate hemisphere surface projections, the rotation was applied
to both hemispheres. To maintain hemispheric symmetry, the same random
angleswere used for both hemispheres, except that the sign of the angles was
flipped for the rotations around the y and z axes (i.e., θyR = −θyL and
θzR = −θzL but θxL = θxR). Following rotation of the sphere, coordinates of
the rotated regions were matched to coordinates of the initial regions by
Euclidean distance, proceeding in a descending order of average pairwise
Euclidean distance on the rotated and unrotated spheres (i.e., starting with
the rotated region that is furthest away, on average, from the unrotated
regions). The matching then provides a mapping from the set of regions to
itself, allowing any regional measure to be permuted while preserving
spatial contiguity and hemispheric symmetry.

Enrichment Analyses. Alexander-Bloch et al. (26) presented methods for
assessing several questions relating to correspondence of brain maps, in-
cluding brainwide comparisons of discrete maps (“Do these maps have a
significantly similar spatial distribution?”) and parcel-wise comparison of
discrete maps (“Does parcel X from parcellation A significantly overlap with
parcel Y from parcellation B?”). We extend these methods to assess the
enrichment of signal from a continuous map in particular parcels (i.e., “Is
anatomical imbalance decline with age enriched in this functional network?
”) and provide an interpretable quantitative metric for enrichment.

Consider two cortical maps, where, for a region i:

1) One map contains continuous statistical parameters βi

2) One map contains discrete functional network assignments net(i). (This is
easily replaceable with any discrete map.)

The enrichment of map 1 in functional network m is given by the
following:

Enrichmentm =

∑
neti=m

βi

∑
i
βi

#(neti=m)
max(i)

.

The enrichment statistic captures whether the proportion of continuous
signal observed in networkm exceeds that which is expected from the size of
network m. Significance of enrichment can be assessed by spatial permu-
tation (Spatial Permutation Testing) and recomputing of enrichment to
create a null distribution.

Lifespan Analysis. For the lifespan analysis (Fig. 4), we harmonized raw cor-
tical thickness estimates across cohort using ComBAT (28), available at
https://github.com/Jfortin1/ComBatHarmonization. Briefly, ComBAT uses an
empirical Bayes algorithm to correct for both site-specific offsets in CT esti-
mates as well as site-specific scaling effects. We used ComBAT to remove
cohort effects while preserving effects of age (our key variable of interest)
and sex (because sex composition differs between cohorts). After harmoni-
zation, we computed anatomical imbalance separately in each cohort, per-
forming cohort-wise correction of CT estimates for age, sex, and Euler
number as described above. Because ComBAT accounted for site differences,
we did not correct for site at this stage.

We modeled the lifespan trajectory of anatomical imbalance across all
participants in the harmonized dataset using penalized regression splines
with the following model, as implemented in the R package gamm4:

Average  anatomical  imbalance  ∼   s(age).
We fit an additional model to confirm that observed age effects survive
covariation for sex, Euler number, and cohort:

Average  anatomical  imbalance  ∼   s(age)  +   sex  +   Euler  number 
+   cohort.

Twin Analysis. ABCD is a large longitudinal study designed to investigate the
influence of genetic and environmental factors on neurodevelopment and
health in childhood and adolescence (73, 74). A total of 11,878 children (ages
9 through 10 y) and their parents were recruited across 21 sites in the United
States. Notably, a substudy of ∼800 pairs of same-sex twins was included
within the ABCD cohort (75). All participants provided informed consent
(parent) and assent (child), provided DNA samples for genotyping, com-
pleted a myriad of questionnaires and tasks, and completed an MRI proto-
col. Following the exclusions described below, the final analytic sample in
the present study consisted of 348 monozygotic twin pairs (49.71% female,
mean age = 10.15 y). We computed anatomical imbalance separately in the
set of twins with lower birthweight and the set of twins with higher birth-
weight. A total of 256 of these 348 twin pairs (48.05% female, mean age =
10.13 y) had available birthweight estimates where birthweight was unequal
between cotwins and passed imaging quality control (QC) measures de-
scribed in the main text (Euler number < 217, mean anatomical imbalance
less than 4 SDs away from cohort mean).

Biological samples obtained from the ABCD cohort were processed by the
Rutgers University Cell and DNA Repository, where the Affymetrix NIDA
Smokescreen genotyping array (76) was used to assay ∼700,000 single nu-
cleotide polymorphisms (SNPs) (77). Preliminary quality control procedures
performed by the original ABCD investigators pruned the number of vari-
ants to 517,724 SNPs. These minimally processed genotypes for 10,627 par-
ticipants were then made available via the National Institute of Mental
Health Data Archive as part of ABCD Release 2.0.1. In the present study, we
followed best practices and used PLINK version 2.00 (78) to apply additional
quality control procedures prior to estimating kinship. We first excluded 141
samples who were missing 5% or more of their genotype calls. We then
applied standard thresholds to the typed variants, which resulted in the
exclusion of i) 26,242 variants that were missing in more than 2% of indi-
viduals, ii) 90,837 variants with a Hardy–Weinberg Equilibrium P < 1 × 10−6,
and iii) 49,986 variants due to a minor allele frequency less than 0.01.

Following quality control procedures, we used the KING-robust kinship
estimator in PLINK version 2.00 to estimate kinship in the ABCD cohort. As
we sought to first identify all pairs of first-degree relatives, we excluded all
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pairs with a kinship coefficient less than 0.177. We then excluded pairs if
their parent did not endorse the twin identification item in surveys, if they
were discrepant for age, or if they were discrepant for sex. Zygosity was then
inferred from the kinship coefficient (79), where 348 pairs with an esti-
mate > 0.354 were identified as monozygotic twins and 474 pairs with an
estimate between 0.177 and 0.354 were identified as dizygotic twins. For the
purposes of the present study, only monozygotic twins were retained.

Data Availability. NIH data are available at https://nda.nih.gov/edit_collection.
html?id=3142. PNC morphometric estimates used for this analysis are available
at https://github.com/KirstieJane/NSPN_WhitakerVertes_PNAS2016. Data from
the ABIDE project are available at http://fcon_1000.projects.nitrc.org/indi/abide/,
HCP data are available at https://db.humanconnectome.org/. UK Biobank data
are available at https://www.ukbiobank.ac.uk. Cam-CAN data are available at

https://www.cam-can.org/index.php?content=dataset. ABCD data are available
at https://nda.nih.gov/abcd.
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