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Abstract
Within the field of developmental cognitive neuroscience there is an increasing interest in
studying individual differences in human brain development in order to predict mental health
outcomes. So far, however, most longitudinal neuroimaging studies focus on group-level
estimates. In this review, we highlight longitudinal neuroimaging studies that have moved
beyond group-level estimates to illustrate the heterogeneity in patterns of brain development.
We provide practical methodological recommendations on how longitudinal neuroimaging
datasets can be used to understand heterogeneity in human brain development. Finally, we
address how taking an individual-differences approach in developmental neuroimaging
studies could advance our understanding of why some individuals develop mental health

disorders.
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Half of all lifetime mental health disorders have their onset by the mid-teens (1,2). A
major goal of neurodevelopmental research has been to understand how the brain develops in
individuals who are diagnosed with mental health disorders, and to use this information for
prevention and prediction efforts (3). Much work has been motivated by the premise that
identifying atypical patterns of brain development in individuals diagnosed with mental
health disorders will uncover the biological processes underlying these disorders (4,5).
Further, through knowing when these deviations in brain development occur, researchers
might identify the optimal window of opportunity during development when interventions are
likely to be most effective, or target intervention efforts for processes that are changing most
during these periods of development. Indeed, there is increasing interest in using information
about an individual’s brain development to predict mental health outcomes, and to understand
what individual or social environmental factors impact the brain’s development in a way that
might increase the risk for developing a mental health disorder. To reach these goals, we
must shift from a focus on group-level models of brain development to approaches that
characterize the heterogeneity that is present between individuals within the developing brain.
Thus, with the term heterogeneity, we refer to individual differences in developmental
trajectories of the brain. The main goals of this non-exhaustive review are to 1) highlight
empirical longitudinal neuroimaging studies that have moved beyond group-level estimates,
using methods that may aid in our understanding why some individuals develop mental
health disorders whereas others do not, and 2) provide methodological recommendations for
future studies interested in characterizing individual differences in patterns of brain

development.

Individual Differences in Longitudinal MRI Studies
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Since the 1990s, researchers have examined longitudinally acquired magnetic
resonance imaging (MRI) data to characterize the shape of development in brain structure
and function. There are now several datasets of individuals with multiple MRI scans spanning
childhood and into young adulthood, including large datasets that are publicly available for
researchers to use for their own investigations (e.g., Nathan Kline Institute Rockland; NIH
MRI Study of Normal Brain Development). One of the most important advantages of
longitudinally acquired data compared to cross-sectional data is the ability to characterize
change within an individual, as well as the ability to study how individuals differ from each
other in their developmental trajectories (6). Besides, age heterogeneous cross-sectional
samples face the problem of potential cohort effects that may limit the validity of estimated
age effects (7-9). Beyond the general reasons why longitudinal data are needed to answer
questions about development, the large individual variability present at any age in both brain
structure and function hinders drawing developmental conclusions about neural processes
when datasets contain solely one measurement per person (Figure 1). For instance, the wide
variability in cortical thickness in healthy developing children makes it impossible to draw
the conclusion that children with lower cortical thickness compared to their same aged peers
experience “premature thinning of the cortex,” although this incorrect interpretation
continues to persist (10).

To identify those individuals who demonstrate aberrant brain development, such as
premature cortical thinning, it is vital to move beyond cross-sectional estimates and examine
individual developmental trajectories. In doing so, it is possible to examine whether those
individuals with relatively lower cortical thickness at baseline also show accelerated cortical
thinning (which can also be conceptualized as a faster rate of change) across time compared
to individuals who start with higher levels of cortical thickness (Figure 2). In addition to

describing heterogeneity in developmental trajectories, individual differences in
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neurobiological developmental trajectories may also be used for predictive purposes (3).
However, if the goal is to predict an outcome, individuals need to vary from each other. That
is, if a measure (e.g., cortical thickness) was identical across all participants, it would have no
predictive value. Similarly, individual differences in within-individual change over time (e.g.,
rates of cortical thinning) are necessary in order for these measurements to be predictive.
Thus, two questions remain. Do individuals differ in the within-individual change? And, can
we use individual differences in neurobiological developmental trajectories to predict mental
health outcomes?

So far, however, most longitudinal MRI studies have focused on establishing group-
level trajectories of brain development. Many of these studies describe the average shape of
development, often by comparing linear functions to non-linear functions. For instance, a
number of structural brain imaging studies present different group-level trajectories across
the cortex, between cortical and subcortical regions, between surface area and cortical
thickness, or across sex from childhood into adolescence or young adulthood (11-15). See
(16) for an extensive overview of previous longitudinal studies on structural brain
development. While many of these studies reveal differential patterns of development across
brain measures or regions, very few examine heterogeneity in the developmental patterns
between-persons. And although structural brain development has been investigated with
longitudinal MRI for over 20 years, replicable models have only been established in within
the past few years (17—19). These recent studies have demonstrated substantial variance
between individuals in the overall size of brain structures; for example, overall cortical
volumes of neurotypically developing individuals can be 70% the size of same-aged peers
(Figure 1a). Although there is less inter-individual variability in cortical thickness compared

to surface area in the developing brain across participants (19), it is important to note that
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variability in these measures does not wane across development, and is present across
childhood and into young adulthood.

Inter-individual variability within the developing brain can be even greater for
estimates of functional activation and connectivity derived from MRI. While not as abundant
as structural MRI studies of brain development, over the past years there have been an
increasing number of longitudinal task-based and resting-state functional MRI studies
spanning childhood and adolescence (see 20 for a recent review). These studies illustrate
considerable variability in the task-based MRI measures of neural responsivity to a variety of
tasks across childhood and into young adulthood (Figure 1b; (21-23). Further, longitudinal
examinations of resting state functional connectivity MRI also demonstrate individual
variability of connectivity estimates in childhood and across adolescence (Figure 1c; (24—
26)). The substantial individual variability present across development in functional MRI
measures demonstrates the necessity of collecting longitudinal data to establish individual-
level developmental patterns of brain activity and connectivity.

Although a limited number of studies have graphically illustrated the proportion of
individuals that increase, decrease or remain stable in structural brain development (27-29),
most longitudinal investigations have not formally tested the variability of developmental
change. Variability in change is indexed by individual differences in the slope and can be
observed in any study that plots longitudinal data of individual participants (Figure 1). The
individual variability in slope magnitude and direction appears to be similar across cortical
lobes for measures of cortical thickness, surface area and volume (19). However, subcortical
and more spatially-specific cortical regions do demonstrate increased inter-individual
variability in volumetric change across adolescence (30,31). Compared to longitudinal
investigations of structural brain development, it is more common to observe more inter-

individual variability in the direction and magnitude of developmental changes (slopes)
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observed from functional MRI task-based activation or resting-state functional connectivity
(see examples in Figure 1). Some of these studies did examine, but not show significant
variability in change (21,32—-34). However, these studies included two time points, which
limits the power to detect significant slope variability (35,36). Thus, to what extent these
apparent stronger individual differences also reflect variability in growth remains an open
question. We suggest that a critical next step is to directly test for heterogeneity in the
patterns of brain change across development and examine whether and how these
heterogeneous developmental patterns can be predicted by particular variables or predict
particular outcomes. To this end, we consider a particular set of latent growth curve statistical

models (e.g., 37-39) to examine these questions on heterogeneity in development.

Modeling Heterogeneity in Brain Development

To be able to examine a broad age range in a shorter time span, many longitudinal
MRI studies employ an accelerated longitudinal (cohort-sequential) sampling design, rather
than a single-cohort design (40). Several existing accelerated longitudinal studies of structural
and functional brain measures across development include at least three timepoints of data.
Although more than three time points would further increase model flexibility and precision
of growth parameters (41), modeling longitudinal data with three time points does allow for
different growth trajectories (linear and non-linear) to be compared against each other to
identify an average growth model for the dataset.

While the power to detect individual differences in developmental trajectories in
accelerated longitudinal studies is largely dependent on the number of participants and total
measurements (40,42), some sufficiently powered accelerated longitudinal MRI studies have
modeled individual differences in brain development. We outline three of these studies below

as examples of approaches that can be used in future studies. We start with a study that
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informs on the first important question: whether individual differences in development are
actually present. Next, we continue with two studies that illustrate how to predict these
individual differences or predict an outcome from these individual differences in brain
development. Specifically, the first study examines individual differences in the rate of
within-individual change over time by modeling random intercepts and slopes in a linear
mixed-effects model on three-wave longitudinal data (43). In a linear mixed-effects model
(also referred to as multilevel modeling, or random effects modeling), the fixed effects
capture the average starting point (or intercept) and average change (slope) for the whole
sample. Random effects capture the individual differences in these starting points (i.e.,
referred to as a random intercepts) and changes over time (referred to as random slopes; see
(37,44) for an overview of growth curve modeling techniques). It is important to note that the
intercept can be placed anywhere and is not necessarily always at the starting point of a
timeline.

Applying these mixed-effects models on structural MRI, Tamnes and colleagues
(2018) investigated individual differences in the development of hippocampal subregions
using three waves data from the Braintime study. They found that while the cornu ammonis
(CAT) decreased in size on average across childhood and adolescence, the inter-individual
differences in the slope of change was substantial enough that including a random linear
slope improved the overall model of this hippocampal subregion’s development. By simply
examining if the inclusion of a random slope for each participant improved their overall
developmental model, Tamnes and colleagues were able to empirically test the presence of
inter-individual variability in the developmental pattern of their brain measure of interest.
This is one example of a strategy that can be readily adopted in future longitudinal

investigations of brain development with at least three time points.
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The second study was one of the first task-based developmental functional MRI study
with three time points to demonstrate the importance of moving beyond the study of
individual differences in intercepts (22). They also applied a mixed-effects model to examine
heterogeneity in growth of neural activity to understand cognitive developmental processes.
This longitudinal study included individuals (aged 9-26 years) who participated between one
and six waves and examined heterogeneity in developmental trajectories of brain activation in
motor control, executive control, and error-processing regions. While activity in motor
control regions showed no general developmental pattern across ages, individual differences
in the developmental change (slope) were present but decreased in magnitude over time.
Thus, despite different starting points in neural activity in several regions (modelled with a
random intercept), individuals converged to a similar magnitude over time. These findings
support increasing brain maturation for some regions in which individuals develop towards a
similar endpoint (convergence) across time. Next to modeling individual differences in slopes
over time, Ordaz et al. (22) examined whether these individual differences in development
could be predicted by sex and IQ. They found that sex could explain part of the variability in
development in some brain regions, primarily those regions involved in motor control. This
study is another example of ways to apply growth modeling techniques to test for individual
differences in development which could further inform theories on brain development.

Third, in one of our own studies, we applied latent growth curve models to three-wave
longitudinal structural MRI data to model heterogeneity in the development of prefrontal
cortical volume and nucleus accumbens volume. In addition to examining heterogeneity, we
tested whether we could use the random slopes of prefrontal cortical volume and nucleus
accumbens to predict individual differences in the formation of a strong sense of identity
(45). Identity formation was operationalized with three dimensions: commitment to goals,

exploration in-depth, and reconsideration of goals. To develop strong identity commitments,
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adolescents need to show information seeking behaviors and goal directedness to explore
different identity alternatives and form strong commitments (46). Therefore, we expected that
individual differences in structural brain development in regions that are involved in
information seeking behaviors (i.e., prefrontal cortex), and goal-directedness (i.e., nucleus
accumbens) would predict the formation of identity commitments over time as well. First, we
modeled developmental trajectories of prefrontal cortical volume and nucleus accumbens
volume and found that, on average, the prefrontal cortical volume decreased across
adolescence whereas the nucleus accumbens volume remained stable. Second, we moved
beyond mean-level developmental trajectories and found that individual differences in the
overall size (captured with a random intercept) and the rate of developmental change
(captured with a random slope) in the volume of these brain regions across adolescence
predicted individual differences in identity development at a fourth time point. Specifically,
adolescent participants with higher prefrontal cortical and nucleus accumbens volumes
relative to their peers reported stronger commitments to goals, more in-depth exploration, and
less reconsideration of goals. Moreover, adolescents who showed a less steep decrease in
grey matter volume in these regions reported stronger commitment to goals and more in-
depth exploration. These results demonstrate the possibility of applying latent growth curve
modeling techniques to examine whether individual differences in developmental trajectories
in brain regions of interest capture relevant variability to predict certain behavioral outcomes
(in this case, identity development) over time. While this latter study did not focus on
predicting developmental psychopathologies (such as depressive or anxiety symptoms)
specifically, the approach adopted in this study suggests the utility of moving beyond group-
level estimates to predict individual differences in the development of behavior from brain

features.
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Although we have to be careful in drawing definite conclusions from the three
highlighted longitudinal studies, they illustrate that mixed-effects models and latent growth
curve models can both be used to model average growth trajectories as well as heterogeneity
in these trajectories. Importantly, mixed-effects models and latent growth models have
similarities and differences in their applications. First, mixed-effects models and latent
growth curve models are mathematically similar (e.g., 37). Second, both models are able to
capture individual differences in within-person change (with random intercepts and random
slopes). Yet, in contrast to mixed-effects models, latent growth curve models are highly
flexible by allowing researchers to model average change and use individual differences in
the rate of change (e.g., in structural brain development) as predictors of other variables of
interest, all within the same model. In doing so, latent growth models make it possible to
examine linkages between variability in brain development and behavioral development.
Testing these brain-behavior linkages is considered an important next step to investigate to
what extent individual differences in brain development capture meaningful variability (3).

While latent growth models are able to capture individual differences in functional
and structural brain development, these models assume that all individuals are drawn from
the same homogeneous population, and that the developmental trajectory of each individual
can be adequately described with a single estimate of growth parameters, around which an
individual can vary (38). As such, latent growth models assume that all individuals develop in
the same direction (47). This can be a problematic assumption, given that diverging patterns
in the direction of changes can be expected for studies of task-based functional MRI and

resting-state functional connectivity MRI.

Methodological Recommendations and Future Directions
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Neurodevelopmental researchers who want to relax the assumption of homogeneity
could apply mixture models (latent class growth analyses, LCGA; or growth mixture models,
GMM) on functional and structural MRI data to identify homogeneous subgroups with
distinct developmental trajectories within a heterogeneous population (See 38 for an excellent
tutorial on how to apply these models and how to decide upon the optimal number of
classes). These mixture models can actually be conceptualized as an extension of multiple-
group latent growth models (48), in which the grouping variable (e.g., individuals with,
compared to without, a certain diagnosis) is unobserved. Within the field of developmental
psychopathology these mixture models are often used to investigate whether there are
subgroups of individuals who show differential development of a certain type of behavior
such as depressive symptoms (49), conduct problems (50), and inattention/hyperactivity (51).
This modeling approach can reveal smaller subgroups (i.e., around 5-20% of the total sample)
of individuals who show distinct developmental trajectories. Moreover, mixture models allow
for the identification of risk and protective factors that could be relevant in the prediction of
an individual’s growth trajectory. For example, based on their developmental trajectories we
have been able to identify a subgroup of young adolescents at risk for developing
externalizing problem behaviors. We found that personality traits could predict why some
children developed increasing externalizing behaviors, and others don’t (52).

When applying mixture models to MRI longitudinal data, a number of considerations
with regard to the validity of the identified subgroups are important. First, it is vital that
identified subgroups or clusters are replicated in another dataset to verify their existence (48).
Large scale, multi-site longitudinal MRI studies such as the ABCD study are a great
opportunity for these types of replication (53). Second, we recommend that researchers
examine whether the identified clusters are related to other measured variables in predictable

ways (48). For instance, prior longitudinal work investigated daily identity formation
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processes in adolescence. It was found that a subgroup of adolescents showed unique
developmental trajectories that characterized an adolescent identity crisis (54). This subgroup
differed in predictable ways on the development of internalizing and externalizing behaviors
as well, which further attests to the substantive meaning of the identified classes (54).
Importantly, when using class membership as a predictor of another variable it is possible to
use the ‘cleanly partitioned subgroups’ as categorical predictors. However, mixture models
also provide the probability that an individual belongs to each of the identified classes. These
class probabilities take into account classification uncertainty, and are therefore
recommended to use as predictors rather than the actual class membership. Validity checks
are especially vital given that mixture models estimate non-normality in observed data. While
this non-normality in the distribution of observed data can actually exist, it may also result
from unreliable measurement (48). Despite these possible limitations of mixture models, the
field of psychiatry research becomes increasingly interested in analyses to subtype
individuals (55-57), such as confirmatory mixture models or more exploratory hybrid
machine learning techniques (58) to identify heterogeneity within mental health disorders.
Similarly, we believe that future studies could apply latent growth models and mixture
models on MRI longitudinal data to examine heterogeneity in brain development as well.
When developmental cognitive neuroscientists are interested in testing for
heterogeneity in developmental trajectories they could start with running a univariate latent
growth model to test for the general developmental pattern and whether there is significant
variability (i.e., a significant random slope) in this average pattern of growth across time (41).
If there is indeed significant variability, researchers could proceed with applying mixture
models (e.g., latent class growth analyses) to further examine whether, and how many
different clusters of individuals can be identified with distinguishable starting points (i.e.,

intercepts) and change parameters (i.e., slopes) over time (38).
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While growth curve modeling techniques (i.e., mainly mixed-effects models) have
been applied to two wave data, at least three waves are recommended when researchers are
interested in reliably testing for individual differences in change (i.e., random slopes) to
predict certain outcomes (59). Indeed, a recent simulation study showed that two waves of
data provide unreliable estimates of the random slopes (36). Both single-cohort designs
(repeated assessments of the same cohort across multiple waves) or accelerated cohort
designs (following multiple cohorts that are sampled at different ages) can be used to apply
mixed-effects and latent growth curve models. For example, we have successfully applied
latent growth curve models in a three-wave accelerated longitudinal design (45).

While much progress has been made in charting typical neurodevelopmental
trajectories with longitudinal MRI studies, individual differences in intra-individual changes
have not been well described so far. When predicting a certain outcome from individual
differences in brain features is the main goal, one should start with quantifying how much of
the variance in brain volume and/or function is at the between-person versus within-person
level. For this purpose, the intraclass correlation (ICC) is often used. Specifically, the ICC is
a descriptive statistic that can be used to quantify the variance that is between individuals and
the variance over time (60). The ICC can range between 0 and 1. At the extremes, an ICC of
1 indicates that all the variability in brain volume/activation is between persons, with no
within-person variability. In contrast, an ICC of 0 would indicate that there is only within-
person variability across brain assessments and no systematic between-person variability.
When researchers want to estimate, for instance the ICC for prefrontal grey matter volume
(PFC) over time, they should start with conducting an intercept-only longitudinal multilevel
model. This intercept-only model estimates a between-person variance component and a
within-person variance component. The following equation provides an example for

computing the ICC for grey matter PFC:
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2
O PFC between-person

2 2
GO PFC between-person +o PFC within-person

where 6%pic between-person 1S the between-person variance component and 6%rc within-person 18 the

within-person variance component.

Typically, longitudinal structural MRI studies report relatively high ICC (often
above .70), which may suggest that some of these brain areas have reached a certain level of
stability in the population. Our study further illustrates this relative stability between
individuals across time points (Figure 3; adapted from Becht et al., 2018); those adolescents
with the highest left and right prefrontal cortex volumes at baseline mostly maintained this
position relative to other same aged peers throughout the three waves of data collection. This
relative stability also suggests that individual differences at baseline could be the strongest
predictor of a certain outcome. Consistent with this idea, in the previously described study of
structural brain development predicting later identity development, the majority of predictive
effects observed regarded individual differences in baseline prefrontal cortex and nucleus
accumbens volumes (45). Individual differences in the amount of within-individual change
(i.e., random slopes) in these brain areas were only predicting an outcome measure in two
instances. That is, those adolescents who showed a less steep decrease in left nucleus
accumbens and right prefrontal cortex volume across three waves, developed at stronger
sense of identity over time. Generalizing these findings to the psychiatric research field, we
may not always need longitudinal data to predict which individuals develop mental health
problems. Instead, the relative position of individuals compared to others at baseline, may
already capture most relevant predictive information. If this were the case, it would not only
allow us to be quicker in identifying individuals at risk, but also save us the time, money, and

effort required to collect longitudinal data. However, we will not know if baseline data are
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most informative unless both the baseline measures and longitudinal change measures are

included in predictive efforts.

Conclusion

The aim of this review was to provide an overview of the substantial heterogeneity in
longitudinal patterns of brain development. Longitudinal MRI studies illustrate the large
amount of individual differences in baseline and growth of brain development. Yet, so far,
only a few longitudinal studies have explicitly tested individual-level brain development, as
most have mainly reported group level estimates. We highlighted a number of longitudinal
studies that have formally tested individual differences in longitudinally-acquired structural
and functional MRI datasets. In reviewing these studies, we describe methodological
approaches that could be used by developmental cognitive neuroscience researchers to
characterize individual differences in the development of the brain, and identify metrics that
could prove useful in predicting why some individuals are at risk of developing mental health

disorders.
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Figure 1. Developmental trajectories and individual differences in brain measures for: (A)
Average cortical thickness (adapted from Tamnes et al., 2017); (B) Task-based activation of
the left nucleus accumbens (NAcc) during win versus lose conditions (adapted from Braams
et al., 2015); and (C) Resting-state functional connectivity between the frontal medial cortex
and dorsal anterior cingulate cortex (ACC) (adapted from van Duijvenvoorde et al. 2019).
Individual scans are represented by dots in each graph, and each individual is connected by a
line. Group level trajectories are visible in bolded lines with shaded 95% confidence intervals
for A and C.
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Figure 2. Individual developmental changes for a sample of participants involved in
longitudinal MRI studies at age 10 years. In this figure, each scan is represented by one dot
and each individual connected by lines. Two individuals are bolded (in pink), demonstrating
different average cortical thickness sizes at age 10 years, but continued change in thickness
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across adolescence and into young adulthood. Figure adapted from data in Tamnes et al.,
2017 and presented by (10).
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Figure 3. Observed individual volume (in mm®) trajectories and average trajectories for (A)
left prefrontal cortical and (B) right prefrontal cortical volume. Shaded areas represent 95%
CI. Raw mean scores for prefrontal cortical volume are displayed. Reproduced with
permission from Becht et al. (2018).



