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matter volume shows a steady, close to linear, shrinkage 
throughout life. The lateral ventricles follow a very different 
trajectory. At the age of 18 years, the lateral ventricles are 
small; up to the age of 50 years, there is a small but mea-
surable increase in volume. After that, the rate of growth 
accelerates, leading to a rapid increase in size.

The variation in individual change rates for the hippo-
campus, total gray matter, and supratentorial volume fol-
lows similar age-related patterns. Between ages 18 and 

30 years, our data provide insufficient statistical power to 
precisely quantify how much individuals differ in their 
change rates. However, by around age 30 years, the esti-
mates indicate that inter-individual variation in change 
rate is small. From approximately 30 to 60 years, variation 
in change rate remains low. After about age 60 years, vari-
ation increases markedly, resulting in large inter-individual 
differences in change rate by age 80 years. White matter 
volume shows small variations in inter-individual change 

Fig. 3.  Norm curves for the dynamics of selected brain structures. For each structure, the top plot shows the latent 
structure volume for the population from age 18 to 90 years, and the bottom plot the change rate of the latent volume. 
The observed data are plotted in the background. The blue curves indicate the population mean and the red curves show 
2 standard deviations from the population mean, meaning ��95% of the population is expected to have volumes and 
change rates within this region. The shaded region indicates the 50% and the 95% confidence interval (CI) for each curve. 
For some curves, the CIs are small, and, therefore, the CI regions appears as a single line.
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rates up to the age of 60 years and increases thereafter, 
while the brainstem has small but stable inter-individual 
differences in the change rate throughout life. The ventri-
cles show a steady variation in the inter-individual change 
rate up to the age of 50 years and then drastically increase 
afterward. For comparison, at age 70 years, the ratio of 
the inter-individual differences in change rate to the mean 
volume is approximately six times larger for the ventricles 
than for the hippocampus. Supplementary Figure S3 shows 
the standard deviations of the raw data as a function of 
age, reflecting the same general pattern.

3.2.  Explained variance from young adult levels  
vs. systematic change

The previous section shows that by the age of 30 years, 
the brain structure volumes have settled at a stable level. 
We estimated how much of the variance in later-life brain-
structure volume can be accounted for by volume level at 
age 30 years. Using the fitted model, we derived the R2 
as the squared correlation between volumes at age 
30 years and at later ages, after accounting for intracra-
nial volume (ICV) and sex so as to maximize sensitivity to 
change. The proportion of explained variance is shown in 

Figure 4. We computed R2 both in the absence and pres-
ence of measurement noise. Without noise, it indexes 
how much variance in latent later-life volume is explained 
by sex, ICV, and latent volume at age 30 years; with noise, 
it indexes the variance in measured later-life volume 
explained by sex, ICV, and measured volume at age 
30 years.

We observe that, up to the age of 60 years, the stable 
volume level established at age 30 years explains nearly 
all of the variance. For instance, for hippocampal volume 
at age 60 years, the model predicts that 87.39% (CI 78.8–
94.2%) of the variance is explained by the early adulthood 
level, whereas the corresponding measured volume has 
80.7% (CI 72.6–87.13%) of its variance explained by a 
volume measure at the young-adult level. This value then 
drops rapidly with the large increase in systematic differ-
ences in volumetric change, so that by age 80 years, only 
45% (CI 38.6–51.4%) of the variance is explained. The 
other structures show similar trends. The exception is 
again the lateral ventricles, which show a steady decrease 
in explained variance from the initial volume throughout 
the age range, that is, individual differences in change are 
observed at earlier ages. For example, the explained vari-
ance in ventricular volume at age 50 years attributable to 

Fig. 4.  The ratio of explained variance R2 in brain structure volumes across the lifespan, given the structure volume at 
age 30 years. The blue line shows the explained variance of the latent volumes without measurement noise, while the 
orange line includes measurement noise. Both lines are calculated from the fitted model. The 95% confidence intervals are 
shown as shaded regions around each line; however, in most graphs, the intervals are narrow and appear as lines rather 
than shaded areas. In this plot, ρsksk+n

2  and ρŝk ŝk+n
2  with tk = 18 years of Eq. (17) are visualized.
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the initial volume is 77.6% (CI 69.3–85.5%), and this drops 
steadily so that by age 90  years, the initial volume 
accounts for only 8.91% (CI 6.31–12.3%) of the variance.

3.3.  Estimation of change rate

Next, we examine how well one can estimate the individ-
ual volumetric change of a brain structure. We examine 
three methods for obtaining an estimate of change: (i) 
Using a single measurement of the volume and compar-
ing that with the norm, accounting for age, ICV, and sex. 
Volumes deviating from the norm are likely to have expe-
rienced and continue to experience individualized 
change. (ii) Using the time-normalized difference in vol-
ume between two measurements to provide a delta esti-
mate of the change rate. (iii) Obtaining more than two 
measurements and using the linear regression slope as 
an estimate of the change rate.

The correlations of the volume with the change rate 
are shown as black lines in Figure 5. From our analysis, 

we see that up to the age of around 65 years, the correla-
tion between a volume measurement and the latent 
change rate is either very low or even negative. For 
instance, at the age of 50 years, the measure of hippo-
campal volume has a correlation of -0.17 with the change 
rate at that age. The negative sign is due to the hippo-
campus shrinking, and larger structures are shrinking at a 
higher rate. After a few years of accumulated individual-
ized changes, the correlation between volume and 
change rate increases, leading to a positive correlation at 
later ages. For instance, the correlation between the 
measured volume and latent change rate is around 0.33 
at age 80 years. The lateral ventricles have, in contrast to 
the other structures, by age 40 years, a significant posi-
tive correlation of 0.35, which increases steadily to 0.65 
at the age of 80 years. This trend is replicated in raw data 
in Supplementary Figure S5.

Our analysis of the delta estimate is shown as colored 
lines in Figure 5. We find that estimating individual change 
from delta estimates results in a correlation with a 

Fig. 5.  The correlation ρ between measured volume with the latent change rate, and the correlation of the delta estimate 
with latent change rate. The black line indicates how much a measurement of the volume of a brain structure correlates 
with the latent change rate of that volume at that time point. The colored lines indicate how much the the slope between 
two longitudinal measurements of brain volume correlates with the latent change rate of that volume at the last session. 
Each color indicates the time between the sessions. The shaded regions show the 95% and 50% confidence interval of 
each line. The black lines correspond to ρvksk  of Eq. (17) with n = 0 and the colored lines correspond to ρ v̂k+n,vk+n( ) of  
Eq. (20).

https://doi.org/10.1162/IMAG.a.1242#supplementary-data
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U-shaped curve over age for hippocampal volume, gray 
matter volume, and supratentorial volume. However, due 
to the lack of statistical power at the youngest ages, we 
cannot confidently say whether measuring change at this 
age is possible. In the middle of the lifespan, we can con-
fidently say that the correlation is very low. For instance, 
for gray matter volume, the correlation is only around 0.1 
at age 50 years. With an increase in the variability of the 
change rate at older ages, a delta estimate of change is 
again able to detect individualized change, but only with 
modest correlations. For instance, the correlation with true 
change at 80 years and a 2-year follow-up for gray matter 
is 0.24. For white matter and brainstem volume, we find 
low correlation with true change throughout life, with a 
slight increase for white matter at the age of 80 years. The 
ventricles show the largest and most stable correlation 
with true change from delta estimates, which, already at a 
young age, shows a similar correlation with latent change 
as gray matter does at an older age. Interestingly, we find 
that performing a delta estimate within 1 year has a lower 
correlation with true change than a volume estimate after 
the age of 70 years for most structures.

Figure 6 shows the correlation between estimates of 
change and true change when using multiple sessions. 
We observe that increasing the number of sessions 
only  shows a moderate increase in correlation com-
pared with increasing the time between the first and the 
last sessions. For instance, for a 2-year measurement 
interval for hippocampal volume at age 80  years, the 
correlation with the change rate is 0.43 using 2 mea-
surements and 0.54 using 12 evenly spaced measure-
ments within the same scanning interval. This 
improvement is lower than for going from 2- to 4-year 
intervals with only two scans, where the correlation 
improves from 0.43 to 0.62.

From our calculations, increasing the number of ses-
sions from 2 to 12 is almost never as good as doubling 
the time between two measurements. The take-home 
message is that increasing the signal, that is, the abso-
lute amount of change, is more efficient than adding more 
measurements. Note that these calculations assume 
equal spacing between each measurement, and the situ-
ation will be different if multiple measurements are per-
formed close to the first and the last time point. See 

Fig. 6.  The correlation ρ between slope estimates of change rate from 2, 6, and 12 sessions with the latent change rate. 
The two samples lines are the same as the colored lines shown in Figure 5, while the other lines indicate the correlation 
between the slope estimate with the latent change rate when including more intermediate sessions. These correlations are 
calculated from Eq. (23).
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Appendix A for an exploration of how the sampling distri-
bution affects the sensitivity to change.

4.  DISCUSSION

The present analysis yielded three main results. First, we 
find that the systematic inter-individual differences in 
volumetric brain change before age 60 years are much 
smaller than the differences seen later in life in a large 
cross-cohort sample of cognitively healthy adults. This 
indicates that in cognitively healthy adults, morphomet-
ric differences prior to age 60 years largely reflect stable 
individual differences, and are for the most part not 
ascribed to differences in change rate. From about 
60 years of age, individuals began to follow detectably 
different trajectories, and differences in change gradu-
ally explained more variance with increasing age. Sec-
ond, because the variation appears to be dominated by 
stable individual differences before the age of 60 years, 
a model trained to predict cross-sectional age will be 
sensitive to age, but not differences in aging. The only 
measure partially reflecting individual differences in 
change before age 60 years was the ventricles, which 
are known to be sensitive to age-related changes, but 
typically do not dominate in brain age calculations. 
Finally, the reliability to detect differences in change was 
very low in the age range 30 to 60 years, even with many 
samples and up to 8 years between first and last mea-
surement. From the age of 60 years, reliability increases 
with longer follow-up times having the largest effects, 
while adding more intermediate time points compara-
tively affected reliability to a very modest degree. For 
example, 2 scans 4 years apart yielded similar or higher 
reliability to detect change than 12 scans evenly distrib-
uted over 2 years. The implications of the findings are 
discussed below.

4.1.  Cross-sectional differences mostly do not 
reflect differences in brain change

The aging norm trajectories of the different brain struc-
tures replicate previous aging studies (Fjell et al., 2013). 
All the structures showed age-related decline, but fol-
lowed distinct patterns. The hippocampus remains rela-
tively stable until around 60  years of age, after that 
accelerated decline is observed. In contrast, total gray 
matter volume exhibits almost linear reductions, with a 
slight acceleration from age 60 years onward. White mat-
ter and brain stem are the only structures that do not 
show a monotonic decline; instead, they apparently 
increase until middle age, which is a well-established 
pattern (Allen et al., 2005; Walhovd et al., 2005). The lat-
eral ventricles display the most unique trajectory, with a 

small increase in volume until around 50 years, followed 
by a rapid increase throughout the rest of the lifespan.

Importantly, as was recently demonstrated in a study 
of the UK Biobank database, high cross-sectional age 
correlations do not necessarily translate to high sensitiv-
ity to brain change (Smith et al., 2025). This means that if 
individuals have a smaller volume of an age-sensitive 
brain structure, this does not imply that they have under-
gone greater age-related changes than others. The pres-
ent results clearly confirm that while brain regions may be 
age sensitive at the group level, this does not reflect the 
existence of systematic differences in age-related rates 
of change (Vidal-Piñeiro et al., 2025). We observe sub-
stantial age-related changes in all tested neuroanatomi-
cal volumes, with some, particularly total gray matter 
volume and supratentorial volume, changing continu-
ously from early adulthood. Nevertheless, the variance 
attributable to young adult levels surpasses the variance 
associated with individual differences in change by far, at 
least until advanced ages.

As shown in Figure  4, until around 60  years of age, 
nearly all differences in neuroanatomical volumes reflect 
stable, individual differences established in early adult-
hood. From approximately 50  years, systematic differ-
ences in change rates between participants increase. 
These differences accumulate over time, and at 60 years, 
their impact is sufficiently large to be observed as smaller 
volumes, but only a minor proportion of individual varia-
tion is still due to systematic differences in change. This 
proportion steadily increases at different rates across 
structures, reaching approximately 10–20% at 70 years 
and 50% or more at 90 years for most structures. It is 
crucial to note that these findings represent group-level 
effects and cannot be directly translated into consider-
ations on level versus systematic change in the brains of 
individual participants.

The reason for the small proportion of variance 
attributed to systematic differences in change is that 
absolute volumetric differences between individuals are 
substantial, while inter-individual variation in change is 
relatively small. Consequently, only after several decades 
do volumetric differences significantly reflect change. 
However, the ventricles deviated from this pattern, and 
we are able to detect small individual changes through-
out the first 30 years of adulthood before expanding rap-
idly from around 50 years. The relatively minor individual 
differences in baseline volume, combined with system-
atic variation in individual change rates, also at young 
age, result in a situation where a much larger proportion 
of volume variation can be attributed to change. Even at 
50 years, around a quarter of the volumetric differences 
between individuals can be explained by differences in 
change, a proportion that reaches 90% at 90 years. This 
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means that ventricular size is the only tested brain mea-
sure that reflects actual age-related variability as a result 
of accumulated individual changes when measured at a 
single time point throughout life. This observation was 
previously reported by Vidal-Piñeiro et al. (2021).

Thus, measures where the rate of change later in life is 
large relative to inter-individual variation in young adult-
hood will, by this reasoning, reflect proportionally more 
change than baseline effects when measured in aging. 
Another good example is white matter hypointensities, 
not measured here, where variation appears to reflect 
change to a greater extent than most other brain mea-
sures (Smith et al., 2025). However, this also means that, 
for other brain measures, cross-sectional comparisons 
do not inform us, for the most part, about individual dif-
ferences in aging in cognitively healthy normal popula-
tions. Hence, typical brain-age models trained to predict 
chronological age will typically be dominated by cross-
sectional variance and, consequently, are very insensitive 
to individual differences in the rate of aging (Smith et al., 
2025).

4.2.  Impact of levels vs. change will depend on the 
sample

An important consideration is that the proportion of vari-
ance at a given age that can be attributed to levels at 
young adulthood vs. systematic differences in change 
will depend on the type of samples included. For exam-
ple, we find that about 50% of the individual differences 
in hippocampal volume at age 80 years can be ascribed 
to differences in change, but this number is likely much 
higher in neurodegenerative disorders such as AD. While 
we estimate annual change in hippocampal volume to be 
around 1% after 60  years, this number often exceeds 
3.5% in AD patients (Fjell et  al., 2009). Consequently, 
such a large difference in rate of atrophy will eventually 
manifest in lower hippocampal volume in AD patients, 
regardless of the variation at young adulthood. Although 
large baseline hippocampal volume may be a protective 
factor, volumetric differences between patients with pro-
gressed AD and age-matched controls will likely to a 
larger extent reflect accumulated higher atrophy rates in 
the patients. How much of the variance that can be 
ascribed to each remains to be tested. Similarly, compar-
ing other patient groups having conditions associated 
with magnified volumetric change rates may also be 
expected to yield a higher proportion of volumetric differ-
ences ascribed to change.

Still, AD and some other age-related dementias 
occupy the high end of the neurodegeneration spectrum. 
For many other conditions where neuroanatomical differ-
ences are found—such as neuropsychiatric disorders 

such as schizophrenia (Constantinides et al., 2023; van 
Erp et  al., 2018; Zhu et  al., 2023) or major depression 
(L. Han et al., 2021), differences in change rates are usu-
ally much smaller (Abé et al., 2022; Vita et al., 2012) than 
in AD. In such cases, the present results suggest that 
volumetric differences largely reflect stable levels, likely 
originating early in life and possibly partly due to devel-
opmental differences.

For example, a large multi-sample study of bipolar dis-
order did not find substantial differences in change rates 
of neuroanatomical volume between patients and con-
trols (Abé et al., 2022). Therefore, a cross-sectional com-
parison would be expected to reveal primarily level 
differences between groups, regardless of the age at 
testing. However, this study included several middle-
aged and older participants, and higher ventricular 
expansion was observed in the patient group. This find-
ing is particularly relevant, as ventricular expansion was 
the one variable in the present study that reflected the 
most systematic differences in change.

Other cross-sectional studies of schizophrenia have 
found that patients have higher predicted brain age than 
controls (Constantinides et al., 2023). As argued above, 
brain-age prediction models depend on age relationships 
and, therefore, primarily reflect the features of brain 
structures that are most reliably linked to age. For exam-
ple, total gray matter volume would typically be assigned 
high weight in brain-age models, and has been reported 
to be the measure most predictive of brain-age differ-
ences between patients with schizophrenia and controls 
(Ballester et  al., 2023). However, as low inter-individual 
differences in change yield more precise brain-age pre-
dictions, such measures are likely insensitive to aging 
(Smith et al., 2025). An implication is that cross-sectional 
studies of aging differences between neuropsychiatric 
groups run a high risk of confounding stable levels with 
true aging effects.

Education, sometimes regarded as one of the stron-
gest protective factors for dementia (Livingston et  al., 
2024), has recently been shown to correlate with larger 
brain volumes but not with differences in brain change 
(Cox et al., 2016; Fjell et al., 2025; Nyberg et al., 2021). 
Longitudinal and cross-sectional brain structural mea-
sures are also found to relate differently to cognitive func-
tion (Walhovd et al., 2022). These results fit well with the 
present observation that differences in regional brain vol-
umes mostly reflect stable individual differences, also in 
relatively advanced ages.

Conversely, when comparing groups with different 
clearly defined developmental risk factors, such as pre-
natal drug or alcohol exposure, very low birth weight, or 
premature birth, brain volumetric differences will proba-
bly for even longer reflect effects present early in life. 
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Consistent with this, a review showed that reported effect 
sizes on neuroanatomical volumes from fetal life risk fac-
tors were several times larger than those from later-life 
risk factors such as hypertension, overweight, and heavy 
alcohol consumption (Walhovd et al., 2023). We expect 
the same to be the case with neurodevelopmental psy-
chiatric diagnoses associated with brain morphometric 
differences, such as attention deficit hyperactivity disor-
der (Hoogman et al., 2017). Since these differences also 
originate from early in life, adult comparisons will be 
expected primarily to reflect stable levels even in old age 
(Walhovd et al., 2012).

4.3.  Implications for studies of brain aging

The results confirm a growing body of evidence suggest-
ing that deviation from “age-expected” lifespan brain tra-
jectories cannot be used to make inferences about brain 
aging, at least not before the age of 60  years. Cross-
sectional studies can provide important information 
about the brain basis for cognitive function in aging, but 
brain aging per se is better studied using longitudinal 
designs. Interestingly, the results suggest that we have 
very little signal to detect systematic differences in brain 
change before the age of 60 years, although this will ulti-
mately depend on the reliability of the measurements 
(signal–noise ratio) (Brandmaier, Wenger, et  al., 2018; 
Narayanan et al., 2020; Vidal-Piñeiro et al., 2025) and the 
sample in question.

As has been shown previously using simulations and 
formal analysis (Brandmaier, Von Oertzen, et  al., 2018; 
Brandmaier et al., 2024; Ghisletta et al., 2020) and com-
putations based on empirical data (Hertzog et al., 2008; 
Vidal-Piñeiro et  al., 2025), the results show that time 
between measurements is much more important for reli-
ability than the number of observations. Except for the 
lateral ventricles, reliability was low even with 12 scan-
ning sessions evenly spaced across 12 months. In con-
trast, a 4-year follow-up interval increased reliability 
greatly. This demonstrates that more signal is the most 
important factor for reliable measures of longitudinal 
brain change. Since change rates increase with age, the 
reliability also increased greatly with aging, reaching a 
correlation of about 0.70 for hippocampal change over 4 
years even with only two scans. Hence, an implication for 
aging studies is to maximize follow-up time even at the 
expense of more time points.

An exception to this conclusion is, of course, when 
special events are of interest, such as in intervention and 
experimental studies, which differ from observational 
studies of naturally occurring aging processes. For 
example, intervention studies have detected systematic 
effects of cognitive training over a few weeks in younger 

and older participants (Bråthen et al., 2022; Engvig et al., 
2010; Wenger et al., 2012, 2017). In these cases, post-
intervention differences reflect change due to the exper-
imental intervention. Another reason to prefer many 
imaging sessions is that participants are likely to drop 
out of the study, and acquiring intermediate sessions 
might be necessary to ensure some data before partici-
pants potentially drop out. In addition, some theoretical 
models of experience-dependent plasticity predict curvi-
linear changes in brain volume as a function of skill 
acquisition, in the sense that an early increase is fol-
lowed by a decrease (Lövdén et al., 2020). Clearly, test-
ing such a model requires more than two measurement 
occasions.

Another implication is that if only cross-sectional data 
are available, aging studies should focus on brain mea-
sures reflecting differences in change to a larger degree, 
for example, the lateral ventricles and WM hypointensi-
ties (Smith et al., 2025; Vidal-Piñeiro et al., 2021). Simi-
larly, residualizing total brain volumes with respect to ICV 
has been shown to correlate with ongoing atrophy (Fürtjes 
et al., 2025), because these measures are very highly cor-
related in adolescence and young adulthood, and resid-
ual scores, therefore, partially reflect accumulated change 
since lifetime peak brain size. In any case, the results 
underscore the need to consider early life developmental 
processes to understand and account for individual dif-
ferences in brain structure at all later stages in life 
(Walhovd et al., 2016).

This study demonstrates the importance of improving 
the reliability of structural neuroanatomical measure-
ments. Although sensitivity to change increases approxi-
mately linearly with the interval between sessions, waiting 
many years is impractical. As shown in Appendix A, 22 
equally spaced sessions are needed to achieve the same 
reliability as simply doubling the time span; this approach 
is often impractical. Concentrating measurements at the 
end points (e.g., cluster scanning (Elliott et  al., 2024)) 
reduces the theoretical requirement to eight sessions to 
match that gain. However, this assumes truly indepen-
dent scans acquired over a short period, which is empir-
ically not the case (Elliott et al., 2024).

The volumetric measures analyzed here result from a 
chain of procedures, each contributing uncertainty to the 
final estimate, such as subject motion and positioning 
during scanning, MRI acquisition noise and scanner drift, 
as well as the uncertainty introduced by the segmenta-
tion and processing software. While it is difficult to iden-
tify which component is most tractable to improve, our 
analysis indicates that any reduction in the variance of 
the volume estimate leads to a linear improvement in the 
change estimate and is, therefore, of substantial practical 
importance. Thus, reduced noise with improved acquisi-
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tion protocols would likely lead to more accurate detec-
tion of longitudinal changes.

4.4.  Considerations and limitations

Our results depend on the validity of the model assump-
tions. First, we assume that the measurement noise is 
Gaussian distributed and independent of all variables, 
such as age and structure size. This may not hold, as 
older individuals can be harder to scan due to factors 
such as movement while scanning (Vidal-Piñeiro et  al., 
2025). Second, we assume that the noise driving the sto-
chastic component of the acceleration is also Gaussian 
distributed. The true distribution of change rate and accel-
eration is likely skewed, as shown in Vidal-Piñeiro et al. 
(2025). Third, similar concerns apply to the initial distribu-
tions of structural volume and change rate, which we also 
assumed to be Gaussian distributed. The model calibra-
tion curves, provided in the Supplementary Materials 
(Supplementary Fig. S6), indicate that the model is well 
calibrated for most structures, with the lateral ventricles 
showing the largest deviation from optimal calibration. 
This suggests that the Gaussian assumptions generally 
hold; however, ventricular volume could be modeled more 
accurately by incorporating higher moments.

There are also good reasons to assume Gaussian dis-
tributions. First, this choice makes the model analytical, 
so the probability of multiple observations from a single 
individual, as well as all the results presented in Figures 3 
to 6, can be computed directly from the model parame-
ters. Second, Gaussian distributions can be viewed as a 
natural baseline assumption. Most related models, such 
as Latent Growth Curve Models (Preacher, 2008) and the 
model used by Smith et al. (2025), also rely on Gaussian 
distributions.

It is important to consider that we assume participants 
observed at a given age are representative of the broader 
population at that age. In other words, we assume that 
individuals scanned in their 20s are a reasonable proxy 
for how individuals scanned in their 80s would have 
looked in their 20s (and vice versa), conditional on ICV. 
Including ICV may partially mitigate cohort-related differ-
ences that arise from developmental influences, given 
that ICV is established during development and remains 
stable in adulthood. However, this adjustment is unlikely 
to fully eliminate cohort effects, and will likely not elimi-
nate period effects. Separating age-related change from 
period- and cohort-related differences is inherently diffi-
cult, particularly in pooled multi-cohort datasets, and 
residual cohort effects may, therefore, remain in our esti-
mates (Rohrer, 2025). In addition, because cognitively 
impaired individuals were excluded, estimates, particu-
larly at older ages, may be biased. In late life, when 

impairment is more prevalent, this exclusion likely yields 
a healthier-than-average sample and could lead to an 
underestimation of variability in rates of change.

Site-specific bias is modeled as an additive offset, 
which we treat as a pragmatic first-order approximation 
to site effects. A more flexible specification would include 
both additive and multiplicative terms, as in Beer et al. 
(2020), but this would further increase the complexity of 
an already complex model. In the Supplementary Materi-
als (Supplementary Fig. S7), we show that the adopted 
correction substantially reduces site-dependent differ-
ences in the volumetric measures.

We used five knots for the splines, spaced equally 
over the interval from 18 to 100 years. As a result, changes 
in the dynamics that occur on shorter time scales are not 
captured by the model parameters. Fitting dynamical 
models with feedback and time-dependent parameters is 
challenging because the posterior over parameters 
exhibits strong dependencies. We, therefore, limited the 
splines to five knots to ensure posterior convergence.

4.5.  Conclusion and further research

The present results show that by 30 years of age, struc-
tures in the brain have settled at a stable volume level 
that explains most of the variance up to the age of 
60  years. After age 60  years, larger systematic differ-
ences in changes begin to accumulate, resulting in a 
gradual increase in brain neuroanatomical differences 
and in observed volumetric differences. Therefore, before 
the age of 60 years, differences in brain volumes primarily 
reflect stable levels from young adulthood. The propor-
tion of variance attributable to systematic differences in 
change increases at higher ages, typically reaching 20–
50% at age 80 years and 40–70% at age 90 years. The 
exception is ventricular volume, with more than 60% of 
the individual differences in volume at age 70  years 
reflecting differences in change, a proportion increasing 
to 90% at age 80 years. Further research should extend 
these findings to include different populations, including 
neuropsychiatric conditions, groups with different risk 
factors, and diseases known to affect brain structure. 
Clarifying the relative contributions of young-adult base-
line levels and subsequent changes due to diseases and 
clinical conditions will be an important direction for future 
research.
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fees may apply. Requests for LCBC, UB, and COGNORM 
should be submitted to the corresponding principal 
investigator. The code to fit the model and generate the 
figures is available at https://github​.com​/EdvardGrodem​
/brain​-trajectories.
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APPENDIX A. MEASURING LINEAR CHANGE

In this study, we used the correlation between a change 
estimate and the latent, possibly true, change in a linear 
time-dependent stochastic dynamical system to quantify 
sensitivity to detect individualized change over time. Due 
to the time-varying nature of the dynamical system, these 
equations are difficult to interpret. Here, we include an 
alternative description using a linear system. We see that 
the conclusion from the main paper holds; namely, that 
the total time span of observations is more important 
than the number of observations. Additionally, we show 
that, conditional on the signal-to-noise ratio (SNR), these 
statements are measurement-modality agnostic. For 
instance, it does not matter whether the measurements 
come from a T1-weighted or T2-weighted image, or 
whether the measurements are of volumes, areas, or 
thicknesses. We show that the only thing that matters is 
the signal-to-noise ratio (SNR) of the expected variance 
of the change to the measurement noise. These results 
are, of course, not new and are only restated here for 
clarity.

Given a linear model, let the observations at times 
t1,…,tn follow

	 y i = β +αt i +wi, wi ∼ N 0,σ r
2( ), 	 (A1)

where α is the true slope, β the intercept, and σ r  the 
measurement-noise standard deviation (SD). The linear 
regression slope estimator α̂ satisfies (theorem 13.8 of 
Wasserman, 2004)

	

Var α̂| t i{ }( ) = σ r
2

i=1

n∑ t i − t( )2
,  t = 1

n i=1

n

∑t i.

	

(A2)

We can see from this that the expected variance of an 
estimate is inversely proportional to the second central 
moment of the sample times points.

Given equally spaced (ES) samples, the observations 
are

	
ES : 0,1,!,n−1{ } T

n−1
+ t0, 	

(A3)

where T is the total span over which the samples are 
taken. An alternative sampling strategy is to use cluster 

sampling, where all the samples are at the two end points. 
This assumes, of course, that it is possible to draw inde-
pendent samples from the same time point. Using cluster 
sampling (CS), the samples are given by

	

CS : {0,…,0
n
2
times

!"#
,T ,…,T

n
2
times

!"#
} + t0,

	

(A4)

where n is assumed to be an even number.
The standard deviation (SD) of the estimator around 

the true slope for equally spaced samples is then

	
SD α̂ES( ) = 12 n−1( )

n n+1( )
σ r

T
.
	

(A5a)

Similarly, for cluster sampling, the variance is

	
SD α̂CS( ) = 2

n

σ r

T
.
	

(A5b)

The SNR is the ratio of the variation in slope to the 
variance of the slope estimate, given by

	

SNRα =
Var α( )
Var α̂( ) =

(SD α( ))2

SD α̂( )( )2
.

	

(A6)

Equations (A5) and (A6) are visualized in Appendix 
Figure A1. There are several interesting conclusions that 
can be drawn from these equations and figures. First, 
the SD of the slope estimate is proportional to the mea-
surement SD, meaning that halving the measurement 
SD will halve the slope estimate SD. Second, the SD of 
the estimate is inversely proportional to the total sam-
pling time, meaning that doubling the total sampling 
time will halve the SD of the estimate. Both of these 
conclusions hold for equally spaced sampling and clus-
ter sampling.

For cluster sampling, the SD of the estimate is inversely 
proportional to n , while the story is a little more compli-
cated for equally spaced samples. However, for large n, 

we have that Var α̂ES( ) ≈ 12
n

σR
2

T 2 , while we know that 

Var α̂CS( ) = 4
n

σR
2

T 2 , meaning cluster sampling is approxi-

mately three times more sample efficient for large  
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number of samples. For a smaller number of samples, we 
can calculate how many samples we need in order to 
achieve the same improvements as doubling the total 
sampling time. For cluster sampling, we have to increase 
the number of samples from two to eight samples (four at 
each endpoint) in order to achieve the same result as 
doubling the total sample time. For equally spaced sam-

ples, we have to take 22 samples to achieve the same 
result.

In conclusion, given a linear model with Gaussian 
noise, increasing the total sampling time is more efficient 
than increasing the number of samples. Cluster sampling 
is approximately three times more sample efficient than 
equally spaced samples.

Appendix Fig. A1.  The uncertainty of slope estimate of change with respect to measurement noise, number of samples, 
and the total time span for a linear model of change. To the left, the standard deviation (SD) of the slope (SD α̂( )) is shown 
as function of the number of sessions and the total span of the sessions. To the right, the signal-to-noise ratio (SNR) is 
shown. The horizontal lines show SD α̂( ) and SNR when n = 2. The labels on the x-axis show the number of samples 
needed for the curves to cross the lines for n = 2 of the other values of T. In the plots for cluster sampling, the thin dotted 
lines show the curves for equally spaced sampling.


