
Population brain-wide association studies 
(BWAS) are used to relate inter-individual 
differences in structural and functional 
neuroimaging measurements to cognitive 
and psychiatric traits. But these studies have 
been plagued by poor replicability, unless 
they are based on sample sizes in the thou-
sands1. Writing in Nature, Kang et al.2 describe 
further design principles, such as sampling 
schemes that boost inter-individual variance, 
to improve replicability.

In 2023 alone, the US National Institutes of 
Health (NIH) invested around US$1.9 billion 
in neuroimaging research (see go.nature.
com/48yzr6u). There are two ongoing mega 
studies: ABCD (Adolescent Brain Cognitive 
Development)3, which is collecting infor-
mation such as brain scans from 12,000 
US children longitudinally (over time); 
and the UK Biobank4, which is amassing 
neuroimaging, genetic and medical data on 
100,000 UK citizens. 

Unlike these large projects, most ear-
lier BWAS have had fewer than 100 partic-
ipants, with a median sample size of fewer 
than 25 (ref. 1). A minor panic ensued5,6, there-
fore, when several reports from mega-study 
data revealed that actual BWAS effect sizes 
— the strength of the relationship between a 
structural or functional measurement of the 
brain and a given trait — were smaller than pre-
viously thought, requiring sample sizes to be 
in the thousands to become replicable1,7–10. As 
happened in the early days of genome-wide 
association studies (GWAS), which are used 
to identify links between genetic variants and 
observable traits, the combination of small 
samples, sampling variability and publica-
tion bias had led to the reporting of inflated 
effect sizes. 

There is consensus that, all else being equal, 

larger samples are better for BWAS than are 
smaller ones. However, high neuroimaging 
costs make it impossible to generate a sam-
ple size of more than 1,000 with the funding 
provided by a standard investigator-initiated 
research grant. Non-BWAS neuroimaging 
studies, such as classical functional magnetic 
resonance imaging (fMRI), which tracks brain 
activations tied to the demands of a specific 
task, can be reliable when averaged across 
tens of people, or even in an individual, 
given sufficient repetition. Precision-map-
ping studies in which the same individual 
is sampled repeatedly or longitudinally (or 

both), while eschewing group-averaging and 
cross-sectional analyses (in which data are 
examined from a representative population 
at a specific point in time), have revealed 
principles of brain organization and plas-
ticity with only a single participant11–13. Does 
this mean that BWAS must remain restricted 
to consortium mega-studies, or meta-analytic 
samples such as the Lifespan Brain Chart Con-
sortium (LBCC, consisting of more than 100 
studies)14, whereas individual researchers 
must write grants for task-focussed fMRI and 
precision mapping? 

To search for design features of BWAS that 
could improve replicability at a given sam-
ple size, Kang et al. combined data sets from 
projects such as the UK Biobank, ABCD and 
LBCC, amassing more than 100,000 brain 
scans. They report that sampling schemes that 
increase the variance between participants in 
a variable of interest (such as age) can improve 
BWAS replicability. The true relationship 
between variables (such as height versus age) 
is set by biology and could, hypothetically, be 
measured exactly by sampling all humans, but 
that is of course unrealistic. However, over-
sampling the tails of a distribution of interest 
relative to its centre (in the case of ageing, for 
example, by enrolling only people aged 18–24 
and 79–85), will on average return a larger 
standardized measurement of effect size for 
a given number of participants, compared with 
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Brain-wide association studies, which aim to link features of 
the brain to a person’s characteristics, have a replicability 
problem. Besides increasing sample size, what else can be 
done to make these studies more reproducible? 
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Figure 1 | Considerations for designing brain-wide association studies.  Population brain-wide 
association studies (BWAS) aim to identify associations between traits and structural or functional features 
of the brain. By performing meta-analyses of BWAS, Kang et al.2 sought to find aspects of BWAS design, other 
than sample size, that maximize the standardized measure of effect size (the strength of the associations), 
and therefore the study’s replicability. a–c, For example, Kang et al. found that sampling schemes in which 
the participant population is ‘oversampled’ at the extreme ends of the distribution of the variable of interest 
(a) can increase between-participant variability, and therefore the effect size (b) and chance of replicability 
(c) at a given sample size, compared with a uniform sampling scheme. (Adapted from Extended Data Fig. 1 
and Fig. 2 from ref. 2)
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sampling equally across the distribution. Such 
an approach should directly translate into a 
greater chance of replication (Fig. 1).

Longitudinal sampling also tends to 
improve average replicability, for a given sam-
ple size, but with several qualifications. Most 
importantly, in longitudinal and repeated sam-
pling designs, the within-participant effects 
and between-participant effects must be 
estimated separately. Failure to do so could 
decrease replicability if within-participant 
variance — for example in cognitive metrics 
that are susceptible to changes in neurological 
state (such as sleep) — is not linked to variance 
in neuroimaging metrics (such as structural 
measures that are not affected by sleep). If 
within-participant and between-participant 
variance are properly accounted for, spacing 
repeated measurements more widely in time 
further enhances the benefits of longitudinal 
sampling. Kang et al. show that most benefits 
of a longitudinal design, for the specific case 
of relating ageing to structural brain metrics, 
were achieved with just two time points.

The staggering number of thoughtful 
analyses that Kang et al. conducted on a 
trove of neuroimaging data brings into focus 
broader principles for better BWAS sampling 
strategies. First, researchers must maximize 
the variance that they are interested in. Sec-
ond, they must minimize ‘nuisance’ variance, 
which is not biologically or clinically mean-
ingful — head movement during scanning, 
for example. Third, they must know where 
variance comes from. Is it between-partici-
pant variance or within-participant variance? 
Within-participant variance can be due to day-
to-day changes in neurological state (sleepy 
versus well-rested, for example) or consistent 
changes across longer timescales (with age, 
for example). Variance might also arise from 
errors in measurement. Relative to functional 
metrics, structural ones have lower measure-
ment error and are less susceptible to state 
effects (such as sleep). 

On the non-brain side of the BWAS equa-
tion, variables also differ in developmental 
or ageing effects, measurement error and 
susceptibility to state changes. Hence, the 
optimal BWAS design is not one-strategy-
fits-all and still depends on the specifics. It 
is also important to be aware that tail over-
sampling and longitudinal designs do not 
protect against the risk of reporting inflated 
brain–behaviour associations. The dangers 
of using statistically underpowered samples 
for BWAS remain, but for a given sample size, 
such variance-optimizing strategies can fur-
ther increase the likelihood of replication. 

Following the studies that argued for 
larger samples, this impressive work by Kang 
and colleagues is a key methodological next 
step towards making BWAS more replicable. 
Other milestones on the path towards consen-
sus best practices for BWAS are still missing. 
Kang et al. bring powerful evidence in favour 
of more-complex sampling schemes (tail 
oversampling and longitudinal sampling), but 
those might also raise the cost per participant. 
For example, oversampling the tails requires 
pre-existing knowledge about the underlying 
distribution, which in some cases requires 
measuring non-brain variables in a larger sam-
ple, from which to later sub-sample. Therefore, 
the fiscal trade-offs need to be estimated for 
different sampling schemes and other study 
parameters to define BWAS designs with the 
best chance of making replicable discoveries 
per unit of funding. 

Another key consideration when using tar-
geted BWAS sampling schemes is accidentally 
inflating or inducing confounding correlations 
among variables that are not under investi-
gation. For example, when studying the asso-
ciations between body weight and the brain, 
oversampling the extreme tails could intro-
duce eating disorders as a major confounder.  
Undersampling the centre of a distribution 
could backfire if some of the brain associations 
are non-linear — if the relationship is U-shaped, 
for example. Therefore, researchers need to 
identify all variables with strong brain associa-
tions that could act as confounders if they are 
not tracked as part of the sampling scheme.

Neuroimaging consortium mega-stud-
ies and mega meta-analysis samples have 
already proved extremely valuable, and if 
GWAS is any indication, they will continue to 
grow. Mega-studies that attempt to achieve 
a representative sampling of the underlying 
population for many variables simultaneously 
have many advantages. They can be used by 
myriad researchers to investigate a great vari-
ety of questions that can be answered using 
BWAS, including ones that had not been 
thought of when the study was conceived. 
Hence, there is a trade-off between engineer-
ing BWAS samples for specific questions and 
general-use cases that are more amenable to 
exploratory science. 

Longitudinal designs are recommended for 
BWAS of development and ageing, disease pro-
gression and studying episodic disorders (such 
as depression). Tail oversampling seems best 
suited for BWAS of clinical cohorts, especially 
when key non-brain metrics are already avail-
able. Although some might wonder whether 
more complex sampling schemes are akin to 

P-hacking (manipulations to falsely achieve 
statistical significance) or other questiona-
ble research practices that inflate reported 
effect sizes, the findings described by Kang 
and colleagues, if properly applied, can do the 
opposite. They enable researchers to under-
stand the contributions of different aspects 
of the experimental design to the true signal. 

Kang et al. are opening the door for spe-
cialty BWAS samples (longitudinal and clin-
ical cohorts), but the extra costs of working 
with patients and repeated scans will probably 
push budgets beyond the standard funding for 
investigator-initiated grants. Therefore, team-
work seems to be a requirement for generat-
ing adequate BWAS samples. For researchers 
not yet on a BWAS team, there is still precision 
mapping in small samples, which has also 
proved extremely fruitful11,15–18. 

As for small-sample BWAS, researchers 
should not fall prey to the human cognitive 
bias of viewing small samples as more repre-
sentative than they are. Instead, they must 
heed psychologists Amos Tversky and Daniel 
Kahneman, who admonished scientists19 
back in 1971 to accept that sometimes “there 
is simply no point in running the study unless 
… sample size is multiplied”.
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