
TICS 1772 No. of Pages 2
Letter
Getting Serious about
Variation: Lessons for
Clinical Neuroscience
(A Commentary on
‘The Myth of Optimality
in Clinical
Neuroscience’)
Alexander J. Shackman1,2,3,6,*
and Andrew S. Fox4,5,6,*

Psychiatric illness poses a significant bur-
den on global public health and the econ-
omy. Recent decades have witnessed the
development of powerful new tools for
quantifying variation in the genome and
brain, leading to initial optimism that psy-
chopathology might soon be defined and
diagnosed on the basis of objective bio-
logical assays. [70_TD$DIFF]Yet, major breakthroughs
have proven elusive. In psychiatric genet-
ics, the first wave of small-scale studies
proved difficult to replicate, leading some
to question whether gene hunting should
be abandoned altogether [1]. The result-
ing period of crisis and reflection ulti-
mately motivated the widespread
adoption of more rigorous analytic
approaches and the development of
mega-cohorts and consortia with the tens
of thousands of subjects needed to reli-
ably detect subtle gene–disease associ-
ations [1]. This second-wave research
demonstrates that the amount of dis-
ease-relevant information captured by
the vast majority of individual genetic var-
iants (loci) is vanishingly small [71_TD$DIFF]<1% [1]. In
short, while genomic approaches have
proven valuable for discovering new
molecular targets and validating existing
therapeutics, they are not useful for rou-
tine screening or diagnosis.

Whither neuroscience? In their thoughtful
review, Holmes and Patrick (H&P) make it
clear that that neuroimaging research
faces a similar kind of crisis, and that there
is no universal, unconditionally optimal
pattern of brain structure or function [2].
These insights have enormous implica-
tions for a range of stakeholders, from
researchers and clinicians to funding
agencies and policy makers. Here, we
highlight a few of their most important
conclusions and expand [72_TD$DIFF]on their recom-
mendations for increasing the impact of
clinical neuroscience research.

Echoing other recent commentators [3–
6], H&P remind us that, as neuroimaging
samples have grown larger, providing
more stable and precise estimates of
brain–disease associations, it has
become painfully clear that popular can-
didate neuromarkers of psychiatric dis-
ease and risk – amygdala activity and
connectivity, striatal reactivity to reward,
hippocampal volume, and so on – explain
a statistically significant, but small amount
of disease-relevant information (e.g., risk,
status, treatment response, course). Like
common genetic markers, they are far too
small to be useful in the clinic; they simply
lack the degree of sensitivity and speci-
ficity required to benefit individual patients
[5].

So, where do we go from here? H&P
make several useful suggestions, empha-
sizing that ‘it is unlikely that we will achieve
a breakthrough in our understanding of
how the brain’s intricate functions give
rise to psychiatric illness by investigating
a handful of candidate biomarkers at a
time’. They highlight the utility of develop-
ing more complex multivariate
approaches and the necessity of very
large data sets (see Box 1 [73_TD$DIFF]for detailed
recommendations).

H&P also stress the need go beyond data
that are simply ‘Big’. Marshalling a range
of evidence, they emphasize that particu-
lar behavioral, psychological, and neuro-
biological traits (e.g., amygdala hyper-
Tre
reactivity) are typically neither good nor
bad. Most are associated with a combi-
nation of costs and benefits, with the
ultimate consequences for health and dis-
ease conditional on the larger environ-
ment (e.g., presence of danger,
exposure to stress or adversity) and neu-
ral context (e.g., integrity of countervailing
regulatory systems; see also [7,8]). Mak-
ing sense of this complexity, H&P tell us,
requires data sets that are ‘Broad’,
encompassing measures of ‘brain struc-
ture and function as well as diverse clini-
cal, demographic, behavioral, genetic
phenotypes’. Doing so promises to accel-
erate the development of evidence-based
risk calculators and stratified treatment
strategies that respect the diversity of
human neurobiology [9].

One point not addressed in detail by H&P
is the relationship between biomarker
development and mechanistic research.
Consider the case of genomics. Second-
wave genetics research demonstrates
that the small-but-reliable associations
uncovered by large-scale studies can pin-
point biological pathways with substantial
‘phenotypic’ consequences whenmanip-
ulated with drugs or other direct pertur-
bations. This raises the possibility that
while small-but-reliable associations
between neuromarkers and disease are
not clinically useful, they could still prove
helpful for discovering and prioritizing tar-
gets for mechanistic work or for assessing
the degree to which discoveries made in
animal models translate to diverse human
phenotypes and contexts [10]. Such work
is likely to be especially valuable when it
goes beyond ‘the usual suspects’ and
identifies previously unknown or underex-
plored neuromarkers that are amenable
to mechanistic exploration.

With new tools for understanding biologi-
cal variation comes an opportunity and a
responsibility to use them to improve the
lives of patients. Developing better
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Box 1. Recommendations and Best Practices for Clinical Neuroscience Research

1. Dimensional phenotypes. Diagnostic and Statistical Manual of Mental Disorders, 5th Edition (DSM-5)
diagnoses present barriers to the development of useful neuromarkers (marked heterogeneity and comor-
bidity, poor inter-rater reliability) [12]. [65_TD$DIFF]Narrower dimensional phenotypes (e.g., anxiety, anhedonia) offer
substantial increases in reliability and power and opportunities to understand transdiagnostic mechanisms.

2. Big and broad data. Mega-cohorts encompassing diverse measures provide increased power and more
precise and realistic estimates of brain–disease associations. They afford opportunities for assessing
generalizability, controlling potential confounds (e.g., motion [66_TD$DIFF]artifact in imaging studies), and identifying
disease- and risk-relevant relevant environments.

3. Aggregate. Machine learning approaches, actuarial risk calculators, and related techniques that aggre-
gate multiple sources of neural (e.g., activity, connectivity, and anatomy) and non-neural information are
more likely to yield clinically useful tools than isolated ‘hot spots’ of brain function or structure [67_TD$DIFF](or focusing on
the brain alone).

4. Cross-validate. Absent adequate cross-validation procedures, estimates of neuromarker performance
are likely to be inflated. Separate cohorts for model training/discovery and testing/replication are the gold
standard and serve as an important brake on premature application based on overly rosy preliminary results.

5. Incremental validity. Simple paper-and-pencil measures of personality and actuarial approaches that
leverage readily available demographic/clinical information (e.g., smoking status) [68_TD$DIFF]often outperform more
sophisticated and expensive neuromarkers. Absent head-to-head tests of ‘incremental validity,’ the clinical
value of neuroimaging remains unknown.

6. Reliability. In contrast to clinical measures, the test–retest reliability of most neuromarkers is unclear.
Reliability is typically assessed in small, nonrepresentative samples, precluding definitive conclusions. We
urge investigators to assess and report reliability in larger, more diverse samples.
biomarkers is important for a variety of
reasons, from screening and diagnosis
to treatment stratification and monitoring
[3]. Developing neuromarkers that more
seriously reckon with the complex inter-
actions of human brains, contexts, and
outcomes would accelerate the develop-
ment of new therapeutics and the repur-
posing of existing ones [11]. H&P remind
us that this is a major challenge, one that
will require substantial time and resour-
ces, new kinds of multidisciplinary collab-
orations and training models, and a sober
assessment of what particular kinds of
2 Trends in Cognitive Sciences, Month Year, Vol. xx, No. y
neuromarkers really can and cannot do
for patients and clinicians.
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