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We thank Lucina Uddin for her Spotlight
on our article ‘Sources and implications of
whole-brain fMRI signals in humans’ [1,2].
A major challenge in fMRI analyses is that
neurally driven signals are a small fraction
of the recorded signal. The remainder of
the variance is thermal noise and artifacts.
Denoising fMRI data is thus a central con-
cern of the field. Our article illustrated that
whole-brain (global) fMRI signals are often
caused by breathing changes that alter
bloodstream pCO2, by head motion, and
by scanner artifacts. In fMRI data paired
with respiratory records it was easy to
discern, in a large fraction of scans, mas-
sive global signals due to deep breaths or
hypopnea. If unremoved, these artifacts
spuriously elevate signal covariance
throughout the brain and can mimic
dynamics in functional connectivity. Of
the many denoising methods we tested,
only global signal regression (GSR) effec-
tively eliminated these artifacts. Although
our article took no stance on GSR, the
Spotlight links our paper to the conten-
tious issues it entails. We wish to discuss
three points raised in the Spotlight.

First, a clarification. Uddin suggests that
independent component analysis (ICA)
denoising can ‘produce time series that
can be [analyzed for] dynamics’. In the
Human Connectome Project data pre-
sented in our article, massive, transient
respiratory artifacts throughout the brain
are seen before and after FIX (FMRIB ICA-
based X-noiseifier) [76_TD$DIFF]ICA denoising. This
property of ICA has been seen in multiple
datasets andwithmultiple ICA techniques
(e.g., ICA-FIX, ICA-AROMA, etc.) [2–4].

Unambiguously, present and prior imple-
mentations of ICA denoising are ineffec-
tive at removing global fMRI artifacts.
These artifacts can cause the spurious
appearance of dynamics, group differen-
ces, and other effects.

Second, we consider the logic of global
signal removal. The global fMRI signal is
composed largely of artifacts and
unwanted signals, but there may also
be a global neural signal. Uddin describes
removing the global fMRI signal as ‘throw-
ing the baby out with the bathwater’. Our
article informs the metaphor: prominent
global artifacts are present in most scans
(the bathwater is dirty) and existing meth-
ods do not adequately and selectively
remove global artifacts (the baby and
bathwater cannot be separated). [77_TD$DIFF]But
the metaphor fails: nobody wishes to
throw out babies, but investigators may
wish to remove global neural signals.
Assume, hypothetically, that a global,
neural fMRI signal indexes arousal, and
that sleep pressure or caffeine intake
modulate this signal. An investigator
might want to preserve this signal in cir-
cadian studies, or remove this signal to
control for tiredness across subjects. The
decision to remove or preserve a neural
global signal depends on its associated
processes and the question being asked.

Third, Uddin states that ‘[GSR] could arti-
ficially introduce correlations between
brain regions and wildly distort group dif-
ferences’, statements based on three-
signal simulations [5]. However, the same
type of simulations can produce the alter-
native statement: ‘GSR may produce no
meaningful alteration in covariance
beyond appropriate removal of shared
signals’. The crucial issue, in simulation
and in reality, is the number of signals that
constitute the data. If a system contains
only two independent signals, they always
become mirror images of each other after
mean signal regression, a major distor-
tion. However, as increasing numbers of
independent signals are [78_TD$DIFF]incorporated in
the mean, relationships between signals

are increasingly preserved. The simula-
tions mentioned above made no effort
to convey this range of possible out-
comes from GSR or to build and test
models that more closely resemble the
properties of real fMRI data. Future sim-
ulations on global signals ought to (ii)
explore crucial and appropriate parame-
ter spaces, and (ii) make an effort to tem-
per conclusions by the likelihood that the
model corresponds to reality. An enor-
mous amount of confusion and conflict
has been produced in our field by a failure
to do these things in simulations. A bal-
anced statement about GSR simulations
would be: ‘the distorting effects of GSR
on covariance can range from marked to
undetectable depending on the signals
involved, and the relevant number and
distribution of signals [79_TD$DIFF]in fMRI data is not
presently clear’.

In suggesting that ICA could deal with
global artifacts, that global signals are
intrinsically valuable, and by citing selec-
tive simulations, Uddin dissuades readers
from seriously considering whether they
should remove global signals. These are
serious matters for [80_TD$DIFF]reasons illustrated in
Figure 1. In every cohort we examined,
respiratory signals were primary influen-
ces on global signals and were most
prominent in a ‘sensorimotor’ pattern
(Figure 1A). Images from the fMRI litera-
ture on sleep are in Figure 1B [6–8]. Loca-
tions where signal amplitude increases
markedly over time in the scanner are
shown in Figure 1C, an effect found in
multiple datasets [9,10]. Signal in similar
patterns is attenuated by caffeine admin-
istration. Remarkably, signal amplitudes
in these patterns are negatively correlated
with scores on a battery of cognitive tests
across subjects [9]. Why do these similar
patterns emerge as subjects lie in a dark,
warm, vibrating environment? Possibly
because sleep tends to produce
[81_TD$DIFF]slowed, deep breathing. Plausibly, sub-
jects who are tired tend to do worse on
difficult test batteries and also tend to fall
asleep in the scanner. None of these
studies reported respiratory measures.
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Figure 1. Respiratory Signals Have a ‘Sensorimotor’ Distribution, and Maps of Respiratory Effects Resemble Maps of the Global Signal and Maps
Reported for Sleep and Arousal. (A) Maps of global fMRI signals and of where respiratory measures and pCO2 most influence fMRI signals. (B) Maps from the
literature on sleep. (C) Map showing where signal amplitude rises over 15 minutes in a scanner. Amplitude in this pattern is negatively correlated across subjects with
scores on batteries of cognitive tests. Each tick-mark on the [72_TD$DIFF]x-axis of the neurocognitive plot denotes [73_TD$DIFF]the correlation, across subjects, of motion, satisfactionmeasures,
or cognitive measures, with signal amplitude in several sensorimotor independent component analysis (ICA) [74_TD$DIFF]components (these components together approximate the
map shown at left [75_TD$DIFF]) (see [2,7–9,11,12]).
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Readers need to be conscious that res-
piration has a major influence on fMRI
signals, that respiration manifests in a
‘sensorimotor’ pattern, and that most
denoising strategies do not effectively
remove respiratory variance.

The situation is this: global artifacts are
present in most fMRI scans, and their
prevalence correlates with age, cognitive
variables, and clinical variables. In the
past few years it has become clear that
GSR is singular[82_TD$DIFF], among denoising strate-
gies, in its ability to remove global arti-
facts. Unremoved global artifacts can
mimic effects of interest across scans
and/or subjects because of correlations
with variables of interest, and leaving
global artifacts in a group study can pro-
duce spurious group differences. These
empirical findings support the use of
GSR, and indicate that extraordinary care
is needed to document and control for
global artifacts if global signals are not
explicitly removed. Some investigators
express principled reluctance to perform
GSR owing to the distortions illustrated in
simulations. These distortions may be
marked or negligible depending on the
dimensionality of the signals under study.
Some authors (e.g., A.M.) believe that,
because of the nested sets of signals in
the brain, low-dimension simulations
might reflect the behavior of empirical
signals. Other authors (e.g., S.E.P.)
believe that the relevant number of signals
must be considerably higher and that low
dimensional simulations are unlikely to
reflect empirically relevant behavior. Cur-
rently, no [83_TD$DIFF]studies unambiguosly address
this point.

We suggest three avenues forward. First,
the field would benefit from empirical
studies on fMRI data dimensionality. Sec-
ond, the use of empirical data in simula-
tions would help to address (and avoid)
the challenge of properly specifying
dimensionality. Third, the field would ben-
efit from the development and demon-
stration of denoising methods that
separate neural from other global signals.
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Numerical Cognition:
Learning Binds
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A recent exchange in this journal debates
whether there is a biologically based

capacity for number, or whether number
is instead a cultural construction [1–3].
We propose that consideration of individ-
ual (cognitive) learning deserves more
emphasis in this discussion. In particular,
in addition to the slower time scales of
biology and culture, individual learning
provides a third, much faster evolutionary
time scale, operating within an individual’s
lifetime [4]. At this fast time scale, individ-
uals learn to accommodate cognition (via
instruction and trial-and-error learning) to
their culture, constrained by their biology.
We argue that this perspective integrates
different data and domains, and leads to
novel conceptualizations and fruitful ave-
nues for future research in numerical
cognition.

First, we address the issue of which quan-
tity representations are innate. Summa-
rizing a wealth of data, a recent review [5]
argues that (the brains of) nonhuman
animals only represent non-numerical
quantities (e.g., size or luminance), not
number. Correspondingly, Núñez [2]
distinguishes between quantical
cognition (the cognition of quantities, e.
g., size and luminance), and numerical
cognition (the cognition of numbers, e.
g., 1, 2, 3). He argues that nonhuman
animals only exhibit quantical cognition.

How can one reconcile this with number-
selective neurons reported in macaque
parietal and frontal cortex [6]? We
propose that, at least for small collections
of objects, (human and nonhuman)
animals learn the neural code that is
optimally suited for their task(s) at hand.
In these experiments, macaques typically
performed a same-different task. In a
same-different task, the subject is asked
on each trial to determine whether two
collections of objects have the same or a
different set size; for example a collection
of five dots and a collection of three dots
are ‘different’, but two collections of five
dots are ‘same’. We have demonstrated
[7] that a number-selective neural code
(Box 1) is optimally suited (in terms of
minimizing training time) for a same-
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