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¡ 50 years ago: Lawrence Pinneo (PsychReview, 1966)

§ Neural variability “is not merely noise ” (p 245); it enables 
the stable and functional output of a neural system = TONIC 
activity.

§ ...variability is in fact, the “functional substrate of the 
brain” (p242)



¡ Networks formed in the 
presence of noise: 
§ More robust to disruption (Basaglya & 

Salinas, 2006) 

§ Explore more neural states = 
enhancing learning and 
environmental adaptation; system 
flexibility (Deco et al., 2009; Ghosh et al., 
2008)



¡ van Leeuwen (2008)

§ Brain cannot know exactly what it will encounter 
across moments, so it would be ideal if it did not 
become locked into any particularly rigid response 
pattern/state space.

§ Is an inefficiency problem = “overfitting”

¡ Dynamic range 
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¡ Cognitive deficits due to greater “noise” or 
“instability” in the brain = “SNR” reduction.
§ Crossman& Szafran (1956); Welford (1965; 1981); Salthouse and Lichty (1985); 

Cremer and Zeef (1987). 

¡ However, this early notion had not been 
systematically tested by examining within-subject 
brain signals directly.

¡ Given ideas on dynamic range and system flexibility, 
moment-to-moment variability in the aging brain 
could instead be generally reduced, not increased.



¡ Older, poorer performers typically exhibit less temporal 
variability overall, within and across brain regions and 
tasks (Garrett et al., 2010, 2011, 2013, 2014).
§ Broad-scale reduction of dynamic range with increasing age and 

poorer cognitive performance.
§ Signal variability parametrically modifiable, within-person.

¡ Potential mechanisms: Signal variability can boost via DA 
agonism in older adults, and reduce under DA antagonism 
in younger adults.

¡ Age differences in signal variability not eliminated when 
controlling for vascular effects using carbogen-based 
hypercapnia (Garrett et al., 2017).

¡ Variability as a principled signal of interest in the study of 
human development/aging and cognition.
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¡ Most spiking variance attributed to synaptic 
inputs rather than local “randomness” (Carandini
et al.).

§ Spike variance also shared among similarly 
tuned neurons…

¡ P(variable output) a function of ∑ functional inputs)

¡ Theory of biological systems integration (Pincus, 
1991, 1994)

§ Dynamic range suffers in a fractionated 
biological system.





¡ Maintains projections to the entire cortex; 
thought to either relay and/or modulate 
information flow throughout the entire brain 
(Bell and Shine, 2016; Sherman, 2016). 

¡ Macaque (Goris et al., 2014) and cat visual cortices 
(Kara et al., 2000; Scholvinck et al., 2015) appear to inherit 
and then upregulate temporal variability 
explicitly from thalamic inputs. 

¡ However, such variability-based upregulation 
between the thalamus and cortex has not yet 
been demonstrated in humans, nor linked to 
functional integration overall.



¡ Multi-band fMRI resting state data (NKI)
¡ 10 mins, TR=645 ms, 885 usable time points.
¡ Healthy N=100, 18-85 yrs.
¡ Multi-step denoising (motion, physio, drifts, slice-dropout, etc.).

¡ Voxel variability: 
§ Voxel-wise √sum(FFT power (.01-.10 Hz))
§ Equivalent to within-voxel SD over same frequency range.

¡ Functional integration
§ Within-person PCA dimensionality (PCAcorr)



¡ PCA: count # of dimensions that capture 90% 
of the data, within-subject.







¡ Macaque (Goris et al., 2014) and cat visual cortices (Kara et al., 

2000; Scholvinck et al., 2015) appear to inherit and then 
upregulate temporal variability explicitly from thalamic 
inputs. 

¡ We see the thalamus effect already in the overall model, 
but does upregulation play a unique role?
§ Practically, we first need a mapping from thalamus to cortical 

target…  





¡ For every subject and network, we calculated (1) the median 
temporal variability of all voxels within the cortical networks 
voxels and (2) corresponding thalamic subdivisions. 

PCAdim = a + b1(VARthalamus) + b2(VARcortex – thalamus) + b3…7(VARhub1…5) + e 



¡ Thalamo-cortical upregulation robustly predicted lower 
network dimensionality in 12/13 networks, over and above 
local variability in thalamus. 

¡ Greater upregulation of local temporal variability from 
thalamus to cortex provides a unique signature of how the 
brain functionally integrates overall.        



¡ More functionally integrated brains (lower 
PCA dim) exhibit higher “local” signal 
variability.
§ Argues against local fluctuations bring driven by 

locally generated “noise.”
§ When thalamus fluctuates, the brain integrates.

¡ Supports theory of biological systems 
integration (Pincus et al.)

§ Dynamic range suffers in a fractionated (high 
dimensional) system.

Garrett et al. (2018, NeuroImage)
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¡ Variability as a marker of cognitive flexibility and adaptability? We can 
do better… 

¡ Can humans flexibly regulate neural (EEG) variability? 
§ Explicit manipulation of signal detection theoretic “criterion” 

(response bias) under reward, ideally leaving d’ (perceptual 
sensitivity) unchanged.

¡ Anticipate that those best able to regulate neural variability should be 
able to adapt best to the experimental task manipulations to maximize 
reward. 



¡ “Signal” and “noise + signal” 
distributions are plotted as a 
function of the strength of 
sensory evidence. 

¡ Often modelled (and theorized) 
as if criterion is fixed (trait-like) 
within-person. Can it be 
manipulated?



¡ N =16, 3 sessions each
¡ 6 blocks/session; 240 trials/block (180 

target and 60 nontarget trials). 

¡ Task
§ Continuous semi-random rapid serial visual 

presentation (rsvp) of full screen texture 
patterns. 





¡ Within session, invoked either a conservative or a liberal 
bias for reporting targets. 
§ Conservative condition:
▪ Encouraged to be relatively certain a target was seen.
▪ Loud aversive tone played after a false alarm; $ reduced/FA.

§ Liberal condition:
▪ Encouraged not to miss targets.
▪ Loud aversive tone played when a miss occurred; $ reduced/miss.



¡ Behaviour: Signal detection…
§ Calculated participants criterion, c (Green & Swets, 1966) across the trials in each 

condition as follows:

! =−1/2  ["(#$%-&'%() + "()*-&'%()]

§ As control, also calculated objective sensitivity, d’ :

+′ ="(#$%-&'%()− "()*-&'%()

§ Reaction times (RT’s) were measured as the period between target onset and 
button press.



¡ EEG data recorded at 256 Hz via 48-channel BioSemi Active-
Two system;  standard 10-20 cap.

¡ Estimation of dynamics: modified multi-scale entropy 
(mMSE)…



¡ Costa et al. (2002, 2005); Pincus (1991, 1994)
1. The “entropy” of a biological system can reflect its ability to adapt

and function in an ever-changing environment; 

2. Biological systems naturally operate across multiple temporal 
scales, and hence their entropy may also be multi-scaled; 

¡ If entropy is adaptive, are there individual differences in 
degree of entropy expressed given specific task constraints?
§ Are the most “flexible” participants most able to shift entropy to 

maximize reward?



Heisz et al., 2013; Costa et al., 2002 Garrett, Grandy, et al. (in prep)

Multiscale Entropy 
(MSE)
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¡ FAST scales: Posterior 
electrodes exhibit 
classic variability 
“quenching” 
phenomenon just 
before/during 
response.

¡ SLOW scales: Bilateral 
frontal electrodes rise 
in MSE prior to 
response.





¡ Those who flexibly modulated neural entropy in frontal electrodes also 
adjusted their behavioural responses mode to maximize reward.
§ Neural and behavioural response mode rigidity = suboptimal
§ No evidence that “quenching“ has behavioural relevance (also see Arazi et al., 

2017, JNeuro)

¡ Liberal response mode as a shallower neural
attractor landscape? 
§ More rapid rebound to elevated ready

state to process more varied levels of
sensory evidence (to avoid misses)?
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¡ Networks: Locally observed signal variability indexes functional integration. 

§ Increasingly difficult to dismiss fluctuations (or SEs on your betas!) as noise or error in any 

model of brain function...

¡ Decisions: Much to gain by better parametrization of behavior in relation to 

dynamics

§ SDT/diffusion/reinforcement learning models key targets for identifying how and when 

neural variability shows maximum effects (e.g., tonic/phasic adjustments in dynamics). 

¡ Increasing utility of variability as a bona fide “signal” of interest in the study 

of cognitive neuroscience
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