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Thalamic modulation of cortical linearity across

arousal states

Eli J. Miiller'>*, Brandon R. Munn'-?, Giulia Baracchini'2, Ben D. Fulcher?, Vicente Medel*®,
Michelle J. Redinbaugh6’7’8, Yuri B. Saalmann’'8, Jordan J. Wehrman®'°, Robert D. Sanders®'°,
Bingni W. Brunton", Steven L. Brunton", James M. Shine'"?

The human brain must support both stable and flexible neural dynamics to adapt to changing contexts. The thala-
mus has been hypothesized to coordinate these opposing dynamical regimes in the cerebral cortex; however, this
has not been directly tested at the systems level. Here, we apply a time-resolved measure of linearity to multimodal
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recordings in humans and macaques, demonstrating irregular fluctuations in both human functional magnetic
resonance imaging and electrophysiological in the awake state. These fluctuations follow a key neuroanatomical
axis of the thalamus, are diminished under pharmacological ablation of arousal, and recovered following arousal-
inducing direct electrical stimulation of thalamus. Together, these findings identify a thalamic organizational axis
that modulates cortical linearity across arousal states, linking thalamocortical architecture to the regulation of

large-scale cortical dynamics.

INTRODUCTION

The human brain supports a wide behavioral repertoire though co-
ordinated interactions among distributed neuronal populations.
For this activity to be adaptively useful, the dynamics that unfold
over time must balance stability, supporting reliable execution,
with flexibility, supporting adaptation to changing demands. How
neuroanatomical organization regulates this trade-off remains in-
completely understood.

Few existing analyses are capable of providing time-resolved esti-
mates of the stability (and flexibility) of brain dynamics that are sen-
sitive to the waxing and waning nature of the awake brain (I). Most
current statistical approaches (2-9) have heavily relied on assump-
tions of stationarity, ignoring information in moment-to-moment
dynamic shifts. While some approaches relax stationarity by analyz-
ing shorter, sliding windows (10, 11) or by tracking rapid changes in
activity (12-14), these methods primarily quantify changes in sum-
mary statistics (e.g., covariance or amplitude) rather than the gov-
erning dynamics, limiting direct interpretation in terms of stability
and flexibility.

Recent work has begun to track moment-to-moment changes in
macroscale spatiotemporal brain dynamics (15, 16). Linear autore-
gressive models can outperform more complex nonlinear alterna-
tives in explaining both resting-state human electrophysiological
(EEG) and blood-oxygen-level-dependent (BOLD) functional mag-
netic resonance imaging (fMRI) activity (15), supporting previous
evidence for approximately linear large-scale dynamics (17-19). In
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contrast, estimates of turbulent dynamics, a fundamentally nonlinear
process, also vary across modalities and cognitive states (16, 20). To-
gether, these findings suggest that macroscale recordings can exhibit
both linear and nonlinear structure, motivating methods that can
reconcile these descriptions within a single framework.

Many natural dynamical systems express both linear and nonlin-
ear behavior in a context-dependent manner. Rather than exhibiting
their complete repertoire of behaviors at any given moment, a subset
of their possible dynamics is typically dominant (21I). For instance,
many fluids exhibit linear dynamics near boundaries or walls, and
turbulence at other locations. A simple pendulum is well approxi-
mated as linear for small angle amplitudes, but nonlinear for larger
ones. Similarly, a single neuron’s dynamics may be dominated by fast
sodium currents for one period but by slower calcium currents at
other times (21). An appreciation of this spatiotemporally varying
behavior can be applied to a complex system (such as the brain) to
unpack shifts in dominant dynamics, thus providing insight into the
dominant physical processes at play.

From this perspective, we can naturally ask what role neuroana-
tomical constraints play in shaping the moment-to-moment expres-
sion of linear (and nonlinear) dynamics. The thalamus is a highly
conserved subcortical structure that has been argued to play a central
role in shaping and constraining the adaptive neural dynamics asso-
ciated with wakefulness (22-25). At the microscale, specific thalamic
cell types relay sensory information (26, 27), coordinate motor ac-
tions (28), and integrate subcortical input into distributed cortico-
thalamic networks (29-31). At the macroscale, diffusely projecting
subtypes of thalamocortical nuclei have been linked to increased
variability of cortical dynamics (29-33, 34), supporting shifts in cog-
nition (25, 35) and arousal (33, 36-39). Together, these perspectives
place the thalamus in a privileged position to both drive the cerebral
cortex with targeted inputs and modulate ongoing dynamics through
diffuse projections (25, 29, 33, 40). Despite this, there are few direct
empirical links between thalamocortical organization and moment-
to-moment stability-flexibility trade-offs in large-scale cortical dy-
namics (22).

Here, motivated by the hypothesis that thalamocortical organi-
zation regulates moment-to-moment stability-flexibility trade-offs
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in large-scale cortical dynamics that we introduce a time-resolved  matched surrogate data that separately preserve covariance struc-
measure of linear predictability. Specifically, we quantify how wella  ture and the Fourier power spectrum (Fig. 1). We then decompose
global linear autoregressive model forecasts successive time-points  the fitted linear dynamics into a spectrum of dynamic modes, re-
in multimodal neural recordings from humans and macaques. We  vealing coherent spatiotemporal structure underlying predictability.
show that neural activity fluctuates irregularly through high and low  Next, we show that propofol-induced reduction of arousal is associ-
linear predictability and that these fluctuations are not explained by  ated with increased linear predictability in both human BOLD and
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Fig. 1. Dynamic linear predictability in large-scale brain recordings. (A) Natural systems can transition between locally linear and nonlinear regimes: We use this
natural analogy to motivate a time-resolved assay of cortical predictability. (B) Linear forecast analysis (LFA): A global linear propagator is estimated in a low-dimensional
state space and used to forecast future brain states from each time point. Prediction error [mean squared error (MSE)] is computed between the linear model forecast and
observed states across a range of forecast horizons (), yielding a horizon plot (time X t) that summarizes when ongoing dynamics are well captured by a global linear
model versus when they deviate. An example horizon plot from one subject (7-T resting-state fMRI) shows intermittent increases in prediction error, especially at longer
horizons' (C) Empirical bounds using matched surrogates: time-averaged prediction errors across horizons (the linearity horizon) for empirical 7-T resting-state fMRI
(N =59, green) compared with: (i) a phase-randomized surrogate preserving covariance structure and Fourier power spectrum (orange); and (ii) a time-shuffled surrogate
preserving covariance structure only (see Materials and Methods; figs. S1 and S2). Empirical dynamics are more predictable than the shuffled surrogate but less predict-
able than the phase-randomized surrogate, indicating that covariance and Fourier power spectrum are insufficient to explain observed predictability. (D) Dynamic mode
decomposition (DMD) of the linear propagator expresses predicted dynamics as a superposition of spatiotemporal modes with characteristic timescales. (E to G) Example
empirical dataset: (E) top principal component amplitude time series; (F) covariance and estimated linear propagator matrices, for example, subject; and (G) distribution
of DMD timescales across all n = 59 subjects. (H to M) surrogate comparisons for the same example subject shown in (E): phase-randomized surrogate (H to J) and time-
shuffled surrogate (K to M) with corresponding covariance/propagator matrices and modal timescale spectra. Note that axis limits differ across (G, J, and M), reflecting
systematic changes in the modal timescales under different temporal constraints.
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EEG data (Fig. 2). Last, we demonstrate that distinct thalamocorti-
cal projection systems differentially modulate cortical predictability
and that causal thalamic stimulation can partially restore awake-like
departures from linear predictability induced by anesthesia (Fig. 3).
Together, these findings implicate thalamocortical organization as a
system-level mechanism for regulating global linearity in large-scale
cortical dynamics and propose testable predictions for its role in
stability-flexibility trade-offs during behavioral task performance.

RESULTS

Linear dynamics in large-scale cortical recordings

To quantify the influence of the thalamus on cortical dynamics, we
required a time-varying measure of the stability of brain state dy-
namics. To this end, we applied a simple linear autoregressive model
estimation technique (41) (Fig. 1 and fig. S1; see Materials and Meth-
ods) to multimodal, multispecies neural time series. First, a global
linear propagator tracking moment-to-moment shifts in a recording
is generated for each time series (or epoch) by using the singular-
value-decomposition (see fig. S1A). Then, for every time point in the
recording, the linear propagator is used to forecast state dynamics at
a set of future time points (7).

The linear dynamics predicted by the propagator are compared to
the observed dynamics using mean squared error (MSE), yielding a
time-resolved measure of departure from adequacy of a single global
linear propagator. Elevated error can reflect genuine nonlinearities,
state-dependent regime switching, or unmodeled noise; as such, we
interpret error operationally as reduced predictability under a fixed,
global linear propagator and term this “linear predictability” in the
following sections. While fitting separate models within shorted win-
dows could improve local fit, we intentionally use a single global
propagator to quantify when large-scale dynamics depart from a sta-
tionary linear description as this provides a consistent basis for test-
ing system-level control principles.

We denote the time-resolved error as the forecast horizon of the
linear model prediction (Fig. 1B), with the resultant graph denoted as
a horizon plot. Periods of linearity will be well captured by the model,
having a low error and a flat horizon, whereas periods that deviate
from linearity will have a large error, and thus a steep horizon. A char-
acteristic subject’s horizon plot in Fig. 1B shows that human fMRI
dynamics have time-varying fluctuations in linear predictability dur-
ing rest. These results are observed for every individual in the dataset
(n = 59; fig. S2), are robust across validation datasets (which had dif-
ferent temporal resolutions; see fig. S2), and do not covary with head
motion [framewise displacement showed no meaningful association;
correlation coeflicient (r) = 0.01 + 0.03 across 10t]. In addition, con-
trasting these findings against the time-varying displacement of the
same signal shows that linear predictability in these data is not driven
by autocorrelation effects (fig. S3). Later sections will show consis-
tency in EEG recordings, mitigating against modality-specific sensi-
tivities (Fig. 2).

To determine whether the observed fluctuations in global linear-
ity were related to trivial features of the neural data, we applied the
same approach to two separate surrogate time series that conserved
distinct features of the empirical time series: a phase-randomized
surrogate, which randomly shuffles the phases of all the oscillatory
Fourier modes comprising the data while conserving the covariance
structure and the Fourier power spectra; and a shuffled surrogate,
which is simply the initial empirical fMRI data uniformly scrambled
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in time conserving covariance structure only. From first principles, we
expected that the phase-randomized surrogate should increase linear
predictability, because the removal of phase-information ensures that
the data are the summation of independent Fourier modes, whereas
the shuffled surrogate should disrupt linear predictability, because all
moment-to-moment information has been lost. This is precisely what
we observed: Fig. 1C shows that these surrogate time series no longer
match that seen in the empirical data. Specifically, the data are more
linearly predictable in time than the shuffled surrogate but less pre-
dictable than the phased-randomized surrogate (Fig. 1C). Because
both surrogates share the same covariance as the empirical data and
the spectral surrogate additionally includes Fourier power spectral
structure, we find that these time-averaged features are not sufficient
to capture the observed level of global linearity seen in the neural re-
cordings. This finding was consistent for all subjects (N = 59; fig. S2)
and cross-validated in a 3-T resting-state fMRI dataset (n = 14; fig. S2).

These results support previous findings of strong linear dynamics
in human neuroimaging (15, 17, 18) and large-scale EEG recordings
(15, 19) but extend them by showing substantial yet irregular devia-
tions from linear predictability in conscious states that is pervasive
across subjects. We conclude that human brain dynamics show non-
trivial yet constrained deviations from globally predictable linearity
that may be indicative of nonlinear dynamics, nonstationarities or
unmodeled noise.

Adaptive timescales and dynamic brain modes
We next asked what spatiotemporal structures support these fluctua-
tions by leveraging dynamic mode decomposition (DMD). Similar to
the way that singular value decomposition can be used to provide a
compact representation of covariance as the weighted sum of inde-
pendent spatial modes, DMD efficiently characterizes the dynamics
of time-varying processes through eigendecomposition of the linear
propagator matrix (41-44). This effectively reformulates the linear dy-
namics within a system as a function of a compressed set of spatio-
temporal modes (42, 43, 45). Each dynamic mode contains four key
characteristic properties: The real part of the eigenvector defines a
spatial coherence map [real(W); Fig. 1D, red/blue surface plot]; the
imaginary part of the eigenvector is known as the dephasing map and
represents the spatial pattern of delays relative to each of these coher-
ence patterns [imag(W); Fig. 1D, green surface plot]; additionally,
each mode also has a corresponding eigenvalue defining its oscillato-
ry frequency [imag(A); Fig. 1D, purple line]; and a damping rate that
captures the modes’ temporal duration [real(A); Fig. 1D, red line].
These features provide a concise representation of a systems” dynamic
modes that can be used to effectively characterize its linear behavior.
Through the lens of DMD, we can identify the ways in which
empirical fMRI data are distinct from the surrogates. Compared to
both surrogates, fMRI data consist of a set of slowly fluctuating yet
sustained spatiotemporal dynamic modes (Fig. 1G). That is, most of
the dominant (highest power) dynamic modes across all subjects are
concentrated in the lower left corner of a scatter plot comparing the
frequency and damping rate (Fig. 1G). Due to its matched Fourier
spectrum, the phase-randomized surrogate contains a similar distribu-
tion of modal frequencies (0 to 0.14 Hz) to that seen in the empirical
data (Fig. 1J). However, these oscillations are more strongly damped as
the spectral surrogate mostly excludes moment-to-moment informa-
tion predictive of future states with only the time-averaged Fourier
modes contributing to continuity of its temporal trajectories. In
contrast, the shuffled surrogate displays a much wider range of high
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Fig. 2. Linear predictability across states of arousal. (A) Schematic of fMRI time series. (B and C) Horizon plot of an example single subject resting-state human BOLD
showing time-varying linear error during wake (B) and during propofol anesthesia (C). (D) Population average linear error of BOLD resting-state data during wake (black)
and propofol (dark blue) conditions averaged over each recording: Shaded regions show SEM (paired t test used for significance). (E and F) Timescale spectra of the dy-
namic modes of the linear propagators for all n = 14 BOLD subject recordings. (G) Schematic of EEG time series. Modified from BioRender. E. J. Miller (2026), https://
BioRender.com/7dt8ar2. (H and 1) Horizon plot of an example single subject resting-state human EEG showing time-varying linear error during wake (H) and during pro-
pofol anesthesia (I). (J) Average linear error of human EEG during wake (black; six subjects with three separate 100-s recordings) and propofol (dark blue; three subjects
with nine separate 100-s recordings) conditions: Shaded regions show SEM (paired t test used for significance). (K and L) Timescale spectra of the dynamic modes of the

linear propagators for all EEG recordings. **#P < 0.001.
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Fig. 3. Thalamic influence on cortical linear predictability. (A) Schematic of characteristic projection profiles of targeted (core) and diffuse (matrix) thalamocortical
projection profiles [adapted from (56)]. (B) Core-matrix thalamocortical expression gradient [adapted from (30)]. (C) Population average cortical map showing regions of
dominant linear dynamics 10 time points into the future. (D) Thalamic time series for each subject are projected along the core-matrix gradient and epochs showing that
one SD above the mean (high matrix) and below the mean (high core) is collated. (E) The difference of the MSE of the linear model following high matrix compared to high
core thalamic activity. (F) Experimental setup, in which a macaque monkey had 50-Hz electrical stimulation applied to the matrix-rich central lateral thalamus while local
field potentials (LFPs) were recorded from the frontal eye fields (FEFs) and lateral intraparietal (LIP) cortex. Modified from BioRender. E. J. Miiller (2026), https://BioRender.
com/9ppa41h. (G) Examination of the empirical recordings from macaque cortex recovered the predicted relationships: Namely, central lateral thalamic stimulation re-
covered a drop in cortical linear predictability that matched the awake brain but was lost during propofol anesthesia. *P < 0.05; *#P < 0.01; ***P < 0.001.

frequency (0 to 0.8 Hz), strongly damped modes than either the em-
pirical data or the phase-randomized surrogate (Fig. 1M). This is
due to the shuffled surrogate’s time-point scrambling favoring fast-
and short-lived shifts in moment-to-moment activity.

Together, these spatial and temporal properties constitute the
globally linear dynamics inherent in these human fMRI data and
demonstrate how decomposition of the dynamic modes can provide
insight into ongoing linear dynamics. Having characterized these lin-
ear cortical dynamics during conscious states and to determine the
role of the thalamus in supporting them, we next examined how caus-
al pharmacological manipulations via propofol anesthesia affect lin-
ear predictability.

Anesthesia promotes linear predictability in the

cerebral cortex

Given the highly susceptible, flexible, and context-dependent nature
of consciousness (46-48), we reasoned that the conscious awake

Mdiller et al., Sci. Adv. 12, eaef5358 (2026) 18 September 2026

state should be associated with irregular deviations from linear pre-
dictability, which would then be diminished during anesthesia. To
test this hypothesis, we extended our approach to neural recordings
from two distinct measurement modalities: human neuroimaging
data and human EEG data. Neuroimaging and EEG recordings are
sensitive to distinct biophysical processes, namely, hemodynamics
and extracellular electric field potentials, respectively. This dual ap-
proach ensures that our findings generalize beyond the nuances of
each unique measurement modality, each of which captures unique
features of neural activity (49).

First, we tracked the linear predictability of an existing human
neuroimaging resting-state fMRI dataset of 14 healthy volunteers
[four women; mean age, 24 years, SD = 5 (50)] who were adminis-
tered propofol that induced conscious anesthesia. As predicted, we
found that anesthesia disrupted deviations from linearity compared
to the awake state, with the linear forecasts performing substantially
better across all subjects following propofol administration (Fig. 2D;
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P < 0.001). This population-level observation can be readily appre-
ciated when viewing the Horizon plot of a characteristic subject’s
recording, where the wake dynamics show periods of increased lin-
ear predictability (Fig. 2B), which are equivalent to those observed
for the same subject under propofol anesthesia (Fig. 2C). But in con-
trast, the awake data are punctuated by periods of sharp deviations
from linearity that are not observed under anesthesia (Fig. 2B). Fur-
thermore, despite anesthesia being more linearly predictable than
wake, we find that the linear timescales of the BOLD signal are
similar between these two states (Fig. 2, E and F). This observation
supports previous findings of reduced variability and complexity of
brain dynamics during anesthesia (51-53) but explains their spatio-
temporal structure as a shift toward more globally linear dynamics.

Next, we tracked the linear predictability of a human EEG data-
set during the resting-state (n = 6; 10X epochs of 10 s) and under
moderate propofol anesthesia (n = 3; 10X epochs of 10 s). Despite
substantial differences in the biophysical and temporal sensitivity of
EEG versus fMRI, we observed a similar reduction in deviations
from linear predictability under propofol anesthesia (Fig. 2H), al-
beit within a particular time horizon range. This difference between
wake and propofol is seen at ~80 to 160 ms (P < 0.001; paired  test),
which corresponds to a timescale within the alpha frequency band
(8 to 12 Hz), a known spectral feature prominent in EEG during
conscious arousal (2, 54). To address the low (n = 3) subject count
for the propofol dataset, we cross-validated this finding in an inde-
pendent EEG propofol dataset (55) with similar anesthetic concen-
tration (fig. S4), which showed linear predictability differences over
a broader time horizon (~80 to 400 ms; statistics were conducted at
the subject level). Again, an example subjects” time-varying predict-
ability shows that the conscious awake state is punctuated by peri-
ods of sharp deviation from global linear predictability not seen
under propofol anesthesia (Fig. 2, H and I). The linear models for
the fMRI and EEG data are necessarily distinct due to unique infor-
mation each contains; however, the key finding is that both modali-
ties show a consistent directionality of arousal-state effects.

Last, a key strength of the EEG signal is its temporal resolution,
which allows tracking of broadband frequency content unavailable
from the narrowband BOLD signal. This added resolution reveals
dynamic timescales of the linear spatiotemporal dynamics concen-
trate within canonical alpha frequency ranges (~8 to 12 Hz; Fig. 2,
K to L), showing how previous insights of covariance and frequency
spectrum can be combined to differentiate wake and propofol states.

Together, these empirical recordings from distinct modalities
demonstrate convergent evidence that the awake state is concomi-
tant with fluctuations in global linear predictability across the cere-
bral cortex, which are diminished by propofol anesthesia. That is,
tracking moment-to-moment shifts in the organization of brain
dynamics can differentiate cognitive states. However, the question
remains as to whether the thalamus itself plays a causal role in mod-
ulating these dynamics.

Thalamic axis of cortical linear predictability

Armed with this simple yet effective means for tracking fluctuations in
brain states in neural data, we were now able to test our original hy-
pothesis: namely, that axes of anatomical variation in the thalamus fa-
cilitate shifts in dynamical modes of the cerebral cortex. The thalamus
itself comprises a rich diversity of cell types that have unique projec-
tion profiles to both the cerebral cortex and other subcortical struc-
tures (40, 56, 57). Although there is no single schema that effectively
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captures the diversity of thalamocortical interactions (31, 40, 58-60),
recent empirical studies in rodents have demonstrated the utility of
considering a nonbinary continuous spectrum of thalamic cells that
differ in terms of the topography and targets of their axonal arbors
(61). At one end of this continuum sit the calbindin-rich matrix
nuclei, which have thalamocortical projections spanning multiple
cortical areas, typically targeting superficial layers of agranular as-
sociation cortices (Fig. 3, A and B). This organization contrasts with
the parvalbumin-rich core nuclei, which typically target granular
layers of the cerebral cortex, providing feed-forward input to corti-
cal pyramidal neurons (Fig. 3, A and B) (30, 31).

While there is evidence for individual thalamic cells that contain
axonal features of both core and matrix types [even in the same axon;
(56)], there are good reasons to consider a spectrum that extends be-
tween the two extreme phenotypes (24, 30). For one, simplifying as-
sumptions at the microscale are required to conduct tractable work at
the macroscale of large-scale recordings (22, 30, 34, 36). Second,
there is now robust evidence that core and matrix cell types also dif-
fer in their functionality (24): Recent empirical and theoretical work
has shown that electrical stimulation of the central lateral thalamus,
which itself is abundant with matrix nuclei, but not the ventral lateral
thalamus (which is a predominantly core-rich nucleus) can drive re-
covery of consciousness in propofol-anesthetized macaque monkeys
by leveraging the nonspecific diffuse projection profiles of these ma-
trix cells (34, 36-39). From these empirical vantage points, we thus
ask: What type of cortical dynamics is facilitated by the thalamus,
and how do these dynamics relate to the expression of core and ma-
trix thalamic cell subtypes?

To answer this question, we applied a multitiered approach. First,
we used the difference between the ground-truth dynamics of the
7-T resting-state human neuroimaging dataset and its predicted lin-
ear dynamics, calculated for each region, each time point, and each
subject (n = 59). We then sum these errors across regions at a fore-
cast horizon T = 10 (ensuring sufficient time for autocorrelation to
decay) across all time points and all subjects. This defines a cortical
map revealing a spatial pattern of dominant globally linear dynamics
(Fig. 3C). Figure 3C shows that linear predictability was predomi-
nant in sensory cortices and that these dynamics were strongly neg-
atively correlated with the core-matrix expression gradient (r =
—0.56; P < 10719 fig. S5A) (30). That is, cortical brain regions with
strong core thalamocortical projections also showed strong linear
predictability. However, both of these spatial maps also covary with
the first principal component of the imaging data (fig. S5B), which
itself captures a substantial proportion of the empirical time series’
overall covariance, thus making strong inferences about the thalam-
ic involvement difficult.

To test thalamic involvement more precisely, we asked whether
fluctuations in cortical predictability were temporally aligned with a
thalamic organizational architecture consistent with core-matrix ar-
chitecture. Specifically, we derived a time-resolved core-matrix proxy
by projecting each subject’s thalamic fMRI time series onto a CALB-
PVALB expression gradient approximated from Allen Human Brain
gene-expression data, which captures a continuum of thalamic mo-
lecular organization and corresponds at its extremes to canonical
matrix and core thalamic cell phenotypes (see Materials and Meth-
ods; Fig. 3D) (30).

This projection provides a system-level readout of thalamic activ-
ity biased along the core-matrix axis, rather than a direct measure-
ment of cell-type firing: Positive values indicate relatively greater
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expression-weighted activity in regions aligned with the CALB
(matrix-associated) end of the gradient, whereas negative values in-
dicate relatively greater activity aligned with the PVALB (core-
associated) end (and vice versa). For each subject, we identified time
points at which this matrix-core proxy exceeded +1 SD from its mean
(high-matrix-biased versus high-core-biased epochs) and then com-
pared cortical prediction error time-locked to these events. Averaging
across subjects, the difference between matrix- and core-biased ep-
ochs revealed a systematic shift toward increased cortical linear pre-
dictability following core-biased thalamic epochs (Fig. 3E), consistent
with a temporal relationship in which core-aligned thalamic activity
precedes more stable, globally predictable cortical dynamics. The
matrix-core projection time series was not correlated with BOLD ac-
tivity from the adrenergic locus coeruleus (r = —0.18, P < 0.005), cho-
linergic basal nucleus of meynert (r = —0.16, P < 0.005), or their
difference (r = —0.01, P < 0.01), suggesting that this effect was not
driven by broader arousal fluctuations that drive increased cortical
variability (62-64). Last, collating the linear model errors at the re-
gional level for the high-matrix- versus high-core-biased epochs (us-
ing a time horizon T & 95, i.e., largest difference in Fig. 3E), shows
errors concentrate in unimodal sensory cortices following matrix-
biased activity (fig. S8).

These results provide empirical evidence for the hypothesis that
targeted feed-forward projections from the core thalamus act as a
feed-forward propagator of cortical activity and more diffusely pro-
jecting axons from matrix thalamic nuclei as modulators of ongoing
cortical activity (37-39, 65). This integrates with a previous fMRI
study (29) showing that cortical regions receiving more projections
from the matrix thalamus had a greater flexibility in their coordina-
tion with other cortical regions (30). Together, these findings demon-
strate that the thalamus can provide a stabilization of ongoing cortical
dynamics in the form of stable linearity, which may support robust
behaviors while also mediating the flexibility to depart from these
linear dynamics, consistent with a stability-flexibility balance theo-
rized as a quintessential signature of adaptive cognition.

Thalamic stimulation recovers cortical unpredictability
across arousal states
Last, to confirm the role of the thalamus in modulating cortical linear
predictability, we repurposed an existing dataset comprising multi-
electrode recordings from the frontal eye fields (FEFs) and lateral in-
traparietal (LIP) cortical areas in macaque (Fig. 3F) (36, 37). Following
propofol-mediated anesthesia, targeted 50-Hz electrical stimulation of
the matrix-rich central lateral thalamus drove the recovery of con-
scious arousal (36, 37). Despite the fact that these data were collected
in a different species and through a different measurement modality,
i.e., chronically implanted cortical electrodes, we found the same shift
between wake and propofol as in the human fMRI and EEG datasets.
Namely, the induction of propofol increased linear predictability in
the anesthetized monkeys (Fig. 3G). However, unlike the human
fMRI and EEG recordings that spatially sample whole-brain scales,
these macaque findings are isolated to these two specific regions.
Last, we calculated this same linear predictability before (pre),
during, and after (post) electrical stimulation of the central thala-
mus (which was effective in recovering the monkey’s arousal state;
Fig. 3G). As predicted and consistent in humans, we observed sub-
stantial propofol-mediated linearity in the pre-stimulation window,
a substantial decrease in linear predictability during stimulation
(comparable to that seen in the wake condition), and a subsequent
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return to relatively predictable, linear dynamics following stimulus
cessation (Fig. 3G). This effect was consistent following increasing
temporal downsampling (see fig. S6).

Together, our findings suggest that the matrix thalamus can drive
deviations from linearly predictable cortical flow across different
states of arousal and, in doing so, may provide an essential feature of
flexible dynamics indicative of versatile and adaptive cognition.

DISCUSSION

Here, we showed that the thalamus modulates the manner in which
cortical dynamics fluctuate in globally linear predictability across
distinct states of consciousness. Using multimodal neuroimaging
and EEG recordings in human and macaques, we demonstrated
how a key principle of cellular organization within the thalamus
modulates these ongoing linear dynamics and specifically how the
diffusely projecting matrix thalamus destabilizes linear cortical flow.
This approach provides a candidate neuroanatomical mechanism
through which the thalamus may support adaptive cognitive bene-
fits of the waking brain: namely, by facilitating brain dynamics that
can support the formation of both stable and flexible brain states,
which, in turn, can support reconfiguration as contingencies change
across different behavioral contexts.

Previous work has shown how electrical stimulation of the thala-
mus can modulate conscious arousal (37, 38) and implicated the
matrix thalamus as driving quasi-critical brain state formation (34,
36), thereby facilitating the recovery of awareness from anesthesia.
In keeping with this, work in macaque monkeys has shown that
electrical stimulation of the central thalamus is able to reverse the
effect of propofol anesthesia and, thus, recover arousal (37-39). Spe-
cifically, the authors found that stimulation in the macaque thalamus
led to the recovery of broad functional connectivity (38), alpha-
band (8 to 14 Hz) coherence (37), and features of power spectra (39)
in cortical recordings matching those observed in the wake state.
Our present findings enrich these insights and suggest the matrix
(diffuse)-core (targeted) cortical projections may play a key role in
shifting the cortex toward or away from globally linear dynamics. A
caveat of these findings is the utilization CALB-PVALB gene expres-
sion data to map thalamic regional BOLD activity to underlying
neural activity of matrix-core cell-type activity, which characterizes
a bias in activity across the thalamus as a whole system. While the
macaque stimulation dataset allows us to explore the EEG impact of
neural activity in the central lateral thalamus, a matrix heavy struc-
ture, directly, further empirical work is needed to strengthen the
explicit link to matrix-core cell-type activity.

Human neuroimaging studies have revealed a hierarchy of tempo-
ral and spatial autocorrelation scales across the cortex (66) and that
these two features capture a large number of existing topological met-
rics (5). Our present findings expand these insights by quantifying
intrinsic dynamic modal timescales that drive linear predictability in
neural activity across imaging modalities. Our results also confirm the
long-held notion that BOLD dynamics are predominantly constituted
by slow and sustained patterns of activity [hence the utility of standard
resting-state analyses (67, 68)] but extend our ability to characterize
and explore the spatial and temporal properties of the modes shaping
these dynamics. We also demonstrate that the same anatomical mech-
anism underpins similar observations in both BOLD and EEG data,
which thus paves the way forward for future mechanistic work inte-
grating findings in distinct measurement modalities. Furthermore,
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our comparison of empirical imaging data to surrogates conserving
covariance and Fourier spectra shows that these features are not suf-
ficient to explain the observed linear predictability. An important
limitation that we were unable to interrogate in these data is wheth-
er nonneural sources of noise, such as physiological activity or task
contexts, alters the observed relationship between thalamic activity
and cortical dynamics; however, this line of questioning is left for
future, targeted experimental approaches.

It is worth noting that, in this implementation, a linear model is
generated for each subject over the complete length of that recording.
As with calculation of covariance and Fourier power spectrum, this
may also be performed at a finer temporal granularity via windowing
approaches: This will favor faster timescale effects over slower ones
(69) and thus should depend on the investigators’ question of inter-
est. In this study, the imaging data were collected during the resting-
state, but recordings with specific epochs of interest, such as during a
task paradigm, could be served better by a piecewise approach defin-
ing the linear predictability instantiated by the brain within each ep-
och, particularly given the time-scale constraints imposed by the vast
majority of task-based neuroimaging analysis protocols. The explora-
tion of shifts in linear predictability during behavior then presents
an exciting opportunity for future work to probe stability-flexibility
trade-offs during task performance and its relationship to thalamo-
cortical anatomical organization.

A previous study found linear models best capture resting-state
macroscopic cortical dynamics (15), including several classical lin-
ear model types. In the present study, we did not compare different
types of linear modeling approaches beyond autoregressive models,
and future work is needed to determine whether unique linear mod-
eling approaches can distinguish distinct aspects of the thalamocor-
tical interaction. However, our findings are consistent with more a
much more complicated biophysical corticothalamic model operat-
ing in a linear regime, where matrix thalamic activity drove depar-
ture from linearity toward quasi-critical states (34, 36), suggesting
an effect independent of the linear modeling approach.

Last, our approach allows for the quantification of linear predict-
ability within a given time series; however, it does not make explicit
claims about the nature of the residual dynamics, which may be
multifaceted. It is possible that deviations from linearity are driven
by nonlinearities (in the mathematical sense) within the dynamical
system becoming dominant, due to the presence of extrinsic or in-
trinsic drive (i.e., visual/auditory/olfactory stimuli in the brain), or
through the instantiation of a different transient linear system on a
shorter timescale relative to the epoch of time initially considered.
These are exciting opportunities to be explored in future work.

In conclusion, we have demonstrated fluctuations in globally lin-
ear cortical dynamics in multimodal neuroimaging and EEG data
across human and nonhuman primates differentiates arousal states
and are modulated by the organization of the thalamus. In this way,
we argue that this key feature of the brain’s neurobiological architec-
ture helps to shape the robust, yet flexible, adaptive neural dynamics
required for effective cognitive function that define our waking lives.

MATERIALS AND METHODS

Human neuroimaging data

Sixty healthy adult participants (28 females; 18 to 33 years; right-
handed) were recruited and the research was approved by The Uni-
versity of Queensland Human Research Ethics Committee. These
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data were originally described in another study (70). A total of 1050
(~10 min) whole-brain 7-T resting-state fMRI echo planar images
were acquired using a multiband sequence (acceleration factor, 5;
voxels, 2 mm’; TR, 586 ms; TE, 23 ms; flip angle, 40°% FOV; 208 mm;
and slices, 55). Structural images were also collected to assist func-
tional data preprocessing (MP2RAGE sequence: voxels, 0.75 mm?;
TR, 4300 ms; TE, 3.44 ms; and slices, 256). Each participant under-
went a resting-state scan, followed by three 12-min runs of the be-
havioral performance of the Latin-squares task, although these task
data were not used in the present study.

DICOM images were first converted to NIfTT format and re-
aligned. T1 images were reoriented, skull stripped (FSL BET), and
coregistered to the NIfTT functional images using statistical para-
metric mapping functions. Segmentation and the DARTEL algo-
rithm were used to improve the estimation of nonneural signal in
subject space and the spatial normalization. From each gray-matter
voxel, the following signals were regressed: linear trends, signals
from the six head-motion parameters (three translation and three
rotation) and their temporal derivatives, white matter, and cerebro-
spinal fluid (CSF; estimated from single-subject masks of white mat-
ter and CSF). The aCompCor method (71) was used to regress out
residual signal unrelated to neural activity (i.e., five principal com-
ponents derived from noise regions- of-interest in which the time
series data were unlikely to be modulated by neural activity). Par-
ticipants with head displacement >3 mm in >5% of volumes in any
one scan were excluded (n = 5). Following preprocessing, the mean
time series was extracted from 400 predefined cortical parcels using
the Schaefer atlas (72).

For the anesthesia BOLD fMRI dataset, we used data derived
from previously published research works (50, 73) that have been
openly shared on the OpenNeuro data repository (doi:10.18112/
openneuro.ds003171.v2.0.0). The dataset comprises 14 healthy indi-
viduals (age, 24 + 5; M/F, 13/4), all of whom were right-handed,
were native English speakers, and had no recorded history of neuro-
logical disorders. Subjects were asked to relax and with their eyes
open and not fall asleep. The original study obtained ethical approv-
al from both the Health Sciences Research Ethics Board and Psychol-
ogy Research Ethics Board of Western University (REB no. 104,755)
and adhered to the principles outlined in the revised declaration of
Helsinki (2000). We analyzed two conditions: awake (fully alert and
communicative) and deep sedation, which was achieved with an ini-
tial target effect-site concentration of 0.6 pg/ml and oxygen titrated
to maintain SpO, above 96%, with increments of 0.3 pg/ml with re-
peated assessments of responsiveness until deep sedation (Ramsey
level 5).

Imaging was performed on a 3-T Siemens Tim Trio system with
a 32-channel head coil. Subjects resting-state fMRI scans using BOLD
EPI sequence (slices, 33; voxel size, 3 mm?; isotropic; interslice gap of
25%; TR, 2000 ms; TE, 30 ms; matrix size, 64 X 64; and FA, 75°).
Resting-state scans had 256 volumes. Anatomical scans were also
obtained using a T1-weighted three-dimensional (3D) Magnetization
Prepared - Rapid Gradient Echo (MPRAGE) sequence (voxel size,
1 mm’; isotropic; TR, 2.3; TE, 4.25 ms; matrix size, 240 X 256 X
192; FA, 9°).

Preprocessing was completed using fMRIPrep standard pipeline,
which involves the basic preprocessing steps (coregistration, nor-
malization, unwarping, noise component extraction, segmentation,
skull stripping, etc.). The extracted time series were denoised speci-
fying motion and physiological signals from white matter and CSF
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(66). For both the 7-T and 3-T fMRI datasets, a low-pass third-order
Butterworth filter set at half the Nyquist frequency was applied to
prevent linear model fits to frequencies on the timescale of one TR:
Note that this only meaningfully affected the 3 T recording remov-
ing frame-to-frame noise driven effects but was integrated to both
imaging datasets to ensure fair comparison.

Thalamic time series representing the “core” and “matrix” popu-
lations were generated by taking the dot-product between the vox-
elwise time series of thalamic BOLD signal (7-T dataset) and a
standardized map of the relative mRNA expression levels for PVALB
(core) and CALBI (matrix) provided by the Allen Human Brain Atlas
(30, 31, 74). Variogram modeling was applied before our obtaining
the gene maps to correct for potential subject-level differences (75).
Note that there are other calcium binding proteins with nontrivial
expression in the thalamus (61, 76); however, these patterns were
not considered here, as they have not been directly linked to the same
core-matrix gradient in the thalamus (31). Note that we do not advo-
cate for a strict dichotomy between core and matrix neurons in this
work but rather that these two projection types represent anatomi-
cal extremes at either end of an approximately continuous spectrum
(40, 56). See Miiller et al. (30) for more details.

Human EEG recordings

As previously reported (77-79), 256 channel EEG recordings (250 Hz)
were made during wakefulness and during propofol sedation titrated
using a serial awakening paradigm to achieve reports of unconscious-
ness (lack of subjective experience). Six participants’ data were includ-
ed. Propofol was administered using a RUGLOOP target-controlled
infusion (Ghent University, Ghent, Belgium) according to the model
of Schnider and colleagues. As previously described, most of reports
of unconsciousness occurred at doses >1 mcg/ml.

For LFA analysis, three distinct resting-state recordings divided
into 10 epochs of 10 s each were used for each of the six subjects.
Two resting-state recordings were excluded from one subject due to
an average z-scored variance across all channels an order of magni-
tude smaller than for all 160 wake and 90 propofol epochs included.
For the propofol analysis, three subjects were excluded as they re-
ported a subjective experience following the awakening paradigm
suggesting insufficient anesthetic concentration was used. Of the
remaining subjects, a total of nine distinct recordings with 10 ep-
ochs of 10 s satisfied these criteria and were included for analysis.

A supplementary human EEG dataset was also used consisting of
20 participants (9 males and 11 females) (mean age, 30.85; SD =
10.98). Each experimental run began with an awake baseline period
lasting 25 to 30 min following which a target-controlled infusion of
propofol was commenced via a computerized syringe driver (Alaris
Asena PK, Carefusion, Berkshire, UK). Three blood plasma levels
were targeted: 0.6 pg/ml (mild sedation), 1.2 pg/ml (moderate seda-
tion), and recovery from sedation. The state of mild sedation was
aimed to engender a relaxed but still responsive behavioral state.
At each target level, a period of 10 min was which behavioral tests
and EEG measurements were commenced. From each participant,
~7 min of 128-channel high-density EEG data were collected at
each level of sedation. EEG was measured in microvolts, sampled at
250 Hz and referenced to the vertex, using the Net Amps 300 ampli-
fier (Electrical Geodesics Inc., Eugene, Oregon, USA). Participants
had their eyes closed in a resting state during data collection. Data
from 91 channels over the scalp surface were retained for further
analysis. Channels on the neck, cheeks, and forehead, which tended
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to contribute most of the movement-related noise, were excluded.
Retained channels were filtered between 0.5 and 45 Hz and segment-
ed into 10-s-long epochs. Each epoch thus generated was baseline
corrected relative to the mean voltage over the entire epoch. Data
containing excessive eye movement or muscular artefact were re-
jected by a quasi-automated procedure: Abnormally noisy channels
and epochs were identified by calculating their normalized variance
and then manually rejected or retained by visual inspection.

Macaque EEG dataset

We compared modeling data to electrophysiology data from our
previous study (37). This dataset consists of simultaneous local field
potential (LFP) recordings from the FEF, LIP area, and central lat-
eral thalamus in the right hemisphere of two macaques (Macaca
mulatta, 4.3 to 5.5 years old, 7.63 to 10.30 kg body weight). All pro-
cedures conformed to the National Institutes of Health’s Guide for
the Care and Use of Laboratory Animals and were approved by the
University of Wisconsin-Madison Institutional Animal Care and
Use Committee (G005777). We low-pass filtered LFPs to 250 Hz and
then linearly detrended and extracted artifacts. Bipolar derivations
of the LFPs were then calculated to minimize any possible effects of
a common reference and volume conduction. Recordings were per-
formed during general anesthesia—either isoflurane (0.8 to 1.5% on
O, flow of 1 liter/min; nine sessions) or propofol (0.17 to 0.33 mg/kg
per minute, intravenous; nine sessions)—or wakefulness, using 16-
or 24-contact linear micro-electrode arrays (LMEAs; MicroProbes).
The electrode contacts had a diameter of 12.5 pm and a spacing
of 200 pm between contacts. These resting-state recordings where
captured in conjunction with behavioral recordings while perform-
ing an oddball auditory task, although the task data was not ana-
lyzed here.

In previous work, members of our team performed deep brain
stimulation via simultaneous stimulation of 16 contacts of the LMEAs
in the central thalamus. We applied 400-ms biphasic pulses of 200 pA,
at 50-Hz stimulation frequency, for a total of 60-s stimulation dura-
tion for any given stimulation event. To localize LMEAs, we aver-
aged two 3D T1-weighted structural images of the MRI-compatible
electrodes in situ [inversion-recovery prepared gradient echo se-
quence with: FOV, 128 mm? matrix, 256 X 256; number of slices,
166; 0.5 mm isotropic; TR, 9.68 ms; TE, 4.192 ms; flip angle, 12° and
inversion time (TT), 450 ms] and cross-validated the electrode location
with electrode depth measurements during recordings/stimulation.
We used an arousal index (0 to 10) based on eye openings, body
movements, and vital signs, as well as EEG and EMG, to measure
stimulation-induced changes in the level of arousal. We defined ef-
fective stimulations, increasing the level of arousal, as having an
arousal index of >3, which all experimenters could differentiate
from ineffective stimulations having an arousal index of 0 to 2. See
(37, 80-82) for more details. The University of Wisconsin-Madison
Institutional Animal Care and Use Committee approved all proce-
dures, which conformed to the National Institutes of Health’s Guide
for the Care and Use of Laboratory Animals. Due to hardware con-
straints, the LFP time series were downsampled from 1 kHz to 100 Hz
for linear model estimation, although we note that results in Fig. 3G
and subsequent conclusions are not timescale sensitive as shown
in fig. S6. Furthermore, the 50-Hz stimulation, and the 60-Hz ac
mains and its subharmonic 30-Hz frequencies were removed using
a second-order Butterworth filter with a half-power of 2 Hz. Last, to
standardize with the human EEG analysis, we applied a band pass
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(0.5 to 45 Hz) using a third-order Butterworth filter, which will also
dampen the effects of the mains and stimulation frequencies.

Linear forecast analysis
Here, we outline linear forecast analysis (LFA) as applied to all datasets
within this manuscript. First, each time series Z = [zl Zy2;5... zn]
with n observations of p variables is partitioned into a pre-X and
post-Y time series, where

X=lz2,25...2,]

Y= [22 Z32, ...zn]

with X lacking the final time point of Z and Y lacking the initial
time point. Note that we have dropped the function-of-time nota-
tion for simplicity. Singular value decomposition is then applied,
X =UxS x V', and a rank reduction of the data is made that cap-
tures 99% of the explained variance (results were stable to altera-
tions of this threshold). Although not explicitly necessary for time
series with substantinally more time points than variables, some of
the data used here violate this condition, and, thus, the results are
standardized around this threshold; see fig. S7 showing truncation
effects on BOLD data eigenspectrum. Furthermore, the EEG data
showed substantial changes in dimensionality of covariance, and,
thus, the highest number of components required to meet the 99%
threshold was used to standardize across all data (60 components;
results were stable to alterations of this threshold). A linear propaga-
tor matrix A can then be estimated from the data where Y = AX
as follows

A~xA=YX"2YVET'U*

By stepping through each time point of Z projected into the SVD
subspace, the linear propagator can be used to forecast the proceed-
ing time points. MSE is used to compare between the predicted time
series and the ground-truth time series

MSEt,r = <| Zt+‘r _zt+r |2 >k

where Z is the ground-truth data, Z is the forecasted time series us-
ing the linear model, and k is the number of SVD modes. MATLAB
code for linearity analysis can be found at https://doi.org/10.5281/
2en0d0.19905547.

Interpretation of horizon plots and summary

linearity metrics

LFA quantifies the adequacy of a single, global linear propagator for
forecasting the next brain state over multiple future horizons (7).
For each time point ¢, we apply the propagator to the current re-
duced state to generate forecasts X, . and compute MSE against the
observed state x, , producing a horizon plot (time X ) that visual-
izes when ongoing dynamics are well captured by the global linear
model. We use linear predictability to refer to low forecast error under
this fixed global model; conversely, increased forecast error indicates
departures from the global linear model’s adequacy, which can arise
from nonlinear dynamics, state-dependent regime switching, or un-
modeled inputs/noise. To bound these interpretations, we compare
empirical results against surrogate time series that preserve covari-
ance structure (and, for phase-randomized surrogates, Fourier power
spectrum) while disrupting higher-order temporal organization (see
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the “Surrogate models” section). Unless otherwise stated, all LFA
metrics are computed in the reduced SVD subspace used to estimate
the propagator and are summarized either (i) as time-resolved hori-
zon plots or (ii) by averaging error over time to obtain a horizon-
dependent “linearity horizon” for group-level comparisons.

Dynamic mode decomposition

The eigendecomposition of the linear propagator A gives the dy-
namic modes of the system, AW = WA, where W is the matrix of
eigenvectors and A is the diagonal matrix of eigenvalues A;. The
DMD approximation of the data can then be written as the simple
dynamic model

Z(t) = Dexp(Qt)z,;

where Q £ YVET!'W with Q =log(A) / At and ¢t is time (42). z, is
the initialization state and can be solved for each time point using
the pseudoinverse.

Surrogate models

We used two surrogate models to test the validity of our approach.
The first, referred to as the phase-randomized surrogate, randomly
shuftles the phases of all the oscillatory Fourier modes comprising
the data while conserving the covariance structure and the Fourier
power spectra. This is a multivariate implementation of the adjusted-
amplitude Fourier transform algorithm developed in signal analysis
as a test for nonlinearities, whereby higher-order correlation struc-
ture is removed to linearize the data (83, 84). Crucially, this surrogate
shares the empirical correlative structures between brain regions,
which forms the basis of many approaches in the neuroimaging lit-
erature (9). In addition, this surrogate includes timescale information
captured by the Fourier power spectrum, which is predictive of fu-
ture dynamics, because the sinusoidal modes comprising this time
averaged measure oscillate across time. But the relationship between
these oscillations is randomized.

The second surrogate, referred to as the shuffled surrogate, is
simply the initial empirical fMRI data uniformly scrambled in time,
i.e., the regional activations relative to other regions at a given mo-
ment are conserved, matching empirical regional correlations, but,
when they occur with respect to any other activations in time, is
scrambled. As compared to the phase-randomized surrogate, the
shuffled surrogate does not conserve the empirical data’s Fourier
power spectra. Because the empirical data and both surrogates have
the same correlation structure, they also share the same principal
components (i.e., covariance defining regional activation patterns).
Despite these similarities, Fig. 1 (H and K) shows that the temporal
expression of these patterns no longer matches that seen in the em-
pirical data (Fig. 1E).

Supplementary Materials
This PDF file includes:
Figs.S1to S8
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