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Abstract

The function and dynamics of the cortex are fundamentally shaped by the specific
wiring configurations of its constituent axonal fibers, also known as the connectome.
However, many dynamical properties of macroscale cortical activity are well captured
by instead describing the activity as propagating waves across the cortical surface,
constrained only by the surface’s two-dimensional geometry. It thus remains an open
question why the local geometry of the cortex can successfully capture macroscale
cortical dynamics, despite neglecting the specificity of Fast-conducting, Non-local
Projections (FNPs) which are known to mediate the rapid and non-local propagation
of activity between remote neural populations. Here we address this question by con-
ducting a range of investigations using a mathematical model of macroscale cortical
activity, in which cortical populations interact both by a continuous sheet and by an
additional set of FNPs wired independently of the sheet’s geometry. By simulating the
model across a range of external inputs, timescales, and idealized connectome topol-
ogies, we demonstrate that the addition of FNPs strongly shape the model dynamics
of rapid, stimulus-evoked responses on fine millisecond timescales, but contribute
relatively little to slower, spontaneous fluctuations over longer order-of-seconds
timescales, which increasingly resemble geometrically constrained dynamics without
FNPs. Our results suggest that the discrepant views regarding the relative contribu-
tions of local (geometric) and non-local (connectomic) cortico-cortical interactions are
context-dependent: While FNPs specified by the connectome are needed to capture
rapid communication between specific distant populations (as per the rapid process-
ing of sensory inputs), they play a relatively minor role in shaping slower sponta-
neous fluctuations (as per resting-state functional magnetic resonance imaging).
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Author summary

Despite the complex wiring patterns found in the cortical connectome, many
dynamical properties of macroscale cortical activity can be surprisingly well
explained by treating the cortex simply as a two-dimensional surface on which
activity propagates as traveling waves. Here, we aim to investigate why the
local geometry of the cortex sufficiently captures many such properties, despite
omitting the specifically wired long-range projections informed by connectomic
data. Accordingly, we developed a mathematical model of macroscale cortical
activity that incorporates both local interactions along the cortical sheet and rapid
non-local interactions via an independently wired connectome of specific long-
range projections. Simulations of this model across a range of conditions show
that specific long-range projections are crucial for reproducing rapid, stimulus-
evoked responses on short timescales of tens of milliseconds, but contribute
relatively little to slower, spontaneous fluctuations over longer timescales of the
order of seconds. Our findings provide a plausible mechanistic account for why
different experiments, capturing different temporal scales of cortical activity and
spatial precision of the input drive, can arrive at different conclusions regarding
the relative influences of geometry and the non-local connectome in shaping the
spatiotemporal properties of macroscale cortical activity.

Introduction

Cortical function emerges from complex interactions between spatially distributed
neural populations, mediated by the structural axonal fibers that connect them [1].
While the distribution of all fibers in the cortex is skewed towards shorter lengths [2],
some fibers are genetically encoded to connect specific remote populations [3,4],
sometimes forming highly myelinated bundles [5]. Despite their substantial energy
requirements for development and maintenance [6], neurological experiments from
the past century have demonstrated the critical role of these specifically positioned
fibers—which we hereafter call fast-conducting non-local projections (FNPs)—in sup-
porting cognition and behavior, by revealing the functional deficits that occur when
they are damaged or removed [7—14]. Stimulus—response experiments also demon-
strate that FNPs are specialized to propagate macroscale cortical activity at speeds
much faster than traveling waves on the continuous cortical surface, thus enabling
rapid, non-local interactions between specific populations that bypass the constraints
of the local cortical geometry [15—19]. Based on empirical observations including
those above, FNPs are widely considered to be a core structural mechanism sup-
porting the global integration of information in the brain [20,21]. Accordingly, several
high-profile experimental efforts have aimed to develop comprehensive connectomes
across species, which detail the specific populations that FNPs (as well as other
fibers) connect [22—26], and hence significantly accelerate our understanding of the
structural underpinnings of cortical function and dysfunction [27,28].
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Despite extensive evidence demonstrating the key role of FNPs in supporting cortical function and shaping cortical
dynamics, recent analyses have indicated that many dynamical properties of macroscale activity (on millimeter lengths-
cales and above), such as resting-state functional magnetic resonance imaging (fMRI), the spatial patterns of fMRI task
activation maps, and resting-state magnetoencephalography (MEG), can be well captured by geometrically constrained
models of neural activity that neglect the specificity of connectome-informed FNP connectivity [29-31]. This body of work
suggests that macroscale cortical activity is well approximated as the superposition of traveling waves on a physically
continuous cortical sheet, such that the waves are constrained only by the local two-dimensional geometry of the cortical
surface rather than the specific wiring positions of the cortex’s constituent axonal fibers. This geometric description of
cortical activity is derived by a broad class of generative models called neural field models [32—-35] which assume a mean
approximation rule of cortical structural connectivity that is spatially homogeneous (exhibiting the same properties at all
points) and spatially isotropic (exhibiting the same properties in all directions). It remains an unresolved and fundamental
problem in macroscale neuroscience how neural field models, which commonly assume homogeneous and isotropic FNP
connectivity, in contrast to the reliable heterogeneity observed in the connectome [36—39], can nevertheless generate
predictions of cortical dynamics that closely match many experimental observations.

Here we seek to mechanistically reconcile two seemingly conflicting empirical findings: (i) direct evidence of the role
of FNPs in facilitating the non-local dynamics of stimulus-evoked whole-brain responses measured with voltage-sensitive
dye (VSD) imaging [15-17], electroencephalography (EEG) [40,41], magnetoencephalography (MEG) [42], and wide-
field calcium imaging [18]; and (ii) the predictive successes of geometrically constrained neural field models, which
ignore the specificity of FNP connectivity informed by connectomic data, in capturing the spatiotemporal dynamics of
resting-state functional magnetic resonance imaging (fMRI) [29-31], the spatial patterns of fMRI task activation maps
[30,31], and resting-state magnetoencephalography (MEG) [30]. To this end, we develop a mathematical model of mac-
roscale cortical activity in which interactions between cortical populations are mediated both by: (i) a continuous sheet of
fibers that are homogeneously and isotropically distributed in space; and also by (ii) a set of specific FNPs whose wiring
positions are independent of the geometry of the sheet. Our phenomenological model is a simple extension of a neural
field model, in which the additionally wired FNPs perturb the dynamics of the traveling waves along the cortical surface
by behaving as ‘topological shortcuts’ that facilitate rapid propagation between specific distant populations (at speeds
faster than the traveling waves). By simulating the model over a variety of FNP connectome topologies, we find that the
influence of FNPs on the model dynamics is strongly dependent on two key factors: (i) the spatial precision of the exter-
nal driving input (e.g., stimulus-evoked responses versus spontaneous activity with no explicit external stimulus); and (ii)
the timescales over which spatiotemporal activity is resolved (e.g., the subsecond timescales of VSD versus the second
timescales of fMRI). Our results thus provide a plausible explanation for the empirical findings above, demonstrating that
the connectome (which informs the specificity of FNP connectivity) and cortical geometry (which spatially aggregates this
specificity) are best suited to describe and capture macroscale cortical dynamics from contrasting experimental settings
and modalities.

Materials and methods

In order to investigate the additional contribution of fast non-local interactions to geometrically constrained cortical dynam-
ics, we developed a mathematical model of macroscale cortical population-level activity (on millimeter lengthscales and
above). Our model isolates the role of specific arrangements of FNPs in perturbing cortical dynamics, separately from the
influence of the sheet geometry. The model’s structure is a two-dimensional continuous sheet representing the cortical
surface, augmented with a set of FNPs that connect pairs of points on the sheet. While there are existing models that
combine geometric and connectomic mechanisms of interaction [43—47], the model introduced here supports finite-speed
traveling waves on a two-dimensional cortical sheet with multiple FNPs, thereby overcoming key limitations that render
prior models unsuited to our investigations (discussed further in Discussion).
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Model description

Fig 1A illustrates the architecture of our model—containing both geometrically constrained and fast non-local connectomic
mechanisms of cortico-cortical interaction—which we describe below. The cortical sheet of a cerebral hemisphere is rep-
resented as a continuous two-dimensional surface, denoted 2. Cortical populations are identified by their spatial location
r on €, and their neural activity over time is represented by the field variable ¢(r, f). The spatiotemporal evolution of ¢(r, f)
over time t € [0, c0) is governed by the non-local partial differential equation:

Dip—rPV2p—Cop=Ff, forall(rt)eQx[0,c0); (1)

(r,0) = ¢(r,0)=0. (2)

In Eq. (1), Dy =1—19 + 2y 10; + v 20y is a second-order linear differential operator in time, and the term rPV2¢(r, t) cap-
tures local spatial relations on 2 for different points r. Both terms together capture local propagation as traveling waves
along 2, which arises from a geometric (spatially homogeneous and isotropic) connectivity rule (illustrated in Fig 1B)
[33-35]. The term (C o ¢)(r, f) captures non-local propagation between specific points on 2 facilitated by FNPs (forming
‘shortcuts’ through 2, as illustrated in Fig 1C). Each FNP is a unidirectional projection from an assigned source point
(denoted ‘a’ in Fig 1A) to a target point (denoted ‘b’ in Fig 1A), through which activity propagates more rapidly than by a
traveling wave along Q. The term f(r, f) is the external input that drives the model’s activity. In the absence of input, f= 0,

Dip—1*V?¢—Cog=f

local propagation from
geometric connectivity

non-local propagation through
Fast-Conducting Non-local Projections (FNPs)

Fig 1. Schematic of our mathematical model of macroscale cortical activity with local geometric (blue) and non-local connectomic (green)
mechanisms of cortico-cortical interaction. The model equations are defined in Eq. (1). A. The two-dimensional continuous surface €2 represents
the cortical sheet of a cerebral hemisphere, on which neural populations are represented as points. The mean population-level activity at each point, on
millimeter lengthscales and above, is described by variable ¢. This model includes both local non-local mechanisms of interaction between points on (.
Local geometric propagation of activity takes the form of traveling waves along 2, while non-local connectomic propagation takes the form of rapid,
non-local interactions between spatially distant pairs of points on © (an example of which is illustrated as a and b). B. Geometric propagation (traveling
waves) is derived from a spatially homogeneous and isotropic connectivity rule [33—35]. C. Connectomic propagation between specific pairs of points is
facilitated by fast-conducting, non-local projections (FNPs), which are axonal fibers that propagate activity faster than traveling waves along 2, and is
considered to underpin macroscale cortical function by facilitating rapid inter-communication between spatially distributed neural systems. FNPs intro-
duce spatial inhomogeneities and anisotropies to the otherwise geometric connectivity.

https://doi.org/10.1371/journal.pcbi.1014673.g001
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the initial conditions in Eq. (2) define zero activity at all points r and for all time t. Further details on the above terms, and a
derivation of Eq. (1) from physiological principles, are in S1 Text, Sec A.

A notable property of the non-local term C o ¢ is that, for any given input f, the total activity in the system integrated
over space and time is preserved after the addition of any FNP to the structural connectivity. This property prevents
non-oscillatory instabilities in the dynamics, which can occur when activity is regenerated from FNPs at a faster rate than
activity globally dissipates [45,46], and therefore allows multiple FNPs to be added with arbitrary connectivity strengths. In
alternative models, total activity is not preserved (e.g., the neural field model by Jirsa and colleagues [45—47]), such that
the connectivity strengths of each FNP must be progressively reduced to maintain linear stability.

The model defined by Eq. (1) will be used to simulate cortical dynamics for different external inputs f{r, t), so that the
perturbatory influence of FNPs on the dynamics can be evaluated separately for each input setting. For example, to sim-
ulate stimulus-evoked dynamics in response to an impulse stimulus, fis set as an impulse-like input that is Gaussian in
both space and time: [48,49]:

A 1 o oxp <—||r—ros||2> ox0 (—(t—tos>2) ;

202 20?2
/ dt/ d?r £ (r, ) = 1;
0 Q (3)

where rys € Q, t,s > 0 are the position and onset time of the stimulus, respectively, and oy, oy are the spatial and tempo-
ral width of the stimulus, respectively. In contrast, to simulate noise-driven dynamics—that is, temporally unstructured
inputs—we set f as a continuous space—time stochastic process:

fose(r, 1) = g(n)WAr, 1);
E(W(r, )W(r', t)) = 6(r—r)s(t—t); (4)

where W on Q x [0, ) is a space-time white noise process [29,50], and g(r) on € is a smooth deterministic function
which controls the variance of the process at different points on Q.

Model implementation

To numerically solve the model defined by Eq. (1), we developed a finite-difference scheme used for non-local partial
differential equations, in which derivatives in time and space are approximated by centered finite differences and definite
integrals are approximated using a quadrature rule [51]. For our investigations, 2 is taken to be a square with periodic
boundary conditions, making its geometry equivalent to a flat torus. A torus has a closed surface, like a more physically
realistic sphere [52], but permits more efficient numerical simulations on a square grid. The side length of the square
was set to L=0.4 m, so that the area of Q2 is approximately that of a human cortical hemisphere [35]. We then uniformly
partitioned a grid of points from Q with grid spacing Ax, and time points from [0, co) with timestep At. With this time and
space partitioning, we used a finite-difference scheme to numerically solve Eq. (1). Further details and the derivation of
this scheme, including the chosen grid spacing and timestep for our investigations, can be found in S1 Text, Sec B.

The parameters of Eq. (1) (detailed in Egs (S18), (S19), (S20) in S1 Text, Sec A) and their values used in our investi-
gations are given in Table 1. For clarity, we divide the parameters into three groups: (i) parameters that govern geometric
propagation through traveling waves: r, ~, 1vg; (ii) parameters that govern interaction via FNPs: {¢;n}m, {Tm}m; and (iii)
parameters that govern the spatiotemporal properties of the external input f: oy, o¢. The value of parameter r, the charac-
teristic lengthscale of the geometric connectivity rule, and the value of ~, the traveling wave speed divided by r, were both
taken from the two-dimensional neural field model developed by Robinson et al. for the human cortex [35,53]. The value
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Table 1. Nominal model parameter values for numerical experiments presented here.

Parameter ‘ Description ‘ Value
Medium

L ‘ Length of Q (as a square) ‘ 04 m

Local geometric Propagation

r Lengthscale of geometric connectivity 0.086 m

ot Wave speed divided by r 116 s

Vo Cortical Gain 0.756
Non-local Connectomic Propagation

Cm Connectivity strength of mth FNP 7.396 x 103 m2 for all m
Tm Conduction time of mth FNP Osforallm
Input

Ox Spatial width of stimulus input 4%103m
ot Temporal width of stimulus input 6x10%s

https://doi.org/10.1371/journal.pcbi.1014673.t001

of vy, which is the effective rate at which activity at a given position is regenerated, is fixed in all experiments conducted
here, and was taken from the excitatory-only neural field model developed by Jirsa and Haken [34].
The formulation for the non-local term (C o ¢) is given by

(Cog)(r,t)= Z Cm [(5([’— bm)é(@m, t—7m) — 6(r —am)p(am, t)] .

As detailed in S1 Text, Sec A, ap,, by, are positions of the source and target populations of the mth FNP, and ¢, phys-
iologically represents the effective increase in activity at the target population per unit activity that the FNP exhibits at

its source. We set ¢, which is the connectivity strength of the mth FNP, to equate the strength of local and non-local
propagation from the source of the FNP. Accordingly, we set ¢, = r? for each m, so that when the model is numerically
treated, the connectivity strength of the FNP (c,,/(Ax)?) in Eq. (S24) in S1 Text, Sec B) is equal to the strength of coupling
between geometrically nearest neighbors on the grid from the local geometry (r?/(Ax)?) in Eq. (S23) in S1 Text, Sec B).
We set the value of 7;;, which represents the conduction time of the mth FNP, so that it is always smaller than the conduc-
tion time of a traveling wave between the FNP source and target, but is also small enough to avoid oscillatory instabilities
independently of the chosen connectome configuration [45,46]. However, the conduction speeds of FNPs vary widely from
factors other than their length [54], and the critical values of the 7,,, values separating stability from instability depends on
the spatial configurations of the FNPs [45]. For this reason, we fixed 7, = 0 for each m. The values of oy, o¢ (in Eq. (3)),
the spatial and temporal widths of the impulse stimulus, respectively, were set to sufficiently small values such that the
input mimics a delta impulse function without causing spurious oscillations from the numerical scheme.

The majority of this paper characterizes the effect of a single FNP as a perturbation to a background of geometrically
constrained connectivity, in shaping the response to an impulsive stimulus of a given spatial profile and for spontaneous
dynamics. We then investigate the results of a network of FNPs embedded in the domain €2, considering random (uncon-
strained) connectivity as well as a range of idealized constraints on connectome wiring inspired by network structures
observed in real structural connectome data: (i) distance-dependent wiring of FNPs via an exponential distance rule
(indexed by a given lengthscale \) [55]; (ii) a hub-specificity constraint (that preferences connections to involve specified
hub locations, indexed by parameter \p) [36]; and (iii) rich-club specificity (that preferences hub—hub connectivity, indexed
by parameter \,) [56]. Details of each algorithm for generating a given arrangement of FNPs are described in S1 Text,
Sec C.
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Results

Using the phenomenological model defined in Eq. (1), we aim to shed light on the variable role of FNPs across different
experimental settings, with specific individual FNPs playing a clear role in facilitating corticocortical interactions that under-
pin distributed information processing in some settings [11,13,15,16], but being apparently negligible relative to idealized
geometric connectivity rules in others [29-31].

Model demonstration

We first introduce the behavior of the model, through a simple demonstration of how the incorporation of FNPs to the
model’s structural connectivity perturbs its stimulus-evoked dynamics (i.e., evoked response to an impulse stimulus,

cf. Eq. (3)). Two configurations of structural connectivity were considered. The geometric model, depicted in Fig 2A, is
governed by the spatially homogeneous and isotropic structural connectivity rule of neural field models, thus completely
constrained by the geometry of 2 and absent of any FNPs [35]. The hybrid model, depicted in Fig 2B, additionally incor-
porates 50 FNPs whose source and target positions were each sampled uniformly at random from Q. We then computed
the response of both models to an impulse stimulus at position ros = (L/2, L/2), shown with a red dot in Fig 2A and B. The
stimulus-evoked responses of the geometric and hybrid models are plotted in Fig 2C and D, respectively, as heatmaps

of their spatial activity profiles ¢(r, f), at each of six time points following stimulus onset. Consistent with the connectivity
rule of neural field models, the stimulus-evoked response of the geometric model is a traveling wave emanating from rs.
By contrast, the response of the hybrid model (containing FNPs) also comprises the activation of specific non-local points
due to non-local activity propagation via FNPs. These non-local activations lead to additional traveling wave fronts under
the geometric connectivity, yielding dynamics comprising a superposition of multiple traveling waves. In summary, FNPs
yield more complex stimulus-evoked dynamics by non-locally propagating activity between spatially distant populations at
speeds faster than the traveling waves constrained by cortical geometry.

A

Geometric

Hybrid

Model

¢(r,t =0 ms)

t=2ms

t=4ms

t =6 ms

t =8 ms

t =10 ms (b(l‘,t)

Tos

C

.

600

500

400

300

200

100

—0

Fig 2. FNPs shape stimulus-evoked dynamics by enabling rapid, non-local propagation of activity between neural populations. We used the
model defined in Eq. (1) to examine the influence of FNPs on stimulus-evoked dynamics, by comparing the model’s stimulus-evoked dynamics under
two structural connectivity configurations, in response to the same impulse stimulus. A. The geometric model is governed by a spatially homogeneous

and isotropic connectivity rule, and is purely constrained by the geometry of Q2 (shown as the square). B. The hybrid model’s structural connectivity
additionally contains 50 FNPs, depicted as arrows from their source to target. The impulse stimulus applied to both models was positioned at the point
ros, annotated with a red dot. C. The geometric model’s stimulus-evoked response is illustrated as heatmaps of activity profile ¢(r, f) at time points,
t=0,2,4,6,8,10ms, measured relative to stimulus onset. D. The hybrid model’s stimulus-evoked response is illustrated in a similar manner as in C.
Specific FNPs of the hybrid connectivity (depicted in B) facilitate rapid activity propagation from their source to target at different times and are annotated
manually in each heatmap. Note that we have imposed an upper limit of ¢ = 650 on the color scale for all heatmaps in C and D, to facilitate clear visibility
across all time points.

https://doi.org/10.1371/journal.pcbi.1014673.9002
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Influence of a single FNP on cortical dynamics resolved across varying timescales

We aim to understand how a single FNP’s perturbation on the model’s stimulus-evoked dynamics evolves over different

timescales. We then use this distinction of perturbation by timescale to shed light on how the influence of FNPs on mea-
sured macroscale cortical dynamics could differ between activity resolved over fast sub-second timescales by modalities
such as voltage-sensitive dye (VSD) imaging, EEG or calcium imaging [15-18,40,41]; and activity resolved over slower,

second timescales by modalities such as fMRI [29-31].

We compared the stimulus-evoked response of the geometric model depicted in Fig 3A(i), and a hybrid model con-
taining a single additional FNP from p — q, depicted in Fig 3A(ii). The length of this FNP (Lv/2/4 ~ 14 cm) is compara-
ble to the longest intra-hemispheric FNPs measured in human cortex [57]. The impulse stimulus applied to both model
was set to position p, shown as a red dot in Fig 3A (i) and (ii), which was selected to ensure that the FNP p — q would
propagate activity from p to q immediately at stimulus onset. The stimulus-evoked responses of both the geometric and
hybrid model to this impulse stimulus are shown in Fig 3A(iii) and (iv). As expected, the FNP perturbs the stimulus-evoked
dynamics by non-locally activating q, which results in an additional traveling wave emanating from q. However, from
the point that the two traveling waves begin to superimpose, from t ~ 10 ms onwards, the geometric and hybrid mod-
el's response becomes progressively similar. At the later time points shown in Fig 3A, t=30, 50 ms, we see that the two
models exhibit very similar spatial patterns in their responses, with the hybrid model’s spatial activity pattern displaying a
very small perturbation, near p and q, due to the perpetual propagation of activity between these two points via the FNP.
To quantify the timescale dependency of the FNP’s perturbation on the dynamics, we measured the cosine dissimilarity
metric (or cosine distance) between the spatial activity patterns of the responses of the two models over time t, denoted
as C(f) (see Eq. (S30) in S1 Text, Sec C for mathematical formulation). A plot of C(f) in Fig 3B shows that the FNP maxi-
mally perturbs the dynamics at time f =~ 8 ms, which closely corresponds to the time at which the two waves from p and
q meet. We thus find that a single FNP has a strongly timescale-dependent perturbation on the model’s dynamics, being
substantial over short, millisecond timescales (5 30 ms) but minimal on longer timescales (> 30 ms).

To understand why the stimulus-evoked dynamics are most strongly influenced by a stimulus-proximate FNP over
short, millisecond timescales (< 30 ms), we observed the evoked response of the geometric and hybrid models at two
specific points ry (in Fig 3C(i)) and r, (in Fig 3C(ii)), which are positioned symmetrically on the interval from p to q. At
both ry and r,, the FNP’s perturbation on the response commences at time t ~ 4 ms (illustrated by the solid red line),
through a reduction in activity at ry and an increase in activity at ro. The increase in activity at r, arises from the additional
traveling wave emanating from q, which arrives at r, before the wave emanating from p. Contrastingly, the decrease in
activity at rq arises from the total activity preservation property of the model, where the non-local propagation of activity
from p to q reduces the amplitude of the traveling wave emanating from p. However, the perturbation induced by the FNP
is mostly ‘canceled’ once the waves emanating from p and q begin to interfere. For ry and r,, this cancellation occurs at
t =~ 11 ms (illustrated by the dotted red line in Fig 3C(i) and (ii)), where the negative perturbation at r4 is compensated for
by the superposition of activity arriving from the secondary wave emanating from q, and the positive perturbation at r, is
canceled by a weaker incident primary traveling wave from p from t =~ 11 ms. This experiment indicates that, at any given
point r on Q, the FNP can only substantially perturb the stimulus-evoked response over a specific time interval: from the
time at which the first wavefront (from either p or q) arrives at the point, to the time at which the second wavefront (from
either q or p, respectively) arrives. By generalizing this result across all points on 2, we therefore expect that the per-
turbation C(t) in Fig 3B would be maximal at a time soon after t = (Lv/2/8)/(ry) ~ 7 ms, when the two waves in the hybrid
dynamics superimpose; but would become minimal from time (Lv/2/2)/(ry) ~ 28 ms, when the traveling wave from p
reaches every point on 2. These simple calculations capture the simulation results of Fig 3B well and explain why an FNP
strongly affects spatial activity patterns only over a relatively short time interval on short (millisecond) timescales.

The findings above suggest that the perturbation of the FNP p — g on the model’s stimulus-evoked dynamics would
reduce in magnitude as the resolved dynamics becomes increasingly restricted to longer timescales, such as the
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Fig 3. The addition of a single fast-conducting non-local projection (FNP) predominantly shapes stimulus-evoked dynamics on short times-
cales < 30 ms. A. We compared the stimulus-evoked dynamics of: i. the geometric model, and ii. a hybrid model whose structural connectivity addition-
ally contains a single FNP from p = (3L/8, 3L/8) to q = (5L/8, 5L/8). An impulse stimulus was applied to both models at position p, shown by the red dot.
iii. and iv. show heatmaps of the stimulus-response dynamics ¢(r, t) of the geometric and hybrid models for t=0, 5, 10, 20, 30, 50ms. Note that the first
snapshot, labeled t =~ 0, was taken at a time slightly earlier than stimulus onset (—1.33 ms), to indicate that q is activated after p in the hybrid dynamics.
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The color scale for all heatmaps is shown on the right of the figure. B. The cosine dissimilarity (or cosine distance) between the spatial activity patterns
of the geometric and hybrid model’s stimulus-evoked dynamics over time, denoted C(t) (Eq. (S30) in S1 Text, Sec C), quantifies the FNP’s perturba-
tion on the model’s stimulus-evoked dynamics over time. C. We examined the difference between the geometric and hybrid model’s stimulus-evoked
response at two locations: i. ry = (7L/16,7L/16), and ii. rp = (9L/16, 9L/16). Insets in the top right corner of each plot show the positions of ry and r.
The solid and dashed red lines in both plots represent the time at which the perturbation of the FNP on the dynamics commences (t ~ 4 ms) and ends
(t =~ 11 ms), respectively.

https://doi.org/10.1371/journal.pcbi.1014673.g003

order-of-seconds timescales resolved by fMRI [58]. We explicitly tested this prediction by examining the perturbation of
the FNP on the model’s BOLD response to the impulse stimulus, i.e., the BOLD signal observation of the stimulus-evoked
response. At each r, the BOLD response was approximated as z(r), the stimulus-evoked response’s zero temporal
frequency component [58], or equivalently, the time-integrated response as depicted schematically in Fig 4A (see Eq.
(S28) in S1 Text, Sec B for details on how z(r) is computed numerically). This linear approximation closely aligns with, and
hence can be generalized to BOLD responses computed with more complex nonlinear hemodynamic forward models [59]
preserve more low-frequency dynamics, including physiologically realistic [60] and phenomenological [61] constructions.

Model ¢(r,t =0 ms) t=>5ms t =10 ms z(r)
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Fig 4. When neural dynamics are resolved only over long timescales (such as those accessible using fMRI), a single FNP has a much smaller
impact on measured neural dynamics. A. The modeled BOLD response (BOLD signal observation of the stimulus-evoked response), denoted z, is
computed as the zero-frequency temporal Fourier component of the model’s stimulus-evoked response. i. To demonstrate the contrast between the
stimulus-evoked response and the BOLD response, we apply an impulse stimulus (positioned at the red dot) to the geometric model. ii. The stimulus-
evoked response of the geometric model, ¢(r, f), is then integrated over time to approximate the slow BOLD response, shown by the heatmap of z(r). B.
We modeled the evoked BOLD response of i. the geometric model, and ii. the hybrid model containing the FNP p — q, when the stimulus is positioned
at p (indicated by a red dot). iii. and iv. plot the BOLD response z(r) as a heatmap for the geometric and hybrid models, respectively. C. The cosine dis-
similarity between the BOLD responses of the geometric and hybrid models, denoted C, (Eq. (S31) in S1 Text, Sec C), quantifies the perturbation of the
FNP on the evoked BOLD response. C; is illustrated as the horizontal gray line, C(f) from Fig 3B is illustrated as the black curve, and Cpmax = max{C(f)}
is illustrated as the dotted black line.

https://doi.org/10.1371/journal.pcbi.1014673.g004
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Fig 4B(i) and (ii) illustrate again the geometric and hybrid model respectively from Fig 3A(i) and (ii), and the impulse
stimulus positioned at p. Fig 4B(iii) and (iv) are heatmaps of the evoked BOLD response of both models to this stimulus,
i.e., the time-integrated spatial activity pattern of the stimulus-evoked responses in Fig 3A(iii) and (iv). The FNP’s pertur-
bation on the modeled BOLD response is concentrated near p and q, increasing the response near p and decreasing it
near q, which is consistent with the same FNP’s perturbation on the model’s stimulus-evoked dynamics on longer times-
cales (> 30 ms) in our experiments above (Fig 3A(iii) and (iv)). To quantify this perturbation, we measured C;, the cosine
dissimilarity between the BOLD responses of the geometric and hybrid model (see Eq. (S31) in S1 Text, Sec C for math-
ematical detail). A comparison between C, and C(t) in Fig 4C shows that C, = 0.016 is larger than the limiting value of
C(f) as t — oo, meaning that the FNP’s strong perturbations over short timescales (< 30 ms) are partially captured by the
BOLD response. However, C; is less than a fifth of Cnax = max{C(t)} = 0.085, the maximum attained value of C(f) at time
t =~ 8 ms, indicating the short-timescale perturbation captured by the BOLD response is still substantially lower than what
would be measured if the dynamics were properly time-resolved. Hence, restricting our observations of the activity dynam-
ics to the longer, order-of-seconds timescales captured by fMRI indeed limits our ability to access the shorter timescales
over which FNPs most prominently shape the stimulus-evoked dynamics. These findings provide a potential explanation
for the discrepant empirical findings on the influence of FNPs on cortical dynamics across differing timescales: An FNP
facilitates rapid non-local activity propagation on the sub-second timescales resolved by VSD imaging, EEG and calcium
imaging [15-18,40,41], but has a weaker influence on the longer timescales captured by fMRI, in which the idealized geo-
metric connectivity rule of neural field models becomes a more valid approximation [30,31].

Influence of a single FNP on cortical dynamics driven by inputs of varying spatial precision

We next investigated how the perturbation of a single FNP on the model dynamics depends on the spatial precision of the
driving input. We particularly explored perturbations on noise-driven dynamics (dynamics driven by noisy or temporally
unstructured input), so that we could directly measure the FNP-induced perturbations to spontaneous activity, which is a
commonly studied form of noise-driven dynamics where the input is spatially uniform [62,63].

The noise-driven linear spatiotemporal dynamics of cortical activity can be decomposed as a superposition of linear
evoked responses to spatially uncorrelated impulse stimuli across the cortical surface [58,64,65]. Hence, the perturbation
of an FNP on noise-driven dynamics can be interpreted as its perturbation on stimulus-evoked dynamics, aggregated
across all stimulus positions on the cortical surface, and weighted in accordance to the variance of the noisy input at each
position. The previous experiments in Fig 3 characterized the perturbation to geometric stimulus-evoked dynamics caused
by a single FNP when the stimulus is incident at the FNP source location. However, a sweep of all possible stimulus
positions on 2 shows that the extent of this perturbation (quantified by both Cyax = max{C(f)} and C,) decreases with its
distance from the source of the FNP (S1 Fig), indicating that the FNP’s non-local propagation is highly specific to activity
that is proximate to its source location. Under our aforementioned interpretation, this result in the stimulus-evoked setting
therefore suggests that a single FNP’s perturbation to noise-driven dynamics would depend not only on the configuration
of the FNPs, but also on the spatial precision of the driving noisy input. In particular, we predict that the FNP’s perturbation
on noise-driven dynamics increases as the input becomes more spatially localized at the FNP source, and decreases as
the input becomes more spatially uniform in variance per spontaneous dynamics.

To test and quantify this prediction, we investigated how the FNP p — q perturbs the dynamics of a range of
noise-driven activity—from activity driven by noisy input spatially localized at p, to spontaneous activity (activity driven
by spatially uniform noisy input)}—and compared the magnitude of the perturbation of the FNP across this variation of
input precision. As illustrated in Fig 5A, we formulated the noisy input £#i™ in Eq. (4) by setting g(r), the input variance, as
a Gaussian with fixed center p (Fig 5A(i)). By varying the spatial width o,,, we could assign different spatial profiles to the
variance of the noisy inputs, ranging from spatially localized input at p (o, — 0), to spatially uniform input (uniformly dis-
tributed in the limit o, — oo). For any choice of ¢,, we then summarized the statistics of the resultant noise-driven activity
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Fig 5. The influence of an FNP on noise-driven dynamics is strongest for spatially precise input drives centered on the FNP source. A. We
investigated the influence of a single FNP p — g on noise-driven dynamics for noisy inputs for varying levels of spatial precision. i. We formulated the
noisy input in Eq. (4) by setting g(r) = exp(||r — p||?/202), a Gaussian function with center p and spatial width ¢, (indicated by the radius of the red
circle). ii. We summarized the spatial correlation structure of the noise-driven model dynamics via the spatial correlation function to the reference point

p (with other points r), which we denote as ~,(r). B: A heatmap of ygyb(r), the spatial correlation function with reference point p of the hybrid model con-
taining the p — q FNP, for four different spatial widths of noisy input: i. o, = 3L/80; ii. o, = L/8; iii. o, = L/4; and iv. spatially uniform input

(0n — ). The o, values are indicated by the radius of an annotated red circle for i., ii., and iii. For each heatmap, the maximum value of the color
scale is the maximum attained value of ySyb(r). C: Scatter plots of the elements of the functions ygyb(r) and 75°°(r) (the spatial correlation function with
reference point p of the geometric model) for the four o, values. In all scatter plots, the green dot corresponds to the point (v5°°(q), 'ySyb(q)), the gray line
is the linear fit between the elements, and r is the Pearson correlation.

https://doi.org/10.1371/journal.pcbi.1014673.g005

via the spatial correlation function from reference point p, denoted ~,(r) (Fig 5A(ii)), which measures the Pearson correla-
tion between the activities at p and r for each r € Q (see S1 Text, Sec C for details on computation). The reference point
p was natural to focus on, as it allows us to understand how the FNP is perturbing the dynamics by propagating activity
from p (to q).

Fig 5B plots heatmaps of A/Eyb(r), the spatial correlation function of the hybrid model, for ¢, = 3L/80, L/8, L/4, and
on — oo (corresponding to space-time white noise). We first note for all o, the expected decay of spatial correlation as a
function of distance from p, mediated by local geometric propagations of activity. The FNP also expectedly perturbs the
geometry-mediated noise-driven dynamics by mediating long-range correlations between p and q, the FNP target, due to
non-local propagation between the two points. To quantify this perturbation, we compared 'ygyb(r) with ygeo(r),
the spatial correlation function of the geometric model with reference point p, for the same selections of o, (shown in
S2 Fig). Comparisons of the elements of v/"°(r) and ~3°°(r) for each o, are plotted as scatters in Fig 5C(i)(iv) for each o,
value. These plots show that the FNP’s perturbation on noise-driven dynamics is observable in all cases, with the largest
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deviation in the linear fit between fy;yb(r) and ’yge"(r) occurring at q, denoted by the green dot. However, the Pearson

correlation between the elements of 7Syb(r) and 7,§e°(r), denoted r, increases with o,. The noise-driven dynamics of the
geometric and hybrid models therefore becomes increasingly similar in correlation structure as the noisy input becomes
more spatially uniform, characteristic of spontaneous activity. This finding is in line with our expectation and suggests that
differences in the spatial precisions of input may also contribute to conflicting empirical findings about the influence of
FNPs on cortical dynamics: while an FNP exerts its strongest influence when the input is spatially localized at its source
[15-18], it has a weaker influence on spontaneous dynamics driven by spatially uniform inputs, which can be captured by

a simpler geometric connectivity rule [29-31].

Influence of a complex network of FNPs on cortical dynamics

The results above demonstrate a single added FNP perturbs the model dynamics most strongly when the dynamics are
observed on relatively short timescales (< 30 ms) and when the driving input is spatially localized near the source of the
FNP. We now extend to a more realistic setting in which a connectome of multiple FNPs are distributed across the cortical
sheet, facilitating rapid and non-local interactions across a complex distributed network. This setting allows us to explore
specific network properties of FNPs that violate the spatially homogeneous and isotropic connectivity rule commonly
assumed by neural field models [36—39].

The perturbation of a single FNP on stimulus-evoked dynamics being strongest over timescales < 30ms (in Fig 3)
could be explained by a reduction in perturbation over longer timescales (> 30 ms) following the superposition of traveling
waves from the source and target of the FNP. However, when multiple FNPs are present, the superposition of waves from
the source and target of one FNP can be followed by a subsequent perturbation by an FNP at another location, as demon
strated in Fig 2 (using an example connectome of 50 random FNPs). Motivated by this possibility, here we aimed to quan-
titatively test whether the timescale-dependent perturbation of a single FNP, as demonstrated above, can be extended to
a connectome of multiple FNPs.

For a fixed number of FNPs N, we generated an ensemble of 200 connectomes, each with N randomly positioned
FNPs with source and target positions sampled uniformly on Q2. An example of a generated connectome for each of
N=10, 20, 50, 100 FNPs is illustrated in Fig 6A. As above, we measured the perturbation of each connectome on the
stimulus-evoked dynamics using C(f) (cf. Eq. (S30), S1 Text, Sec C), in a stimulus-response setting using an impulse stim-
ulus positioned at the source location of the first randomly sampled FNP. This stimulus position was selected to ensure
that the perturbation of all sampled connectomes begins from the same time (the time of stimulus onset), so that the C(f)
curves align and can be compared straightforwardly.

The perturbation curves C(f) across ensembles of connectomes for each of N=10, 20, 50, 100 are shown in Fig 6B.
For all t, we find that C(f) tends to increase with the number of FNPs N. This finding is consistent with our expectation,
since increasing N increases the expected number of rapid non-local activations during the response. C(f) for all N also
tends to increase to a maximum value at a time between 10 ms and 20 ms. Note that this time to maximum is larger than
that attained with a single FNP (=~ 8 ms, see Fig 3B), reflecting the different times from stimulus onset at which each FNP
perturbs the dynamics. However, after reaching the maximum, C(f) for all N tends to reduce to a smaller limiting value
over longer timescales (> 30 ms). This subsequent behavior of C(f) for each N therefore demonstrates the timescale-
dependent perturbation of a connectome of multiple randomly positioned FNPs on cortical dynamics, with the most salient
perturbation occurring over shorter timescales (< 30 ms).

In our investigations of noise-driven dynamics (in Fig 5), a single FNP was shown to contribute a relatively small per-
turbation to geometrically mediated spontaneous dynamics (driven by a noisy input of spatially uniform variance). This
was explained by the inverse relationship between the perturbation (Crax or C;) and the distance between the stimu-
lus position and the source of the FNP (S1 Fig). However, connectomic data indicates that FNPs tend to organize into
non-random topological configurations, leading to spatially inhomogeneous and anisotropic connectivity patterns that
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Fig 6. A connectome of multiple randomly positioned FNPs perturbs geometric dynamics more strongly with the number of FNPs N over
timescales < 30 ms. A. For each of four different numbers of FNPs: N=10, 20, 50, 100, we generated an ensemble of 200 connectomes, with source
and target locations sampled uniformly at random from 2. B. Realizations of C(t) for each connectome in each of the four ensembles, with each ensem-
ble’s average shown as a thicker curve (computed as the ensemble average of C(f) for a fixed f).

https://doi.org/10.1371/journal.pcbi.1014673.g006

violate the average connectivity rule typically used in neural field models [39]. A well-described characteristic of cortical
structural connectivity is the non-uniform distribution of FNPs, which tends to concentrate connectivity on a subset of
highly connected cortical regions called ‘hubs’ [4,36—38]. Hub—hub connectivity makes the existence of chains of inter-
linked FNPs (i.e., where the target of one FNP is proximate to the source of another FNP) more likely and thus facilitat-
ing distributed, multi-FNP interactions. Such effects would contribute differently in hub areas (where multi-FNP chains
are more likely than in random networks) than in non-hub areas (where multi-FNP chains are less likely than in random
networks). Accordingly, we wanted to investigate how the concentration of connectivity on specific spatial locations may
lead to higher-order network effects (beyond that of a single FNP) that result in different behavior to that observed for
single FNPs in isolation.

Relative to random (unconstrained) connectivity, we explored the influence on spontaneous dynamics
(quantified as Cnax) of three key connectomic constraints: the exponential distance rule (indexed by parameter \.),
hub specificity (indexed by parameter \y), and rich-club specificity (indexed by parameter ;). For a given Ag, Ap, or A,
connectomes were generated with a rejection sampling algorithm (see S1 Text, Sec C for details on each algorithm). We
explain each constraint in turn.

The exponential distance rule (EDR) captures the empirical finding that the probability of a FNP existing between
two given cortical populations decays exponentially as a function of the length of the projection [2,55,66]. To generate a
connectome with a given EDR decay rate, we used a decay parameter )\, to control the rate at which the probability of an
FNP existing between two given points on 2 decays exponentially with its (Euclidean) separation distance (accounting for
periodic boundary conditions) (see Eq. (S32) in S1 Text, Sec C for the formulation of this probability). Examples of three
different connectomes with 10 FNPs and varying EDR decay rates, generated from A, = 0, 0.5, 1, are shown in Fig 7A(i),
demonstrating the increasing penalization of long-range connections with increasing Ae.
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Fig 7. The influence of a connectome of FNPs on spontaneous dynamics is either unaffected or reduced by the incorporation of distance-
dependent or positional specificity-based connectomic constraints. A. We examine the contribution of three connectivity constraints using a
parameter that quantify the extent of the constraint: A¢, A\, Ar. i. An exponential distance rule (EDR) constraint is captured by the parameter )¢, which
controls the rate at which connection probability decays with separation distance. ii. A hub specificity constraint is captured by the parameter \j,, which
controls the probability that a given FNP is incident with a hub area (colored orange). iii. A rich-club specificity constraint is captured by the parameter
Ar, Which controls the probability that a given FNP connects a pair of hubs. B. The distribution of Crhax Over an ensemble of 200 connectomes contain-
ing N FNPs each and 200 uniformly sampled stimulus positions, for increasing values of: i. A¢; ii. Ap; and iii. A,. Each distribution is represented with
error bars of one standard deviation from the mean. C. We compared the distribution of Crax for different stimulus positions, across three sampled
connectomes: i. A random (unconstrained) connectome; ii. A maximally hub constrained connectome (A, = 1); and iii. A maximally rich-club constrained
connectome (A = 1); each containing N=100 FNPs iv., v., vi. Heatmaps of Cnax by stimulus position of the sampled random, hub-constrained, and
rich-club-constrained connectomes shown in i., ii., and iii., respectively. The stimulus positions were a 40 x 40 grid of equally spaced points on €,
{(iL/40,/L/40) : i,j =1, ...,40}. Source positions of all FNPs are indicated by black dots. D. Scatter plots of the sampled values of Cnax and the distance
between the sampled stimulus and center of the nearest hub, for an ensemble of 200 maximally hub constrained (A, = 1) connectomes and 200 max-
imally rich-club constrained (A, = 1) connectomes. The mean of both distributions is annotated using a dotted horizontal line, and the average value of
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Cmax over an ensemble of 200 random connectomes (with no hubs). Exponential fits to the data points from the maximally hub and rich-club constrained
ensemble are annotated by the solid curves.

https://doi.org/10.1371/journal.pcbi.1014673.9007

Hub specificity captures the empirical observation that specific hubs of the cortex tend to be particularly strongly con-
nected and are thought to play a major role in mediating distributed information transfer across the cortex [36,37,67]. To
generate a connectome with a given level of hub specificity, we used a scaling parameter A, to assign the probability that
each FNP connects a population inside a hub to (or from) a population outside the same hub; ranging from the probability
attained by chance from uniform sampling (A, = 0) to certainty (A, = 1) (see Eq. (S33) in S1 Text, Sec C for the formulation
of this probability). For simplicity, we modeled the case of four hub areas (which also accords with some early work on hub
identification in the human cortex [68,69]) which were chosen as square areas on the domain 2. As depicted in Fig 7A(ii),
hub areas were allocated with centers (L/2, L/2) + (+L/4, +L/4) to maximize spacing between hubs, and side length L/\/34
since the cortex of each cerebral hemisphere was parcellated into 34 regions [68,69]. Examples of three different connec-
tomes with 10 FNPs for A\, = 0,0.5, 1 are illustrated in Fig 7A(ii). At A\, = 0 we see spatially uniform random FNP connectiv-
ity unaffected by the assignment of hub areas, whereas at Ay, = 1 we see that all FNPs connect with a hub. We remark that,
given our continuous spatial formulation, a hub here is treated as a spatial area of the cortical sheet with preferential con-
nectivity; if this continuum were to be parcellated into discrete nodes, the node(s) corresponding to such high-connectivity
areas would become highly connected hub nodes in the resulting network (as would be analyzed in network neuroscience).

Rich-club specificity captures the empirical phenomenon of dense inter-hub connectivity, resulting in a rich-club core of
the connectome [4,38,56]. To generate a connectome with a given level of rich-club specificity, we used a parameter A,
to assign the probability that each FNP connects two distinct hubs; ranging from the probability attained by chance from
spatially uniform random connectivity (A, = 0) to certainty (A, = 1) (see Eq. (S34) in S1 Text, Sec C for the formulation of
this probability). Example realizations of connectomes containing 10 FNPs for A, = 0, 0.5, 1 are plotted in Fig 7A(iii).

We investigated how incorporating each of these three connectomic constraints (EDR, )\¢; hub specificity, Ap; or rich-
club specificity, A,) affects the perturbation to the model’s spontaneous dynamics. We generated an ensemble of 200
connectomes each containing N=10, 20, 50, 100 FNPs, now repeating for different values of A, € [0, 1] (for the EDR
constraint), Ap € [0, 1] (for the hub specificity constraint), or A, € [0, 1] (for the rich-club specificity constraint). We then
quantified the average perturbation of each ensemble on the modeled spontaneous dynamics. Specifically, we measured
the average perturbation of each connectome in the ensemble on stimulus-evoked dynamics, for a uniformly sampled
stimulus position on 2. This quantification approach, which draws on the relationship between noise-driven activity and
stimulus-evoked dynamics demonstrated in the previous subsection, is computationally faster than the conventional
approach of computing correlation structures of spontaneous dynamics (see S3 Fig for similar results of the experiments
using correlation structures for a smaller ensemble sample size). Accordingly, for each sampled connectome we sampled
an impulse stimulus uniformly at random from 2, and measured Cnax = max{C(f)} (cf. Eq. (S30), S1 Text, Sec C), the
maximum perturbation that the connectome induces on the evoked response to this stimulus over time if the dynamics
was resolved to sufficiently fine timescales.

Distributions of Cnax as a function of A\e, Ay, and A, are plotted in Fig 7B. For a fixed A, Ay, Or A,, We see an increase
in the average Cnax With N (the number of FNPs), matching the increase in perturbation with N across timescales shown
above for the random connectome (Fig 6B). The decreasing in Cnax for increasing Ae—i.e., as progressively shorter
FNPs are favored—matches the expectation that fast-conducting perturbations induced by FNPs increase when the FNPs
propagate activity over longer distances. Indeed, in the limiting case of A\ — oo, the average length of each sampled FNP
approaches zero, and in turn Cyax approaches zero.

Interestingly, the average Cnax did not increase with Ay, nor with A,, remaining relatively constant for small N=10, 20,
and decreasing for larger N=50, 100 (Fig 7B(ii) and (iii)). To better understand this result, we investigated how A\, and \,

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014673 August 26, 2026 16/27




N\ Computational
PLOS }. Biology

affected the dependence of Cnax 0On the position of the stimulus. To this end, we sampled and studied three connectomes:
a random (unconstrained) connectome (Fig 7C(i)); a maximally hub constrained connectome, A, = 1, in which every FNP
connects a hub (Fig 7C(ii)); and a maximally rich-club constrained connectome, A, = 1, in which every FNP connects a
pair of hubs (Fig 7C(iii)). We constructed all three connectomes with N=100 FNPs, since Cnax Was most sensitive to A,
and ), in Fig 7B(ii) and (iii) for this value of N. Fig 7C(iv)—(vi) show heatmaps of Cnax by stimulus position for the random,
hub-constrained (A, = 1), and rich-club constrained (), = 1) connectomes, respectively. Compared to random connectivity,
the hub constrained and rich-club constrained connectomes exhibit a more spatially heterogeneous distribution of Cpax,
with higher Cpax values for stimuli targeted on or near hub areas, and lower Ca« values as the stimulus becomes more
distant from the hubs. This spatial non-uniformity can be explained by the fact that a single FNP perturbs stimulus-evoked
dynamics most strongly when the stimulus is positioned at the FNP source location (S1 Fig), with the non-random connec-
tomes displaying a higher density of FNP sources (indicated by the black dots) at hub areas. Fig 7D demonstrates more
concretely that the spatial nonuniformity of Cnax attained from hub specificity and rich-club specificity persists across an
ensemble of 200 maximally hub constrained connectomes (A, = 1) and 200 maximally rich-club constrained (A, = 1)
connectomes. Consistent with the concentration of high Cnax near hub locations, the plot explicitly demonstrates the
decreasing relationship between Cp,ax and the distance between the stimulus and the nearest hub for the hub constrained
and rich-club constrained models (shown by solid curves). However, when compared to a random ensemble of connec-
tomes (dashed horizontal lines in Fig 7D) the non-random connectomes tend to have larger values of Cyax for stimulus
positions proximate to a hub (stimulus—hub distances <0.03 m), and smaller values of Cax for stimulus positions distant
from a hub (stimulus—hub distances >0.03 m). Aggregating across all stimulus locations results in the hub and rich-club
constrained ensembles having a lower average Cnax than the random ensemble, indicating that the decrease in Cyax for
stimuli distant from hub locations outweighs the increase in Cpax for stimuli proximate to hubs.

The results from Fig 7C and D in the stimulus-evoked setting suggest that the hub and rich-club constraints result in a
corresponding spatial specificity of the connectomic perturbation to spontaneous dynamics, which becomes concentrated
on hubs. However these spatially localized perturbations are largely ‘washed out’ over larger lengthscales characteristic
of the entire cortical surface, which is likely attributable to the fact that the hubs, where the perturbations increase, form a
small proportion of the cortical surface (4/34 ~ 12% in our experiments). Taken together, while the hub and rich-club con-
straints can amplify the perturbation of FNPs on evoked responses to (specifically) hub stimulation, it has a comparatively
weaker effect on the perturbation to spontaneous dynamics. This suggests that the impact of hub and rich-club connectiv-
ity on model dynamics depends on the spatial precision of the input driving the dynamics.

In summary, a connectome of multiple FNPs, that facilitates rapid and distributed communication across the cortex,
perturbs the geometric dynamics more strongly with an increased number of FNPs but—as with prior results using a
single FNP—these perturbations remain most prominent on timescales < 30 ms. Furthermore, relative to randomly
embedded networks, simple models of spatially and topologically constrained connectomes (including hub and rich-club
specificity) tend to concentrate the perturbative impact of FNPs on spontaneous dynamics at specific hub regions, but did
not tend to elevate the aggregate perturbation over the entire cortical surface (and actually tended to reduce the spatially
aggregated perturbation when the connectome contained sufficiently large numbers of FNPs, N=50, 100). Our findings
provide a plausible and testable account for why the spatially homogeneous and isotropic average connectivity rule of
neural field models can approximate resting-state fMRI dynamics (spontaneous dynamics over timescales > 1), despite
the presence of a spatially embedded and topologically complex network of FNPs.

Discussion

This work aims to address two lines of evidence regarding the functional role of fast-conducting non-local projections
(FNPs) on cortical dynamics. One range of experiments demonstrate the critical role of specific, genetically inherited
FNPs in shaping the intricate spatiotemporal dynamics of cortical activity, such as the clear non-local activations seen in
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voltage-sensitive dye (VSD) imaging of stimulus-evoked cortical responses in mouse [15-18,40,41], or long-range correla-
tions between cortical populations mediated by structural connectivity [16,70,71]. These empirical results, across scales
and species, demonstrate the important role of FNP networks in facilitating the complex, spatially distributed cortico-
cortical communication thought to underpin the brain’s remarkable cognitive functionality, despite their costs to develop,
maintain and operate [4,56,66,72]. On the other hand, a second collection of results demonstrates the success of neural
field models which, via a spatially homogeneous and isotropic connectivity rule assumption neglect specific FNPs, but can
nevertheless predict many aspects of cortical dynamics accurately, particularly the spontaneous fluctuations observed on
the order-of-seconds timescales of fMRI [29-31]. This work sought to address the question: how can models of cortical
dynamics that ‘smear out’ the anatomical specificity of FNPs to a geometric average nevertheless generate such accurate
predictions of cortical dynamics?

To this end, we introduced a mathematical model of macroscale cortical activity (on millimeter lengthscales and above)
which incorporates both continuous geometric propagation (as traveling waves along the cortical surface and discrete
connectomic propagation (as rapid, non-local interactions between specific remote populations mediated by FNPs).

Our experiments demonstrate that the perturbations that FNPs induce on the model’s geometrically-constrained cortical
dynamics is both timescale dependent—being strongest on short timescales < 30 ms—and dependent on the spatial pre-
cision of the input drive—being strongest for spatially localized inputs that are proximate to FNPs. These settings in which
FNPs strongly shape cortical dynamics—fast dynamical responses to spatially targeted inputs—suggest rapid non-local
interactions as a core mechanism for facilitating the fast and spatially distributed information processing of specific sen-
sory input drives (e.g., specific cortical inputs from ‘core’ thalamic cells [73]). Conversely, in settings such as resting-state
fMRI, which measures spontaneous dynamics over slower order-of-seconds timescales, the cortical dynamics increas-
ingly resemble that of geometric propagation (i.e., as if there were no FNPs). Our findings thus provide a plausible mech-
anistic explanation for why different experiments (on different spatial and temporal scales, and examining spontaneous
versus stimulus-response dynamics) can yield different conclusions regarding the role of FNPs, which our experiments
indicate is highly dependent on the timescale resolved by measurement and the spatial precision of the input drive.

Our results broadly match qualitative intuitions from the statistical mechanics of physical systems, which provides a
way to understand how simple macroscopic behavior can emerge from complex microscopic interactions. This includes
the phenomenon of ‘universality’, in which physical systems with different microscopic interactions nevertheless display
common macroscale behavior (which can therefore exhibit surprising robustness to variations in microscopic physics)
[74]. A commonly studied example is the relatively simple Navier—Stokes equations, which emerge from extremely com-
plex interactions between fluid molecules at the microscale, and which well-describe the macroscopic behavior of fluids
regardless of the specific type of molecules (and their interactions). In qualitative accordance with this loose expectation,
here we find that as cortical inputs become less precise in space (as in spontaneous dynamics) and are less accurately
resolved in time (as in modalities like fMRI), the specific microscopic wiring configurations of individual structural fibers
of the cortex matter less than the spatially averaged rules that govern them. Future work analyzing multiscale patterns in
neural systems [75], including relationships between scales, could investigate these scale-dependent relationships more
directly and in more detail.

Our work suggests a potential reconciliation of conflicting perspectives on how best to build dynamical models of
macroscale cortical activity constrained by underlying structural connectivity [76—78]. On one hand, connectome-based
neural mass models treat the cortex as a discrete network of lumped nodes, representing parcellated regions, connected
by edges that accumulate all structural fibers connecting the corresponding regions [79-84]. This representation allows
for explicit incorporation of specific structural connections from connectomic data, but artificially enforces a discretiza-
tion (via a parcellation) with hard boundaries on a physically continuous object. By contrast, neural field models treat the
cortex as a two-dimensional continuum, and typically embed a geometric (spatially homogeneous and isotropic) structural
connectivity onto this continuum [32,35,85]. This representation retains the continuity of cortical tissue at the millimeter
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lengthscale without enforcing spatial discretization into parcels [65], but its idealized distance-dependent connectivity
assumption cannot fully capture the specificity of structural connectivity, particularly that of FNP connectivity. The findings
of this work suggest that the continuous geometric approximation of structural connectivity (akin to neural field models)
becomes a stronger approximation for capturing the spatiotemporal patterns of spontaneous cortical dynamics on lon-
ger timescales (like that of resting-state fMRI), while the additional non-local specificity of the connectome (which can
be incorporated in neural mass models) becomes more crucial for capturing the cortex’s more rapid processing of spa-
tially localized stimuli. Note that this does not imply that the specificity of the connectome is unimportant for capturing
resting-state fMRI dynamics—indeed, the further constraining of geometric connectivity with specific connections from
connectomic data can improve predictions of resting-state fMRI dynamics [21,86,87]. Rather, our findings highlight
stimulus-evoked response dynamics as an experimentally challenging but important regime for developing and refining
future dynamical models of macroscale brain activity — a regime in which the specificity of structural connectivity may
play a more significant role than in resting-state fMRI [88].

An important finding of this work is that a single FNP most strongly perturbed the model’s geometric dynamics over
short millisecond timescales (< 10 ms), and weakened in influence on longer timescales. This finding may have direct
implications for how FNPs perturb the spatial patterns of the geometric eigenmodes of cortical activity—the natural
dynamical modes of activity derived from the cortex’s geometric or spatial structure [89]. If FNPs primarily influence the
model’s faster dynamics, we predict that the addition of FNPs (from connectomic data) to the cortex’s geometric structure
would induce perturbations to the geometric eigenmodes that increase with eigenmode order. This prediction accords
with the results of another mathematical investigation, which modeled the perturbation of a single FNP in a way that—like
our model—preserved the spacetime-integrated propagated activity [90]. However, since the geometric eigenmodes of
higher order contribute less power to spontaneous activity [91], we suspect that the improvements that the connectome-
perturbed eigenmodes provide in reconstructing measured activity would be dominated by physiological noise and
measurement artifacts, both of which are major sources of error carried by resting-state fMRI measurements [92]. If true,
it would be a challenging feat to identify an alternative basis of connectome-perturbed eigenmodes that significantly
improves the reconstruction accuracy of resting-state fMRI from simpler geometric eigenmodes, which is found to be the
case in ongoing work [86,93-95]. Nevertheless, it remains important for future work to investigate how the addition of
FNPs (or heterogeneities from other structural brain properties) perturb the spatial patterns of geometric eigenmodes, as
a means to mechanistically interpret how these perturbations impact the accuracy of eigenmode-based reconstruction of
measured activity.

Our results also highlight how a fixed architecture of structural connectivity in the cortex is capable of supporting a vast
array of spontaneous dynamical regimes, depending on how the system is driven. This finding underscores an underap-
preciated specificity of the contribution of a given FNP in shaping cortical dynamics on the spatial properties of the cortical
input drive (e.g., from the thalamus). For the commonly studied case of spontaneous dynamics, typically modeled as spa-
tially uniform cortical input [50,80], the specific (anisotropic and inhomogenous) configurations of FNPs make surprisingly
little effect on the resulting spontaneous dynamics when the variance of the noisy input drive is spatially uniform. However,
our modeling highlights how the same, fixed underlying structural connectivity can support a much wider repertoire of
dynamical regimes, accessible by controlling the spatial precision of the input drive. In this way, some FNPs can be rela-
tively ‘silent’ in shaping to the dynamics to some (distal) focal inputs, despite corresponding to major fiber tracts with ‘high
weight’ in a connectomic representation. This finding also accords with mouse experiments showing that long-range cor-
relations between FNP-connected cortical populations were amplified after stimulation of the FNP source, but quietened
after stimulation of a population distant from the FNP source [16]. Our modeling thus suggests a more fluid picture of ‘the
structure-function relationship’ in which controllable inputs to the cortex can be used to facilitate a broad array of different
types of distributed information processing that may be functionally suited to a given situation (e.g., balancing integration
versus segregation on different timescales). One possible way in which the brain may take advantage of this flexibility
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is by adjusting the spatial profiles of core (spatially precise) and matrix (spatially diffuse) thalamocortical projections
[73,96,97] to bias cortical computation towards regimes that are functionally suited to a given environmental situation.
Recent modeling work has also demonstrated how another diffuse system, the noradrenergic arousal system - primarily
emanating from the locus coeruleus in the brain stem — can regulate cortical gain in spatial and temporal patterns that
privilege certain subsets of corticocortical connectivity during stimulus propagation [98], in particular the FNPs. Combined
with the present findings, these works demonstrate FNPs contributions are dominant on short timescales and that the par-
ticular subset of the FNPs driving this dominance can be flexibly recruited via the arousal system. Together, they provide
two synergic axis for flexible function on a static structural cortical connectivity.

The results of this work were obtained from simulations of a novel mathematical model of macroscale activity which
incorporates both geometric and discrete connectomic structural mechanisms within a single modeling framework (pro-
vided in open code that accompanies this work). The motivation to develop a new model is to improve upon existing mod-
els in literature that have incorporated both geometric and non-local interaction mechanisms, which can face limitations in
simultaneously capturing traveling wave dynamics along a continuous sheet and rapid communication dynamics through
FNPs. For example, one commonly used model is the neural mass model by Spiegler and colleagues, which simulates
whole-brain stimulus-evoked responses [43,44]. Our model improves upon this model by generating finite-speed trav-
eling waves (rather than infinite-speed diffusion), and enabling simulation of dynamics in multiple contexts other than
stimulus-evoked responses. Another commonly used model of this type is the neural field model by Jirsa et al. [45—47]
which simulates cortical activity on a one-dimensional continuum (line) with a single embedded FNP between two points.
While this model bears similarities to ours in generating traveling waves on a continuum, our model extends the one-
dimensional geometry to a two-dimensional surface, to more accurately representing the geometry of the cortical sheet
and enabling the model’s structural connectivity to have multiple FNPs—consistent with the real cortex—without facing
dynamical instabilities. Also worth noting is the graph-based model introduced by Atasoy et al. [99] which incorporated
a geometric contribution to cortical interactions via nearest-neighbor connectivity on the graph. There is much scope for
future work to further develop and refine models of brain activity that can simultaneously capture multiple mechanisms of
cortico-cortical interactions, in order to better understand the types of interaction that shape cortical dynamics most strongly.
For example, simulations with the neural field model by Steyn-Ross et al. [100], which generalizes the model by Jirsa et al.
by introducing realistic nonlinear mechanisms, suggest that introducing a bidirectional FNP can induce seizure-like bursting
activity when electrical gap-junction synapses between inhibitory neurons are introduced, but otherwise minimally affects
the phase coherence statistics of spontaneous dynamics. Future models could also include nonlinear mechanisms to cap-
ture more realistic interactions of interfering traveling waves, such as compression and reflection in visual cortex [101].

A notable limitation of this work is that our modeling results and their interpretation rest on specific assumptions made
in constructing the model. One particular notable property of the model is its preservation of the total system activity
over time (e.g., in ‘transporting’ activity from one location to another, FNPs preserve total activity). This property stands
in contrast to some other models, in which FNPs can propagate activity to multiple target locations and increase total
activity, and nonlinearities in the local dynamics prevent dynamical instabilities arising from this increase [21]. The validity
of the activity-preserving assumption that underlies the construction of our model (and the particular mathematical treat-
ment of this assumption, cf. [90]) could be interrogated further in future work. Furthermore, emerging work suggests that
neuronal communication can also take the form of extrasynaptic, ‘wireless’ signalling through neuropeptides [102], which
is currently absent from this model. Last, our model also assumes a system gain or excitability (model parameter 1) that
is constant over time, however it is known that the brain can operate at different levels of excitability over time, regulated
by neuromodulatory systems of the subcortical brainstem and forebrain [103,104]. A sensitivity analysis in S4A Fig shows
that the FNP’s perturbation on stimulus-evoked dynamics when the stimulus is at the source of FNP tends to persist
more over long timescales as gain reduces. Furthermore, the perturbations that FNPs induce on long-timescale spon-
taneous dynamics have been shown to amplify when the dynamics operates at higher excitabilities [90,98]. Future work
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could investigate how neuromodulatory systems could influence FNP-induced perturbations on both spontaneous and
stimulus-evoked cortical dynamics.

Other simplifying assumptions include setting the connectivity strength of each FNP, ¢, to a fixed value of r2. While
the overall behavior of the perturbation of an FNP over time is not expected to change with different values of ¢, (see
S4B Fig for the dynamical perturbation of a single FNP for different values of ¢y,), future work could better calibrate this
value (e.qg., using structural connectivity measurements) to yield more accurate simulations in specific settings. We also
made the major simplifying assumption of modeling FNPs in the limit of instantaneous conduction, ,, = 0, which neglects
time delays due to physical conduction. Although an idealization, this choice allowed us to more straightforwardly model
and qualitatively understand the qualitative effects of rapid non-local projections that arrive at some distant target location
much faster than a traveling wave. Human diffusion MRI data reveals that the ratio between a structural fiber’s geodesic
length (along the cortical surface) and three-dimensional length through the white matter is approximately 7 for the fibers
with the largest geodesic lengths, but approximately 2.5 for the average connection [105]. Since the axonal conduction
velocity in neural field models, v = ry, is parameterized to incorporate this ratio, a reasonable choice for the time delay of
a given FNP a; — by, is 7y = d/v x (2.5/7), where dp, = ||an —bpy|| is the geodesic length of the FNP.

Finally, the cortical surface 2 was set to have a toroidal geometry, and nonrandom FNPs on 2 were sampled algorith-
mically under idealized topological constraints, rather than from connectomic data. This simplification ignores other aspects
of connectomes, such as modularity and heavy-tailed degree distributions [106], which may affect the conclusions reached
in our investigations. Future work could thus investigate the effects of instead modeling the real geometry 2 of a cerebral
hemisphere [52] and/or aligning the wiring configurations of all FNPs with connectomic data as pursued in previous work
[21,86]. Such work would involve more complex computation of the Laplace-Beltrami operator (V?), as it must incorporate
the irregular sampling of points, and varying point-to-point distances that are manifested in convoluted cortical mesh data
[29-31,52]. Note that our experiments are set up such that the qualitative results are not highly sensitive to the periodic
boundary conditions and we expect similar results on other closed surfaces such as spherical domains. There is also scope
to extend this work to three-dimensional domains, as was explored in a recent investigation with a nearest-neighbor neural
mass model (different to a wave equation on a continuous surface) [107], however we remark that the connectivity rule that
is encoded in the three-dimensional damped wave equation, while still isotropic, lacks the decaying property that is mani-
fested in the connectivity rule encoded in the two-dimensional equation [35]. We also note the potential of interdisciplinary
connections between our findings and other spatially embedded phenomena with long-range perturbations, such as work
modeling social or biological contagion as a dynamical process evolving on a spatially embedded network with additional
rapid non-local interactions (e.g., from international air travel or internet-mediated social interactions) [108].

In summary, we have developed a model of cortical activity that allowed us to investigate the role of rapid, non-local
projections in perturbing the otherwise geometrically constrained dynamics. We find that the role of FNPs in shaping the
dynamics depends strongly on the timescales resolved and the spatial precision of the driving input, suggesting that FNPs
play a crucial role in shaping rapid stimulus-evoked response dynamics, but can be approximately neglected in favor of
simpler geometric rules in slower resting-state fMRI settings. These results provide a potential explanation for why some
prior results demonstrate a strong role for FNPs in mediating non-local activations, while neglecting them in favor of an
isotropic geometric rule becomes a stronger assumption in others. Our paper is accompanied by open code to reproduce
all results presented here [109], and we hope it will be developed further in future work to better understand different
mechanisms of cortical interaction.

Supporting information

S1 Fig The short timescale influence of an FNP on stimulus-evoked dynamics is maximized when the stimulus
is positioned at the source of the FNP, and drops off rapidly with increasing distance. A. A plot of C(f), the pertur-
bation that an FNP from p = (3L/8, 3L/8) to q = (5L/8, 5L/8) induces on stimulus-evoked dynamics, for an ensemble of

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014673 August 26, 2026 21127



https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014673.s001

N\ Computational
PLOS }. Biology

200 impulse stimulus positions ro sampled uniformly on Q. The black curve is C(f) when ry = p; i.e., when the stimulus is
applied at the source of the FNP. B. For the same ensemble of stimulus positions, i. Cnhax, the maximum attained C(f) over
time, is plotted against ||ro — p||, the distance between the stimulus and the source of the FNP, and ii. C,, which quantifies
the FNP-induced perturbation on the evoked BOLD response, is plotted against ||ro — p||.

(PDF)

S2 Fig A heatmap of ~3°°(r)—the spatial correlation function of the geometric model with reference point p—over

Q for four different spatial widths: i. o, = 3L/80, ii. o, = L/8, iii. o, = L/4, and iv. o, = co. The o, = o case corre-
sponds to a completely spatially unstructured input.
(PDF)

S3 Fig The influence of a connectome of N=100 FNPs on spontaneous correlations is reduced by the incorpora-
tion of hub specificity or rich-club specificity. A. For a given model, we computed its correlation structure as the set
of Pearson correlations between activities of every pair of parcellated regions on Q2. For our experiments, we divided
into 10 x 10 parcels: Q; = (i—1,1L/10 x (j—1,/1L/10 for i,j=1, ..., 10. The activities of each parcel is then calculated as
the pointwise activities ¢(r, t) integrated in space over the parcel. For both i. the geometric model, and ii. a hybrid model
with a connectome of N=100 randomly sampled FNPs, a heatmap of the correlations between the example parcel {25 5
and all other 99 parcels is shown in iii. and iv. respectively. The correlation structures for both models are computed using
the same algorithm to compute the spatial correlation function in S1 Text, Sec C. B. We quantified the similarity between
the spontaneous dynamics of the geometric and hybrid model as R, the Pearson correlation between the '°°C, elements
of their parcellated correlation structures. C. 1 — R quantifies the perturbation that the connectome of the hybrid model
induces on the spontaneous dynamics. We compared the distribution of 1 — R over an ensemble of 20 connectomes con-
taining N=100 FNPs, for increasing hub specificity (A4) and rich-club specificity (),). Each distribution is represented with
error bars of one standard deviation from the mean.

(PDF)

S4 Fig A sensitivity analysis of the effect of parameters vy and ¢, on the perturbation induced by an FNP on
stimulus-evoked dynamics. C(f) in Fig 3B is repeated for various values of: A. 1y, the effective gain, and; B. c,, the
connectivity strength of the FNP. For reference, the nominal values of 1 and ¢, used in the main investigations were
1o = 0.756 and ¢4 = 0.007396 m2.

(PDF)

S1 Text. Model derivation, model numerics, and algorithmic details. Section A: Model derivation. A full derivation of
the model equation is provided, describing the propagator and synaptic mechanisms of each neural population and how
they combine into a single non-local partial differential equation governing cortical activity. Section B: Model numerics.
We detail the numerical scheme used to solve the model equations, including finite difference approximations for the local
and non-local terms, treatment of the two input types, and the parameter values used. Section C: Algorithmic details.
We provide additional details about the methods used to compute key quantities reported in the Results, including the
BOLD response, cosine dissimilarity metrics, spatial correlation function, and the acceptance-rejection sampling proce-
dures for connectomes with exponential distance, hub specificity, and rich-club specificity constraints.

(PDF)
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