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Abstract: Healthy brain functioning depends on balancing stable integration between brain areas for effective 
coordinated functioning, with bursts of desynchronisation to allow subsystems to reconfigure and express 
functional specialisation. Metastability, a concept originated in statistical physics and dynamical systems 
theory, has been proposed as a key signature that characterises this balance. Building on this principle, the 
neuroscience literature has employed markers of metastability to investigate various aspects of brain function 
including cognitive performance, healthy ageing, meditation, sleep, responses to pharmacological challenges, 
and to characterise psychiatric conditions or disorders of consciousness. However, this body of work often uses 
the notion of metastability heuristically, and sometimes inaccurately, making it hard for the uninitiated to 
navigate the vast literature, interpret findings, and foster further development of theoretical and experimental 
methodologies. In this paper we provide a comprehensive review of metastability and its applications in 
neuroscience, covering its scientific and historical foundations and the practical estimators used to estimate it 
in empirical data. We also provide a critical analysis of recent theoretical developments, clarifying common 
misconceptions and paving the road for future developments. 

Keywords: metastability; computational neuroscience; neuroimaging; dynamical systems; 
complexity science  
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Introduction 

The notion of “metastability” has been increasingly employed in neuroscience investigations.1  

Metastability has been associated with coexisting tendencies in neuronal populations (e.g., brain 
regions) to work collectively by coordinating the activity across multiple brain regions while also 
exhibiting segregated activity to allow the performance of specialised functions. Thus, metastability 
is said to reflect a mixture of cooperation and relative independence between brain areas in response 
to inputs from the environment; it is considered to be a fundamental signature of high brain functions 
[1–3]. 

Metastability is commonly invoked in neuroscience literature, but, unfortunately, its empirical 
and theoretical origins are sometimes lost in the process — thus depriving the wider neuroscience 
community of an understanding of its empirical and physics-based foundations. In effect, the 
plethora of successful studies of metastability using quite heterogeneous methodologies can make it 
challenging for neuroscientists to build a fundamental understanding about what metastability 
actually is, and how different applications relate to each other. An unfortunate consequence of this 
rich landscape is that unfamiliar readers could easily misinterpret  applications of different 
signatures of metastability as conflicting definitions [4]. The aim of this paper is to provide a 
comprehensive account of metastability and its applications in neurosciences, while clarifying 
common misconceptions and paving the road for future developments.  

For this purpose, we first provide a phenomenological account of the origin of metastable states 
and metastability in physical systems before considering evidence for their existence in coordination 
dynamics [5], and the brain [6,7]. We then explore how a number of signatures of metastability have 
been measured in both empirical and computational modelling studies. Next we review a number of 
“dynamical routes” to metastability (i.e. different types of dynamical scenarios that give rise to 
metastability) that have originated from various computational models [6,8–11]. We differentiate 
these dynamical routes using associated metrics that have been proposed to capture metastable 
dynamics. These are not alternative definitions, but aim to capture some key signatures — a 
distinction that helps to dispel much of the current confusion. Finally, we provide suggestions for 
future avenues of study of metastability.  

The past 

A phenomenological account of metastability  

A useful way to think about metastability is to compare it with other types of stability described 
by dynamical systems theory (see Figure 1). The simplest type of stability is monostability, which 
corresponds to the case when the system has a single attractor (i.e., when there is one stable solution 
to the differential equation describing its dynamics). A slightly richer type of dynamics can be 
observed on systems that exhibit bistability, which have two attractors — the system will settle into 
one of the attractors depending on the initial conditions, but if the system is perturbed then 
trajectories can switch from one to the other. More generally, a system is said to exhibit multistability 

when there are multiple stable solutions to the differential or difference equation, and hence also 
multiple attractors of the corresponding dynamics. Finally, the notion of metastability (which literally 
means “beyond stability”) describes dynamics that have more structure than a system with no 
persistent dynamics and are as rich, if not richer, as dynamics than multistable systems. Any given 
system can exhibit all of these stability solutions depending on control parameters. 

More specifically, a system is said to exhibit metastability when it exhibits “unstable attraction” 
— i.e., regions of phase space that attract in some directions but repel in others, pulling the system 
into it then pushing it away. A metastable system approaches successive saddle-like regions, dwells 
at them for a period, and spontaneously escapes to visit another. Hence, in contrast to standard 

 
1  In preparing this paper, the authors found over 300 published neuroscience-related articles since 

1988 that contained the word ‘metastability’. 
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attractors, which tend to pull and trap trajectories, metastability works a bit like a children’s slide: 
when the slide is nearly flat, the dynamics slow down giving the impression of nearly stopping 
(“attraction”), before being released, setting the system free to continue its trajectory. Therefore, while 
in multistable systems a trajectory can only escape from an attractor due to “external’ (i.e., noise or 
external control) means, in metastable systems trajectories transition between attracting and repelling 
regions by construction.  

 
Figure 1. Different types of stability in dynamical systems. A) From top to bottom, monostability, 
multistability, metastability, instability. B) Phase portrait of a 1-dimensional dynamical system. The 
horizontal line presents a 1-dimensional state space (x). Horizontal blue arrows indicate the direction 
of the flow in the phase space determined by the differential equation (dx/dt), which is plotted in 
black as a function of x. Where dx/dt is above (resp. below) the horizontal line, the trajectories in the 
state space flow to the right (resp. left) corresponding to a positive (resp. negative) change of the state 
variable. Where the function intersects with the horizontal axis, there is no change to the state, making 
that value of x a fixed point.  The slope of the function at the equilibrium point indicates its stability: 
a negative slope implies an attractor (i.e., a stable fixed point, as seen by nearby flows pointing 
towards the equilibrium), whilst a positive slope indicates a repeller (i.e., an unstable fixed point, as 
seen by nearby flows pointing away from the equilibrium). By convention, stable attracting points are 
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represented by a filled circle, while repelling unstable points corresponding to empty circles.  C) 

Potential landscape of the same system. Valleys in this landscape represent stable fixed points, which 
may also be attractors. In contrast, peaks represent unstable fixed points which in this case are 
repellers. D) A bifurcation diagram of a bistable system. Stable solutions, the red and yellow points, 
away from the critical blue point, exist for different values of the control parameter. E) A pitchfork 
bifurcation where at a critical value of a control parameter, a stable fixed point transfers its stability 
resulting in 2 new fixed points. The system may reside in either of the two states marked with red 
circles. F) In a 1-dimensional system, the saddle is represented as a dual-coloured circle. The blue line 
shows the flow towards the saddle fixed point and the red line shows the flow away from the saddle. 
G) A saddle-node bifurcation where a stable and unstable fixed point collide and annihilate each 
other. The saddle-node is stable in one direction and unstable in the other. H) In a 3-D picture, it is 
easier to see how this fixed point got the name of a saddle node. I) A heteroclinic cycle linking 4 
saddles though their unstable directions. Metastability in part A adapted with permission from [4]. 
Part I reproduced with permission from Alexander Steele Kernbaum 
https://www.researchgate.net/profile/Alexander-Kernbaum-2/research. 

An important consequence of the previous argumentation is that metastability refers to a specific 

type of dynamics that may take place in a system characterised by patterns that recur either in 
repeatable sequences (pattern)  [10,12] or flexible alternation (no pattern) [11,13] As such, 
metastability is more flexible than multistability but more structured than mere randomness [1]. 
Therefore, metastability corresponds to a specific type of collective “behaviour”  — i.e., something 
certain systems do — and not a specific mechanism — i.e., how these systems do it [14]. In fact, 
metastability can be realised by several different mechanisms, as we will discuss in the sequel. 

A brief history of metastability  

The mechanistic origins of metastability and associated phase transitions in human movement 
[1] can be traced back half a century ago to the fledgling study of complex systems [15], and over 
thirty years for its application to studying the brain [6,7,16]. Here we provide a brief description of 
the initial steps in the development of this concept before it was developed in neuroscience (which is 
covered in a later subsection).  

At the turn of the 19th century, a chemical system (supersaturated solution of sodium nitrate) in 
a “metastable condition” was reported, such that its transition time to a stable or ground state 
exceeded the relaxation time of the elementary microscopic processes [17].  Another example of this 
long transient behaviour is supercooled water, which remains liquid after being cooled below zero 
degrees to then freeze abruptly [18]. In physical systems, this behaviour is referred to as metastability 
“en route” to a ground configuration [19]. When more than one metastable condition or configuration 
is possible, repeatable metastable transitions between these configurations characterises metastability 
in complex biological or chemical systems.   

Metastability first became associated with brain function in the context of motor coordination in 
animals and humans. By studying the movements of the fish Labrus, Erich von Holst observed that 
the movements of the fins were not always synchronous – they could move at slightly different 
frequencies, but spending more time in specific phase relations where they were almost in sync [20]. 
Von Holst termed this type of behaviour “relative coordination”, where occasional slippages between 
coordinating components are balanced by an intrinsic attraction to certain preferred phase relations. 
Similar patterns were later observed in experiments related to human coordination, where 
participants were required to flex their index finger in synchronisation or out-of-synchronisation 
(syncopation) with or without a metronome [21–23]. When starting in syncopation, participants 
spontaneously switched to synchronisation when the metronome frequency exceeded a critical value. 
However, in synchronisation, their movements were not fully in-phase with the metronome. With 
further increased metronome frequency, the participants maintained their intrinsically preferred 
phase relationship with the metronome only for some time, before eventually losing this entrainment, 
and then modifying their movement until the preferred phase relationship was once more 
established. This cyclic behaviour of dwelling almost-in-sync before escaping through 
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desynchronisation was considered “metastable” where tendencies for integration (intrinsic preferred 
phase relations to maintain synchronisation or ‘integration’ between movement and sensory stimuli) 
coexisted with tendencies for segregation (loss of entrainment)  [1,5,21,23] and the cycle of relative 
coordination between bursts of desynchronisation was described as “metastability” [1]. Similar 
behaviour was observed in the signal dynamics when the experiment was repeated simultaneously 
with superconducting quantum interference device acquisition (SQUID) [6,24]. The relative 
coordination observed in both behaviour and brain signals was interpreted theoretically in terms of 
intermittent dynamics [25] in the vicinity of the “remnant” or “ghost” of a fixed point that 
disappeared as the system passed a saddle-node bifurcation [5]. Independent of these studies, 
experimental and theoretical evidence was reported to support the hypothesis that phase transitions 
and metastability existed in the brain [7,26]. 

The present 

Practical signatures of metastability 

Measuring metastability in neurophysiological and modelled data presents a methodological 
challenge. In effect, although metastability is well defined mathematically, it is often hard to evaluate 
in experimental data — as a thorough evaluation requires a full reconstruction of the attractor 
landscape of the neural dynamics. This difficulty has motivated the search for heuristic signatures of 
metastability that could be more easily estimated from data. This section reviews several markers of 
metastability, which allow tractable computation and have led to interesting findings and insights. 
Despite the success of some of these measures, it is crucial to remark that these measures are not 
alternative definitions of metastability but rather aim to capture some of its key signatures. 

While reviewing these markers, it is important to keep in mind that metastability is a property 
of a dynamical system (i.e., a mathematical or theoretical model aimed at capturing empirically 
observed phenomena.) and not of data. Neuroscientists can use techniques to study the likelihood of 
neuronal activity being generated by a specific type of dynamical system. As usually we have no 
certainty of what the actual underlying dynamical system is, it is hence inappropriate to conclude 
that the data — by itself — shows metastability. Instead, what one can conclude is that some data is 
consistent with metastability as quantified by a particular signature. 

Entropy of the spectral density 

An early attempt to characterise metastability in brain activity used a model of coupled chaotic 
oscillators, where groups of oscillators were connected via excitatory and inhibitory connections, and 
the groups were linked with only excitatory connections [9,27]. The metastability of this system was 
estimated by calculating the entropy of the spectral density time series, which led to the following 
measure:  

H = 𝑙𝑜𝑔 (2𝜋𝑒௠ 𝑑𝑒𝑡൛𝐶𝑜𝑣ሼ𝑔(𝑤, 𝑡)ሽൟ/2 , (1)

where m is the number of oscillators, 𝜔  is the frequency of each oscillator, Cov{g(𝜔 ,t)} is the 
covariance matrix of the spectral density, and det is the determinant. The main intuition behind this 
proposal relates to the dynamic modulation of frequencies as observed say, in self-paced movement 
[28] — similar to what was found by Niebur [29,30]. It was expected that the spectral density of the 
model would change over time, and the changeability (as captured by the entropy) of the spectral 
density was therefore proposed as a marker of metastability.  However, for this measure to be of 
practical use, the frequency range in a experimental modality should match the frequency range in 
the model, which is not always the case for example, in the case of functional MRI data.  

Ratio between dwell and escape time  

A second signature of metastability builds on a posited relationship between metastability and 
the timescales associated with dynamic patterns of dwelling and escaping from quasi phase-locked 
states, hypothesized to represent the balance between integration and segregation. This measure is 
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based on the concepts of dwell and escape times — dwell time is the time the relative phase remains 
relatively constant, and escape time is the time to ‘escape’ a dwell period and move to another dwell 
period, i.e., it is the time between successive dwellings. Then, the tendency of the system towards 
integration is identified by its average dwell time, and its tendency for segregation with its escape 
time. A marker of metastability may then be built via via the ratio of these two quantities [31]:  

k = dwell time / escape time. (2)

Clearly, as this ratio gets greater and greater, the system stays longer and longer near a phase-
locked, highly integrated state (and consequently, as the ratio gets smaller the greater the likelihood 
for total independence or segregated activity). 

Variance or standard deviation of the Kuramoto order parameter 

A third signature of metastability, derived from classical measures of synchrony in a population 
of oscillators [32] captures the temporal variability of phase relationships in a system. This approach 
is built on the Kuramoto model of weakly coupled oscillators, for which its instantaneous phase 
synchrony (iPS) at time t, 𝛱(𝑡) is defined as the absolute value of the complex-valued Kuramoto 
order parameter (KOP) (see Appendix C). 

𝛱(𝑡) = 1𝑁 ቮ෍ 𝑒௜∅ೕ(௧) 
௝  ቮ  =  ห〈𝑒௜∅ೕ(௧)〉ห, (3)

where ∅௝(𝑡)  denotes the phase of oscillator j at time t. The iPS is bound between 0 for a fully 
desynchronized state and 1 for a completely synchronised state. Building on this order parameter, a 
signature of metastability can be then defined as the temporal variance of iPS within a community, 𝜎met(c) [33] 𝜎௠௘௧(𝑐) = 1𝑇 − 1 ෍ (𝑖𝑃𝑆௖(𝑡) − 〈𝑖𝑃𝑆௖〉்)ଶ௧ஸ் , (4)

which captures the heterogeneity of phase patterns exhibited by the system over its temporal 
evolution. See Supplementary video 1 for the behaviour of the Kuramoto model and the signatures 
of metastability, replicated from [33].  

This signature of metastability has found extensive applications, spanning both computational 
models and empirical studies [34–44]. However, one should keep in mind that this marker only 
captures the variability of the mean phase of synchronous system states, while being insensitive to 
potentially relevant anti-phase synchrony (discussed in the subsequent section).  

Standard deviation of the average spatial coherence 

A fourth signature of metastability is a variation of the previous one but adapted for cases such 
as fMRI data, where the number of time points is often insufficient to properly measure phase 
synchrony as in [33] or signal coherence using methods such as wavelet coherence as in [45]. In such 
scenarios, one first considers the spatial coherence of the system, i.e. how the signal changes as a 
function of distance [46]. This can be denoted as V(t) and calculated via 𝑉(𝑡) = ଵே ∑ |𝑆(𝑡)௜ − 𝑆̅(𝑡)|ே௜ୀଵ    , (5)

where 𝑆௜ is the signal for an individual region, and 𝑆̅ is the spatial mean.  
Then, a signature of metastability is defined as the standard deviation of V across time. V is 

actually a measure of chimerality [33] and the reciprocal of mean V across time is used as a proxy for 
synchrony.  

Variance of functional connectivity 

Interpreting metastability as the repertoire of configurations visited by a system over time, the 
variance of the temporal evolution of functional connectivity has been proposed as a signature of 
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metastability [47]. When functional connectivity is calculated with Pearson correlation, the time 
evolution of “global cohesion” or mean functional connectivity is obtained through windowing the 
time series. The variance of this time series provides a signature of metastability. If functional 
connectivity is calculated with instantaneous phase differences, then the first eigenvalue of the 
instantaneous functional connectivity matrix, the “spectral radius”, provides a measure of the total 
amount of variance in the first eigenvector. The variance of the temporal evolution of the spectral 
radius has been proposed as a signature of metastability [48].  

Fluctuation of relative frequency 

Another signature of metastability was proposed in the context of a “human firefly” experiment, 
where a broad range of movement frequencies was explored in the setting of social coordination [49]. 
This signature measures the amplitude of frequency fluctuations caused by the dwell-escape 
dynamics of the relative phase (see Supplementary video 2). This measure was based on the 
observation that in a metastable regime, whenever the order parameter (the relative phase ∅௜௝), 
wraps around one cycle (goes through 2𝛱), the relative instantaneous frequency (proportional to the 
time derivative of the relative phase) will fluctuate (dwell and escape) at least once near the remnant 
of the in-phase attractor (whether it fluctuates at the antiphase remnant depends on other 
parameters), since by definition a dwell (escape) is characterised by an decrease (increase) of the 
relative instantaneous frequency (Figure 2 B-C). Thus, the relative frequency should fluctuate at the 
rate of relative phase wrapping, which can be assessed by the Fourier transform of the relative 
frequency time series. This gives rise to the following definition of the metastability index (MI) [49]:  𝑀𝐼 = 𝑃ൣ𝛥𝐹௜௝൧ ቀ௪௜௡ௗ(∅೔ೕ)் ቁ , (6)

where 𝑃[Δ𝐹𝑖𝑗] is the power spectrum of Δ𝐹𝑖𝑗, the relative instantaneous frequency between 

participant i and j (e.g. difference between two curves in Figure 2C), 𝑤𝑖𝑛𝑑൫∅௜௝൯ =  |థ(்)ିథ(଴)|  ଶగ  is the 

winding number, 
௪௜௡ௗ(∅೔ೕ)்  is the rate at which relative phase is wrapping, ∅  is the unwrapped 

relative phase, that is, appropriate multiples of 2𝜋 are added to each phase measurement to 
reconstruct the original phase, and T is the length of the trial over which the metastability index is 
being calculated. In essence, MI measures the amplitude of frequency fluctuations caused by the 
dwell-escape dynamics of the relative phase. A higher MI indicates a more pronounced 
differentiation between dwells and escapes, interpreted as stronger metastability.  

 

Figure 2. Metastability in multiagent social coordination and the relation between metastability 

and frequency fluctuations. A) Experimental observation of the coordination dynamics between 3 
persons (agent 1,3,4) in terms of relative phase (𝜙13, 𝜙34; y-coordinates) as a function of time (x-
coordinates). 𝜙34 (yellow) persisted at in-phase for a long time (10–37 s trajectory flattened near 𝜙ij = 
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0) before switching to anti-phase (40 s; in-phase and anti-phase are labelled with thick and thin dashed 
lines, respectively, throughout this figure). 𝜙13 (red) dwelt at in-phase intermittently (flattening of 
trajectory around 10, 20, and 35 s). Reproduced with permission from [50]. B-C) A short segment of 
simulated metastable coordination between two oscillators using the generalised HKB model in terms 
of the relative phase 𝜙 between the two oscillators (B) and the instantaneous frequencies of each of 
the two oscillators, shown in different colours (C). Adapted with permission from [51]. As the relative 
phase wraps for one cycle (2𝜋), the difference between the two oscillators’ instantaneous frequency 
shows one large fluctuation. Thus, the fundamental rate of frequency fluctuation is the same as the 
rate of relative phase wrapping. 

Variance of the Leading Eigenvectors 

There have been several studies simultaneously investigating the relationship between time-
varying functional connectivity and metastability [37,42,52],  where the former is assessed via a 
phase-based correlation function (usually 𝑐𝑜𝑠(∅௠ − ∅௡)  ), and the latter is estimated using the 
Kuramoto order parameter. However, it is not straightforward to align the nature of time-varying 
functional connectivity based on relative phase on the one hand, and metastability based on average 
phase on the other.  

In an effort to overcome this methodological limitation, a new signature based on relative phase, 
VAR, was proposed [53]. Rather than using instantaneous phase synchrony, iPS, as in [33], this new 
signature leverages the cosine of the phase difference between brain areas, bound between [-1 +1] in 
the form of instantaneous phase-locking, iPL [37,42,54,55]. A signature of metastability was then 
defined as the mean temporal variance of iPL within a community, 𝑉𝐴𝑅௖ = 〈𝜎௏ଵ೎〉 , (7)

Where, 𝜎௏ଵ(௖) = ଵ்ିଵ ∑ (𝑉1௖(௧) − 〈𝑉1௖〉்)ଶ௧ஸ் , (8)

Details for its calculation can be found in Appendix D. This signature of metastability was 
proposed as a candidate neuromechanistic biomarker of schizophrenia pathology. 

Variance of the phase difference differential  

The Phase Difference Differential (PDD) was created to identify instances of phase 
desynchronization in high-dimensional systems of chaotic attractors (PDD) [56]. Instantaneous phase 
was extracted with the Hilbert transform, and instantaneous phase differences were calculated.  
Phase desynchronisation occurs when these phase relations change, and the PDD captures the speed 
of these changes, that is the derivative exceeds a threshold ≈ 0. High values of PDD indicate rapid 
desynchronisation. Similar to [49,53] the variable of interest is relative phase, in this case the 
derivative rather than the cosine or the relative phase itself. Therefore, analogue to VAR, the variance 
of the PDD could be a valid signature of metastability in high-dimensional systems of chaotic 
attractors (See Technical Appendix).  

In summary, we have seen that there are many ways to define and attempt to quantify proxies 
for signatures of metastability. The most popularly used indicator based on the Kuramoto order 
parameter, can be credited with facilitating numerous important empirical findings, computational 
modelling insights, and popularising the study of metastability in the general neuroscientific 
community. Recent signatures embed the notion of relative phase, rather than mean phase, in their 
definition, returning to the origins of metastable coordination dynamics and in congruence with 
chaotic itinerancy.  

Metastability in computational neuroscience 

Metastability has been explicitly, and sometimes implicitly investigated in a wide range of 
computational models related to the brain. In this section we review a selection of computational 
studies, highlighting the dynamical route to metastability and resulting characteristics found in the 
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studies. We also identify instances where terminology may have caused confusion for non-experts. 
For those readers wishing to understand the different routes to metastability at a deeper level, we 
provide an accompanying Technical Appendix. 

Metastability in Coordination Dynamics 

Metastability in coordination dynamics appears as relatively long periods of phase entrainment 
where phases are ‘almost in-sync’, a behaviour called ‘relative coordination’, interrupted by rapid bursts 
of phase desynchronisation.  The Synergetics (see Technical Appendix) framework was used to 
develop a mathematical model, the Haken-Kelso-Bunz [HKB: 57] which captured these, and other 
dynamics. As observed in experiments on human bimanual coordination [22] at certain frequencies 
the model exhibited bistability, while only monostability remained beyond a critical frequency [57]. 
Extensions to the original model showed that ‘critical fluctuations’ initiated the transition from 
symmetric to anti-symmetric rhythms at a critical frequency value [58]. A further extension, to take 
account of symmetry breaking when a metronome provided the rhythm frequency, discovered the 
metastable behaviour of epochs of relative coordination interspersed with loss of entrainment in the 
absence of noise. This behaviour was found when the control parameter, that is the frequency of the 
metronome, had a value just beyond the critical value which corresponded to a saddle-node 
bifurcation. Although the original fixed point no longer existed, trajectories remained attracted to 
where it once was exhibiting bifurcation memory or a ghost [23]. The original model and its 
extensions are described in Technical Appendix, and the resulting dynamics are illustrated in Figure 
3. 

 

Figure 3. The rich dynamics in the HKB model illustrated in a phase portrait. A) The phase portrait 
of ∅ in the “extended” HKB model [23] for various values of a diversity (control) parameter 𝛿𝜔. This 
graph carries regimes of coordination with attractors in the front of the figure (for modest diversity 𝛿𝜔) and those without attractors (large diversity of the parts, shown in the back of the figure). Multi-
, mono-, and metastable regimes are indicated to the right of the figure. Examples of anti-phase and 
in-phase attractors, and the absence of attractors in metastability, are shown on the left of the figure. 
Adapted with permission from [59]. 

When the metronome experiment was repeated simultaneously with superconducting quantum 
interference device acquisition (SQUID) and the dominant spatial dynamics investigated [6], the 
signal dynamics observed in the brain closely resembled a model of chaos [60], where the actual 
trajectories of the main spatial pattern displayed the geometry of homoclinic loops [61].  
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Noise-driven metastability with time delays 

One of the earliest reports of metastability is related to investigations of the effect of finite 
transmission speed in a neural network represented by nonlinearly coupled oscillators [29,30]. The 
studied system consisted of oscillators with different intrinsic frequencies, time-delayed nearest-
neighbour coupling, and noise were simulated on a 128x128 square lattice. While at small delay times 
the system exhibited a decrease in the collective frequency, larger delay or coupling values lead to 
metastable frequency-synchronised states were found, characterised by a zero relative phase between 
the oscillators. Increases in noise level triggered transitions destabilising the synchronisation, which 
was accompanied by discrete increases in the relative phase by odd integer values of pi/2.  

Although the noise-induced switching exhibited by this system is reminiscent of multistable 
switching, the stationary solutions (calculated analytically) showed that only the absolute stable state 
was the one representing the final collective frequency, while all other solutions were metastable. It 
is, therefore, reasonable to explain the metastability exhibited by this system as being noise-driven. 

Hidden faces of metastability 

Hansel et al. (1993) investigated a model of weakly coupled Hodgkin–Huxley neurons [62] with 
noise [63]. This Hansel-Mato-Meunier model exhibits pairs of unstable 2-cluster states at saddles 
connected through a heteroclinic loop. However, before stabilising into this two-cluster state, the 
transient dynamics displays limited spontaneous switching between the 2 clusters. While the time 
between switching increased following each switch, the switching state stabilised (exhibiting slow 
switching) under the presence of a small noise factor. See Supplementary video 3 for the behaviour 
of the model. Kori and Kuramoto (2000) [64] showed that this behaviour was also present in a 
Hindmarsh-Rose model of neuronal bursting [65] also with time delayed coupling, and demonstrated 
that the slow switching could be invoked when the time delays were randomly distributed or the 
uniformity of the coupling was broken [64].  

Although these two studies simulated heteroclinic cycles between saddles (see Figure 1), the 
saddles were not associated with metastable states, nor were the heteroclinic cycles associated with 
metastability in the original publications. As neither of the models look at the dynamics among the 
basic elements i.e., neuronal ensembles, it is not possible to investigate the dynamical origin of the 
saddles. However, later studies on extensions of the original Hansel-Mato-Meunier model found 
repeated sequential visits to metastable clusters facilitated by a heteroclinic network [66]. We revisit 
both the Hansel et al. and the Kori & Kuramoto models in a later section. 

Metastability in neural mass models 

Complex dynamics suggestive of metastability have been found with chaotic attractors in local 
[67] and whole brain neural mass models (NMM) [68]. These dynamics include the appearance of 
phase-shifted synchronised clusters and alliance switching among these clusters in a conductance 
based model [69] parameterised to exhibit chaotic behaviour. 

Phase-shifted synchronised clusters are internally synchronised but have a phase-offset to other 
clusters. Clustering in high-dimensional chaotic systems has been proposed to arise due to 
competition between local chaos (sensitivity to initial conditions leading to divergence of orbits and 
desynchronisation) and global averaging (global coupling leading to synchronisation) [70]. In the 
reduced NMM, subsystems with the most similar parameter values were found to synchronise into 
clusters of various sizes [67]. In the whole-brain NMM created with the CoCoMAC connectivity 
diagram of the macaque brain [71], different ranks of clusters were found which depended on 
parameter settings for internode coupling c, and time delays t  [68] as illustrated in Figure 4A-B. 
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Figure 4. Complex dynamics in large ensembles. A) Stable partitioning of ensemble dynamics into 
four phase-coupled clusters with time delay t = 10 ms and internode coupling c = 0.75. B) Partitioning 
of ensemble dynamics into six phase-coupled clusters with t = 6 ms and coupling c = 0.75. C) Alliance 
switching. With weaker coupling and/or shorter time delays (τ =5.5 ms, c = 0.45), there are brief phase 
slips, leading to a reorganisation of the cluster configuration. Reproduced with permission from [68]. 

The formation and subsequent spontaneous desynchronisation of large clusters was observed in 
the reduced NMM with 12 nodes and C=0.09 [67]. When clusters merge the dimension of the 
synchronisation block (synchronisation manifold with dimensionality equal to the number of 
clusters) decreases, but the dimensions of the transverse blocks increases [72] which could explain 
the observation above. Additionally, all clusters in the reduced NMM with c=0.12 desynchronised 
and synchronised on perturbation of a single node, and synchronisation could be induced by 
selectively increasing coupling between subsystems [67]. Subsequently, a quantitative measure for 
measuring phase synchronous dynamics and desynchronisation bursts in both the temporal and 
spatial domains, the phase desynchronisation derivative (PDD), was developed which demonstrated 
phase-clustering and desynchronisation in human scalp-recorded EEG from 40 subjects [56]. 
Additionally, nodes were found to change their cluster alliance in the whole-brain NMM for weak 
coupling and/or shorter time delays (c=0.45, t = 5 ms). See Figure 4C. These two studies are congruent 
with the mechanism of metastability realised through “chaotic itinerancy” (see Technical Appendix). 
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Metastability with saddles — Winnerless Competition 

The role of saddles in escaping from metastable states is well acknowledged in statistical physics 
[73]. Saddles play a central role in a mathematical model for metastability where metastable states 
are saddles linked through their unstable manifolds, where noise induces transitions through a 
heteroclinic sequence confined within a stable heteroclinic channel (SHC) [10,74,75]. SHC have been 
shown to be repeatable and robust to noise while remaining sensitive to informational input, and 
have been proposed to support cognitive and emotional processes [76]. The underlying model of 
neuronal activity is based on the winnerless competition principle [74]. Cognitive modes, consisting 
of specific collections of neuronal groups, are in constant competition for dominance, where each 
mode becomes the winner periodically. It has been proposed that sequential switching among 
saddles reflects this principle. Using a generalised Lotka-Volterra model which is the canonical model 
for Winnerless Competition (WLC) in the evolution of species, reproducible robust transient 
sequential activity within a SHC with 3 competing modes was demonstrated [10]. This model can be 
used to explain how such dynamics can be robust to noise and reproducible, while the nature of the 
saddles ensures flexibility. Metastability may be seen as a delicate balance between robustness and 
flexibility. Although clusters are not considered specifically in SHCs, they have been demonstrated 
in stable heteroclinic cycles in a WLC model [77].   

Metastability in models of coupled oscillators 

Metastable “chimera” states [78], where synchronisation and desynchronisation coexisted, were 
found in a Kuramoto model with symmetrically coupled identical phase-lagged oscillators — which 
we call the Shanahan model [33].  

This computational model was developed to investigate the mechanisms of conscious and 
unconscious processing in the brain [79]. Building on the global workspace theory, conscious 
processing is posited to entail competition between coalitions of specialist processes to access the 
global workspace and disseminate or broadcast their influence throughout the brain [80,81]. 
Membership of a coalition is dynamic, competitive, and variable, and coalition formation is open-
ended and combinatorially large (coalitions that are not in competition may co-exist). As a proof of 
concept of these ideas, the Shanahan model (2010) exhibited dynamics of coalition formation and 
competitive queuing or a “winner takes all” principle. In the framework of chaotic itinerancy [79], 
coalitions are determined by clusters found in the partially ordered phase between the ordered and 
turbulent phases [82]. The same cluster may have different successors on different occasions, which 
allows rapid parallel searching of the cluster repertoire to either revisit a previous cluster or generate 
a new successor. Combinatorial possibilities of clusters or coalitions have been considered to be 
constrained by the maintenance of a balance between functional segregation and dynamic 
integration, the extent of which is described as being a key signature of dynamical complexity 
[3,79,83,84]. 

Whilst the Shanahan model produced metastable chimeras, these metastable states arose only 
from in-phase synchronisation and transitions proceeded from disorder to partial order. 
Interestingly, previous modelling [68] demonstrated the coexistence of both in-phase and antiphase 
clusters in chaotic itinerancy as shown in Figure 4A-B, and exhibited transitions from disorder to 
partial order as illustrated in Figure 4D. This discrepancy can be accounted for by the form of the 
Shanahan model, which did not include any harmonic components. This point will be discussed in a 
later section. Additionally, the measure for quantifying metastability is based on average phase 
which subsumes antiphase relations into its calculation, and thus misses the contribution of antiphase 
coalitions. Thus, the measure for metastability based on the Kuramoto order parameter is indicative 
of metastability which facilitates flexible alternations between metastable states. This theoretical 
limitation has not reduced its comprehensive and successful application in empirical and 
computational modelling studies which we will visit in a later section. 
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Multistable ghost attractors 

Resting state functional connectivity, as observed e.g. in human fMRI data, has been proposed 
to be the result of fluctuations  — i.e. noise-driven explorations — from one of many multistable 
states or attractors in a corticothalamic model [85] and a whole-brain model of neuronal activity [86]. 
Using a detailed physiological model for brain dynamics, a whole-brain global spiking attractor 
network model incorporating structural connectivity was fitted to empirical fMRI data [87]. 
Multistable attractors were extracted through iteration of the associated mean-field reduced spiking 
rate equations, to find fixed points (aka attractors) for different values of the global (inter-areal) 
coupling strength.  The simulations suggested that a bifurcation occurred at a critical coupling value, 
at which the system went from 1 to many attractors (Figure 5A).  

 

Figure 5. Mean-field analyses of the attractor landscape of the cortical spiking network as a function 
of the global inter-areal coupling strength. A) Mean-field analyses of the attractor landscape of the 

A

B
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cortical spiking network as a function of the global inter-areal coupling strength Wc. The dashed line 
plots the number of stable attractors, whereas the continued line shows the entropy of the attractors. 
B) Fitting of empirical data as measured by the correlation between simulated and empirical 
functional connectivity as a function of the global coupling parameter W. The best fit is achieved at 
the edge of the bifurcation, Wc. Reproduced with permission from [87]. 

At the same critical value the best fit between empirical fMRI FC and simulated FC (estimated 
via the Balloon-Windkessel model [88]) was found with a Pearson correlation of around 0.52. These 
results suggested that rsFC was influenced by latent or “ghost attractors” (Figure 5B). That is, the 
multistable attractors beyond the bifurcation point induced structure in the noise-driven explorations 
or fluctuations at the brink of the bifurcation. Although the dynamics giving rise to the ghost 
attractors were considered to be due to Milnor attractors and chaotic itinerancy [89], they were 
referred to as ghosts which normally arise due to bifurcation memory.  

The dynamics reported in this study [87] have on many occasions been associated with 
metastability [8,90], perhaps due to the unfortunate labelling of latent attractors (attractors not yet 
existing) as ghosts — a term that has been associated with metastability in human sensorimotor 
coordination where the attractors (coordinated states) have disappeared but trajectories remain 
attracted to where these attractors once resided – that is their ghosts [2,31,91–93]. Additionally, while 
the term “ghost attractor” may be a useful metaphor, it has to be noted that a ghost does not conform 
to the mathematical definition of an attractor [94]. It should also be noted that when the study was 
repeated with slightly different parameters and model reductions, the best fit with empirical FC was 
found for small fluctuations around the spontaneous state rather than fluctuations structured by the 
ghosts of multistable attractors [95]. 

Role of antiphase synchronisation 

When markers of metastability are used to fit computational models to empirical data, the fitting 
may be biased to in-phase synchronisation, which risks ignoring the importance and relevance of 
anti-phase synchronisation. Indeed, it has been reported that anti-phase synchronisation in both 
models and experimental data sets, is a common phase relationship between separated cortical 
regions, and so congruent with large-scale cortical networks [96]. It may also be indicative of wave-
like behaviour which has been found in computational models elsewhere [97]. Indeed, the subject of 
antiphase in neuronal networks has been the subject of investigation in rat cortex slice cultures [98] 
and computational models [96,99,100]. We can align several determinants of metastability with the 
findings of these studies. Starting with structural connectivity, a combination of resonance pairs, i.e., 
mutually coupled neuronal ensembles, and frustrated motifs, i.e., triads of coupled neuronal 
ensembles where 2 ensembles are in antiphase and 1 is in-phase, was shown to be required for 
metastability [96]. Antiphase synchrony was shown to arise from excitatory coupling, in-phase 
synchrony from inhibitory coupling, and inhibition suppressed antiphase patterns [98,100,101]. 
Moving on to propagation delays, antiphase synchrony was found to occur when time delays within 
an ensemble were shorter than between ensembles [100], and finally, coupling strength i.e., 
connectivity densities were found to stabilise antiphase synchrony [100]. Antiphase synchrony was 
considered necessary to distinguish coherent activity in one ensemble from another [100]. 

Identifying the determinants and moderators of metastability 

In the effort to better understand what are the physiological aspects driving metastability in the 
brain, research have proposed several determinants and moderators of metastability, including 
connectivity-derived propagation delays [102], dynamic frustration caused by time-delayed 
interactions [96], global time-delays [64], network topology [33], heterogeneous intrinsic frequencies 
of neuronal ensembles [41,44,103,104], structural connectivity  [35,38,105], and global coupling 
strength [103,106,107]. In the following sections, we look at the relationship between these 
determinants and moderators with differences in metastability signatures in three brain disorders 
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and link them to disease symptoms. References to empirical studies are prefixed with the 
metastability signature investigated. 

In a combined empirical and computational study of Traumatic Brain Injury, damage to 
structural connectivity was found to be associated with reduced metastability, and reduced cognitive 
flexibility and information processing [std spatial coherence: ,38]. Similarly, using connectomes 
derived from patients with Alzheimer’s Disease (AD) and Mild Cognitive Impairment (MCI), 
metastability was found to be reduced in both with concomitant reductions in cognitive performance, 
with larger impairment in AD relative to MCI [std KOP: ,35]. Congruent with these findings, an 
empirical study also found similar reductions in metastability for patients with AD, MCI, and 
Subjective Cognitive Impairment (SCI) (std KOP: ,[108]). These results confirm the role of structural 
connectivity in the determination and moderation of metastability and concomitant disease 
symptoms. 

In contrast to AD, functional alterations reported in a study of patients with schizophrenia [107] 
were replicated in a computational model when global coupling strength was reduced [109], 
reflecting an overall reduction in the strength of white matter connectivity [110]. In agreement with 
these findings, global reductions in structural connectivity strength and topological changes in brain 
networks were reported for patients with schizophrenia [111]. Weak global coupling has been linked 
to reduced integration and increased segregation in a computational whole-brain model [112]. In a 
recent empirical study, both early psychosis and chronic schizophrenia patients showed reduced 
integration and increased segregation and metastability relative to healthy controls [VAR: 53]. Taken 
together, these results suggest that coupling strength, a determinant and moderator for metastability 
in computational models, reflects impaired white matter connectivity which leads to reduced global 
integration in patients with schizophrenia. 

Although several studies investigated differences in metastability associated with 
pharmacological challenges [std KOP: ,42,std KOP: ,105] and sleep-wake states [std KOP 39], 
disentangling the relationship of the determinants and modulators of metastability with biophysical 
events such as neuromodulatory-invoked changes in coupling strength or topology, has not yet 
warranted scientific attention, although related studies may contribute to this understanding [113–
115]. 

Understanding the biological underpinnings of metastability in psychiatric illnesses could help 
in treatment decisions, or the early identification of treatment resistance in depression or psychosis, 
and so transform signatures of metastability from theoretical curiosities to valuable candidate 
neuromechanistic biomarkers for psychiatric disorders. 

The future 

Here we describe potential lines for future developments related to metastability in 
neuroscience. First, we discuss avenues for theoretical improvements, and we then focus on possible 
empirical work. 

Beyond metastability — Turbulence 

Turbulence, when a smooth flow breaks up into whorls and eddies, has been found to provide 
a fundamental principle governing optimal mixing and efficient transfer of energy/information over 
space and time [116]. 
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“Big whorls have little whorls  

Which feed on their velocity,  

And little whorls have lesser whorls  

And so on to viscosity.” 

 

[117] 
 

Recent research has shown how the brain is turbulent and how the scale-free nature of 
turbulence provides a dynamical regime where hierarchical information cascades allow the brain to 
function optimally despite its relative slowness [118–120]. Turbulence has been demonstrated in fast 
local field potentials in local brain regions [121] as well as in whole-brain dynamics measured with 
magnetoencephalography [122].  

A key insight relating metastability and turbulence comes from Kuramoto's pioneering research, 
which showed that models of coupled oscillators can be used to capture turbulence in many other 
systems [32]. He showed that the Kuramoto order parameter can be extended to include information 
about space to provide a measure of spatiotemporal metastability, as the variability across spacetime 
of the local Kuramoto order parameter R [123]. Specifically, Rn(t), is defined as the modulus of the 
local order parameter for a given brain node as a function of time: 𝑅௡(𝑡)𝑒௜௩೙(௧) = ∑ ൤ ஼೙೛∑ ஼೙೜೜ ൨ 𝑒௜థ೛(௧)௣ , (9)

Where 𝜙௣(𝑡) are the phases of the timeseries and Cnp is the anatomical distance rule connectivity 
matrix 𝐶௡௣ = 𝑒ିఒ(௥(௡,௣), (10)

and r(n,p) is the Euclidean distance between regions n and p, and 𝜆 the decay.  
In other words, Rn defines local levels of synchronisation at a given scale, 𝜆, as function of space 

and time. This measure captures what could be called brain vortex space, Rn, over time, inspired by the 
rotational vortices found in fluid dynamics, but of course not identical. 

As such, the level of amplitude turbulence D can be defined as the standard deviation of the 
modulus of Kuramoto local order parameter and can be applied to the empirical data of any physical 
system. The amplitude turbulence [124], D, corresponds to the standard deviation across time and 
space of R: 𝐷 = 〈𝑅ଶ〉 − 〈𝑅〉ଶ, (11)

where the brackets < > denotes averages across space and time. This measure has been used to show 
turbulence in relatively slow neuroimaging fMRI data using a parcellation of 1000 regions (Cruzat et 
al., 2022; Deco, Kemp, et al., 2021; Deco, Sanz Perl, et al., 2021; Escrichs et al., 2022).  

In other words, local metastability is measuring the local vorticity and is in essence an extension 
of the concept of global metastability (Kawamura et al., 2007), introduced in neuroscience to measure 
the variability across time of the global level of synchronisation of the whole system described here 
(Cabral et al., 2014; Kitzbichler, Smith, Christensen, & Bullmore, 2009; Kuramoto, 1984; Shanahan, 
2010; Tognoli & Kelso, 2014; Wildie & Shanahan, 2012). 

However, in order to show turbulence in fast neuronal dynamics of magnetoencephalography 
which has less good spatial resolution, a new edge metastability measure was introduced (Deco et 
al., 2023). This metric captures phase difference rather than mean phase and is defined as the standard 
deviation of the edge centred matrix E. In this matrix, each column corresponds to a time point t, 
where the column is defined as a vector combining all pairwise combinations of the differences of the 
phases’ state at time t. With N parcels this results in N(N-1)/2 pairs. The difference of the phase state 
at a given time point t for the different pairs is given by: 
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𝐸௜,௝(𝑡) = ඥ(cos (𝜙௜(𝑡)) − cos (𝜙௝(𝑡)))ଶ + (sin (𝜙௜(𝑡)) − sin (𝜙௝(𝑡)))ଶ, (12)

Where i,j are the parcels in a given parcellation. The edge metastability is thus the standard deviation 
across space and time of the edge-centric measure. 

As such, the concepts of local and edge metastability in brain dynamics provide a way of 
generalising vorticity in fluid dynamics of the brain. 

Beyond first order coupling in the Kuramoto model 

The Kuramoto model [32] consists of a population of N coupled phase oscillators 𝜑i (t) with 
natural frequencies 𝜔i , whose dynamics are governed by the following equation: 

𝑑𝜑௜/𝑑𝑡 = 𝜔௜ + 𝜀𝑁 ෍ 𝑠𝑖𝑛 (𝜑௜ − 𝜑௝) ே
௝ୀଵ  , (13)

As discussed in the previous section, the variance of the instantaneous phase synchrony (i.e., the 
variance of the modulus of the complex-valued Kuramoto order parameter) is one of the most 
popular signatures of metastability [33]. However, by construction, the corresponding order 
parameter is a mean-field value for in-phase synchrony — in other words, this measure of 
metastability only takes into account mean phase synchronisation, and other types of patterns (e.g., 
anti-phase) are neglected [53,125]. Therefore, the switching within the metastable regime considered 
by this signature only includes changes between disorder and partial order where in-phase cluster 
synchronisation and desynchronisation coexist, and ignores partial order where in-phase and 
antiphase clusters coexist with low desynchronised activity [68,82]. We will see in the next section 
that it is necessary to expand the Kuramoto model used in [33] to allow for antiphase cluster 
synchronisation. 

Kuramoto model with 2 Fourier modes 

In the Hansel-Mato-Meunier model [63], the canonical Kuramoto model was extended to include 
the 2nd Fourier mode in a model of weakly excitatory, synaptically coupled Hodgkin–Huxley 
neurons with phase lag. A similar modification was applied in a Hindmarsh-Rose model of neuronal 
bursting with-time delayed coupling [64]. The general form of the extended model is: ௗఝ೔ௗ௧ =  𝜔 + 𝑔 ଵே ∑ Γ൫𝜑௜ − 𝜑௝൯ + 𝜂௜(𝑡)ே௝ୀଵ  , (14)

A coupling function of the form: 𝛤(𝜃) = −𝑠𝑖𝑛(𝜃 + 𝛼)  +  𝑟𝑠𝑖𝑛(2𝜃) (15)

was used by Hansel et al. (1993), where 𝜃 =  (𝜑௜ − 𝜑௝) is relative phase, α de-phases the relative 
position of the two modes which is similar to introducing a time delay, r modifies the contribution of 
the second order antiphase locking term, and the positive sign serves to destabilise the antiphase 
attractor. Three types of dynamics were found in the model: a fully synchronised state with one 
cluster, a totally incoherent state, and pairs of two-cluster saddle states linked by heteroclinic loops. 
Switching between in-phase and anti-phase synchrony in a 2-cluster state was observed in the 
transient dynamics before the system stabilised into 2-phase-locked clusters with a fixed phase-offset. 
The switching behaviour was dependent on the control parameter 𝛼 which controlled the phase lag, 
or equivalently the time delay of the oscillators. Adding a small noise term led to a slow periodic 
switching between the two-cluster states, where the frequency of oscillations was proportional to the 
logarithm of the noise intensity (see Supplementary Video 3).  

Building on the work of Hansel [63], Kori & Kuramoto [64] developed a second phase reduced 
model based on the Hindmarsh-Rose oscillator model of neuronal bursting [65,126] which included 
a time-delay as a phase shift  [64]. The coupling function of the phase-reduced model was 
determined numerically. In this model, when the oscillators clustered non-symmetrically, a saddle-
node bifurcation transferred stability to the unstable dimension of the saddle-node. A heteroclinic 
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loop then linked these two solutions (Figure 6). They also found that slow switching could be induced 
by randomly distributing the time delay and/or breaking the uniformity in the coupling. 

 
Figure 6. Schematic representation of the bifurcation structure. The trivial solution x = 0 loses its 
stability at 𝜏 =  𝜏 ௖ . Two solid lines existing for 𝜏 >  𝜏௖  correspond to (p, ∆′) and (1 − p, ∆′′) 
respectively, each being unstable with respect to the y- or z-direction alternately. P is the number of 
oscillators in one cluster, and 1-p the number of oscillators in the second cluster. A heteroclinic loop 
is formed between these two solutions. Reproduced with permission from [64]. 

Generalised Haken-Kelso-Bunz model 

Finally, we return to the roots of metastability in human movement coordination. The extended 
HKB model [23,127] was initially developed to model metastable coordination between two 
oscillatory components (for a review see [128]). More recently, driven by experimental observations 
of in-phase and antiphase coordination and metastability in multiagent interaction [49], a N-
dimensional generalisation of the extended HKB model was developed  [50,125], here referred to as 
the generalised HKB model. The equation of motion for the generalised HKB model has a coupling 
function that includes the first two Fourier modes: 

𝜑పሶ = 𝜔௜ − a ෍ 𝑠𝑖𝑛𝜙௜௝ − 𝑏 ே
௝ୀଵ   ෍ 𝑠𝑖𝑛2𝜙௜௝ே

௝ୀଵ    (16)

where 𝜑௜ is the phase of the i-th oscillator, 𝜔௜ is the natural frequency of the i-th oscillator, 𝜙௜௝ =𝜑௜ − 𝜑௝ is relative phase, and a and b are the first and second coupling parameter, respectively. The 
model was initially developed as a phase-oscillator model in the form above [50]. Later theoretical 
work confirmed that this phase-oscillator model can be derived from the N-dimensional van der Pol-
Rayleigh oscillators model via phase reduction, thus consistent with the initial derivation of the 
dyadic HKB models [129]. Note that the second order coupling is negative (c.f. [63]), which stabilises 
the antiphase attractor. Adding the second order coupling was key to capture all experimental 
observations, which the canonical Kuramoto model could not (compare Supplementary videos 1 
(Shanahan model) and 2 (generalised HKB model)). See the Technical Appendix for additional 
discussion of this model.  

There is an assumption that the phenomenon of ghosts in dyadic interactions holds for higher 
dimensional interactions. The metastability in the Hansel et al., and Kori and Kuramoto models, was 
dynamically realised with heteroclinic cycles where the system slows down progressively as it 
approaches a saddle for longer periods between cycling. Interestingly, the intermittent converging 
behaviour of the General HKB model is not dissimilar from the Hansel et al. model, suggesting a 
similarity in the dynamics (see Figure 7).  
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Figure 7. Hansel-Mato-Meunier and Generalised Haken-Kelso-Bunz models. A) Intermittent 
convergence and progressive slowing down before switching in the Hansel-Mato-Meunier model 
[63]. The relative phase relations remain constant for approximately 5 seconds between 
approximately 25-30 seconds reflecting phase clustering before switching occurs. The next epoch of 
clustering lasts around 11 seconds occurring between approximately 55-66 seconds. B) Intermittent 
convergence and progressive slowing down in the generalised HKB model [50]. The duration of the 
phase clustering between approximately 400-470 seconds is considerably longer than that between 
approximately 420-423 seconds. 

Avenues for future empirical work  

Metastability has been proposed as a principle of brain function that reflects the simultaneous 
tendencies for global integration and functional segregation. It would be interesting to see how 
signatures of metastability correlate with these tendencies in clinical groups, pharmacological 
challenge studies, and studies in disorders of consciousness.  

A

B
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Although many questions are still open on the nature of metastability, an interesting dilemma 
relates to the saddle-type feature that facilitates metastable dynamics in the brain - is it a ghost left 
after a saddle-node bifurcation, a destabilised Milnor attractor, or a conventional saddle, or even all 
three, when viewed from different levels of observation? [9]. Perhaps extending the Kuramoto model 
to include a second term to account for antiphase synchronisation provides a modelling framework 
where this dilemma could potentially be investigated.  

Markers of metastability in empirical data tend to be time-averaged measures, and the 
underlying system has been shown to contain mono-, multi- and metastable regimes and transitions 
between them. Perhaps it would make sense to calculate these markers over windows of brain 
activity and compare the values with changes in similar windowed spatiotemporal patterns of 
activity, such as in time-varying functional connectivity. Investigating a time-varying marker of 
metastability at local, i.e., community level, and comparing across all communities, could identify if 
any particular community leads the transitions between mono-, multi- and metastability, if such 
regimes exist in the data.  

The catchphrase terms of metastability and multistability are often used interchangeably and 
indiscriminately, as noted by [4,68] and [31] respectively. Before describing some observation as 
metastable, it would be helpful to provide the rationale for this description. For example, in [97], the 
brain waves found in a computational model were classified as metastable as they appeared and 
changed without any perturbation or added noise to the system, and transitions among metastable 
waves were identified through a interhemispheric cross-correlation function. Whilst a visual 
confirmation of metastability is possible with a limited number of oscillatory components as in [49], 
this solution is not tractable for whole-brain models with a large number of parcellated brain regions. 
However, it would be interesting to investigate the dynamics of the generalised HKB model [50,125] 
to look for evidence of ghosts or heteroclinic cycles, and subsequently develop a large-scale brain 
model using a network of coupled neural masses as in [97] to investigate if the dynamics are similar 
at larger scales (see [130]).  

There are also many open questions about the relationship between metastability and 
biophysical properties of the brain. With the release of NeuroMaps [131], differences in local 
metastability could be mapped to myelination, metabolism, receptor and transmitter density, 
developmental expansion, or genomics. This could potentially provide insights into the biophysical 
underpinnings of metastability as it differs across psychiatric conditions, throughout healthy ageing, 
across disorders of consciousness and within development.  

Specifically, we would like to establish the molecular, metabolic, physiological  and cellular 
determinants of metastability, keeping in mind that one would expect these neurobiological factors 
to display not only reciprocal interaction but also bilateral relations with higher functions and 
environmental stimuli [132].  For example, pronounced propagation delays have been posited to 
hinder information integration [133]. Reduced integration has been found to strongly correlate with 
increased metastability [53]. Propagation delays are dependent on myelination, which in turn is 
linked to metabolism, and in particular oxygen tension [134]. Higher oxygen tension appears to 
favour the growth of neurons and oligodendrocytes, and a reduction in partial pressure results in 
thinner myelin sheaths [135]. Reduced myelination in left temporal white matter was found in 
patients with recent onset psychosis [136], and numerical density of oligodendrocytes was found to 
be significantly reduced in post-mortem studies, together with signs of compromised energy and 
redox metabolisms [137]. However, myelin plasticity [138] is modulated by astrocytes and microglia, 
and so one possible research question is to what extent glia contribute to metastability. 

Another cellular question relates to the role of parvalbumin-expressing GABAergic interneurons 
in the generation of gamma-band oscillations which are altered in schizophrenia [139–142] and which 
drive neurovascular coupling [143]. The E/I ratio reflects a homeostatic plasticity that keeps the 
relative levels of excitatory and inhibitory drive within a narrow range for healthy functioning [144]. 
Alterations in the E/I ratio have been consistently found in schizophrenia [145–149], and the E/I ratio 
is posited to be dependent on continual adaptation of the synaptic strength of PV GABA interneurons 
[150–152]. The high metabolic demand required to maintain gamma oscillations puts strains on PV 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 July 2023                   doi:10.20944/preprints202307.1445.v1

https://doi.org/10.20944/preprints202307.1445.v1


 21 

 

GABA interneurons making them susceptible to neuroinflammation and oxidative stress [134,151]. 
Immune gene expression analysis identified an immune fingerprint that could discriminate early 
psychosis from chronic schizophrenia and health controls [153], and both reduced antioxidant status 
and a pro-inflammatory imbalance were found with first-episode psychosis [154]. Brain metabolism 
in schizophrenia patients was modified with clozapine with concomitant improvements in 
symptoms. Metabolic activity measured with [18F]Fluoro-deoxy-glucose PET was found to be 
reduced in the prefrontal, motor, and basal ganglia, and promoted in the visual cortex with 
improvements in disorganisation, negative and positive symptoms [155]. Establishing whether any 
or all of the above cellular, molecular, and metabolic disease markers are determinants of 
metastability, could lead to improved understanding of the pathophysiology of schizophrenia, and 
potentially lead to new treatment targets. 

Ultimately, the future of metastability as a theoretical construct rests upon demonstrating its 
causal roles in behaviour, cognition, and neuropsychiatric disorders, and the potential to leverage 
them in clinical settings. In the study of human movement coordination, metastability was often 
induced via causal manipulation of the control parameters, instrumentalized as, for example, pacing 
metronomes [49,156]. However, applications of the concept of metastability to common measures of 
neural activities have largely been observational, that is, without the causal manipulation of a control 
parameter guided by specific theoretical assumptions about the route to metastability (e.g., phase lag, 
delay, frequency differences). Developing methods to causally induce metastability in 
simultaneously measured brain activities in a theoretically predictable manner would further 
provide the opportunity to reveal the causal relationships between network specific metastability 
and cognitive functions and psychiatric symptoms. Notably, non-invasive brain stimulation, such as 
transcranial magnetic stimulation (TMS) and transcranial alternating current stimulation (tACS), has 
become an increasingly important tool for probing the causal roles of different brain oscillations in 
cognition and psychiatric disorders, with applications in clinical treatments (e.g., the use of alpha 
frequency stimulation to reduce depressive symptoms [157–160]). Currently, rhythmic brain 
stimulations are primarily designed to engage or entrain endogenous brain oscillations at their 
natural frequency rather than to induce metastability. However, existing techniques in non-invasive 
brain stimulation are fully equipped to control delay in coupling and frequency differences between 
the stimulator and endogenous oscillations, which provides promising grounds for inducing 
metastability. How to control the metastable interaction between existing endogenous oscillations 
using one or more external stimulators remains an open theoretical question.  

In summary, the aim of future research in this area should strive to predict the behaviour of 
metastability with computational models, and then, supported with biological understanding, look 
for ways to return metastability to a healthy regime through appropriate pharmacological, 
psychotherapeutic, or non-invasive brain stimulation control strategies. 

Concluding remarks 

This paper provides a broad overview of the concept of metastability, reviewing its past and 
present, and exploring some possibilities for its future. Specifically, we have traced the historical 
foundations of metastability from the concepts of Synergetics and Coordination Dynamics and 
looked at alternative routes to metastability including bifurcation memory, chaotic itinerancy, and 
stable heteroclinic channels in computational models of brain activity. Moreover, we have explored 
a range of signatures of metastability, reviewing in detail the ones that have led to most of the 
important and insightful empirical and computational results in the last decade.  

In principle, metastability offers a conceptual framework to think rigorously about phenomena 
that result from underlying heterogeneity related to structural connectivity, anatomical distance, 
and/or intrinsic neuronal ensemble frequencies. Metastability has been found to be associated with 
many forms of neural brain complexity [37], but cannot be reduced to any of them — in particular, 
metastability is not the same as criticality, as signatures of the former provide measures of time-
averaged variability in an order parameter or variable of interest, whereas signatures of criticality are 
temporally variable and intermittently peak at second-order phase transitions [161,162].  
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Metastability is a fascinating dynamical phenomenon that has been pursued from the 
perspective of low-, medium-, and high-dimensional systems. Dynamical phenomena consistent with 
signatures of metastability guide computational model-fitting and offer potential biomarkers for 
neuropsychiatric disorders. We have brought together seemingly diverse accounts of the concept of 
metastability in brain activity to collectively contribute to a community-level understanding of the 
concept, and so encourage further research and collaboration across interest groups. 

Glossary 

Dynamical systems theory 

A branch of mathematics that studies how the state of systems evolve over time based on either 
an analytical (pencil and paper), or a geometric (shapes), or a numeric (approximations using a 
computer) study of deterministic evolution equations. 

The state of a dynamical system 
A vector representation that fully determines the value of its variables (e.g., the position and 

velocity of a given particle). The temporal evolution of the state of a dynamical system can be 
mathematically described by a difference (i.e., discrete) or differential (i.e., continuous) equation.  

Phase space  

The set of all possible states, and hence contains all the allowed combinations of values of the 
system’s variables (also known as state variables).  

Trajectory of the system 
A sequence of states within the phase space that satisfy the dynamics of the system as defined 

by its differential equation. 
A phase portrait 
A geometric representation of the trajectories of a dynamical system.  
Potential landscape  

The state space of some dynamical systems can be illustrated by a potential landscape, where 
valleys/dwells represent stable fixed points which correspond to attractors, peaks represent unstable 
fixed points which correspond to repellers, and balls represent the states of the system.  

Manifold 

A geometric model that can represent a broad range of shapes. While at each point of a manifold 
it looks like a flat, n-dimensional (euclidian) space, their overall structure can be highly non-trivial. 
The dimensionality of the manifold, n, is the same for all its points. 

Equilibria or fixed points 

Points in the state space where the rate of change of the system with respect to time is equal to 
zero, corresponding to states at which the system remains unchanged unless perturbed. 

Attractor 

When many trajectories converge to a set of states, that set is called an attractor. 
Chaotic attractor  

An attractor that holds dynamics that are highly sensitive to their initial conditions. 
Basin of attraction  

All the points in phase space that flow onto the attractor. 
Repeller 

A set of states from which many trajectories migrate. 
Saddle Point 

A fixed point that is stable in one direction but unstable in another, that is it behaves as an 
attractor for some trajectories and as a repellor for others. 

Heteroclinic orbit or cycle  

A path in phase space that links saddles 
Homoclinic cycle (or loop)  

A path that links a saddle back onto itself. 
Control parameters 
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A parameter that modifies the system of differential or difference equations, hence deforming 
the corresponding flows through phase space. 

Critical point 

The value of a control parameter at which a bifurcation occurs. 
Order parameter 

A single variable that captures the collective or macro behaviour of a system composed of 
microscopic elements. 

Saddle-node bifurcation  

When a stable and an unstable fixed point collide and annihilate each other. 
Bifurcation 

A qualitative change in dynamics produced by varying a control parameter in a dynamical 
system. 

Bifurcation diagram  

A diagram follows how the landscape changes with the control parameter showing the location 
of attractors and repellers. 

Phase transition 

A concept originated from statistical physics. In general, a system is said to undergo a phase 
transition when a small change in a control parameter (e.g., temperature) causes a large collective 
change (e.g., the system going from liquid state to solid). 

Non-equilibrium phase transition 

A phase transition that occurs in a physical system—like the brain—that is far from equilibrium. 
Synchronisation manifold  

A smooth surface onto which the orbits of synchronised chaotic attractors converge. 
Metastability 

A specific type of dynamics that may take place in a system characterised by patterns that recur 
either in repeatable sequences (pattern) or flexible alternation (no pattern). 

Global cohesion 

Mean functional connectivity computed using Pearson’s correlation. 
Spectral radius 

The maximum of the absolute values of its eigenvalues for a square matrix. 
Relative coordination 

Where occasional slippages between coordinating components are balanced by an intrinsic 
attraction to certain preferred phase relations. 

Critical fluctuations  

As a control parameter approaches a critical point, fluctuations increase, and this enhancement 
of fluctuations signals an upcoming phase transition. 

Bifurcation memory 

Fixed points disappear after a saddle-node bifurcation, but the “memory” of the fixed point 
remains attractive for the system and the dynamics become very slow due to a bifurcation delay. 

Ghost 

Fixed points disappear after a saddle-node bifurcation, but the “memory” of the fixed point 
remains attractive for the system and the dynamics become very slow due to a bifurcation delay. 

Chaos 

A form of dynamical behaviour that can arise from time-invariant nonlinear system. Chaos is 
characterized by sustained aperiodic (nonrepeating) oscillations, leading to extreme sensitivity of 
future states to small changes in present values of the system. 

Chaotic itinerancy 

The behaviour of complicated systems with weakly attracting sets, where destabilised attractors 
allow the system to leave its basin of attraction for another through heteroclinic orbits.  

Milnor attractor 
An attractor that has lost asymptotic stability, that is, there exists a number of repelling sets. 
Stable heteroclinic channel 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 July 2023                   doi:10.20944/preprints202307.1445.v1

https://doi.org/10.20944/preprints202307.1445.v1


 24 

 

A sequence of successive metastable (saddle) states in the phase space 
Chimera state 
A state that represents the co-existence of coherent and incoherent dynamics 
Edge centric matrix 
A matrix that contains the pairwise phase difference between brain regions stored in upper 

triangle format. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org. 
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