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ABSTRACT13

Neuronal activity depends on ATP-consuming ion homeostasis, yet the circuit-level consequences of impaired energy availability
remain dif�cult to isolate experimentally. Existing seizure models often represent metabolic effects indirectly or at single-
cell scale, leaving unclear how cellular energetic stress can alter structured cortical network dynamics. Here, we tested
whether coupling intracellular energy availability to neuronal excitability is suf�cient to destabilize baseline cortical activity and
generate seizure-like synchronization. We extended the Adaptive Exponential Integrate-and-Fire model with a normalized
energy variable governed by explicit production and consumption terms, �tted layer-speci�c parameters to human cortical
current-clamp recordings, and embedded the model in a laminar cortical microcircuit. Reduced ATP production shifted the
network from stable asynchronous baseline activity into a low-ATP burst-synchronized state characterized by reduced mean
�ring rates, increased Fano factor, and high-amplitude LFP-like oscillations. Increasing inhibitory synaptic conductance
during persistent metabolic stress suppressed burst synchrony without restoring the metabolic state variable, producing an
inhibition-stabilized low-energy state. Forward-backward parameter sweeps suggested history-dependent changes in burst
synchrony, most consistently during inhibitory-conductance modulation, although these effects were readout- and dwell-time
dependent. Together, these results provide a scalable spiking-network framework for studying how metabolic constraints shape
cortical stability and for distinguishing suppression of seizure-like electrical activity from recovery of the underlying metabolic
state.

14

Introduction15

Epilepsy is one of the most prevalent neurological disorders in children and adolescents, characterized by abnormal oscillatory16

synchronization of neuronal activity which may stop spontaneously or persist until clinical or experimental intervention1,2.17

Recently, a growing body of research has highlighted the role of neuronal energy metabolism. Seizures are associated with18

extremely high metabolic demand, yet conditions of metabolic insuf�ciency, such as hypoxia, mitochondrial dysfunction, or19

impaired glucose metabolism, have also been shown to increase neuronal excitability and promote epileptiform activity3–5.20

Experimental studies further show that restricting glucose availability or impairing mitochondrial energy production can lower21

the seizure threshold and induce hyperexcitability in otherwise healthy neurons5. Moreover, therapies targeting the metabolic22

axis of epilepsy in the form of ketogenic diet or metabolic enzymes and products have been of increasing interest6,7. Theories23

attempting to explain this hyper-excitable state have primarily focused on ion-channel interactions8, network properties9 and24

synaptic imbalances10.25

The precise relationship between energy availability and the mechanisms governing seizure initiation and termination26

remains incompletely understood. Computational modeling provides a powerful framework for investigating these interactions.27

Some studies estimate neuronal energy consumption by linking ion currents and action potentials to their associated metabolic28

costs11–14. These inferred estimates have provided valuable insights into the energetic ef�ciency of neural coding and29

information processing, as well as the metabolic demands of individual neurons14,15. In contrast, generative models that30

explicitly incorporate energy dynamics allow the simulation of how energy production and consumption modulate neural activity.31

For example, detailed compartmental models of neuron–glia interactions have shown that disruptions in ion homeostasis can32

induce seizure-like activity under ischemic conditions16,17.33
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Fardet andLevina18 introduced a metabolic extension of the Adaptive Exponential Integrate-and-Fire model (mAdExp) to34

capture the coupling between a neuron's resting membrane potential and its internal energy state. Their formulation represented35

an important step toward incorporating metabolic dynamics into simpli�ed neuron models and successfully reproduced a range36

of single-neuron behaviors. However, the model was primarily limited to isolated neurons and small, unstructured networks,37

limiting the exploration of population-level mechanisms underlying seizure generation. Because the focus was not on network38

dynamics or realistic bioelectrical signals, the model did not examine how metabolic coupling reshapes structured cortical39

network dynamics relevant to seizure-like synchronization.40

In this paper, we modify the mAdExp framework by treating intracellular energy as a bounded normalized state variable41

governed by activity-dependent consumption, �nite recovery and production, and coupling to ATP-dependent membrane42

homeostasis. We further embed the model within a biologically inspired network architecture based on the Cortical Microcircuit43

(CMC), which includes excitatory and inhibitory neurons, diverse synaptic dynamics, and structured connectivity19. Unlike44

randomly connected networks, the CMC captures key biological principles such as laminar-speci�c excitation and inhibition,45

feedforward and feedback loops, and layer-dependent synaptic properties. These anatomical and functional structures provide a46

more realistic substrate for studying how local excitation-inhibition balance and laminar recurrence contribute to seizure-like47

synchronization20–22. The goal of this study is to explore three main research questions: (i) Can the extended single-neuron48

model reproduce experimentally observed cortical voltage responses? (ii) How do the single-cell and network model behave in49

the metabolic parameter space? (iii) How does reduced ATP production affect cortical microcircuit dynamics, and can enhanced50

inhibition suppress the resulting burst synchrony without restoring the metabolic state?51

In summary, this framework allows us to test whether metabolic constraints can destabilize stable asynchronous baseline52

activity, drive seizure-like synchronization, and whether enhanced inhibitory conductance can suppress these dynamics without53

restoring the baseline metabolic state.54

Results55

Overview of the modi�ed mAdExp energy-feedback mechanism56

The �rst step of this study was to modify the metabolic adaptive exponential integrate-and-�re model so that cellular energy57

availability could be manipulated directly in network simulations. The two main innovations relative to the original mAdExp58

framework are the explicit separation of energy production and consumption through accessible metabolic parameters, and the59

embedding of this energy-feedback mechanism in a structured cortical microcircuit network. The original mAdExp formulation60

introduced an internal energy variable that couples energetic state to neuronal excitability. Here, we retain this principle but61

reformulate the energy dynamics in terms of explicit production and consumption processes, allowing metabolic stress to be62

applied as a reduction in energy production rather than only as an abstract displacement of the energy nullcline.63

The resulting model structure is summarized schematically in Fig. 1a. Changes ine feed back onto excitability through64

two main pathways. First, through the coupling parameterde, reduced energy availability shifts the effective leak potentialEL,65

linking metabolic state to membrane potential dynamics. This pathway can promote spiking when energy depletion depolarizes66

the effective resting state. Second, low energy increases the ATP-sensitive component of the adaptation current, which provides67

a counteracting activity-limiting in�uence. In addition, whene falls below the energy-viability thresholdec, spike generation is68

suppressed by the model's energy-viability condition. The model can therefore express both depolarizing positive feedback and69

low-energy �ring suppression, depending on the balance between these mechanisms.70

This same energy-feedback mechanism was then embedded in the cortical microcircuit model. In the temporal perturbation71

protocol summarized in Fig. 1b, the network was �rst simulated under baseline conditions, then ATP production was reduced72

to induce metabolic disruption. While ATP production remained reduced, inhibitory conductance was transiently increased.73

GABAergic conductance was then returned to baseline before ATP production was restored. This protocol was used to test74

whether metabolic disruption can induce seizure-like network synchrony and whether enhanced inhibition can suppress the75

electrical expression of that disrupted state without immediately restoring the metabolic state variablee.76

The following sections �rst examine which metabolic parameters most strongly shape single-neuron behavior, then �t77

representative spiny neurons from different cortical layers, and �nally embed the �tted model in a structured cortical microcircuit78

to test whether metabolic perturbations can destabilize stable asynchronous baseline activity.79

Single-neuron modi�ed mAdExp model80

We �rst used single-neuron sensitivity analyses to identify which metabolic parameters most strongly shaped modi�ed mAdExp81

behavior. Each parameter was increased or decreased by 20% around its baseline value while all other parameters were held82

�xed, and the resulting spike trains were summarized by �ring rate, mean metabolic state, coef�cient of variation (CV), Shannon83

entropy (SE), and mutual information (MI).84

This analysis showed that the dominant contributors to �ring rate and spike-train statistics were the ATP production rate85

aATP, the adaptation-related energy costg, the pump-ef�ciency parameteraP, and the metabolic coupling strengthde (Fig. 2a).86
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Figure 1. Conceptual overview of the modi�ed mAdExp energy-feedback mechanism and disruption protocol. aThe
modi�ed mAdExp model couples a normalized intracellular energy variable,e, to neuronal excitability. Energy production,
scaled byaATP, increasese, whereas membrane depolarization, adaptation current, and spiking activity increase energy
demand and reducee. Through the coupling parameterde, reduced energy availability shifts the effective leak potentialEL,
thereby linking metabolic state to membrane potential dynamics and spiking activity. The leak potential and adaptation current
provide opposing energy-dependent in�uences on excitability: reducede depolarizesEL and can promote spiking, while
low-energy activation of the adaptation current provides a counteracting activity-limiting brake. Plus and minus symbols
indicate the dominant sign of each interaction in the model.b Schematic of the disruption protocol used in the network
simulations. After stable asynchronous baseline activity, ATP production was reduced to induce metabolic disruption. In the
GABA enhancement phase, inhibitory conductance was transiently increased while ATP production remained reduced.
GABAergic conductance was then returned to baseline before ATP production was restored during recovery.
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WhereasaATP, g, andaP primarily determine the balance between energy supply and demand,de controls how strongly87

changes in energy availability are translated into membrane excitability.88

Because these parameters act through coupled production, consumption, and excitability pathways, we next varied selected89

parameter pairs over 30–300% of their baseline values (Fig. 2b). Stronger metabolic coupling combined with reduced90

production or increased demand increased �ring rates while leaving the mean metabolic state comparatively stable. CV showed91

no consistent monotonic pattern, whereas Shannon entropy and mutual information broadly followed the �ring-rate structure,92

suggesting that metabolic parameters shape both excitability and spike-output variability in the single-cell model.93

To constrain the model with biologically grounded parameters and provide layer-speci�c values for the network simu-94

lations, the model was �tted to electrophysiological recordings obtained from the Allen Cell Types Database (specimen ID95

H17.06.003)23. Fig 3 showcases comparisons between real and simulated data for one spiny neuron from each of cortical96

layers 3 to 6; the resulting layer-speci�c intrinsic parameters were then assigned to both excitatory and inhibitory neurons in97

the network model. The �tted model reproduced delayed �ring and a progressive increase in �ring during sustained current98

injection. Notably, currents that do not elicit an action potential still exert a signi�cant in�uence on energy metabolism within99

the model.100

Network level simulations of the modi�ed mAdExp model101

To investigate the population-level behavior of the energy-dependent neuron model, we embedded the �tted modi�ed mAdExp102

neurons in a cortical column microcircuit comprising approximately 8,000 neurons across four layers (L2/3, L4, L5, and L6),103

each represented by excitatory and inhibitory populations. Connectivity probabilities were derived from the Potjans-Diesmann104

microcircuit model19, and layer-speci�c intrinsic parameters were assigned from the single-neuron �ts described above.105

Under baseline conditions with Poisson background input (3Hz), the network remained in a stable, non-bursting regime106

(Fig. 4). The raster plot showed sparse, uncoordinated �ring across layers. To distinguish population asynchrony from107

single-neuron irregularity, we quanti�ed spike-time irregularity using the per-neuron ISI coef�cient of variation (ISI CV). The108

baseline global ISI CV was 0.3489, which is below the values typically associated with classical asynchronous-irregular states109

in balanced-network models (CV� 1)47. We therefore interpret the baseline as a stable asynchronous regime rather than a110

canonical asynchronous-irregular state24.111

Population �ring rates stabilized at layer-speci�c levels re�ecting the connectivity and intrinsic excitability of the circuit;112

L5 excitatory neurons showed the highest excitatory �ring rates, consistent with their role as a major output population, while113

inhibitory populations generally �red at higher rates than their corresponding excitatory populations.114

The metabolic state variablee also remained stable across all populations and stayed above the model-de�ned energy-115

viability thresholdec = 0:15 (Fig. 4), below which spike generation is suppressed. Thus, under baseline network activity, ATP116

production was suf�cient to balance activity-dependent energy consumption, maintaining a stable operating point without117

spontaneous burst synchronization or runaway excitation.118

To assess the stability of the cortical column and identify mechanisms leading to pathological states, we next performed119

a one-parameter-at-a-time sensitivity analysis at the network level. Four control parameters were scaled from0:3� to 2:0�120

their baseline values: the energy production rate (aATP), the metabolic coupling strength (de), and the synaptic conductances121

for NMDA (gNMDA) and GABA (gGABA). For each perturbation, the network response was quanti�ed using �ring rate, mean122

metabolic state, coef�cient of variation (CV), Shannon entropy (SE), Kuramoto synchrony, and mutual information (MI)123

(Fig. 5).124

Reducing the energy production rateaATP lowered the mean metabolic state (Fig. 5b) and, at stronger reductions, was125

associated with increased network synchrony (Fig. 5e). This low-ATP synchronized regime was accompanied by a reduction126

in mean �ring rate rather than a uniform increase in activity (Fig. 5a), consistent with the low-ATP burst-synchronized state127

observed in the temporal disruption protocol.128

Changing the metabolic coupling parameterde produced a different effect. Increasingde made membrane excitability more129

sensitive to energy �uctuations and increased network synchrony while leaving the mean metabolic state comparatively stable130

(Fig. 5b,e). Thus,aATP andde affected network stability through complementary routes: one by reducing available energy, the131

other by strengthening the translation of energy changes into excitability changes.132

Synaptic perturbations shifted the network along more conventional excitation-inhibition axes. IncreasinggNMDA elevated133

�ring rate and synchrony, whereas increasinggGABA reduced �ring rate and tended to suppress synchrony (Fig. 5a,e). The134

information-theoretic summaries changed more modestly, but lower SE and MI in more synchronized regimes suggest that135

pathological synchronization was associated with more stereotyped population activity under the present estimator (Fig. 5d,f).136

Metabolic disruption induces low-rate burst synchrony137

We next asked how the cortical microcircuit responds over time to a sustained reduction in energy production and whether138

enhanced inhibition can suppress the resulting electrical activity while the metabolic de�cit persists. In the temporal perturbation139

protocol, ATP production was reduced to0:3� baseline in super�cial layers (L2/3 and L4) and0:5� baseline in deep layers140
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Figure 2. Local perturbation analysis in the single-cell model. aSensitivity heatmap demonstrating the impact of� 20%
perturbation in metabolic model parameters on biological and information-theoretic performance of a single modi�ed mAdExp
neuron with an Ornstein-Uhlenbeck noise input. Rows correspond to perturbed parameters: metabolic coupling strength (de),
baseline metabolic state (e0), energy-viability threshold (ec), pump ef�ciency (aP), ATP production rate (aATP), energy
relaxation time (t e), per-spike energy cost (d), adaptation energy cost (g), and maximal K-ATP current (IKATP). Columns
represent output metrics: �ring rate (Hz), normalized mean metabolic state (

R
e), coef�cient of variation (CV) of inter-spike

intervals, Shannon entropy (SE) of spike words (bits), and mutual information (MI) between noise input and spike output (bits).
Mean absolute deviations are depicted. Values are normalized such that each column sums to 1.b Two-dimensional
perturbation grids showing the joint effect of parameter pairs on cellular performance. Rows show different parameter
interactions: pump ef�ciency (aP) vs. metabolic coupling (de), ATP production (aATP) vs. metabolic coupling (de), and
adaptation energy cost (g) vs. metabolic coupling (de). Columns represent �ring rate, mean metabolic state, CV, Shannon
entropy (SE), and mutual information (MI). All metrics are normalized relative to the baseline parameter set (center of each
grid). Note that the x- and y-axes depict the relative change, not the absolute values
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Figure 3. Fitting and Validation of modi�ed mAdExp neurons to recorded voltage tracings. Validation of the Metabolic
Adaptive Exponential (mAdExp) model against electrophysiological recordings from different cortical layers.Left Column
(Real Data): Intracellular voltage traces recorded from excitatory neurons across Layers 3, 4, 5, and 6 (rows) in response to
�uctuating current injection shown below each respective trace.Right Column (Simulated Data): Response of the mAdExp
model using layer-speci�c parameters optimized via a Nelder-Mead minimization. To validate the �t quality, the spike counts
of the second and third positive-current pulses in each recording (shaded vertical bands) are compared between simulated and
experimental data. Numerical values above the simulated traces denote the deviation (Simulated� Recorded spike count).
Selected cell tracings from the Allen Cell Types Database from a single donor (H17.06.003, middle temporal gyrus, 23yo
female with epilepsy).
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Figure 4. Network performance and metabolic stability in the cortical column. Baseline activity and metabolic state of the
8-population cortical microcircuit (L2/3, L4, L5, L6; excitatory/inhibitory) simulated using the Potjans-Diesmann microcircuit
model.19 (Top) Mean population �ring rates smoothed with a 10 ms moving average. Each population receives Poisson
background input (3Hz) to sustain baseline activity. (Middle) Trajectories of the metabolic state variablee for each population.
e remains stable above the model-de�ned energy-viability thresholdec, indicating a balance between ATP production (aATP)
and activity-dependent consumption under baseline conditions. (Bottom) Spike raster plot showing �ring activity across the
simulated cortical column. Horizontal lines separate the eight cell populations. Distinct laminar patterns emerge from the
recurrent connectivity structure, with inhibitory populations (dashed lines in top/middle panels) providing gain control.
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Figure 5. Local perturbation analysis in the network model. Global response of the cortical microcircuit to systematic
perturbations in metabolic and synaptic parameters. Each parameter was scaled from 0:3� to 2:0� its �tted baseline value
while all other parameters were held constant; the resulting network-wide metrics are plotted as normalized deviations from
baseline. The six panels show:a total �ring rate,b mean metabolic state (

R
e), c mean coef�cient of variation (CV),d global

Shannon entropy (SE),e mean synchrony (Kuramoto order parameter), andf mean mutual information (MI). Colored lines and
marker styles represent perturbations of distinct parameters: metabolic coupling strength (de, blue circles), ATP production rate
(aATP, orange squares), NMDA conductance (gNMDA, green triangles), and GABA conductance (gGABA, red diamonds). The
horizontal and vertical dashed lines indicate the unperturbed baseline.
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(L5 and L6). During a subsequent GABA enhancement epoch, ATP production remained impaired while inhibitory synaptic141

conductance was increased to2� gGABA. Inhibitory conductance was then returned to baseline before ATP production was142

restored (Fig. 6).143

Reducing ATP production caused a rapid decline in the population-averaged metabolic state variablee (Fig. 6c). The144

electrical response was not a simple increase in mean �ring rate. Instead, mean population �ring rates decreased or remained145

low during the ATP-disrupted state (Fig. 6b), while the population Fano factor increased markedly (Fig. 6a). The raster plot146

and LFP-like proxy showed temporally clustered �ring and large-amplitude rhythmic activity (Fig. 6d–f). Thus, in this model,147

severe metabolic disruption produced a low-rate but burst-synchronized network state rather than a uniformly high-rate state.148

This apparent paradox re�ects the competing energy-dependent feedback pathways described in Fig. 1: reducede increases149

susceptibility to burst synchronization through thee ! EL coupling, while ATP-sensitive adaptation and the energy-viability150

threshold limit sustained �ring when energy becomes severely depleted.151

The LFP-like proxy was computed from summed AMPA, NMDA, and GABA synaptic currents onto excitatory populations152

and bandpass �ltered between 1.5 and 100 Hz. This readout is intended as a qualitative measure of macroscopic synaptic drive153

rather than a biophysical reconstruction of extracellular potentials. Under ATP disruption, the proxy developed high-amplitude154

rhythmic oscillations, consistent with the increased Fano factor and the temporally clustered spike raster. These dynamics155

help explain why mean �ring rate alone is insuf�cient to characterize the disrupted state: the main change is the timing and156

synchrony of population activity.157

IncreasinggGABA during persistent ATP disruption strongly reduced the Fano factor and LFP-like oscillation amplitude158

without restoringe to its baseline level (Fig. 6a,c,e,f). Mean �ring rates changed only modestly during this GABA enhancement159

epoch (Fig. 6b), indicating that enhanced inhibition primarily suppressed temporal clustering and burst synchrony rather160

than simply silencing the network. WhengGABA was returned to baseline while ATP production remained impaired, burst-161

synchronous activity re-emerged; restoration of ATP production then returned both the metabolic variable and the electrical162

readouts toward baseline.163

Because the temporal traces could otherwise be interpreted as ongoing adaptation rather than settled network states, we164

repeated the protocol with adaptive epoch durations. Each phase was maintained until mean excitatory �ring rate, population165

Fano factor, mean excitatory metabolic state, and LFP-proxy RMS satis�ed stability criteria over the most recent 3 s window;166

the numerical criteria are reported in Supplementary Table S1. Under this control, the stable asynchronous baseline, low-ATP167

burst-synchronized, GABA-enhanced low-energy, and recovery phases reached the stopping criterion after 14, 9, 4, and 6 s,168

respectively. The settled low-ATP burst-synchronized state had reduced mean �ring rate (14.43 Hz) but elevated Fano factor169

(114.84) and LFP-proxy RMS (35.45), whereas the GABA-enhanced low-energy state reduced the Fano factor to 2.92 and170

LFP-proxy RMS to 12.25 while mean metabolic state remained low (ē = 0:148). These results support the interpretation that171

metabolic disruption and GABA enhancement affect mean �ring rate and burst synchrony on separable axes.172

Path-dependent changes in burst synchrony173

To evaluate whether these regimes showed evidence of path-dependent recovery, we compared plateau-state Fano factors with174

forward-backward sweeps along the ATP and GABA axes (Fig. 7). In the temporal protocol, ATP disruption markedly increased175

population Fano factor, whereas increasing GABA conductancegGABA under persistent low ATP suppressed the Fano factor to176

below baseline-like levels (Fig. 7a). This con�rmed that the GABA-enhanced low-energy state was electrically distinct from177

the low-ATP burst-synchronized state, even thoughe remained low.178

The ATP-axis sweep provided limited evidence for path dependence (Fig. 7b). Across �ve seeds, forward and backward179

branches differed mainly in the Fano-factor synchrony readout, with a loop area of6:28� 1:48 for the 2.0 s dwell protocol.180

However, supplementary dwell-time controls showed that ATP-axis branch separation decreased with longer equilibration, and181

�ring rate and mean metabolic state largely followed the current value of the metabolic-disruption parameter. We therefore182

interpret the ATP-axis result as synchrony-speci�c and partly dwell-sensitive rather than broad hysteresis across all state183

variables.184

The GABA-axis sweep at �xed low ATP showed a stronger and more consistent branch separation in burst synchrony185

(Fig. 7c). Increasing inhibitory conductance suppressed the high-Fano low-ATP burst-synchronized state, and the low-Fano186

GABA-enhanced low-energy state persisted during much of the return sweep. Across �ve seeds, the Fano-factor loop area was187

10:13� 3:15 for the 2.0 s dwell protocol and4:46� 1:15 for the 4.0 s dwell protocol, while mean metabolic state remained low188

throughout the GABA enhancement regime (ē � 0:134–0:143). Taken together, the strongest evidence for history-dependent189

changes in the revised analysis concerns the electrical expression of the low-ATP burst-synchronized state, as quanti�ed by190

population Fano factor, rather than a complete separation of �ring-rate or metabolic-state trajectories.191
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Figure 6. ATP disruption and GABAergic enhancement in the cortical microcircuit. Time-resolved response of the
8-population cortical microcircuit to a reversible metabolic perturbation and transient enhancement of inhibitory conductance.
Shaded regions indicate protocol epochs: stable asynchronous baseline, ATP disruption, GABA enhancement during persistent
ATP disruption, GABA withdrawal during persistent ATP disruption, and recovery after ATP restoration. During ATP
disruption,aATP was reduced to 0:3� baseline in super�cial layers (L2/3 and L4) and 0:5� baseline in deep layers (L5 and
L6). During the GABA enhancement epoch, inhibitory synaptic conductance was increased to2� gGABA and then returned to
baseline while ATP production remained impaired.a Population spike-count Fano factor for global and layer-speci�c
excitatory activity, used here as a burstiness/synchrony proxy.b Smoothed population �ring rates across cortical layers.c
Population-averaged metabolic state variablee, showing that GABA enhancement suppresses burst synchrony and LFP-like
oscillations without restoring baselinee levels.d Spike raster across excitatory and inhibitory populations.eGlobal LFP-like
proxy computed from summed synaptic currents onto excitatory populations.f One-second LFP-like excerpts from each
protocol epoch. ATP disruption produces high-amplitude rhythmic activity despite reduced mean �ring rates, GABAergic
enhancement suppresses this oscillatory signature under persistently lowe, and withdrawal of the enhanced inhibition restores
the low-ATP burst-synchronized state until ATP production is returned to baseline.
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Figure 7. Fano-factor separation and path-dependent burst synchrony during metabolic disruption and GABA
enhancement. aPopulation Fano factor measured across stable plateau windows of the temporal ATP/GABA protocol. Low
ATP markedly increased burst synchrony, whereas GABA enhancement under persistent low ATP suppressed burst synchrony
to below baseline-like levels. Recovery after restoration of ATP and baseline inhibition returned the network toward a low-Fano
regime. Boxes show the interquartile range, horizontal lines show medians, whiskers show non-outlier ranges, and points show
sliding-window samples.b Replicated forward-backward ATP-disruption sweep. The metabolic disruption parameterl
interpolates from baseline ATP production(l = 0) to the low-ATP perturbation(l = 1). Forward and backward branches
differed primarily in burst synchrony, with a Fano loop area of 6:28� 1:48 for the 2.0 s dwell protocol.c Replicated
forward-backward GABA enhancement sweep at �xed low ATP. IncreasinggGABA suppressed high-Fano burst synchrony, and
the low-Fano GABA-enhanced low-energy state persisted during the return sweep. The Fano loop area was 10:13� 3:15 for
the 2.0 s dwell protocol. Together, these results support the interpretation that GABA enhancement can stabilize the electrical
expression of the low-ATP burst-synchronized state without requiring restoration of the metabolic state. Curves show mean
population Fano factor across �ve seeds, and shaded regions show SEM. Loop-area values are reported as mean� SD across
seeds.

Discussion192

This study introduces a metabolically constrained extension of the mAdExp model and embeds it in a structured cortical193

microcircuit to examine how intracellular energy availability can shape seizure-like network dynamics. The central contribution194

is the explicit coupling of a normalized energy variable,e, to both energy production-consumption balance and membrane195

excitability. In contrast to phenomenological slow variables,e is tied to ATP-dependent ion homeostasis and to the energetic196

consequences of activity. The model therefore provides a compact way to test how metabolic impairment can destabilize197

cortical activity while remaining computationally tractable at the network scale.198

At the single-neuron level, reduced energy availability has two opposing consequences. Through thee ! EL coupling, low199

energy depolarizes the effective leak reversal potential and can increase susceptibility to input, consistent with experimental200

observations that metabolic failure or impaired pump function can promote neuronal hyperexcitability5. At the same time, the201

ATP-sensitive adaptation term and the energy-viability thresholdec limit sustained �ring whene becomes suf�ciently depleted.202

This balance is important for interpreting the network results: metabolic disruption did not simply produce a uniform increase203

in mean �ring rate. Instead, the settled low-ATP burst-synchronized state was characterized by low-rate, high-Fano activity204

with strong LFP-like oscillations. Thus, in this model the pathological signature of metabolic insuf�ciency is best described as205

altered timing and synchronization rather than generalized rate elevation.206

The ablation analysis supports this interpretation. Removing the energy-dependent leak-potential coupling reduced peak207

burstiness, indicating that thee ! EL pathway is a major ampli�er of the seizure-like temporal pattern. However, networks208

without this coupling still showed reduced �ring rates under metabolic disruption, demonstrating that ATP production loss209

affects network dynamics through more than one pathway. In contrast, the explicit spike-cost term had negligible effects at210

the current network scale. These results suggest that the direct depolarizing feedback from low energy is important for the211

characteristic burst-synchronized state, but it is not the only way that reduced ATP production shapes cortical activity.212

The information-theoretic analyses provide a complementary view of this state transition. Reduced ATP production lowered213

Shannon entropy and mutual information under the present short-word estimator, consistent with a loss of diverse spatiotemporal214

activity patterns during seizure-like hypersynchrony25. These measures should be interpreted as regime-comparative summaries215

rather than complete estimates of neural coding capacity, but they reinforce the distinction between �ring rate and temporal216

organization. The low-ATP burst-synchronized state was not merely quieter or more active; it occupied a more stereotyped217
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activity regime.218

Increasing inhibitory synaptic conductance suppressed this high-Fano oscillatory state despite persistently lowe. Because219

the manipulation was implemented as a qualitative scaling of GABAergic conductance rather than as a receptor-level or phar-220

macokinetic drug model, the result should be interpreted as a test of GABA enhancement rather than a detailed benzodiazepine221

simulation2. Within that scope, the simulations indicate that electrical suppression of the burst-synchronized state and recovery222

of the metabolic state can be partially dissociated: enhanced inhibition reduced the electrical expression of the pathological223

state without restoringe to baseline. This distinction is relevant to metabolic approaches to epilepsy, including ketogenic and224

related interventions that target energy balance more directly than conventional anti-seizure suppression of network activity6.225

The forward-backward sweeps further support a cautious form of path dependence. Along the ATP axis, branch separation226

was strongest in the Fano-factor synchrony readout and decreased with longer dwell times, suggesting that slow relaxation227

contributes to the apparent hysteresis. Along the GABA axis, the separation of high-Fano and low-Fano branches was more228

consistent, while mean metabolic state remained far from baseline. The strongest conclusion is therefore not that the model229

proves bistable coexistence of seizure and non-seizure states, but that burst synchrony can depend on recent metabolic and230

inhibitory history, especially during inhibitory enhancement.231

Several limitations should be considered. The neuronal parameters were �tted to representative human spiny neurons from232

the Allen Cell Types Database and then assigned by layer to both excitatory and inhibitory populations; inhibitory identity233

was represented primarily through network population, connectivity, and synaptic role rather than through separately �tted234

inhibitory intrinsic parameters. The network architecture was based on the Potjans-Diesmann cortical microcircuit and scaled to235

approximately 8,000 neurons, so �nite-size effects and species-speci�c connectivity differences may affect transition thresholds.236

The LFP proxy captures population-level temporal structure but not the full biophysics of extracellular recordings, and future237

work could combine the model with forward-modeling tools such as LFPy. Finally, the metabolic component compresses238

mitochondrial respiration, glucose and oxygen transport, calcium dynamics, and neuron-glia interactions into a single energy239

variable. Extending the model with richer neurovascular and metabolic pathways could allow more direct investigation of240

substrate supply, compensatory recovery, and pathologically uncoupled metabolic states16,26.241

Overall, the results support the view that intracellular energy availability can function as a slow control variable for cortical242

network stability. In the revised model, reduced ATP production is suf�cient to transform stable asynchronous baseline activity243

into a low-rate but burst-synchronized seizure-like regime, while increased inhibitory conductance can suppress the electrical244

signature without correcting the underlying metabolic de�cit. This provides a mechanistically interpretable platform for245

studying how metabolic constraints, inhibition, and structured connectivity interact during seizure-like state transitions.246

Methods247

Neurons primarily utilize energy in the form of adenosine triphosphate (ATP) molecules, which are converted into adenosine248

diphosphate (ADP) during the process of consumption. A major consumer of ATP is the Na+-K+-pump, which maintains ion249

concentration gradients between the intracellular and extracellular spaces. This is essential for facilitating a wide range of250

cellular functions, including the formation of action potentials27. The turnover rate of the pump is dependent upon the available251

energy, or more speci�cally, the ATP/ADP ratio28. A decline in pump performance results in a shift towards equilibrium252

in ion concentrations, which in turn brings the reversal potentials closer to neutral. Experiments that block the pump have253

demonstrated that neurons become more excitable with higher �ring rates and elevated resting potentials29,30. Conversely, when254

ion concentrations are further removed from the resting state potential, the pump increases output and thus metabolizes more255

ATP. This interdependency between resting state potential and energy state was successfully presented in the eLIF and mAdExp256

models proposed by Fardet and Levina18, which were demonstrated to be capable of emulating a wide range of behaviors,257

including bursting phenotypes of cell populations.258

Here, we re�ne the formulation of mAdExp18 and extend the model to larger, more complex networks in the form of a259

simpli�ed cortical column to demonstrate that the energy-related principle is applicable across different hierarchies and can260

be employed to examine metabolic aspects of epileptic disease. We distinguish between energy production and consumption,261

delineating their respective domains of action. To facilitate large-scale simulations, the neuron is assumed to be in energy262

balance when the membrane potential is at rest. Accordingly, we consider energy consumption solely in the context of263

depolarization and, subsequently, action potentials. The parameteraATP represents energy-production capacity and can be264

reduced to model metabolic stress, such as ischemia or related energetic alterations. Like the mAdExp model, our neuron265

model exhibits a similar capacity to replicate biological �ndings of increased excitability with decreasing energy and a �ring266

arrest in neurons whene falls below the energy-viability thresholdec.267

The modi�ed mAdExp model268

The core distinction of the mAdExp model lies in how the energy state modulates the leak reversal potential,EL, similar to269

the model proposed in the foundational work of Fardet and Levina18. In our modi�ed model, however, the dynamics of the270
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neuron's energy state are governed by an energy-production term,ATP, and a consumption term representing pump activity,P,271

rather than by the ATP/ADP ratio18.272

The modi�ed mAdExp model is characterized by coupled update equations for the membrane potentialV, the adaptation273

currentwe, and the energy statee, as follows:274

if V < Vth

or e < ec :

8
>>>>>>>>><

>>>>>>>>>:

C �V = gL(EL � V)+ gLDT
e� ec

e0
exp

�
V � Vth

DT

�
+ Ie � Isyn� we;

EL = E0

�
1� de

�
e0 � e
e0 � ec

��
;

t we �we = a(V � EL) � we + IKATP
ec

ec + 2e
;

t e �e = ATP� P;

else:

8
><

>:

V  Vreset;

e  e� d;

we  we + b

(1)

The variablee is not intended to represent a directly measured ATP concentration. Instead, it is a normalized control275

variable representing effective intracellular energetic availability and its impact on ATP-dependent membrane homeostasis. It276

captures the effective balance between metabolic energy production and consumption that regulates ion pump activity and277

thereby modulates neuronal excitability. The neuron emits a spike and resets when the membrane potential reaches the threshold278

Vth while the metabolic state remains above the energy-viability thresholdec. Similar to conventional integrate-and-�re279

point-neuron models, subthreshold dynamics are governed by the passive leak current, characterized by the leak conductance280

gL, leak reversal potentialEL, and membrane capacitanceC. The total input current includes a deterministic external input281

Ie and synaptic input from other neuronsIsyn, which itself includes a stochastic noise componentS modeling background282

�uctuations (Eq. 4).283

Changes in ionic gradients resulting from reduced Na+-K+-pump activity primarily manifest as shifts in the neuronal resting284

potential. We modeled energy depletion through a dynamic leak reversal potential to provide a computationally ef�cient285

approximation of pump-mediated depolarization. Thus, unlike in standard integrate-and-�re models, the leak potentialEL is not286

�xed but depends dynamically on the neuron's energy statee, shifting toward more depolarized values as energy is depleted.287

To model the dependence of the sodium-potassium pump on available ATP31, the leak reversal potentialEL is modeled as a288

linear function of the intracellular energy statee, such that decreasing energy levels lead to a depolarizing shift of the effective289

resting potential. This relationship is expressed as a function of the reference reversal potentialE0 multiplied by a constant290

de, the corresponding reference (or basal) metabolic statee0, and the energy-viability thresholdec. This energy dependence291

introduces a coupling between cellular excitability and the metabolic state variable.292

The adaptation currentwe includes a standard voltage-dependent adaptation term and an additional ATP-sensitive potassium293

current (IKATP) component that activates at low energy levels, distinguishing it from the standard AdExp model.g� 1 represents294

the energy cost required to restore potassium ions per unit of adaptation current.295

The energy variablee evolves, with a time constantt e, according to a production-consumption balance, whereATP296

represents energy supply andP denotes energy consumption. The energy equations for energy productionATPand pump297

activity P are listed below.298

ATP= aATP(1�
e
e0

) (2)

P = aP(V � E0)s (V � E0)s (s� (e � ec)) +
we

g
(3)

Energy productionATPis maximal when the energy variable is fully depleted (e = 0) and vanishes at the resting energy299

level (e = e0), ensuring that the neuron does not accumulate energy beyond its baseline state. Energy consumptionP is300

proportional to the value of depolarization,(V � E0), while hyperpolarization does not consume energy (Fig. 8). This assumes301

that the main contributor to energy consumption is the sodium-potassium pump which acts against depolarization and uses302

more energy as the neuron moves towards more positive membrane potentials32,33. Two sigmoid functions ensure that energy303

consumption only occurs when the membrane is depolarized relative to the reference reversal potentialE0 and is suppressed as304

e approaches the energy-viability thresholdec.305
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The advantage of this approach is that it captures the energetic cost of synaptic potentials, which is where a large portion of306

neuronal energy consumption occurs27,34. Energy production and consumption are scaled by their respective parametersaATP307

andaP. Biologically, aATP can be interpreted as energy-production capacity, which may be impaired during stroke, injury, or308

metabolic stress, whileaP may increase in situations of neuronal stress such as when in�uenced by neurotoxic substances. Note309

thatATPandP do not introduce additional state variables into the system. The model therefore remains a low-dimensional310

three-variable dynamical system(V;we;e), preserving computational ef�ciency while retaining an interpretable representation311

of metabolic dynamics. Accordingly, the model does not explicitly resolve mitochondrial ATP production, glycolytic �ux,312

metabolite transport, or subcellular energy compartmentalization.313

After a spike is emitted, the membrane potential is reset toVreset and the energy is decremented byd to account for the314

energetic cost of spiking. An immediate costd is used because AdExp-type point-neuron models represent the action potential315

as a threshold-triggered spike and reset rather than as a temporally continuous conductance process.316

In the original model by Fardet and Levina,18 the energy termde=dt was governed by a �ex potentialEf and an energy-317

depletion potentialEd. The model presented here makes two major modi�cations: one, by introducing the factorsaATP and318

aP, the neuron's energy production and consumption can be modeled and accessed directly. Two, as seen in Fig 8, the neuron319

is metabolically at rest ate0 andE0, unlike the original model where energy production and consumption were not limited320

by a biologically corresponding capacity. Here, we assume that the neuron does not produce signi�cant amounts of energy321

beyonde0 and similarly, does not consume great amounts of energy belowE0. A strictness parametersmodi�es the slope of the322

sigmoid curve for energy consumption, controlling how sharply consumption is suppressed ase approaches the energy-viability323

thresholdec. Additionally, energy consumption is now directly proportional to the distance fromE0.324

Through this coupling, intracellular energy acts as a slow control variable modulating neuronal excitability. Ase decreases,325

the effective leak reversal potential shifts toward more depolarized values, increasing the probability of spike generation.326

Increased spiking in turn raises metabolic demand through pump activity, creating a feedback loop between energy depletion327

and neuronal excitability. At the network level, this feedback can destabilize stable asynchronous baseline activity and promote328

burst-synchronized oscillations.329

Figure 8. Phase-space withe-nullclines. e-nullclines in the(V;e) phase plane for varied parameterisations of the modi�ed
mAdExp model (left) and the original mAdExp model18 (right). Left panel: Nullclines are shown for different ratios of the
ATP production rate to pump ef�ciency,aATP : aP. The legend labels 1:1, 1:2, 1:5, etc. denote theaATP:aP ratio; as the ratio
shifts towards higher consumption (loweraATP relative toaP), the nullcline moves downward, restricting the energy-viable
operating range.Right panel: Nullclines are shown for different separationsDV = Ef � Ed between the �ex potentialEf and
the depletion potentialEd in the original formulation. The super-threshold region, in which spikes are triggered upon entry, is
indicated by light grey shading. The energy-limited region is shown in dark grey and overlaps with the super-threshold region,
where energy constraints suppress spiking despite the neuron being above threshold. In both panels, the adaptation currentw is
held constant to isolate the differences in the energy mechanism between the two models.
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Cortical Microcircuit Network330

For the network simulations, the cortical microcircuit model (CMC) as presented in19 was adapted to simulate the neuronal331

architecture of cortical columns. The network consists of 8 populations representing layers 2/3, 4, 5, and 6, each divided into332

excitatory (e) and inhibitory (i) subpopulations. Although the model is based on awake animals rather than human brains, it333

was chosen here for its simple yet effective architecture.334

Connectivity probabilities between populations were derived from the statistical connectivity map provided by Potjans and335

Diesmann19. The total network size was scaled toN � 8000neurons (scale factor 0.1) to maintain computational tractability336

while preserving network dynamics.337

The synapses were modeled after24 and incorporate excitatory NMDA, AMPA as well as inhibitory GABA receptors on all338

neurons with different parameters for excitatory and inhibitory populations. The total synaptic current is given by the sum of339

the individual contributions:340

Isyn= IAMPA;ext+ IAMPA;rec+ INMDA;rec+ IGABA;rec+ S (4)

Here, IAMPA;ext represents external background activity modeled as a Poisson process, whileIAMPA;rec, INMDA;rec, and341

IGABA;rec denote synaptic currents mediated by AMPA, NMDA, and GABA receptors, respectively.S represents stochastic342

noise in the form of �uctuating currents. Following the convention of Brunel and Wang24, individual synaptic currents are343

de�ned asI = g(V � Vrev)s, representing transmembrane ionic currents; the total synaptic current enters the membrane equation344

(Eq. 1) with a negative sign. The details of synaptic currents are shown below.345

IAMPA;ext(t) = gAMPA;ext(V(t) � VE)
Cext

å
j= 1

sAMPA;ext
j (t) (5)

IAMPA;rec(t) = gAMPA;rec(V(t) � VE)
CE

å
j= 1

sAMPA;rec
j (t) (6)

INMDA;rec(t) =
gNMDA(V(t) � VE)

1+ [ Mg2+ ]exp(� 0:062V(t))=3:57

CE

å
j= 1

sNMDA;rec
j (t) (7)

IGABA;rec(t) = gGABA(V(t) � VI )
CI

å
j= 1

sGABA
j (t) (8)

The synaptic currents are determined by the product of synaptic conductance (gAMPA;ext, gAMPA;rec, gNMDA, andgGABA)346

and the receptor gating variables,s, driven by incoming presynaptic spikes during each time step.Cext represents external347

neural cells,CE denotes excitatory cells, andCI corresponds to inhibitory cells within the population. Individual presynaptic348

events incremented their corresponding gating variable with unit weight. Unless explicitly manipulated in a perturbation349

protocol, the synaptic conductancesgAMPA;ext, gAMPA;rec, gNMDA, andgGABA remained �xed throughout the simulation. The350

excitatory reversal potential,VE = 0mV, is uniform across all excitatory synapses, while the inhibitory reversal potential is set to351

VI = � 70mV, primarily determined by the chloride ion concentration gradient. Although metabotropic GABA receptors exist,352

this model simpli�es all GABA receptors into simple ionotropic conductance-based synapses35. All synapses are connected353

with a 2-millisecond delay. To emulate the voltage-dependent magnesium block of NMDA receptors, the current is modulated354

by a sigmoid function, considering an extracellular magnesium concentration ofMg2+ = 1mM.355

The gating variable for NMDA channels is characterized by a rise time oft NMDA;rise = 2ms, a rising rate ofa = 0:5ms� 1,356

and a decay time oft NMDA;decay= 100ms.357

dsNMDA
j (t)

dt
= �

sNMDA
j (t)

t NMDA;decay
+ a x j (t)(1� sNMDA

j (t)) (9)

dxj (t)
dt

= �
x j (t)

t NMDA;rise
+ Skd(t � tk

j ) (10)

(11)

For AMPA and GABA channels, the rise times are considered to be instantaneous and can therefore be neglected. Their358

gating variables are described by simple decay equations, with respective decay times oft AMPA = 2ms andt GABA= 10ms:359
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dsAMPA
j (t)

dt
= �

sAMPA
j (t)

t AMPA
+ Skd(t � tk

j ) (12)

dsGABA
j (t)

dt
= �

sGABA
j (t)

t GABA
+ Skd(t � tk

j ) (13)

The CMC-based networks used in this study are visualized in Fig. 9.360

Figure 9. Cortical Column architecture. Schematic of the four-layer (L2/3, L4, L5, L6) cortical column abstraction. Arrows
illustrate synapses between layers, with connection densities based on the Potjans-Diesmann microcircuit.19 Synaptic currents
include NMDA, AMPA, and GABA dynamics based on Brunel and Wang.24 The LFP-like proxy is approximated by summing
synaptic currents onto excitatory populations, following the approach from Mazzoni et al.36

Local Field Potential361

To bridge the gap between spiking activity and macroscopic signals measurable in clinical settings, we estimated the Local362

Field Potential (LFP). Recent studies suggest that the main contributors to the LFP are the transmembrane currents of pyramidal363

neurons, due to their parallel alignment and large dendritic trees36.364

We use a simpli�ed LFP-like proxy derived from aggregated synaptic activity to capture coarse-grained temporal structure365

across network states.366

Let E = f L2=3e;L4e;L5e;L6eg denote the set of excitatory populations, then:367

LFP(t) µ å
p2E

�
I (p)
AMPA(t) + I (p)

NMDA (t) + I (p)
GABA(t)

�
(14)

This computed proxy signal was then bandpass �ltered between 1.5 Hz and 100 Hz using a 4th-order Butterworth �lter to368

match the typical frequency range of clinical EEG/LFP recordings.369

This readout is intended for qualitative comparison of dynamical regimes, not quantitative forward modeling of extracellular370

�eld potentials.371

Data Analysis and Metrics372

Network Synchrony373

Network synchronization was evaluated using the Fano Factor of the population spike counts, a standard measure of bursti-
ness37,38. For a given time windowW, the spike countN(t) was calculated, and the Fano Factor was de�ned as the ratio of the
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variance to the mean of the spike counts:

FF =
Var(N(t))
m(N(t))

(15)

High values (FF � 1) indicate bursty, synchronized �ring characteristic of seizure states, while values near 1 indicate374

Poisson-like asynchronous activity.375

Additionally, the Kuramoto order parameterR(t) was computed to measure phase synchrony39,40. Spike trains were
converted into instantaneous phasesf j (t) via linear interpolation between spike timestk

j andtk+ 1
j :

f j (t) = 2p
t � tk

j

tk+ 1
j � tk

j

for tk
j � t < tk+ 1

j (16)

The global order parameter was then calculated as:

R(t) =

�
�
�
�
�

1
N

N

å
j= 1

eif j (t)

�
�
�
�
�

(17)

whereR(t) ranges from 0 (incoherent �ring) to 1 (perfect synchronization).376

Single-neuron spike-time irregularity was quanti�ed using the coef�cient of variation of inter-spike intervals (ISI CV),377

computed separately for each excitatory neuron with at least three spikes in a given epoch and then averaged across neurons.378

CVISI =
s ISI

mISI
;

wheres ISI andmISI are the standard deviation and mean of that neuron's inter-spike intervals.379

Information Theoretic Metrics380

To compute information-theoretic quantities, continuous spike trains were �rst converted to binary sequences. The simulation381

interval of interest (after discarding a transient warm-up period of 100 ms) was divided into non-overlapping time bins of width382

Dt = 2ms. Each bin was assigned a value of 1 if at least one spike occurred within it, and 0 otherwise, yielding a binary string383

of lengthNbins for each trial. Consecutive bins were grouped into non-overlapping spike words of lengthL = 3 bins, spanning a384

temporal window ofL � Dt = 6ms. Because the present estimator uses short binary words, the resulting entropy-rate values385

should be interpreted as lower-bound, regime-comparative summaries rather than complete characterizations of neural coding.386

Sliding this window across the binary string produced a sequence ofNwords= Nbins� L + 1 words per trial. Each word is an387

element of the setf 0;1gL, giving a maximum possible vocabulary of2L = 8 distinct patterns. The short word lengthL = 3388

was chosen as a pragmatic compromise: it keeps the vocabulary small (23 = 8 patterns) so that the empirical word-frequency389

distribution converges reliably from the available number of trials, while still capturing pairwise temporal correlations across390

the 6 ms window. This choice follows the recommendation of Strong et al.41, who showed that entropy estimates from short391

binary words converge rapidly and can be systematically extrapolated, and is further supported by the analysis of Nemenman et392

al.42, who demonstrated that Bayesian entropy estimators remain well-behaved at small word lengths even with limited data.393

The marginal (total) Shannon entropy was estimated by pooling spike words across all K repeated trials:394

H = � å
w

p(w) log2 p(w) (18)

wherep(w) is the empirical probability of word w obtained by counting its occurrences over allK � Nwords pooled words.43
395

H is measured in bits per word and quanti�es the overall variability of the spike code. The entropy rate�H was de�ned as:396

�H =
H

L � Dt
(19)

and is expressed in bits per second. This quantity approximates the rate of information generation; its exact value converges397

to the true entropy rate in the limitL ! ¥ .44
398

The noise entropyHnoisecaptures trial-to-trial variability in the spike code for the same stimulus context. For each word399

positiont, the distribution of spike words across theK trials was computed, and the entropy of that distributionHt was calculated.400

The noise entropy was then the mean over all word positions:401
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Hnoise=
1

Nwords

Nwords

å
t= 1

Ht (20)

The mutual information (MI) between the stimulus context (metabolic parameter condition) and the neural response was402

estimated as the difference between the total entropy and the noise entropy:403

MI = max(0;H � Hnoise) (21)

measured in bits per word. This follows the "direct method" framework,41 in which the signal entropy re�ects the diversity404

of responses across conditions, and the noise entropy re�ects the variability of responses within a single condition.405

These measures are used here as comparative descriptors of regime-dependent spike-pattern diversity, not as exhaustive406

estimates of cortical information processing capacity.407

Trial Design and Averaging in Perturbation Experiments408

Single-cell analyses: A single-compartment modi�ed metabolic adaptive-exponential (mAdExp) neuron received an Orn-409

stein–Uhlenbeck (OU) noise current with meanImean, correlation timet noise= 5ms, and amplitudesnoise. For each parameter410

condition,K = 10 (1-D sweeps) orK = 5 (2-D grid) repeated trials were run using a frozen-noise design, so corresponding411

trials reused the same noise realization across parameter conditions. Spike trains from allK trials yieldedH, �H, andMI for that412

condition.413

Network analyses: The eight-population cortical column model was parameterised per layer from �tted single-cell414

parameters.19 For each metabolic perturbation condition,K = 3 network trials were run. Spike trains of each of the eight415

populations (excitatory and inhibitory neurons in layers 2/3, 4, 5, and 6) were analysed independently, and population-level416

measures were averaged across populations to produce network-wide entropy, entropy rate, and mutual information. A417

Kuramoto order parameter was additionally computed across the network to quantify synchrony.418

1-D sweeps: A single metabolic parameterq was multiplied by a scalarc 2 f 0:80;1:00;1:20g (single-cell) or by a scalar419

spanning 0:30� to 2:00� baseline (network), while all other parameters were held at their �tted baseline values.420

2-D grids: Pairs of parameters(q1;q2) were jointly varied over a28� 28 grid of multipliers linearly spaced in[0:30;3:00],421

yielding heatmaps of each metric over the joint parameter space.422

Hysteresis analysis423

The temporal ATP/GABA perturbation protocol shown in Fig. 6 used �xed epochs to visualize the full sequence of stable424

asynchronous baseline activity, ATP reduction, inhibitory-conductance enhancement, inhibitory-conductance withdrawal, and425

ATP restoration. To verify that the reported low-ATP burst-synchronized and GABA-enhancement low-energy values did not426

re�ect arbitrary epoch durations, we separately repeated the protocol with adaptive phase lengths. In that control, each phase427

was continued until mean excitatory �ring rate, population Fano factor, mean excitatory metabolic state, and LFP-proxy RMS428

satis�ed the stability criteria reported in Supplementary Table S1 over the most recent 3 s window.429

To test whether the network response depended on recent perturbation history, we performed two forward-backward sweep430

protocols on the cortical microcircuit without reinitializing the network between successive parameter steps.431

In the ATP-axis sweep, a scalar disruption parameterl 2 [0;1] interpolated between baseline metabolism and the low-energy432

perturbation used in the temporal disruption experiment. Atl = 1, ATP production was reduced to0:3� baseline in the433

super�cial populations (L2/3 and L4) and to0:5� baseline in the deep populations (L5 and L6). In the GABA-axis sweep, ATP434

production was held at these low values while inhibitory conductance was scaled from1:0� to 2:0� baseline and then returned435

to baseline.436

Both sweeps used a step size of 0.05, yielding 21 forward parameter values and 20 backward values while omitting a437

duplicate measurement of the turning point. The main Fig. 7 sweep panels summarize �ve independent seeds using a 2.0 s438

dwell protocol at each parameter value, consisting of 1.5 s equilibration followed by a 0.5 s measurement window. A longer439

4.0 s dwell protocol, consisting of 3.0 s equilibration followed by 1.0 s measurement, was used as a supplementary control for440

slow relaxation. Three observables were used to characterize network response: population Fano factor, mean excitatory �ring441

rate, and mean excitatory metabolic stateē. Population Fano factor was computed from pooled excitatory spike counts (bin size442

5 ms, sliding window 100 ms), mean �ring rate was obtained from the aggregate excitatory spike count divided by the number443

of excitatory neurons, and̄e was calculated by averaging the recorded energy state across excitatory neurons.444

In addition to the forward-backward sweeps, regime separation in Fig. 7a was quanti�ed from the �xed-duration temporal445

perturbation experiment using plateau windows chosen to avoid transition transients: stable asynchronous baseline (2.0–3.0 s),446

low-ATP burst-synchronized state (6.5–8.0 s), GABA-enhanced low-energy state (11.5–13.0 s), and recovery (14.0–15.0 s).447
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These plateau samples were projected into a reduced metric space de�ned by �ring rate, Fano factor, and mean metabolic state448

to compare the stable asynchronous baseline, low-ATP burst-synchronized, GABA-enhanced low-energy, and recovery regimes449

in the measured observables. The settled numerical values reported in the Results come from the separate adaptive-duration450

control described above.451

Voltage Fitting Procedure452

To constrain the model parameters to biologically plausible regimes, model parameters were �tted to human cortical current-453

clamp recordings from donor H17.06.003 obtained through the Allen Cell Types Database (http://celltypes.brain-map.org)23.454

Representative spiny neurons from layers 2/3, 4, 5, and 6 of human cortical tissue from donor H17.06.003 were selected455

from long-square-pulse current-clamp recordings. These �tted layer-speci�c intrinsic parameters were then assigned to both456

excitatory and inhibitory populations in the network model; inhibitory identity was represented by population membership,457

connectivity, and synaptic role rather than by separately �tted inhibitory intrinsic parameters.458

The �tting procedure consisted of a two-stage process: initialization of passive properties followed by numerical optimization459

of active and metabolic parameters.460

First, passive parameters were estimated from subthreshold responses. The resting membrane potentialE0 was determined461

as the median voltage during periods of zero current injection. The membrane time constantt m was estimated by �tting an462

exponential decay function to voltage relaxations following small current steps (< 5pA). The total conductancegtot = gL + a463

was derived from the slope of the steady-state voltage (Vss) versus input current (I ) curve in the subthreshold regime. The464

membrane capacitance was then calculated asCm = t m � gtot.465

Second, global parameter optimization was performed to �t the dynamic response, including spiking behavior and adaptation.466

A composite loss functionL that penalizes both the mismatch in voltage traces and the discrepancy in spike counts was de�ned467

as:468

L(q) =
1
N å

t
(Vmodel(t;q) � Vexp(t))2 + l (Nmodel� Nexp)2 (22)

whereVexp is the experimental voltage trace,Vmodel is the simulated trace given parametersq, Nexp andNmodel are the total469

spike counts, andl = 10 is a dimensionless weighting factor enforcing accurate �ring rates. To prevent the loss function being470

dominated by the narrow, high-amplitude action potentials, bothVmodel andVexp were clipped at the �ring thresholdVth prior to471

calculating the mean squared error (MSE).472

The experimental data were downsampled to 10 kHz, and the �rst 20 seconds of the recording were used for �tting. The473

optimization was performed using the Nelder-Mead simplex algorithm45 as implemented in SciPy, minimizingL(q) over the474

parameter space of the model. Bounded constraints were applied to ensure all parameters remained within physiologically475

realistic ranges (e.g.,t e > 0, aP > 0). After �tting, selected parameters (de, aP, andd) were set uniformly across the network476

to maintain numerical stability, as noted in Supplementary Table S2.477

Numerical Simulations478

The models were implemented using the Brian2 library46 in Python 3 with a �xed time step of 0.1 milliseconds. Exact model479

parameters for the simulations can be found in Supplementary Tables S2 and S3. Simulations were conducted and analyzed on480

an AMD Ryzen 5 2500U processor and integrated Radeon Vega Mobile graphics card.481
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