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ABSTRACT

Neuronal activity depends on ATP-consuming ion homeostasis, yet the circuit-level consequences of impaired energy availability
remain difficult 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 sufficient ic destabilize baseline cortical activity and
generate seizure-like synchronization. We extended the Adaptive Exponential Iniegrate-and-Fire model with a normalized
energy variable governed by explicit production and consumption terms, fitted layer-specific 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
firing rates, increased Fano factor, and high-amplitude LFEP-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 scalabie 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.

Introduction

Epilepsy is one of the most prevalent neurological disorders in children and adolescents, characterized by abnormal oscillatory
synchronization of neuronal activity which may stop spontaneously or persist until clinical or experimental intervention'-2.
Recently, a growing body of research has highlighted the role of neuronal energy metabolism. Seizures are associated with
extremely high metabolic demand, yet conditions of metabolic insufficiency, such as hypoxia, mitochondrial dysfunction, or
impaired glucose metabolism, have also been shown to increase neuronal excitability and promote epileptiform activity>=.
Experimental studies further show that restricting glucose availability or impairing mitochondrial energy production can lower
the seizure threshold and induce hyperexcitability in otherwise healthy neurons®. Moreover, therapies targeting the metabolic
axis of epilepsy in the form of ketogenic diet or metabolic enzymes and products have been of increasing interest®’. Theories
attempting to explain this hyper-excitable state have primarily focused on ion-channel interactions®, network properties’ and
synaptic imbalances'°.

The precise relationship between energy availability and the mechanisms governing seizure initiation and termination
remains incompletely understood. Computational modeling provides a powerful framework for investigating these interactions.
Some studies estimate neuronal energy consumption by linking ion currents and action potentials to their associated metabolic
costs' =14 These inferred estimates have provided valuable insights into the energetic efficiency of neural coding and
information processing, as well as the metabolic demands of individual neurons!*!>. In contrast, generative models that
explicitly incorporate energy dynamics allow the simulation of how energy production and consumption modulate neural activity.
For example, detailed compartmental models of neuron—glia interactions have shown that disruptions in ion homeostasis can
induce seizure-like activity under ischemic conditions'®!7.
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Fardet andLevina'® introduced a metabolic extension of the Adaptive Exponential Integrate-and-Fire model (mAdExp) to
capture the coupling between a neuron’s resting membrane potential and its internal energy state. Their formulation represented
an important step toward incorporating metabolic dynamics into simplified neuron models and successfully reproduced a range
of single-neuron behaviors. However, the model was primarily limited to isolated neurons and small, unstructured networks,
limiting the exploration of population-level mechanisms underlying seizure generation. Because the focus was not on network
dynamics or realistic bioelectrical signals, the model did not examine how metabolic coupling reshapes structured cortical
network dynamics relevant to seizure-like synchronization.

In this paper, we modify the mAdExp framework by treating intracellular energy as a bounded normalized state variable
governed by activity-dependent consumption, finite recovery and production, and coupling to ATP-dependent membrane
homeostasis. We further embed the model within a biologically inspired network architecture based on the Cortical Microcircuit
(CMC), which includes excitatory and inhibitory neurons, diverse synaptic dynamics, and structured connectivity'®. Unlike
randomly connected networks, the CMC captures key biological principles such as laminar-specific excitation and inhibition,
feedforward and feedback loops, and layer-dependent synaptic properties. These anatomical and functional structures provide a
more realistic substrate for studying how local excitation-inhibition balance and laminar recurrence contribute to seizure-like
synchronization?®-?2. The goal of this study is to explore three main research questions: (i) Can the extended single-neuron
model reproduce experimentally observed cortical voltage responses? (ii) How do the single-cell and network model behave in
the metabolic parameter space? (iii) How does reduced ATP production affect cortical microcircuit dynamics, and can enhanced
inhibition suppress the resulting burst synchrony without restoring the metabolic state?

In summary, this framework allows us to test whether metabolic constraints can destabilize stable asynchronous baseline
activity, drive seizure-like synchronization, and whether enhanced inhibitory conductance can suppress these dynamics without
restoring the baseline metabolic state.

Results

Overview of the modified mAdExp energy-feedback mechanism

The first step of this study was to modify the metabolic adaptive exponential integrate-and-fire model so that cellular energy
availability could be manipulated directly in network simulations. The two main innovations relative to the original mAdExp
framework are the explicit separation of energy production and consumption through accessible metabolic parameters, and the
embedding of this energy-feedback mechanism in a structured cortical microcircuit network. The original mAdExp formulation
introduced an internal energy variable that couples energetic state to neuronal excitability. Here, we retain this principle but
reformulate the energy dynamics in terms of explicit production and consumption processes, allowing metabolic stress to be
applied as a reduction in energy production rather thian only as an abstract displacement of the energy nullcline.

The resulting model structure is summarized schematically in Fig. 1a. Changes in € feed back onto excitability through
two main pathways. First, through the coupling parameter d¢, reduced energy availability shifts the effective leak potential Ej,
linking metabolic state to membrane potential dynamics. This pathway can promote spiking when energy depletion depolarizes
the effective resting state. Second, low energy increases the ATP-sensitive component of the adaptation current, which provides
a counteracting activity-limiting influence. In addition, when ¢ falls below the energy-viability threshold &, spike generation is
suppressed by the model’s energy-viability condition. The model can therefore express both depolarizing positive feedback and
low-energy firing suppression, depending on the balance between these mechanisms.

This same energy-feedback mechanism was then embedded in the cortical microcircuit model. In the temporal perturbation
protocol summarized in Fig. 1b, the network was first simulated under baseline conditions, then ATP production was reduced
to induce metabolic disruption. While ATP production remained reduced, inhibitory conductance was transiently increased.
GABAergic conductance was then returned to baseline before ATP production was restored. This protocol was used to test
whether metabolic disruption can induce seizure-like network synchrony and whether enhanced inhibition can suppress the
electrical expression of that disrupted state without immediately restoring the metabolic state variable €.

The following sections first examine which metabolic parameters most strongly shape single-neuron behavior, then fit
representative spiny neurons from different cortical layers, and finally embed the fitted model in a structured cortical microcircuit
to test whether metabolic perturbations can destabilize stable asynchronous baseline activity.

Single-neuron modified mAdExp model
We first used single-neuron sensitivity analyses to identify which metabolic parameters most strongly shaped modified mAdExp
behavior. Each parameter was increased or decreased by 20% around its baseline value while all other parameters were held
fixed, and the resulting spike trains were summarized by firing rate, mean metabolic state, coefficient of variation (CV), Shannon
entropy (SE), and mutual information (MI).

This analysis showed that the dominant contributors to firing rate and spike-train statistics were the ATP production rate
aurp, the adaptation-related energy cost 7y, the pump-efficiency parameter op, and the metabolic coupling strength d; (Fig. 2a).
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Figure 1. Conceptual overview of the modified mAdExp energy-feedback mechanism and disruption protocol. a The
modified mAdExp model couples a normalized intracellular energy variable, €, to neuronal excitability. Energy production,
scaled by ou7p, increases €, whereas membrane depolarization, adaptation current, and spiking activity increase energy
demand and reduce €. Through the coupling parameter de, reduced energy availability shifts the effective leak potential £y,
thereby linking metabolic state to membrane potential dynamics and spiking activity. The leak potential and adaptation current
provide opposing energy-dependent influences on excitability: reduced € depolarizes E; 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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Whereas oarp, ¥, and ap primarily determine the balance between energy supply and demand, d¢ controls how strongly
changes in energy availability are translated into membrane excitability.

Because these parameters act through coupled production, consumption, and excitability pathways, we next varied selected
parameter pairs over 30-300% of their baseline values (Fig. 2b). Stronger metabolic coupling combined with reduced
production or increased demand increased firing rates while leaving the mean metabolic state comparatively stable. CV showed
no consistent monotonic pattern, whereas Shannon entropy and mutual information broadly followed the firing-rate structure,
suggesting that metabolic parameters shape both excitability and spike-output variability in the single-cell model.

To constrain the model with biologically grounded parameters and provide layer-specific values for the network simu-
lations, the model was fitted to electrophysiological recordings obtained from the Allen Cell Types Database (specimen ID
H17.06.003)%*. Fig 3 showcases comparisons between real and simulated data for one spiny neuron from each of cortical
layers 3 to 6; the resulting layer-specific intrinsic parameters were then assigned to both excitatory and inhibitory neurons in
the network model. The fitted model reproduced delayed firing and a progressive increase in firing during sustained current
injection. Notably, currents that do not elicit an action potential still exert a significant influence on energy metabolism within
the model.

Network level simulations of the modified mAdExp model

To investigate the population-level behavior of the energy-dependent neuron model, we embedded the fitted modified mAdExp
neurons in a cortical column microcircuit comprising approximately 8,000 neurons across four layers (L2/3, L4, LS, and L6),
each represented by excitatory and inhibitory populations. Connectivity probabilities were derived from the Potjans-Diesmann
microcircuit model'?, and layer-specific intrinsic parameters were assigned from the single-neuron fits described above.

Under baseline conditions with Poisson background input (3Hz), the network remained in a stable, non-bursting regime
(Fig. 4). The raster plot showed sparse, uncoordinated firing across layers. To distinguish population asynchrony from
single-neuron irregularity, we quantified spike-time irregularity using the per-neuron ISi coefficient of variation (ISI CV). The
baseline global ISI CV was 0.3489, which is below the values typically associated with classical asynchronous-irregular states
in balanced-network models (CV = 1)*’. We therefore interpret the bascline as a stable asynchronous regime rather than a
canonical asynchronous-irregular state®*.

Population firing rates stabilized at layer-specific levels reflecting the connectivity and intrinsic excitability of the circuit;
L5 excitatory neurons showed the highest excitatory firing rates, consistent with their role as a major output population, while
inhibitory populations generally fired at higher rates than their corresponding excitatory populations.

The metabolic state variable € also remained stable across all populations and stayed above the model-defined energy-
viability threshold €. = 0.15 (Fig. 4), below which spike generation is suppressed. Thus, under baseline network activity, ATP
production was sufficient to balance activity-dependent energy consumption, maintaining a stable operating point without
spontaneous burst synchronization or runaway excitation.

To assess the stability of the cortical column and identify mechanisms leading to pathological states, we next performed
a one-parameter-at-a-time sensitivity analysis at the network level. Four control parameters were scaled from 0.3x to 2.0x
their baseline values: the energy production rate (47p), the metabolic coupling strength (d;), and the synaptic conductances
for NMDA (gnmpa) and GABA (ggapa)- For each perturbation, the network response was quantified using firing rate, mean
metabolic state, coefficient of variation (CV), Shannon entropy (SE), Kuramoto synchrony, and mutual information (MI)
(Fig. 5).

Reducing the energy production rate a4rp lowered the mean metabolic state (Fig. 5b) and, at stronger reductions, was
associated with increased network synchrony (Fig. 5e). This low-ATP synchronized regime was accompanied by a reduction
in mean firing rate rather than a uniform increase in activity (Fig. 5a), consistent with the low-ATP burst-synchronized state
observed in the temporal disruption protocol.

Changing the metabolic coupling parameter de produced a different effect. Increasing d. made membrane excitability more
sensitive to energy fluctuations and increased network synchrony while leaving the mean metabolic state comparatively stable
(Fig. 5b,e). Thus, asrp and d; affected network stability through complementary routes: one by reducing available energy, the
other by strengthening the translation of energy changes into excitability changes.

Synaptic perturbations shifted the network along more conventional excitation-inhibition axes. Increasing gnypa elevated
firing rate and synchrony, whereas increasing gg4pa reduced firing rate and tended to suppress synchrony (Fig. Sa,e). The
information-theoretic summaries changed more modestly, but lower SE and MI in more synchronized regimes suggest that
pathological synchronization was associated with more stereotyped population activity under the present estimator (Fig. 5d,f).

Metabolic disruption induces low-rate burst synchrony

We next asked how the cortical microcircuit responds over time to a sustained reduction in energy production and whether
enhanced inhibition can suppress the resulting electrical activity while the metabolic deficit persists. In the temporal perturbation
protocol, ATP production was reduced to 0.3 x baseline in superficial layers (L2/3 and L4) and 0.5 x baseline in deep layers
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Figure 2. Local perturbation analysis in the single-cell model. a Sensitivity heatmap demonstrating the impact of £20%
perturbation in metabolic model parameters on biological and information-theoretic performance of a single modified mAdExp
neuron with an Ornstein-Uhlenbeck noise input. Rows correspond to perturbed parameters: metabolic coupling strength (d¢),
baseline metabolic state (&), energy-viability threshold (&), pump efficiency (op), ATP production rate (¢tarp), energy
relaxation time (7,), per-spike energy cost (8), adaptation energy cost (), and maximal K-ATP current (Ixkarp). Columns
represent output metrics: firing rate (Hz), normalized mean metabolic state ([ €), coefficient 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 efficiency (ap) vs. metabolic coupling (d¢), ATP production (o47p) vs. metabolic coupling (d¢), and
adaptation energy cost () vs. metabolic coupling (d¢). Columns represent firing 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 modified 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
fluctuating current injection shown below each respective trace. Right Column (Simulated Data): Response of the mAdExp
model using layer-specific parameters optimized via a Nelder-Mead minimization. To validate the fit 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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model." (Top) Mean population firing rates smoothed with a 10 ms moving average. Each population receives Poisson
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(L5 and L6). During a subsequent GABA enhancement epoch, ATP production remained impaired while inhibitory synaptic
conductance was increased to 2 X ggapa. Inhibitory conductance was then returned to baseline before ATP production was
restored (Fig. 6).

Reducing ATP production caused a rapid decline in the population-averaged metabolic state variable € (Fig. 6¢). The
electrical response was not a simple increase in mean firing rate. Instead, mean population firing rates decreased or remained
low during the ATP-disrupted state (Fig. 6b), while the population Fano factor increased markedly (Fig. 6a). The raster plot
and LFP-like proxy showed temporally clustered firing and large-amplitude rhythmic activity (Fig. 6d—f). Thus, in this model,
severe metabolic disruption produced a low-rate but burst-synchronized network state rather than a uniformly high-rate state.
This apparent paradox reflects the competing energy-dependent feedback pathways described in Fig. 1: reduced € increases
susceptibility to burst synchronization through the € — E coupling, while ATP-sensitive adaptation and the energy-viability
threshold limit sustained firing when energy becomes severely depleted.

The LFP-like proxy was computed from summed AMPA, NMDA, and GABA synaptic currents onto excitatory populations
and bandpass filtered between 1.5 and 100 Hz. This readout is intended as a qualitative measure of macroscopic synaptic drive
rather than a biophysical reconstruction of extracellular potentials. Under ATP disruption, the proxy developed high-amplitude
rhythmic oscillations, consistent with the increased Fano factor and the temporally clustered spike raster. These dynamics
help explain why mean firing rate alone is insufficient to characterize the disrupted state: the main change is the timing and
synchrony of population activity.

Increasing ggapa during persistent ATP disruption strongly reduced the Fano factor and LFP-like oscillation amplitude
without restoring € to its baseline level (Fig. 6a,c,e,f). Mean firing rates changed only modestly during this GABA enhancement
epoch (Fig. 6b), indicating that enhanced inhibition primarily suppressed temporal clustering and burst synchrony rather
than simply silencing the network. When ggaps was returned to baseline while ATP production remained impaired, burst-
synchronous activity re-emerged; restoration of ATP production then returned both the metabolic variable and the electrical
readouts toward baseline.

Because the temporal traces could otherwise be interpreted as ongoing adaptation rather than settled network states, we
repeated the protocol with adaptive epoch durations. Each phase was maintained until mean excitatory firing rate, population
Fano factor, mean excitatory metabolic state, and LFP-proxy RMS satisfied stability criteria over the most recent 3 s window;
the numerical criteria are reported in Supplementary Table S1. Under this control, the stable asynchronous baseline, low-ATP
burst-synchronized, GABA-enhanced low-energy, and recovery phases reached the stopping criterion after 14, 9, 4, and 6 s,
respectively. The settled low-ATP burst-synchronized state had reduced mean firing rate (14.43 Hz) but elevated Fano factor
(114.84) and LFP-proxy RMS (35.45), whereas the GABA-enhanced low-energy state reduced the Fano factor to 2.92 and
LFP-proxy RMS to 12.25 while mean metabolic siate remained low (€ = 0.148). These results support the interpretation that
metabolic disruption and GABA enhancement affect mean firing rate and burst synchrony on separable axes.

Path-dependent changes in buist synchrony

To evaluate whether these regimes showed evidence of path-dependent recovery, we compared plateau-state Fano factors with
forward-backward sweeps along the ATP and GABA axes (Fig. 7). In the temporal protocol, ATP disruption markedly increased
population Fano factor, whereas increasing GABA conductance ggaps under persistent low ATP suppressed the Fano factor to
below baseline-like levels (Fig. 7a). This confirmed that the GABA-enhanced low-energy state was electrically distinct from
the low-ATP burst-synchronized state, even though € remained low.

The ATP-axis sweep provided limited evidence for path dependence (Fig. 7b). Across five seeds, forward and backward
branches differed mainly in the Fano-factor synchrony readout, with a loop area of 6.28 £ 1.48 for the 2.0 s dwell protocol.
However, supplementary dwell-time controls showed that ATP-axis branch separation decreased with longer equilibration, and
firing rate and mean metabolic state largely followed the current value of the metabolic-disruption parameter. We therefore
interpret the ATP-axis result as synchrony-specific and partly dwell-sensitive rather than broad hysteresis across all state
variables.

The GABA-axis sweep at fixed low ATP showed a stronger and more consistent branch separation in burst synchrony
(Fig. 7c). Increasing inhibitory conductance suppressed the high-Fano low-ATP burst-synchronized state, and the low-Fano
GABA-enhanced low-energy state persisted during much of the return sweep. Across five seeds, the Fano-factor loop area was
10.13 £ 3.15 for the 2.0 s dwell protocol and 4.46 + 1.15 for the 4.0 s dwell protocol, while mean metabolic state remained low
throughout the GABA enhancement regime (€ ~ 0.134-0.143). Taken together, the strongest evidence for history-dependent
changes in the revised analysis concerns the electrical expression of the low-ATP burst-synchronized state, as quantified by
population Fano factor, rather than a complete separation of firing-rate or metabolic-state trajectories.
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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, aarp was reduced to 0.3 x baseline in superficial 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 to 2 X ggapa and then returned to
baseline while ATP production remained impaired. a Population spike-count Fano factor for global and layer-specific
excitatory activity, used here as a burstiness/synchrony proxy. b Smoothed population firing rates across cortical layers. ¢
Population-averaged metabolic state variable €, showing that GABA enhancement suppresses burst synchrony and LFP-like
oscillations without restoring baseline € levels. d Spike raster across excitatory and inhibitory populations. e Global 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 firing rates, GABAergic
enhancement suppresses this oscillatory signature under persistently low €, and withdrawal of the enhanced inhibition restoreg
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. a Population 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 parameter A
interpolates from baseline ATP production (A = 0) to the low-ATP perturbation (A = 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. ¢ Replicated
forward-backward GABA enhancement sweep at fixed low ATP. Increasing ggapa 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 ot the metabolic state. Curves show mean
population Fano factor across five seeds, and shaded regions show SEM. Loop-area values are reported as mean 4= SD across
seeds.

Discussion

This study introduces a metabolically constrained extension of the mAdExp model and embeds it in a structured cortical
microcircuit to examine how intracellular energy availability can shape seizure-like network dynamics. The central contribution
is the explicit coupling of a normalized energy variable, €, to both energy production-consumption balance and membrane
excitability. In contrast to phenomenological slow variables, € is tied to ATP-dependent ion homeostasis and to the energetic
consequences of activity. The model therefore provides a compact way to test how metabolic impairment can destabilize
cortical activity while remaining computationally tractable at the network scale.

At the single-neuron level, reduced energy availability has two opposing consequences. Through the € — E} coupling, low
energy depolarizes the effective leak reversal potential and can increase susceptibility to input, consistent with experimental
observations that metabolic failure or impaired pump function can promote neuronal hyperexcitability’. At the same time, the
ATP-sensitive adaptation term and the energy-viability threshold &, limit sustained firing when € becomes sufficiently depleted.
This balance is important for interpreting the network results: metabolic disruption did not simply produce a uniform increase
in mean firing rate. Instead, the settled low-ATP burst-synchronized state was characterized by low-rate, high-Fano activity
with strong LFP-like oscillations. Thus, in this model the pathological signature of metabolic insufficiency is best described as
altered timing and synchronization rather than generalized rate elevation.

The ablation analysis supports this interpretation. Removing the energy-dependent leak-potential coupling reduced peak
burstiness, indicating that the € — E; pathway is a major amplifier of the seizure-like temporal pattern. However, networks
without this coupling still showed reduced firing rates under metabolic disruption, demonstrating that ATP production loss
affects network dynamics through more than one pathway. In contrast, the explicit spike-cost term had negligible effects at
the current network scale. These results suggest that the direct depolarizing feedback from low energy is important for the
characteristic burst-synchronized state, but it is not the only way that reduced ATP production shapes cortical activity.

The information-theoretic analyses provide a complementary view of this state transition. Reduced ATP production lowered
Shannon entropy and mutual information under the present short-word estimator, consistent with a loss of diverse spatiotemporal
activity patterns during seizure-like hypersynchrony?. These measures should be interpreted as regime-comparative summaries
rather than complete estimates of neural coding capacity, but they reinforce the distinction between firing rate and temporal
organization. The low-ATP burst-synchronized state was not merely quieter or more active; it occupied a more stereotyped
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activity regime.

Increasing inhibitory synaptic conductance suppressed this high-Fano oscillatory state despite persistently low €. Because
the manipulation was implemented as a qualitative scaling of GABAergic conductance rather than as a receptor-level or phar-
macokinetic drug model, the result should be interpreted as a test of GABA enhancement rather than a detailed benzodiazepine
simulation®. Within that scope, the simulations indicate that electrical suppression of the burst-synchronized state and recovery
of the metabolic state can be partially dissociated: enhanced inhibition reduced the electrical expression of the pathological
state without restoring € to baseline. This distinction is relevant to metabolic approaches to epilepsy, including ketogenic and
related interventions that target energy balance more directly than conventional anti-seizure suppression of network activity®.

The forward-backward sweeps further support a cautious form of path dependence. Along the ATP axis, branch separation
was strongest in the Fano-factor synchrony readout and decreased with longer dwell times, suggesting that slow relaxation
contributes to the apparent hysteresis. Along the GABA axis, the separation of high-Fano and low-Fano branches was more
consistent, while mean metabolic state remained far from baseline. The strongest conclusion is therefore not that the model
proves bistable coexistence of seizure and non-seizure states, but that burst synchrony can depend on recent metabolic and
inhibitory history, especially during inhibitory enhancement.

Several limitations should be considered. The neuronal parameters were fitted to representative human spiny neurons from
the Allen Cell Types Database and then assigned by layer to both excitatory and inhibitory populations; inhibitory identity
was represented primarily through network population, connectivity, and synaptic role rather than through separately fitted
inhibitory intrinsic parameters. The network architecture was based on the Potjans-Diesmann cortical microcircuit and scaled to
approximately 8,000 neurons, so finite-size effects and species-specific connectivity differences may affect transition thresholds.
The LFP proxy captures population-level temporal structure but not the full biophysics of extracellular recordings, and future
work could combine the model with forward-modeling tools such as LFPy. Finally, the metabolic component compresses
mitochondrial respiration, glucose and oxygen transport, calcium dynamics, and neuron-glia interactions into a single energy
variable. Extending the model with richer neurovascular and metabolic pathways could allow more direct investigation of
substrate supply, compensatory recovery, and pathologically uncoupled metabolic states'®26.

Overall, the results support the view that intracellular energy availability can function as a slow control variable for cortical
network stability. In the revised model, reduced ATP production is sufficient to transform stable asynchronous baseline activity
into a low-rate but burst-synchronized seizure-like regime, while increased inhibitory conductance can suppress the electrical
signature without correcting the underlying metabolic deficit. This provides a mechanistically interpretable platform for
studying how metabolic constraints, inhibition, and structured connectivity interact during seizure-like state transitions.

Methods

Neurons primarily utilize energy in the form ot adenosine triphosphate (ATP) molecules, which are converted into adenosine
diphosphate (ADP) during the process of consumption. A major consumer of ATP is the Na*-K*-pump, which maintains ion
concentration gradients between the intracellular and extracellular spaces. This is essential for facilitating a wide range of
cellular functions, including the formation of action potentials?’. The turnover rate of the pump is dependent upon the available
energy, or more specifically, the ATP/ADP ratio’®. A decline in pump performance results in a shift towards equilibrium
in ion concentrations, which in turn brings the reversal potentials closer to neutral. Experiments that block the pump have
demonstrated that neurons become more excitable with higher firing rates and elevated resting potentials>®3°. Conversely, when
ion concentrations are further removed from the resting state potential, the pump increases output and thus metabolizes more
ATP. This interdependency between resting state potential and energy state was successfully presented in the eLIF and mAdExp
models proposed by Fardet and Levina'®, which were demonstrated to be capable of emulating a wide range of behaviors,
including bursting phenotypes of cell populations.

Here, we refine the formulation of mAdExp'® and extend the model to larger, more complex networks in the form of a
simplified cortical column to demonstrate that the energy-related principle is applicable across different hierarchies and can
be employed to examine metabolic aspects of epileptic disease. We distinguish between energy production and consumption,
delineating their respective domains of action. To facilitate large-scale simulations, the neuron is assumed to be in energy
balance when the membrane potential is at rest. Accordingly, we consider energy consumption solely in the context of
depolarization and, subsequently, action potentials. The parameter oa7p represents energy-production capacity and can be
reduced to model metabolic stress, such as ischemia or related energetic alterations. Like the mAdExp model, our neuron
model exhibits a similar capacity to replicate biological findings of increased excitability with decreasing energy and a firing
arrest in neurons when € falls below the energy-viability threshold &,.

The modified mAdExp model
The core distinction of the mAdExp model lies in how the energy state modulates the leak reversal potential, £y, similar to
the model proposed in the foundational work of Fardet and Levina'®. In our modified model, however, the dynamics of the
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neuron’s energy state are governed by an energy-production term, AT P, and a consumption term representing pump activity, P,
rather than by the ATP/ADP ratio'®.

The modified mAdExp model is characterized by coupled update equations for the membrane potential V, the adaptation
current we, and the energy state €, as follows:

. E—¢ V-V
CV:gL(EL—V)+gLAT Cexp( th) +Ie_IS}fn_W£7
£ Ar

. & — &
if V < Vin EL:EO[l—dS(O )]
& — &

ore<eg €

TweWe = a(V —EL) —we + Ixatp ———,

we VVE ( ) € €C+2£ (1)

T:€ =ATP—P,
V%Vresetv

else:¢{ €<+ €—96,
We < We+b

The variable € is not intended to represent a directly measured ATP concentration. Instead, it is a normalized control
variable representing effective intracellular energetic availability and its impact on ATP-dependent membrane homeostasis. It
captures the effective balance between metabolic energy production and consumption that regulates ion pump activity and
thereby modulates neuronal excitability. The neuron emits a spike and resets when the membrane potential reaches the threshold
Vi, while the metabolic state remains above the energy-viability threshold €.. Similar to conventional integrate-and-fire
point-neuron models, subthreshold dynamics are governed by the passive leak current, characterized by the leak conductance
gL, leak reversal potential E;, and membrane capacitance C. The total input current includes a deterministic external input
I, and synaptic input from other neurons Iy,, which itself includes a stochastic noise component £ modeling background
fluctuations (Eq. 4).

Changes in ionic gradients resulting from reduced Na*-K*-punip activity primarily manifest as shifts in the neuronal resting
potential. We modeled energy depletion through a dynamic leak reversal potential to provide a computationally efficient
approximation of pump-mediated depolarization. Thus, unlike in standard integrate-and-fire models, the leak potential £y is not
fixed but depends dynamically on the neuron’s energy state €, shifting toward more depolarized values as energy is depleted.

To model the dependence of the sodium-potassium pump on available ATP3!, the leak reversal potential E; is modeled as a
linear function of the intracellular energy state €, such that decreasing energy levels lead to a depolarizing shift of the effective
resting potential. This relationship is expressed as a function of the reference reversal potential £y multiplied by a constant
dg, the corresponding reference (or basal) metabolic state &y, and the energy-viability threshold &.. This energy dependence
introduces a coupling between cellular excitability and the metabolic state variable.

The adaptation current w, includes a standard voltage-dependent adaptation term and an additional ATP-sensitive potassium
current (Ix47p) component that activates at low energy levels, distinguishing it from the standard AdExp model. ! represents
the energy cost required to restore potassium ions per unit of adaptation current.

The energy variable € evolves, with a time constant 7., according to a production-consumption balance, where AT P
represents energy supply and P denotes energy consumption. The energy equations for energy production AT P and pump
activity P are listed below.

ATP = (XATp(l — %) (2)

We

P=ap(V —E)o(V —Eo)o(s- (e &) + = 3)

Energy production AT P is maximal when the energy variable is fully depleted (¢ = 0) and vanishes at the resting energy
level (e = &), ensuring that the neuron does not accumulate energy beyond its baseline state. Energy consumption P is
proportional to the value of depolarization, (V — Ej), while hyperpolarization does not consume energy (Fig. 8). This assumes
that the main contributor to energy consumption is the sodium-potassium pump which acts against depolarization and uses
more energy as the neuron moves towards more positive membrane potentials>>33. Two sigmoid functions ensure that energy
consumption only occurs when the membrane is depolarized relative to the reference reversal potential Eg and is suppressed as
€ approaches the energy-viability threshold &.
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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 of
neuronal energy consumption occurs>’>34, Energy production and consumption are scaled by their respective parameters oa7p
and ap. Biologically, o47p can be interpreted as energy-production capacity, which may be impaired during stroke, injury, or
metabolic stress, while orp may increase in situations of neuronal stress such as when influenced by neurotoxic substances. Note
that AT P and P do not introduce additional state variables into the system. The model therefore remains a low-dimensional
three-variable dynamical system (V,we, €), preserving computational efficiency while retaining an interpretable representation
of metabolic dynamics. Accordingly, the model does not explicitly resolve mitochondrial ATP production, glycolytic flux,
metabolite transport, or subcellular energy compartmentalization.

After a spike is emitted, the membrane potential is reset to Vs and the energy is decremented by & to account for the
energetic cost of spiking. An immediate cost § is used because AdExp-type point-neuron models represent the action potential
as a threshold-triggered spike and reset rather than as a temporally continuous conductance process.

In the original model by Fardet and Levina,'® the energy term d; /dt was governed by a flex potential E and an energy-
depletion potential E;. The model presented here makes two major modifications: one, by introducing the factors os7p and
ap, the neuron’s energy production and consumption can be modeled and accessed directly. Two, as seen in Fig 8, the neuron
is metabolically at rest at & and Ey, unlike the original model where energy production and consumption were not limited
by a biologically corresponding capacity. Here, we assume that the neuron does not produce significant amounts of energy
beyond &y and similarly, does not consume great amounts of energy below Ey. A strictness parameter s modifies the slope of the
sigmoid curve for energy consumption, controlling how sharply consumption is suppressed as € approaches the energy-viability
threshold €.. Additionally, energy consumption is now directly proportional to the distance from Ej.

Through this coupling, intracellular energy acts as a slow control variable modulating neuronal excitability. As € decreases,
the effective leak reversal potential shifts toward more depolarized values, increasing the probability of spike generation.
Increased spiking in turn raises metabolic demand through pump activity, creating a feedback loop between energy depletion
and neuronal excitability. At the network level, this feedback can destabilize stable asynchronous baseline activity and promote

burst-synchronized oscillations.
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Figure 8. Phase-space with -nullclines. e-nullclines in the (V,€) phase plane for varied parameterisations of the modified
mAdExp model (left) and the original mAdExp model'® (right). Left panel: Nullclines are shown for different ratios of the
ATP production rate to pump efficiency, oa7p : 0p. The legend labels 1:1, 1:2, 1:5, etc. denote the aarp:Ctp ratio; as the ratio
shifts towards higher consumption (lower a47p relative to op), the nullcline moves downward, restricting the energy-viable
operating range. Right panel: Nullclines are shown for different separations AV = E; — E,; between the flex potential £; and
the depletion potential E; 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 current w is
held constant to isolate the differences in the energy mechanism between the two models.
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Cortical Microcircuit Network

For the network simulations, the cortical microcircuit model (CMC) as presented in'® was adapted to simulate the neuronal
architecture of cortical columns. The network consists of 8 populations representing layers 2/3, 4, 5, and 6, each divided into
excitatory (e) and inhibitory (i) subpopulations. Although the model is based on awake animals rather than human brains, it
was chosen here for its simple yet effective architecture.

Connectivity probabilities between populations were derived from the statistical connectivity map provided by Potjans and
Diesmann'®. The total network size was scaled to N ~ 8000 neurons (scale factor 0.1) to maintain computational tractability
while preserving network dynamics.

The synapses were modeled after>* and incorporate excitatory NMDA, AMPA as well as inhibitory GABA receptors on all
neurons with different parameters for excitatory and inhibitory populations. The total synaptic current is given by the sum of
the individual contributions:

Isyn = IAMPA.ext + IAMPA,rec + INMDA,rec + IGABA,rec +X (4)

Here, Ipprpa.exe Tepresents external background activity modeled as a Poisson process, while Iappa rec, INMDA, rec, and
IGaBA rec denote synaptic currents mediated by AMPA, NMDA, and GABA receptors, respectively. X represents stochastic
noise in the form of fluctuating currents. Following the convention of Brunel and Wang?*, individual synaptic currents are
defined as I = g(V — V,.,)s, representing transmembrane ionic currents; the total synaptic current enters the membrane equation
(Eq. 1) with a negative sign. The details of synaptic currents are shown below.

Cext

Dapaexe(t) = gampaexs (V () = Vi) Y 531704 (1) )
=
& Ampa
Iampa rec(t) = gamparec(V(t) = VE) Y} 857 "(1) (6)
=
V(t)-V, &
It ree(t) gvmpa(V(t) — Vi) Y DA %

1+ [Mg*]exp(—0.062V (1)) /3.57 &

Cq
I6ABA rec(t) = gaa(V (1) = V1) ) sGABA(1) ®)
|

The synaptic currents are determined by the product of synaptic conductance (gaypa,ext» SAMPA,recs NMDA> and gGABa)
and the receptor gating variables, s, driven by incoming presynaptic spikes during each time step. C,, represents external
neural cells, Cg denotes excitatory cells, and Cy corresponds to inhibitory cells within the population. Individual presynaptic
events incremented their corresponding gating variable with unit weight. Unless explicitly manipulated in a perturbation
protocol, the synaptic conductances gaapa ext» SAMPA,rec> SNMDA»> and gGapa remained fixed throughout the simulation. The
excitatory reversal potential, Vg = 0mV, is uniform across all excitatory synapses, while the inhibitory reversal potential is set to
Vi = —70mV, primarily determined by the chloride ion concentration gradient. Although metabotropic GABA receptors exist,
this model simplifies all GABA receptors into simple ionotropic conductance-based synapses>>. All synapses are connected
with a 2-millisecond delay. To emulate the voltage-dependent magnesium block of NMDA receptors, the current is modulated
by a sigmoid function, considering an extracellular magnesium concentration of Mg>* = ImM.

The gating variable for NMDA channels is characterized by a rise time of Tyypa rise = 2ms, a rising rate of & = 0.5 ms !,
and a decay time of Tyypa decay = 100ms.

dsNMDA (t) SNMDA (t)
J j NMDA
=— +ax;(t)(1—ys" t ©)
dt TNMDA decay gl / 1))
dx;(1) x;(1) k
=— +X6(t — 1 10
dt TNMDA rise €d(t=1j) (19)

an

For AMPA and GABA channels, the rise times are considered to be instantaneous and can therefore be neglected. Their
gating variables are described by simple decay equations, with respective decay times of Taypa = 2ms and Tgaps = 10ms:
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The CMC-based networks used in this study are visualized in Fig. 9.
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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.!® Synaptic currents
include NMDA, AMPA, and GABA dynamics based on Brunel and Wang.?* The LFP-like proxy is approximated by summing
synaptic currents onto excitatory populations, following the approach from Mazzoni et al. >

Local Field Potential
To bridge the gap between spiking activity and macroscopic signals measurable in clinical settings, we estimated the Local
Field Potential (LFP). Recent studies suggest that the main contributors to the LFP are the transmembrane currents of pyramidal
neurons, due to their parallel alignment and large dendritic trees>°.

We use a simplified LFP-like proxy derived from aggregated synaptic activity to capture coarse-grained temporal structure
across network states.

Let & = {L2/3e,L4e,L5¢,L6e} denote the set of excitatory populations, then:

LEP(r) o< ¥ (Iihapa (1) + Kaioa (1) + 125 (1) (14)
peESE

This computed proxy signal was then bandpass filtered between 1.5 Hz and 100 Hz using a 4th-order Butterworth filter to
match the typical frequency range of clinical EEG/LFP recordings.

This readout is intended for qualitative comparison of dynamical regimes, not quantitative forward modeling of extracellular
field potentials.

Data Analysis and Metrics

Network Synchrony

Network synchronization was evaluated using the Fano Factor of the population spike counts, a standard measure of bursti-
ness3”-38, For a given time window W, the spike count N(z) was calculated, and the Fano Factor was defined as the ratio of the
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variance to the mean of the spike counts:
~ Var(N(t))
u(N(r))

High values (FF > 1) indicate bursty, synchronized firing characteristic of seizure states, while values near 1 indicate
Poisson-like asynchronous activity.
Additionally, the Kuramoto order parameter R(¢) was computed to measure phase synchrony>”“?, Spike trains were

FF (15)

converted into instantaneous phases ¢;(z) via linear interpolation between spike times tj? and tf“:
(1) —2n7t_tf for tk <r <1 (16)
A S B J= J
J j

The global order parameter was then calculated as:
Iy i9;(t)
R(r)=|<= ) &% 17
0=|3Le a”

where R(t) ranges from O (incoherent firing) to 1 (perfect synchronization).
Single-neuron spike-time irregularity was quantified using the coefficient of variation of inter-spike intervals (ISI CV),
computed separately for each excitatory neuron with at least three spikes in a given epoch and then averaged across neurons.

OisI
CVis1 = —,

His1

where oysy and sy are the standard deviation and mean of that neuron’s inter-spike intervals.

Information Theoretic Metrics

To compute information-theoretic quantities, continuous spike trains were first converted to binary sequences. The simulation
interval of interest (after discarding a transient warm-up period of 100 ms) was divided into non-overlapping time bins of width
At =2ms. Each bin was assigned a value of 1 if at least one spike occurred within it, and O otherwise, yielding a binary string
of length N, for each trial. Consecutive bins weie grouped into non-overlapping spike words of length L = 3 bins, spanning a
temporal window of L x Ar = 6ms. Because the present estimator uses short binary words, the resulting entropy-rate values
should be interpreted as lower-bound, regime-comparative summaries rather than complete characterizations of neural coding.
Sliding this window across the binaiy string produced a sequence of N,y,,q5 = Npins — L+ 1 words per trial. Each word is an
element of the set {0, 1}%, giving a maximum possible vocabulary of 2- = 8 distinct patterns. The short word length L = 3
was chosen as a pragmatic comproinise: it keeps the vocabulary small (23 = 8 patterns) so that the empirical word-frequency
distribution converges reliably from the available number of trials, while still capturing pairwise temporal correlations across
the 6 ms window. This choice follows the recommendation of Strong et al.*!, who showed that entropy estimates from short
binary words converge rapidly and can be systematically extrapolated, and is further supported by the analysis of Nemenman et
al.*, who demonstrated that Bayesian entropy estimators remain well-behaved at small word lengths even with limited data.

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

H =~ Y p(w)log; p() as)

where p(w) is the empirical probability of word w obtained by counting its occurrences over all K x N .45 pooled words.*
H is measured in bits per word and quantifies the overall variability of the spike code. The entropy rate H was defined as:

- H
LAt

and is expressed in bits per second. This quantity approximates the rate of information generation; its exact value converges
to the true entropy rate in the limit L — oo, **

The noise entropy H,,ise captures trial-to-trial variability in the spike code for the same stimulus context. For each word
position ¢, the distribution of spike words across the K trials was computed, and the entropy of that distribution H; was calculated.
The noise entropy was then the mean over all word positions:

19)
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Hpoise = Z H; (20)
Nyords =1

The mutual information (MI) between the stimulus context (metabolic parameter condition) and the neural response was
estimated as the difference between the total entropy and the noise entropy:

MI = max (0, H — Hyoise) (2D

measured in bits per word. This follows the "direct method" framework,*! in which the signal entropy reflects the diversity
of responses across conditions, and the noise entropy reflects the variability of responses within a single condition.

These measures are used here as comparative descriptors of regime-dependent spike-pattern diversity, not as exhaustive
estimates of cortical information processing capacity.

Trial Design and Averaging in Perturbation Experiments

Single-cell analyses: A single-compartment modified metabolic adaptive-exponential (mAdExp) neuron received an Orn-
stein—Uhlenbeck (OU) noise current with mean ,;,¢4,,, correlation time 7,5 = Sms, and amplitude ©;,y;5.. For each parameter
condition, K = 10 (1-D sweeps) or K = 5 (2-D grid) repeated trials were run using a frozen-noise design, so corresponding
trials reused the same noise realization across parameter conditions. Spike trains from all K trials yielded H, H, and MI for that
condition.

Network analyses: The eight-population cortical column model was parameterised per layer from fitted single-cell
parameters.'® For each metabolic perturbation condition, K = 3 network trials weie run. Spike trains of each of the eight
populations (excitatory and inhibitory neurons in layers 2/3, 4, 5, and 6) were analysed independently, and population-level
measures were averaged across populations to produce network-wide entropy, entropy rate, and mutual information. A
Kuramoto order parameter was additionally computed across the network to quantify synchrony.

1-D sweeps: A single metabolic parameter 6 was multiplied by a scalar ¢ € {0.80, 1.00, 1.20} (single-cell) or by a scalar
spanning 0.30x to 2.00x baseline (network), while all other parameters were held at their fitted baseline values.

2-D grids: Pairs of parameters (0, 6,) were jointly varied over a 28 x 28 grid of multipliers linearly spaced in [0.30,3.00],
yielding heatmaps of each metric over the joint parameter space.

Hysteresis analysis

The temporal ATP/GABA perturbation protocoi shown in Fig. 6 used fixed epochs to visualize the full sequence of stable
asynchronous baseline activity, ATP reduction, inhibitory-conductance enhancement, inhibitory-conductance withdrawal, and
ATP restoration. To verify that the reported low-ATP burst-synchronized and GABA-enhancement low-energy values did not
reflect arbitrary epoch durations, we separately repeated the protocol with adaptive phase lengths. In that control, each phase
was continued until mean excitatory firing rate, population Fano factor, mean excitatory metabolic state, and LFP-proxy RMS
satisfied the stability criteria reported in Supplementary Table S1 over the most recent 3 s window.

To test whether the network response depended on recent perturbation history, we performed two forward-backward sweep
protocols on the cortical microcircuit without reinitializing the network between successive parameter steps.

In the ATP-axis sweep, a scalar disruption parameter A € [0, 1] interpolated between baseline metabolism and the low-energy
perturbation used in the temporal disruption experiment. At A = 1, ATP production was reduced to 0.3x baseline in the
superficial populations (L2/3 and L4) and to 0.5 x baseline in the deep populations (L5 and L6). In the GABA-axis sweep, ATP
production was held at these low values while inhibitory conductance was scaled from 1.0x to 2.0x baseline and then returned
to baseline.

Both sweeps used a step size of 0.05, yielding 21 forward parameter values and 20 backward values while omitting a
duplicate measurement of the turning point. The main Fig. 7 sweep panels summarize five independent seeds using a 2.0 s
dwell protocol at each parameter value, consisting of 1.5 s equilibration followed by a 0.5 s measurement window. A longer
4.0 s dwell protocol, consisting of 3.0 s equilibration followed by 1.0 s measurement, was used as a supplementary control for
slow relaxation. Three observables were used to characterize network response: population Fano factor, mean excitatory firing
rate, and mean excitatory metabolic state €. Population Fano factor was computed from pooled excitatory spike counts (bin size
5 ms, sliding window 100 ms), mean firing rate was obtained from the aggregate excitatory spike count divided by the number
of excitatory neurons, and € was calculated by averaging the recorded energy state across excitatory neurons.

In addition to the forward-backward sweeps, regime separation in Fig. 7a was quantified from the fixed-duration temporal
perturbation experiment using plateau windows chosen to avoid transition transients: stable asynchronous baseline (2.0-3.0 s),
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).
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These plateau samples were projected into a reduced metric space defined by firing rate, Fano factor, and mean metabolic state
to compare the stable asynchronous baseline, low-ATP burst-synchronized, GABA-enhanced low-energy, and recovery regimes
in the measured observables. The settled numerical values reported in the Results come from the separate adaptive-duration
control described above.

Voltage Fitting Procedure

To constrain the model parameters to biologically plausible regimes, model parameters were fitted to human cortical current-
clamp recordings from donor H17.06.003 obtained through the Allen Cell Types Database (http://celltypes.brain-map.org)>3.
Representative spiny neurons from layers 2/3, 4, 5, and 6 of human cortical tissue from donor H17.06.003 were selected
from long-square-pulse current-clamp recordings. These fitted layer-specific intrinsic parameters were then assigned to both
excitatory and inhibitory populations in the network model; inhibitory identity was represented by population membership,
connectivity, and synaptic role rather than by separately fitted inhibitory intrinsic parameters.

The fitting procedure consisted of a two-stage process: initialization of passive properties followed by numerical optimization
of active and metabolic parameters.

First, passive parameters were estimated from subthreshold responses. The resting membrane potential £y was determined
as the median voltage during periods of zero current injection. The membrane time constant 7, was estimated by fitting an
exponential decay function to voltage relaxations following small current steps (< 5pA). The total conductance g;,; = g1 +a
was derived from the slope of the steady-state voltage (Vi) versus input current (/) curve in the subthreshold regime. The
membrane capacitance was then calculated as C,,, = T, - g0r-

Second, global parameter optimization was performed to fit the dynamic response, including spiking behavior and adaptation.
A composite loss function L that penalizes both the mismatch in voltage traces and the discrepancy in spike counts was defined
as:

1

L(e) = N Z(Vmodel (ta 9) - Vexp(t))z + af(Nmodel - Nexp)2 (22)
t

where V,y,, is the experimental voltage trace, Viuoq.r 1S the simulated trace given parameters 8, Ny, and N4 are the total
spike counts, and A = 10 is a dimensionless weighting factor enforcing accurate firing rates. To prevent the loss function being
dominated by the narrow, high-amplitude action poteniials, both V,,44.; and V., were clipped at the firing threshold V;;, prior to
calculating the mean squared error (MSE).

The experimental data were downsampled to 10 kHz, and the first 20 seconds of the recording were used for fitting. The
optimization was performed using the Nelder-Mead simplex algorithm* as implemented in SciPy, minimizing L(8) over the
parameter space of the model. Bounded constraints were applied to ensure all parameters remained within physiologically
realistic ranges (e.g., Te > 0, op > 0). After fitting, selected parameters (dg, 0tp, and §) were set uniformly across the network
to maintain numerical stability, as noted in Supplementary Table S2.

Numerical Simulations

The models were implemented using the Brian2 library*® in Python 3 with a fixed time step of 0.1 milliseconds. Exact model
parameters for the simulations can be found in Supplementary Tables S2 and S3. Simulations were conducted and analyzed on
an AMD Ryzen 5 2500U processor and integrated Radeon Vega Mobile graphics card.
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