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Abstract

Electrical stimulation of nervous tissue is grounded in well-established biophysical

principles, yet understanding its precise effect on neural activity remains challeng-

ing. This represents a major obstacle to both scientific and clinical applications of

electrical brain stimulation.

We here show that the reciprocity theorem of electromagnetism can be applied more

broadly than previously acknowledged, providing a framework for elucidating the

effects of electrical brain stimulation on neurons. Through this new perspective, we

account for the observed weak frequency-dependence of extracellular electrical

stimulation–induced membrane potential changes, and demonstrate a 1/r falloff for

nearby and 1/r2 falloff for distant neurons.

We also show that for transcranial electrical stimulation, the susceptibility of a neu-

ron to the stimulation is directly proportional to the size of the current dipole moment

resulting from somatic current input. The induced somatic membrane potential

changes are small and exhibit weak spatial but strong orientation dependency across

human neocortex.

The reciprocity-based approach to electrical stimulation reproduces a large body of

previous experimental data, and provides new insights into how ES affects neurons.

Author summary

Electric brain stimulation is widely used in neuroscience and medicine, from
mapping brain function during surgery to treating disorders such as Parkinson’s
disease and depression. Yet predicting how stimulation alters neural activity
has remained difficult, slowing progress in optimizing therapies and minimizing
unwanted side effects.
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We here show that a classical physics principle—the 170 years old Reciprocity
Theorem—can be applied in a new way: Reciprocity allows us to directly predict,
using a simple and efficient method, how neural membrane potentials respond to
both intracranial and transcranial electric stimulation.
This method provides new insights into how electric stimulation affects neu-
rons, reproduces a wide range of previous experimental results, explains recent
counter-intuitive experimental findings and makes new testable predictions.
The reciprocity-based approach to electric stimulation enables directly optimizing
for a cell-type and frequency-specific membrane potential response, which paves
the way for more controllable electric stimulation.

1 Introduction

The reciprocity theorem (RT) is a foundational principle in physics, stating that in
linear systems the source and the measurement sites can be swapped without a
change in the measured signal. It was originally formulated more than 170 years
ago in the context of electromagnetism [1], but has extended to a wide range of
disciplines [2], including antenna design [3], biomedical imaging [4], earthquake
seismology [5] and distance measurements in cosmology [6]. In the context of
neuroscience, the RT has been used to swap the location of extracellular current
sources—sometimes in the form of equivalent current dipoles—and extracellularly
measured electric potentials [7,8]. Here we draw attention to the observation that
the RT is also valid for intracellular current sources in the approximately linear (sub-
threshold) domain. This opens up the possibility to directly studying how the somatic
membrane potential is affected by extracellular current stimulation in a straightfor-
ward manner.

Extracellular potentials in neural tissue can be generated by exogenous currents,
delivered either directly into extracellular tissue via invasive electrodes, referred to
here as extracellular electric stimulation (ES) [9,10], or in a non-invasive manner, via
transcranial electric stimulation outside the head (tES), which includes tACS, tDCS,
and temporal interference (TI) [11]. Medicine and neuroscience have more than
two centuries of experience with ES and tES [9,12], mapping the function of brain
areas [12], studying functional connectivity [13,14], guiding awake neurosurgery [15]
and treating neurological disorders such as Parkinson’s disease, dystonia, depres-
sion, and epilepsy [9,16,17].

We have a reasonably good understanding of the biophysics underlying single
neurons and how these generate extracellular potentials Ve, stemming from mem-
brane currents propagating through an essentially ohmic extracellular medium [18–
20]. Computer modeling of these mechanisms, based on the low-frequency, electro-
quasistatic, ohmic-current-dominated approximation to the Maxwell equations, to
study neural function is a mature field that has received substantial attention over the
past decades [18–25].

The opposite situation, that is, how extracellular potentials influence sub-threshold
and spiking activity is, on the other hand, insufficiently understood. This is true for
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intracranial microstimulation [14,26–28], but even more so for ES that targets larger brain regions, like Deep Brain Stimu-
lation (DBS) [9,17,29]. For tES, and, in particular, the emerging technique of TI [30–34], the causal mechanisms underly-
ing any behavioral effects, above and beyond indirect effects (e.g., peripheral stimulation), remain controversial [11,35].

The basic biophysical mechanism underlying ES in the low kHz range has been well described in the literature [36–
41]: A spatial gradient in the electric potential outside a neuron’s morphology will affect the neuron’s membrane poten-
tial. Given the known biophysics it is, in principle, straightforward to estimate the effect of ES via computational modeling
[27,31,42–46]. However, given the daunting complexity of nervous tissue, together with the multi-dimensional nature of
ES (geometry of stimulating electrodes relative to the distance and morphology of neurons, temporal-frequency content,
amplitude, etc.), translating individual simulations into an intuitive understanding of how ES affects neurons has proven
challenging.

This difficulty is well illustrated by the recent results of Lee et al. (2024) [28], where even single-cell subthreshold—
and therefore presumably approximately linear—effects of ES in cortical slices are not easy to understand: They reported
robust frequency-independent ES responses that were similar across cell-types, brain regions, and even species. This
was surprising, because neurons are known to exhibit frequency-dependent behavior and have substantial cell-type spe-
cific variability in their morphological and electrophysiological properties. Neurons, therefore, have strong frequency- and
cell-type dependent responses to intracellular current input.

This is where the Reciprocity Theorem (RT) can be helpful. It applies to Maxwell’s equations of electromagnetism for
time-invariant, linear media, in which the current is linearly related to the electric field. Intuitively, reciprocity implies that
the relationship between an oscillating current and the resulting electric field is unchanged if the points where the cur-
rent is placed and where the field is measured are interchanged [1,7,8]. The RT has often been applied when calculating
extracellular potentials from current sources [47–50], or EEG signals from current dipoles [20,50–53]. The RT has also
been used in the context of optimizing electric brain stimulation, in particular for tES [52–56]. Importantly, however, these
previous usages of the RT did not explicitly consider neurons or their properties, only the neural tissue as a whole (Fig 1A
and 1B).

The RT is, however, also applicable if the current source is intracellular. In our context, the RT states that for any tissue
characterized by an electrical network consisting of ideal capacitances, inductances, resistances, and batteries, a change
in the membrane potential Vm(r′) due to an extracellular current source Istim at location r is equivalent to the change in the
extracellular potential Ve(r) due to a current input Istim at cellular location r, (Fig 1C and 1D). This is convenient because it
allows us to apply our understanding of how extracellular potentials are generated by neural activity [20] to better under-
stand the effect of ES on the membrane potential of single neurons.

The RT is useful in systems with locations of special interest where one would like to know the measured signal result-
ing from sources at arbitrary locations. The cell body of a neuron is such a singular place. In the traditional approach to
simulating ES, we simultaneously calculate the Vm response at all cellular locations in response to an extracellular current
source. However, experimentalists are often primarily interested in the somatic response to ES, both because this is by far
the most accessible region of a neuron, and because the soma is electrically tightly coupled to the axon hillock where Vm

is transduced into action potentials that are the relevant output of any spiking neuron. That is, knowing the somatic Vm is
highly informative about the likelihood of that neuron generating one or more action potentials.

Let us compare the two approaches.
The standard framework has two steps; the first one involves calculating the extracellular potential resulting from the

ES. The second step is simulating the effect on Vm from the spatial gradient of this extracellular potential over the neural
morphology. Both these steps can be numerically evaluated, but building a good, intuitive understanding is hard. In partic-
ular, the second step is opaque, and non-intuitive, even to long-time practitioners of the art, so that insights do not transfer
well to other scenarios or parameters.

With intracellular somatic current input, the situation is easier—calculating the resulting membrane currents, and the
resultant Ve everywhere has been the goal of cable theory for the past century thanks to the efforts of Hodgkin, Huxley,
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Fig 1. The reciprocity theorem in the context of electric brain stimulation. A, B: The traditional usage of the RT is to link extracellular current
sources to extracellular potentials (or sometimes current dipoles to electric fields), without explicitly considering neurons and their properties [52–56]. C,
D:We here point out that by moving the current source into the cell the RT can be used to directly account for the effect of ES on membrane potentials.
Note that the intracellular stimulation current in panel D should be treated as part of the membrane current (see Methods).

https://doi.org/10.1371/journal.pcbi.1013782.g001

Cole, Rall, Jack, Noble, Tsien and others, with a well-developed calculus and intuition [20,57,58]. From a somatic intracel-
lular current source, we simultaneously compute Ve at all relevant extracellular locations. Through the RT, we therefore
know the somatic Vm response to ES from any of these locations. The RT-based approach therefore allows us to take a
soma-centric viewpoint that is advantageous.

The RT assumes linearity, and since neurons often behave approximately linearly in the subthreshold regime [59–61]
(as we will demonstrate later), the RT can be applied to study the subthreshold effects of ES. Thus, if we can calculate
the extracellular potential resulting from somatic current input, we know the somatic membrane potential response to the
same extracellular current (Fig 1). Perhaps counterintuitively, the RT is also, as demonstrated here, germane to tES as
practiced today, where ES current flow is limited to 4 mA or less [62].

We here first show how the RT is applicable to accurate simulation of ES on biophysically-detailed and simplified mod-
els of cortical and subcortical neurons. We demonstrate how this approach aids in understanding of ES on different neural
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elements, and how this can explain many empirical findings, and make new predictions. We then apply the RT to infer the
effect of tES on single neurons, deep inside the human brain.

2 Results
2.1 Validating the reciprocity-based approach

We consider the effect of an extracellular sinusoidal current Istim at location rEC on the somatic Vm of a canonical rat corti-
cal layer 5 pyramidal cell with detailed dendritic morphology and ten voltage- and calcium-dependent membrane conduc-
tances distributed through the cell (Fig 2A) [63].

In accordance with the RT, the model shows that Vm induced by ES—here a current of 1 µA and 10 Hz induced a
peak Vm of 2.7 mV (Fig 2B)—is indistinguishable from Ve at location rEC due to intracellular current input Istim to the soma
(Fig 2B and 2C, “reciprocity-based”).

Amplitudes for ES are, however, typically large compared to intracellular currents (mA vs. nA) which would trigger
hyper-excitability if delivered intracellularly to active cell models. To readily apply the RT to active cell models, we avoided
this methodological issue in Fig 2 by using a fixed subthreshold current amplitude for the intracellular current to the active
cell model, and re-scaling Ve to reflect the current amplitude used for the ES. That is, while ES is applied directly to the
fully active cell model, the reciprocity-based approach is a linear extrapolation of the subthreshold response of the active

Fig 2. Applying the reciprocity theorem to subthreshold ES of a compartmental model of a cortical neuron. A: Stimulating a canonical cortical
layer 5 pyramidal cell (PC) model [63] with a nearby current (orange dot, 50 µm outside the soma), while recording the somatic membrane potential
(green dot). B: Vm responding to ES of 10 Hz and 1 µA (black line). The reciprocal situation, i.e., injecting the same current into the soma while measur-
ing changes in Ve at the orange dot, leads to indistinguishable results (blue dashed line). Note that the reciprocity-based solution predicts the membrane
potential response, that is, the deviation from the baseline, but not the resting membrane potential itself. C: Same as in B, but for a 1000 Hz, 10 µA cur-
rent. D: Same as in B, but for a 10 Hz, 10 µA current. This combination of amplitude and stimulation frequency evokes action potentials, and is therefore
outside the linear regime. E: The relative error as a function of Vm at the stimulation frequency, for three different models: the layer 5 pyramidal cell from
panel A, a mouse cortical layer 5 GABAergic PV interneuron (IN), and a straight, unbranched myelinated axon with periodic nodes of Ranvier (see Meth-
ods). We injected different currents (0.1, 0.5, 1, 5, 10, 50, 100 µA) at different frequencies (1, 10, 100, 1000 Hz) and distances (25, 50, 100 µm) from
the target compartment (soma for the PC and IN model; closest axon terminal for the axon model). The instances of panels B, C, and D, are marked,
respectively, by a large blue square, diamond, and triangle. The relative error is defined as SD(VES − Vreciprocity-based)/SD(VES). F: For each cell model
100 simulations were executed with small increments in the ES amplitude, where the range of amplitudes was chosen so that all models spiked for
the highest amplitude. The highest subthreshold amplitude response in the target compartment was identified, and the spike threshold was defined
as 0.1 mV above this value. The relative error of applying the RT-based approach is plotted versus the distance of the resulting membrane potential
response from spiking threshold (only including subthreshold simulations). The ES was 50 µm outside the target compartment and had a frequency of
100 Hz.

https://doi.org/10.1371/journal.pcbi.1013782.g002
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cell model (see Methods). This approach can be expected to be accurate when the membrane potential response from
ES is within the linear regime. Indeed, the active cell model effectively responds linearly to ES, in line with experimental
observations [59,61]. This remains true if ES is increased to 10 µA with a frequency of 1 kHz (Fig 2C), giving a peak Vm of
7.8 mV from rest (Fig 2C).

However, the closer Vm veers to the cell threshold, the less applicable the RT will be. Thus, for ES that directly evokes
spikes (here a current of 10 µA at 10 Hz), the RT approach is not reliable (Fig 2D). We quantify the relative error of apply-
ing the reciprocity-based approach. This error is zero for passive cell models, a few percent for active models if the
evoked Vm < a few mV (Fig 2E, dots) but abruptly increase for ES amplitudes that are driving the values of Vm close to
or above the threshold for spiking. The relative error is 1.1%, 4.6%, and 12% for the pyramidal cell, the interneuron, and
the axon terminal models, respectively, 1 mV below the spiking threshold, and reduces to 0.3%, 2.5%, and 4.0% at 5 mV
below the spiking threshold (Fig 2F).

We thus confirmed that the RT-based approach gives similar numerical predictions to the traditional approach in the
approximately linear subthreshold regime. We can also compare these numerical predictions to measurements from the
experimental literature: Lee et al. (2024) [28] recorded somatic Vm responses to ES of 100 nA, at a distance of 50 µm
from the soma (in the frequency range 1–100 Hz) of about 0.3 mV. How does this compare to our results? At 10 Hz and
a distance of 50 µm, a 1 µA current amplitude yields a Vm of about 3 mV (Fig 2B). Extrapolating linearly, the predicted Vm

of an ES of 100 nA will be 0.3 mV, very similar to Lee et al. (2024) [28]. This serves as a qualitative check, confirming that
our results are biologically plausible.

2.2 RT for studying the effects of ES on different neural elements

The effect of ES on the somatic Vm is informative about how the neuron’s spiking activity will be affected (while spike initi-
ation happens at the axon initial segment, it is electrically closely coupled to the soma). Via the RT this can be studied by
considering Ve from a somatic current input. This is convenient because we have a good understanding of how neurons
generate extracellular potentials [20,22]. We therefore review some general features of extracellular potentials generated
by current input to neurons, and consider the implications for how neurons are affected by ES.

For clarity of exposition, we restrict ourselves to passive cell models, but as demonstrated in Fig 2, our results are
directly relevant for active cell models operating in the subthreshold regime.

2.2.1 Pyramidal cells. We consider a passive version of the cortical rat layer V pyramidal cell (PC) model from
Hay et al. (2011) [63] and calculate Ve resulting from somatic white-noise current input. All frequency components of the
white-noise current have an equal amplitude of 1 nA (Fig 3A).

The amplitude of a frequency component of Ve at any given location corresponds, through the RT, to the amplitude of
Vm caused by a sinusoidal ES at that particular frequency and location. Note that we have effectively quantified the sub-
threshold ES response of the neuron model for any ES location through a single simulation with Ve calculation. For the
traditional approach to simulating ES, each ES location requires a separate simulation.

The Ve from somatic current input has a dipole-like shape, aligned with the orientation of the apical dendrite, perpendic-
ular to the cortical surface (Fig 3A), as expected from theory [20]. The negative regions of Ve correspond to where Vm is
180 degrees “out of phase” with the ES, that is, where Vm will be positive (depolarizing) in response to the negative phase
of ES. This is again consistent with literature [28,64]. ES located in the crossover region between the negative and the
positive regions of Ve will have a negligible effect on the somatic Vm, while for ES in the positive region outside the apical
dendrite, the somatic Vm will “be in phase” with the ES, that is, the Vm response will be positive to the positive phase of
ES.

ES will always depolarize one region of a neuron, while hyperpolarizing others [45,46,64–66]. Indeed, it is impossible
to devise an ES that will have a purely depolarizing or hyperpolarizing effect across an entire neuron. This can also be
shown through the RT: Current conservation ensures that at any given time, a neuron’s membrane currents must sum to
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Fig 3. Extracellular potentials surrounding different neural models are informative about the effect of ES. A: Ve following somatic white-noise
current input, where each frequency component has an amplitude of 1 nA (see Methods), to a passive rat cortical layer 5 pyramidal cell (PC) model
(passive version of the model shown in Fig 2A). Ve is calculated on a dense grid around the neuron. Through Fourier analysis, the 1 Hz (top) and
1000 Hz (bottom) components of Ve are extracted (see Methods). B: Same as in panel A, except for a passive mouse cortical layer 5 interneuron model
(IN). C: Same as in panel B, except for a passive myelinated axon model, with the current input at the terminal end. The axon is oriented vertically, par-
allel to the apical dendrite in panel A. D: Same as in C, except that the current input is in the middle of the axon. E: Ve as a function of distance from the
site of current input, calculated along the dotted lines in A-D (at -30∘ relative to the horizontal direction). Different colors correspond to the four different
scenarios in panels A-D, as well as Ve from a point source (PS). Full and dashed lines correspond to 1 Hz and 1000 Hz input respectively. F: Ve as a
function of frequency for white noise current input, calculated at two different distances along the dotted lines in A-D. Full and dashed lines correspond to
10 µm and 10,000 µm distance respectively. All amplitudes are normalized to the value at 1 Hz.

https://doi.org/10.1371/journal.pcbi.1013782.g003

zero, and extracellular potentials are therefore intrinsically dipole-like in nature, with both positive and negative regions.
A current input to the soma or to the apical dendrite will give rise to dipole-like extracellular potentials of opposite orienta-
tion [20,67,68]. As a consequence, ES will have opposite effects on somatic and apical dendritic Vm.

Interestingly, in analogy to how pyramidal neurons are expected to dominate LFP/EEG/MEG signals because they are
spatially aligned [20,23,69], this geometrical alignment also predicts that pyramidal cells with approximately the same ori-
entation and distance from an extracellular current source will be affected in the same manner. We can therefore expect
distant ES to have a synchronizing effect on pyramidal neurons next to each other with the same orientation (i.e., in the
same gyrus; [45]).

The Ve from somatic current input becomes more spatially confined at higher frequencies (Fig 3A), as expected from
intrinsic dendritic filtering [20,67]. This suggests that, in general, low-frequency ES will have a stronger effect on Vm than
high-frequency ES. Importantly, however, Ve close to the soma is relatively frequency-independent below about 100 Hz
(Fig 3F). This surprising result—the effect of ES on near-by cell bodies is approximately frequency independent—was
reported—but left unexplained—in experimental ES work by Lee et al. (2024) [28].

As earlier noted, in the traditional approach to simulating ES, each ES location requires a separate simulation, which
has made general insights regarding the distance-dependence of ES hard to extract. Through the RT we can, however,
draw from the well-established theory of extracellular potentials, and how they, for example, decay with distance from the
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electrode. To understand how ES decays with distance, assuming an infinite, homogeneous and isotropic volume conduc-
tor, we approximate Ve at location r for a model with N compartments via the point-source approximation [20,22],

Ve(r, t) =
N

∑
n

Im,n(t)
4𝜋𝜎|r − rn|

, (1)

where Im,n is the membrane currents of compartment n, 𝜎 is the extracellular conductivity, and rn is the position of com-
partment n.

Sufficiently close to a soma (at rs=0), Ve will be dominated by the somatic membrane current alone [20,70],

Vnear
e (r, t) ≈

Im,s(t)
4𝜋𝜎|r| . (2)

This “monopole”-like approximation is accurate as long as |r| << the frequency-dependent length constant [20], and the
region where Ve ∝ 1/|r| is valid can be roughly estimated from Fig 3E. In absence of other inputs, the somatic membrane
current itself will be dominated by the input current which counts as part of the membrane current Im,s ≈ Istim,

Vnear
e (r, t) ≈ Istim(t)

4𝜋𝜎|r| , (3)

confirmed in Fig 3E (blue versus gray line). It follows that in the near-field limit, the amplitude of Ve will be approximately
frequency-independent, and that for near-by ES, the specific membrane properties are of limited importance for determin-
ing the response of Vm. The dominating factor is the ES current itself, as seen in our simulations for different cell models
(Fig 3E).

Sufficiently far away from the neuron, we can express Ve in terms of the current-dipole approximation [20],

V far
e (r, t) ≈ ps(t) cos 𝜃

4𝜋𝜎|r|2 , (4)

where ps is the current-dipole moment of the cell resulting from the somatic current injection, and 𝜃 is the angle between
the dipole orientation and the measurement point. In this far-field regime, Ve decays with distance as 1/r2 (“dipole”-
like) [20,70], and has a clear, albeit still relatively weak, frequency dependence above about 10 Hz (Fig 3F). From use of
the RT, these properties are expected to apply to responses of Vm to distant ES as well.

Interestingly, we deduce that for distant ES—like tES—the somatic Vm response of a neuron is proportional to the cur-
rent dipole moment of that neuron in response to somatic current input ps. Cellular features which maximize ps will there-
fore also maximize the ES sensitivity. To give an example of how this insight might be useful: Vieira et al. (2025) [71]
demonstrated that a small subgroup of cells were particularly strongly affected by tACS. Our results predict that this sub-
group of neurons should exhibit particularly strong current-dipole moments from somatic current input, which is straight-
forward to simulate. This can potentially be used to identify this particularly tACS-sensitive population by scanning through
data bases of cell models.

2.2.2 Interneurons Somatic current to a mouse layer V PV-interneuron model results in a Ve with a dipole-like
shape (Fig 3B), whose orientation depends on the geometry of dendrites. Since interneurons lack apical dendrites, the
effect of ES on a population of interneurons will be more variable than for pyramidal neurons, and we cannot a priori
expect the ES to have a synchronizing effect [45,67,68].

Lee et al. (2024) [28] reported Vm of similar amplitudes in pyramidal neurons and interneurons responding to nearby
ES. This is consistent with our observations (Fig 3E). However, at least for low frequencies, Ve from interneurons enter

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 8/ 26

https://doi.org/10.1371/journal.pcbi.1013782


i
i

“pcbi.1013782” — 2025/12/13 — 11:50 — page 9 — #9 i
i

i
i

i
i

the far-field regime at distances closer to the soma than for pyramidal neurons [70]. Thus, in this regime, ES on pyra-
midal cells will be stronger than on inhibitory neurons for ES that is more than some tens of micrometers away from the
somas (Fig 3E).

Ve for the interneuron is almost independent of frequency below 1000 Hz (Fig 3F), as it is too compact for intrinsic
dendritic filtering to have any low-pass filtering effect [67]. These results indicate that for distant (e.g. transcranial) ES,
low-frequency stimulation will have a predominately excitatory effect (Fig 3E, solid lines, blue versus red), while high-
frequency ES will be more balanced, or even biased towards having an inhibitory effect (Fig 3E, dashed lines, blue versus
red), in line with experiments [34].

2.2.3 Axons. Axon terminals are known to be the most sensitive neural element to ES [26,27,72], and furthermore,
it has recently been demonstrated that subthreshold polarization of axon terminals can strongly affect neurotransmitter
release [46]. It is therefore often of interest to know the Vm response of axons to ES or tES. We therefore consider a cur-
rent input to an axon end or terminal (Fig 2E). While this is difficult to achieve in practice due to their minute size, this is
irrelevant for the validity of the RT.

Ve resulting from the current input has a dipole-like shape (Fig 3C), falling off as 1/r close by, and as 1/r2 far away
(Fig 2E). The amplitude of Ve is higher than for the same input to cell bodies (Fig 3E). According to the RT, the same
should hold for the amplitude of the Vm response to ES, compatible with both experiment [72] and modeling [27].

Interestingly, Ve following current input to the middle of the axon model (Fig 3D) gives rise to “quadrupole-like” shape,
with the effect of ES decaying as 1/r3 in the far-field [20]. That is, axon terminals are more excitable to ES than passing
axons, although the difference is only visible beyond a certain distance (Fig 3E).

2.3 Analytical investigation of ES in simple cell models

To understand complex physical systems, it helps to start with tractable models capturing the essential underlying prin-
ciples. Such simple models for the effect of ES on neural activity have been lacking. Through the RT we can, however,
draw from analytic solutions of Ve from somatic current input to a passive ball-and-stick model, and directly apply the
resulting formulas to investigate how the neuron model is affected by subthreshold ES. Near the soma, Ve is dominated
by the somatic membrane current alone (Eq (2)), while sufficiently far away the current-dipole approximation holds (Eq
(4)). To derive an analytical expression for how a neuron is affected by ES we need expressions linking an arbitrary
somatic input current to the resulting somatic membrane current for the near-field case, and to the resulting current-dipole
moment for the far-field case.

Pettersen et al. (2014) [73] derived expressions for somatic membrane currents TsI , and the dipole moment T
s
P. For an

arbitrary input current Iin (for example, white noise), Is = TsI Iin and Ps = TsPIin (boldface symbols signify complex numbers).
Using these expressions (see Methods) confirms that Ve decays as 1/r in the near-field and as 1/r2 in the far-field regime
(Fig 4A).

In the near-field, the ball and stick neuron is relatively insensitive to the frequency of the ES up to about 100 Hz, decay-
ing as 1/√f at high frequencies (Fig 4B-4G, top row). Far away, the response is frequency-independent for low frequen-
cies, eventually decaying as 1/f (Fig 4B-4G, bottom row).

ES is relatively insensitive to changes in the neuron’s electrical properties (Fig 4B-4D): in particular, the value of Rm is
largely irrelevant. This may seem surprising: The somatic Vm response to current input is highly Rm-dependent as can be
understood from Ohm’s law, V = RI. Ve, however, is fully determined by the membrane current; for a fixed current input,
Rm therefore only plays a secondary role in the spatial distribution of the return currents.

For near-by ES, the length of the dendrite l is unimportant, because Ve is dominated by the somatic current alone. The
effect of the dendritic length is more pronounced for distant ES (Fig 4E), since the length of the stick will directly affect the
current-dipole moment through affecting the distance between the sinks and sources [70]. Interestingly, these results indi-
cate that the spatial extent of neurons is primarily important for distant, low-frequency ES. This is also easily understood

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 9/ 26

https://doi.org/10.1371/journal.pcbi.1013782


i
i

“pcbi.1013782” — 2025/12/13 — 11:50 — page 10 — #10 i
i

i
i

i
i

Fig 4. Analytical expressions for Ve gives insight into the parameter-dependence of ES. A: Illustration of how Ve decays with distance from the
soma of a ball and stick neuron (see schematic) receiving a somatic current input with a frequency of 1 Hz and an amplitude of 1 nA. The bottom panel
shows results from a numerical simulation of changes in Ve with increasing distance. Grey dotted lines indicate expected trends in the near (1/r) and
far-field (1/r2) regimes. B-G: The amplitude of Ve as a function of frequency for a white-noise input current where each frequency component has an
amplitude of 1 nA, and Ve is measured either very near (top) or very far away from (bottom) the soma. The three lines correspond to different parameter
choices for a single parameter (columns), either default (black), increased by a factor of two (blue), or decreased by a factor of two (light blue). The
parameters are membrane resistance Rm in B, axial resistance Ra in C, membrane capacitance Cm in D, length of the stick l in E, dendritic diameter d in

F, and somatic diameter ds in G. The grey dotted lines show the expected trends in the high-frequency limit in the near- (1/√f) and far-field (1/f ) [73].

https://doi.org/10.1371/journal.pcbi.1013782.g004

by considering the current-dipole moment for somatic current input: For high frequencies, the frequency-dependent length
constant [58], which determines the spatial distribution of return currents, becomes much smaller than the total cell length,
rendering the total length irrelevant at these frequencies.

The effect of ES is most sensitive to the diameter of the dendrite d (Fig 4F-4G). For an increased d, the effect of ES
increases (Fig 4F), as expected from the literature where it has been reported that large-diameter axons are most sensi-
tive to ES [27,36,65,74]. The opposite is true for soma size ds, where the effect of ES decreases with an increased diame-
ter (Fig 4G).

The opposite effect of the somatic and dendritic diameter is hard to make sense of through the traditional way of think-
ing about ES. However, through the RT-based approach it makes sense: We know that for somatic current input, a bigger
soma will lead to more local and less distributed return currents, thereby resulting in a weaker current dipole moment and
a lower amplitude Ve. Through the RT we therefore know that a larger soma will decrease the sensitivity of the somatic
Vm to ES. A thicker apical dendrite will have the opposite effect of less local and more distributed return currents, thereby
resulting in a stronger current dipole moment.

This illustrates that in the traditional approach to simulating ES it is hard to build an intuitive understanding of how any
neural property will affect how a neuron is affected by ES, but that the RT-based approach offers a new perspective on ES
which can be helpful in this regard.

2.4 Intrinsically active cells

We demonstrated that the RT-based approach works well in the approximately linear subthreshold regime (Fig 2), how-
ever, neurons are—due to their ability to fire action potentials—fundamentally non-linear entities. Some classes of
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neurons also exhibit intrinsic spiking activity, like in the subthalamic nucleus (STN) of the basal ganglia which is an impor-
tant target for DBS therapy in patients with Parkinson’s disease [75].

Note that even though the effect of ES on neural dynamics can be non-linear, the direct, isolated effect of ES on mem-
brane potentials usually is linear: In the traditional way of simulating, the ES enters as an additive term in the cable equa-
tion, (1/ri)𝜕E||(x, t)/𝜕x, which only depends on the electric field along the neurite E|| and the cable properties, and not on
the neural membrane potential. The ES-induced effect itself on the membrane currents is therefore linear and additive,
even when the resulting membrane potential and network dynamics is not. The RT-based approach might therefore be
able to isolate the linear effect of the ES itself on the membrane potential, which can then be added to a non-linear model.

To investigate this, we considered a macaque STN neuron (Fig 5A), which intrinsically spikes at around 30 Hz (Fig 5B).
We introduced an ES with parameters arbitrarily chosen to have an amplitude of 100 µA at 10 Hz, located 500 µm away
from the soma (Fig 5C). The spiking behavior of the cell was substantially modulated by the ES (Fig 5D versus Fig 5B).
Since the behaviour of the membrane potential is clearly non-linear, the RT can not be used directly; however, the effect
of an ES can still be estimated, by inserting the ES current (Fig 5C) into the soma of a passive version of the cell model,
and calculating the resulting Ve at the stimuli location: Through the RT, this corresponds to the isolated ES-induced
response of the somatic membrane potential ΔVm (Fig 5E). We then introduce this effect into the active intrinsically spik-
ing cell model (instead of the ES) as the somatic current input that in isolation would cause this ΔVm. This gave rise to a
very similar ES-modulated activity as the traditional approach (Fig 5F versus Fig 5D).

The example above illustrates that the effect of the ES can—–at least in this case—–be isolated and then added to a
non-linear model. This is relevant for point neuron simulations of deep brain stimulation of the basal ganglia: Through the
RT and using biophysically detailed cell models, we can efficiently and easily estimate how different cell-types at different
locations are affected by ES. The non-linear effect of the ES at the network-level (with intrinsically spiking neurons) can
then be investigated by highly efficient point-neuron, or potentially even mean-field network models.

2.5 More complex extracellular mediums

Thus, the RT-based approach is helpful for analyzing the effect of ES on different neural elements embedded in an infi-
nite, homogeneous, and isotropic medium. Of course, real brains are none of those [76–78]. However, as long as nervous
tissue behaves approximately linearly, that is, varying the applied current varies the induced electrical field proportionally,
the RT remains relevant, including when the extracellular conductivity is inhomogeneous (position-dependent), anisotropic
(direction-dependent), or frequency-dependent. In this section, we demonstrate how we can use the RT for more com-
plex extracellular mediums, and how to leverage the RT to gain additional insights into ES from previous research that
explored extracellular potentials.

For extracellular mediums with anisotropies or simple planar inhomogeneities in the extracellular conductivity, only
minor changes are needed to the formalism for calculating Ve [20,49]. Taking such effects into account is easy with appro-
priate simulators like LFPy [79].

Cortical tissue is moderately anisotropic and inhomogeneous [80]; however, it has been shown that the effect on intra-
cortical potentials is negligible [49,77,81], implying that we are justified in disregarding such effects for intracortical ES as
well.

For measurements of potentials at the cortical surface (ECoG), the membranes and external materials covering the
cortex can have a substantial effect on the recorded potentials [49,82,83]: Electrically insulating materials (like non-
conducting mineral oils or air) amplify signal amplitudes, while highly-conducting materials (like saline or metal) reduce
signal amplitudes [20,82,83]. ES at the cortical surface will therefore have a larger effect on neural activity if a non-
conducting material is used as a cover material.

It can be important to take the presence of the recording/stimulating equipment on extracellular potentials into account,
in particular if it accounts for a large non-conducting volume that affects Ve [47,49,84–89]. This necessitates numerical
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Fig 5. Intrinsically active cell model. A: Macaque STN neuron from Miocinovic et al. (2006) [43]. B: The intrinsic spiking activity of the model in the
absence of input. C: An electric stimulation (location marked by orange dot in panel A) at 10 Hz with a current amplitude of 100 µA, 500 µm away from
the soma of the cell model. D: The somatic membrane potential of the cell under the influence of the ES in panel C, simulated through the traditional
approach. E: Through the RT, we can calculate the effect of the ES in isolation, by inserting the current in panel C into the soma of a passive version of
the cell model, and calculating Ve at the ES location. The resulting amplitude of Ve was 2.1 mV. From the same simulation, we can calculate the input
impedance of the model, and from this the equivalent somatic current amplitude of 67.6 pA needed to cause this 2.1 mV oscillation. F: The original
active cell model is stimulated with an “ES proxy”, that is, by injecting this current into the soma (amplitude 67.6 pA) designed to mimic the ΔVm in panel
E. This closely approximates the direct simulation (panel D).

https://doi.org/10.1371/journal.pcbi.1013782.g005

methods like the finite element method; yet, this does not invalidate the RT. Thus, Buccino et al. (2018) [86] demonstrated
that while microwires hardly influenced Ve, the presence of the much larger Neuropixels and Neuronexus MEA probes
boosted Ve from neurons in front of them by almost a factor of two, and decreased the signal amplitude from neurons
behind them by about a factor of two (a shadowing effect). If the recording electrodes are instead used to inject currents,
we can expect similar conclusions for the resulting membrane potential of nearby neurons.

The examples in the previous paragraphs highlight how the RT-based approach supplies a fresh perspective on ES,
allowing us to take advantage of earlier research and insights.

2.6 Transcranial electric stimulation (tES)

Electroencephalography (EEG) signals, recorded on the scalp, are strongly influenced by the variable conductivities of
cortical grey matter, cerebrospinal fluid, skull, scalp, and musculature [25,50,76,78,90]. EEG signal prediction therefore
warrants complex volume-conductor models, called head models. Importantly, all such models are linear [18,19]. This
enables us to apply the RT to infer changes in Vm responding to tES, that is, current stimulation from the scalp: we use
a head model to calculate the EEG signal at a given location on the head (Ve) due to a somatic current input to a neuron
(operating in an approximately linear regime) at a given location in the brain. Through the RT, this corresponds to Vm of
that neuron from tES at the EEG electrode location.

For calculating EEG signals from neural activity, it is common to represent neural activity as equivalent current dipoles.
Calculating these from simulated neural activity is straightforward for multi-compartmental models [79]. Furthermore, the
link between current dipoles and the resulting EEG signals is well developed [18–20], and current dipoles can be used
with simple or detailed head models [68]. The EEG signal generated by a single current dipole Pn(t) can, in general, be
expressed as Ve(r, t) =M(r, rn)Pn(t), where M is the so-called lead-field matrix.

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 12/ 26

https://doi.org/10.1371/journal.pcbi.1013782.g005
https://doi.org/10.1371/journal.pcbi.1013782


i
i

“pcbi.1013782” — 2025/12/13 — 11:50 — page 13 — #13 i
i

i
i

i
i

To illustrate the application of the RT to tES, we simulate a 10 Hz, 1 nA somatic current input to a passive L5 pyramidal
cell model and calculate a resulting current-dipole moment amplitude of 186 nAµm (Fig 6A-6C). Note that we here only
consider the z-component, set to be along the apical dendrite, perpendicular to the cortical surface. The rationale is that
because of rotational symmetry for pyramidal cells around the z-axis, the other components of the current-dipole moment
will cancel for a population of pyramidal cells.

We also quantify the relationship between the frequency of the input current and the resulting current-dipole moment
amplitude for four different cell models (Fig 6D). For a ball and stick model, the current-dipole moment is frequency-
independent for low frequencies, falling off as 1/f at higher frequencies (Fig 4), while the decay is somewhat less steep for
the other three models. For the pyramidal cell, the amplitude decays from 198 nAµm at 1 Hz to 8.6 nAµm at 10 kHz, that
is, by a factor of 23 for a frequency increase over 4 orders of magnitude. The axon terminal is about an order of magni-
tude more sensitive to tES than the pyramidal cell, consistent with previous simulation results [45,91].

To calculate the signal on the scalp evoked by this particular neuron, we use the New York head model, as it is a
detailed model with a freely available lead field for each EEG electrode (see Methods). The amplitude of the evoked
potential at a simulated EEG electrode above the middle frontal gyrus (Fig 6E) is 38 pV (Fig 6F), decaying with distance
from the dipole, and changing sign, as expected from a dipole (Fig 6G). Of course, such an tiny evoked signal would not
be detectable, given the ambient biological and instrumental noise levels, but constitutes an idealized estimate.

Via the RT, this implies that a 10 Hz, 1 nA current injection through the same EEG electrode will induce 38 pV change
in Vm. Common current amplitudes for tES are on the order of 1 mA [11,53,92,93], a million times bigger. That is, a 10 Hz,
1 mA tES stimulus will induce a Vm amplitude of 38 pV ×106 = 38 µV (Fig 6H-6K). A million-fold scaling factor might at first
glance seem questionable, but note that the only relevant constraint is that the resulting Vm should be subthreshold, and
38 µV remains well within the linear regime (Fig 2E). Even a ten times larger current of 10 mA, above the safety level for
human usage [62], would induce an evoked Vm of only a third of a millivolt.

Our results indicate that tES in the range of 1-4 mA on the scalp induces membrane potential changes of 38-152 µV
at the soma of a single pyramidal cell inside the human brain. This is consistent with previous findings: 1-4 mA tES gives
a 0.21 - 0.84 mV/mm field in the human brain for the head model we use, and similar values are reported experimentally
by others [94,95]. In rat hippocampus, somatic depolarizations on the order of 0.2 mV per V/m of applied field have been
observed [11,59,96]. For the field values listed above (0.21 - 0.84 mV/mm), this corresponds to 42-168 µV somatic depo-
larization, in line with our results. Note, however, that even though detailed head models have been demonstrated to be
quite accurate for calculating electric fields from tES [94], there is considerable variability in both in the anatomy of individ-
ual human brains, and in their conductivity values. The electric fields from tES will therefore also be person-specific [97].
The numbers presented here should therefore be viewed only as plausible examples.

The example in the previous paragraph treated a single cortical location and many EEG electrodes, but it is equally
possible to focus on a single electrode and evaluate the Vm response for the given cell model at any cortical site. For
the somatic 10 Hz, 1 nA input to the pyramidal cell model, the amplitude of the resulting current-dipole moment was
186 nAµm. By multiplying this number with the lead field M(r, rn), and further scaling it by 106, we obtain the subthreshold
somatic Vm response at any cortical location (Fig 6J).

Cortical regions where the normal points towards the electrode typically experience the opposite effect relative to
regions facing away from the electrode (Fig 6J). As expected, tES is strongest close to the electrode, but overall its effect
is quite evenly distributed across the brain. Although the amplitude will be frequency dependent (Fig 6D), the spatial distri-
bution will not be, since this term comes solely from the head model, which is frequency-independent [94,95,98].

Note that the lead field M(r, rn) can be interpreted as the electric field resulting from tES [8,52,53]; the amplitude of this
field along the cortical normal direction (Ecn), is related to the amplitude of the somatic Vm response through a (frequency-
dependent) conversion factor (Fig 6J, two different color scales).

As a final control, we directly simulate the somatic Vm response of the considered neuron model (Fig 6A) under the
influence of the uniform electric field given by the head model (Fig 6J) at the previously used cortical location (Fig 6E).
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Fig 6. The effect of transcranial electric stimulation (tES) on individual pyramidal cells. A: A passive pyramidal cell model receiving a somatic
current input (orange dot). B: The input current with a frequency of 10 Hz and a 1 nA amplitude. C: The z-component of the resulting current-dipole
moment, perpendicular to the cortical surface. D: The amplitude of this z-component as a function of the input frequency for different cell models. E: The
current-dipole (panel C) is placed in the middle frontal gyrus of the New York head model. The orange dot marks the location, the black arrow marks
the orientation, and the green ellipsoid marks the nearest EEG electrode. F: The induced voltage signal of 38 pV at the nearest EEG electrode (green
ellipsoid in panel E), from the single pyramidal cell at the location marked in panel E. G: The EEG signal at the time of the maximum signal (time indi-
cated by gray dashed lines in panels B, C, and F). The location of the dipole is marked by the orange dot (partially covered by an EEG electrode). H:
Through the RT we can invert the situation and calculate the somatic Vm for the pyramidal neuron (located at the green dot) responding to tES (located
at the orange ellipsoid). I: A 10 Hz, 1 mA current input through an EEG electrode (marked in panel E and H), that is, 106 times larger amplitude than the
original intracellular current input. J: A cross section of the head model’s lead field, displaying the amplitude of the electric field along the cortical normal
direction (Ecn). For a tES current amplitude of 1 mA through the considered electrode (orange ellipsoid), the maximum value of Ecn is 0.21 mV/mm.
This is the unmodified lead field as given by the New York head model [52]. The somatic Vm response for the cell model in panel A at different locations
in the cortex, in response to the tES in panels H and I, can be found by a scaling of the lead field, in this case by a factor of 186 µm. K: The somatic
Vm response to tES for the cell model in panel A at the location marked in panel E is 106⋅ 38 pA = 38 µV. As a control, we also simulate the effect of a
uniform electric field of amplitude 0.21 mV/mm along the z-axis of the cell model, and see that the somatic Vm response is indistinguishable.

https://doi.org/10.1371/journal.pcbi.1013782.g006

This approach assumes that the electric field is relatively uniform over the spatial extent of the neurons, and is sometimes
called the quasi-uniform assumption [45,99]. As for the infinite homogeneous medium (Fig 2), the direct simulation of the
effect of tES (Fig 6K, blue line) and the reciprocity-based approach (Fig 6K, dashed black line) yield indistinguishable
results.
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3 Discussion

We here use the reciprocity theorem (RT) to shed light on the neural response to extracellular current stimulation (ES)
(Fig 1). No error is introduced using RT to estimate the effect of ES on passive cell models; errors are minimal (a few per-
cent) for active cell models in the relevant regime, which is the subthreshold one (Fig 2). We use the RT-based approach
to study how different neural elements are affected by ES (Fig 3). Furthermore, we derive an analytic expression for the
somatic Vm response of a passive ball-and-stick model under the influence of ES, extract simple power laws for its depen-
dency on frequency and distance, and compare the sensitivity of ES for different neural parameters (Fig 4). We also
demonstrate that the RT-based approach can be used to calculate the isolated effect of the ES itself, which can after-
wards be added to study non-linear neural activity (Fig 5). Finally, we demonstrate that the RT is applicable to study tran-
scranial electric stimulation (tES): Using a detailed head model we can directly predict the subthreshold Vm response to
tES of an arbitrary cell model at any location in the brain (Fig 6).

3.1 What is new?

The RT has a long history in neuroscience, yet its ability to directly study ES has been overlooked: It has so far only been
used to swap the locations of extracellular current sources (or current dipoles), and extracellularly measured potentials,
without explicitly considering the neurons themselves. We here show that through placing an electrode in the soma of
a neuron model, we can use the RT to directly study ES. We demonstrate that applying the RT to study ES has many
advantages: We show that the RT explains the surprising cell-type and frequency-independent ES results presented by
Lee et al. (2024), and nuances these results by demonstrating that they are only expected to hold for nearby neurons
below about 100 Hz. Furthermore, the RT-based approach supplies us with analytic formulas and power laws for both
the frequency-response and distance-dependence of ES, which has not, to the best of our knowledge, been reported
previously.

In general, moving from intracellular stimulation of a neuron to predicting the resultant Ve at n locations to injecting an
extracellular current, as in transcranial ES, and estimating the effect on Vm at n location, has the same computational
complexity in terms of number and order of equations to be solved. The reason for why the RT provides a fast and intu-
itive way of understanding ES, is that electrophysiology has a biased view of neurons, emphasizing the location and size
of the cell body, at the expense of other neuronal regions: the soma is far more accessible to intracellular stimulation and
recording than other neuronal compartments and is in close proximity of the axon initial segment where Vm is transduced
into one or more spikes. This soma-centric view has led to the development of a mature understanding regarding the ori-
gin of extracellular potentials following somatic current injections. The RT also supplies a new perspective on ES which
makes it easier to understand how different neural features, like morphology and diameters, influence a neuron’s suscep-
tibility to ES. We therefore conclude that the RT-based approach is capable of providing new general insights into how ES
affects neurons.

3.2 When to apply the RT-based approach for studying ES

The RT allows us to rely on the extensive knowledge available on how neural activity generates extracellular poten-
tials [20], to gain a better intuition of how ES works, instead of the traditional approach which involves explicitly simulat-
ing each specific combination of stimuli and cell model, including the locations and time course of the stimuli. In the RT-
based approach, a single simulation of a somatic white noise current input with simultaneous calculation of Ve at all rele-
vant extracellular locations, is sufficient to obtain the subthreshold response of that particular cell model to an ES at any
one of the considered locations. Furthermore, since the system is linear and we have the full frequency response, we can,
through Fourier analysis, find the subthreshold somatic Vm response to an arbitrary time course of the ES, including for
mono- or bi-phasic pulses of arbitrary durations.
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We here considered the effect of ES on one neuron; intriguingly, our results show that the linear Vm response of a set
of Nn neurons at different locations, resulting from a set of Ni stimulation electrodes can be formulated as a matrix equa-
tion in frequency space Vm =MIstim, where M is the lead field which through the RT can be found by computing extracellu-
lar potentials due to current stimulation of the soma. We can tailor Istim towards a desired Vm response in the Nn neurons.

Note that the RT has been used for optimizing tES with the goal of maximizing the electric field at a given location [52–
56]. However, these studies did not use intracellular currents, and were therefore, in practice, agnostic to the neurons and
their properties themselves. This approach does not, for example, distinguish between tDCS and tACS since the spatial
properties of the induced electric fields are typically assumed to be frequency-independent. However, tDCS and tACS can
be expected to affect neurons differently. The possibility to directly optimize for a cell-type specific Vm response at a given
frequency via the RT is a key step towards more controllable tES.

3.3 Transcranial electric stimulation

Grossman et al. (2017) [100] directly induced spikes in mice with current amplitudes of ca. 0.5 mA. Yet the same current
amplitudes would give two orders of magnitude lower electric field amplitudes in the human brain [30,101]. This is con-
sistent with predictions via the RT: Halnes et al. (2024) [20] showed that EEG signals in a mouse head model were two
orders of magnitude larger than EEG signals in a human head model from the same neural source. The primary reason
is the 10-fold larger distance between the scalp and neural sources, translating into a 100-fold smaller Ve in people and
mice (based on the dipole decay of 1/r2; Fig 4A). Increasing currents by a 100-fold to compensate for this signal loss is
problematic; indeed, such large currents were historically employed to induce electric anesthesia [11,33]. Our results are
consistent with the consensus that observed effects of tES in humans must come about indirectly, either by enhancing
spike synchrony in specific frequency ranges or from mechanisms like stochastic resonance [11,30,33,34].

It was previously suggested, as a rule of thumb, that an electric field of 1 mV/mm is sufficient to entrain neural activ-
ity [95,102–104]; however, neural effects of field strengths as low as 0.2 mV/mm are well documented [11,60,96,105–
107]. In the detailed New York head model applied here, a 1 mA tES yields electric fields of 0.2 mV/mm (Fig 6J). tES
amplitudes of 1-5 mA should therefore be in the lower range of what has been reported to affect human neural activity.
We estimate that this corresponds to somatic membrane potential responses on the order of 40-200 µV at 10 Hz, consis-
tent with previous results from both simulations and experiments [45,59,96].

That the effect of tES on membrane potentials is much smaller than the spiking threshold has implications for how tES
is mediated: Axon terminals were here found to be about an order of magnitude more sensitive to ES than pyramidal cells
(Figs 3 and 6, [45]); however, the membrane potential of axon terminals is expected to lie stably around rest (when not fir-
ing an action potential), and are therefore less likely to be influenced by minor induced changes in their membrane poten-
tial than somas, where the membrane potential occasionally fluctuates close to the firing threshold. Therefore, while axons
are likely to be the main target of intracranial microstimulation [26,27,72], it seems more likely that the spike initiation zone
is the main target of tES (but see also [46]).

3.4 Limitations

The principal limitation in using the RT-based approach to simulate the effect of ES is the underlying assumption of lin-
earity, which must hold for both the neuron and the extracellular environment (brain and head). Most studies report that
the electrical properties of the brain and head are approximately linear and ohmic for frequencies below several kHz [28,
77,94,95,98,108,109]. Some studies report weakly frequency-dependent tissue [33,110]; for the high frequencies of tem-
poral interference stimulation, it is plausible that such effects can become important and might challenge the quasi-static
assumption [111]. Note, however, that a frequency-dependent head model would still typically be linear [18,20], and as
such, the assumption of linearity with regard to the extracellular environment seems well-justified.
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Neurons, on the other hand, have non-linear membrane properties, in particular when operating close to their spik-
ing threshold. Mirzakhalili et al. (2020) [31] demonstrated how an ion-channel-mediated rectification mechanism could
explain how neurons respond to the envelope frequency during TI stimulation. It is plausible that such non-linear effects
are needed to explain how spikes are directly evoked by extremely high-amplitude temporal interference stimulation,
such as described by Grossman et al. (2017) [100] (see also discussion in Vieira et al. (2024) [33]). If so, the RT-based
approach is not suited to study this phenomenon. How weak tES-mediated Vm perturbations affect neural networks, on
the other hand, might be easiest to understand through simplified network simulations, where the RT-based approach can
be useful (see Outlook).

Although our results here indicate that the tested neuron models behaved close to linearly in the subthreshold regime
(Fig 2), some ion channels are known to be active also in the subthreshold regime. In particular, Ih affects both extracel-
lular potentials [112,113] and how neurons are affected by weak electric fields [44,91]. However, we can expect Ih to pri-
marily be important for Vm in the apical dendrite. Furthermore, calcium spikes are probably more likely to be evoked when
apical dendrites are depolarized [114]. Certain neuron types, for example in the basal ganglia, also exhibit intrinsic spiking
behavior [75]. Therefore, in certain cases, the assumption of linearity might not be appropriate.

In this study we were primarily concerned with demonstrating how the RT can be used to understand ES, and our
results are therefore more illustrative than comprehensive. We only tested a few cell models from the literature. Further
studies should scan through entire cell databases from ModelDB [115], The Allen Brain Institute, or BBP [27,45,116,117],
to demonstrate the applicability of the same principle to neurons of different cell types and brains of different species,
which will be important for better understanding ES.

We found good agreement between our simulations and experimental data from microstimulation (Sec 2.1) and
tES (Sec 2.6). The main validation of the RT-based approach is, however, the demonstration that it provides results
equivalent to the traditional approach to simulating brain stimulation in the subthreshold regime. The validity of the
reciprocity-based approach is therefore anchored to the traditional approach, which has been rigorously validated (see
Aberra et al. (2025) [46] for a recent example).

3.5 Outlook

Ours and previous results indicate that the direct effect of tES on the membrane potential of individual neurons is weak,
in the range of ten to a few hundreds of µV, far away from the threshold for spiking. This implies that any behavioral and
cognitive effects of tES must be mediated by synergistic network effects, such as stochastic resonance and/or by advanc-
ing or delaying spike times [11,30,34,41,96].

Our study focuses on the single-cell level; however, to understand the effect of ES on the brain, it is vital to study net-
work effects. In general, it is not feasible to predict these by extrapolating single-cell responses. However, accurate simu-
lations of the network effects of ES must be built on an accurate representation of single cell effects. To study the effect of
ES at the network level, one can, in principle, use large-scale network models of biophysically detailed multicompartment
cell models, and simulate the ES with traditional methods. However, due to their associated high computational demands,
such models are challenging to work with. Furthermore, comprehensive parameter scans are not within reach.

A common way to study network effects is via point-neuron networks or mean-field models [118], including the effects
of ES/tES [104,107,119–122]. However, the effects of ES are mediated by electric potential gradients over neural mor-
phologies, which are not part of such approaches. It is here that the RT-based approach can be used to estimate the
somatic membrane potential response to ES with biophysically detailed cell models, which can then be added to the
membrane potential of simplified neuron models [123] or point neurons in a network model.

The assumption of linearity is therefore not as restrictive as it might first seem: The RT-based approach is highly accu-
rate in estimating the effect of ES in the subthreshold regime (Figs 2E, 5F, and 6K), and the point-neuron models account
for the non-linear spiking behavior. The RT-based approach incorporates the detailed cellular morphology, and can
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therefore be expected to be more accurate than approaches using simplified or reduced morphologies for capturing the
effect of ES. Furthermore, it will be more computationally efficient, since the network activity can be simulated with point-
neurons rather than neuron models having a spatial structure. The RT-based approach can directly predict the somatic
Vm effect of ES throughout a volume, for different cell types, and under different stimulation parameters, which can be
used with point-neuron network simulations using NEST [124], or even whole-brain mean-field models using The Virtual
Brain [125].

4 Methods
4.1 Neural simulations

All simulation code was written in Python, and neural simulations were done through LFPy 2.3 [79] running on NEURON
8.1 [126].

4.2 Cell models

The pyramidal cell model that was used was the rat cortical layer 5 cell model presented by Hay et al. (2011) [63]. The
interneuron model was a perisomatic layer 5 aspiny PV cell from the mouse primary visual area from the Allen Brain Atlas
(celltypes.brain-map.org/; electrophysiology ID: 469610831; model ID: 491623973). The parameters for the myelinated
axon model were from [127], in the implementation used by [128]. The total length was 10 mm, and a node of Ranvier
was inserted for every 50 µm. We also confirmed that results were similar for the myelinated axon model created by [42].
The axon terminal was just an axon endpoint with the same diameter as the rest of the axon.

Passive versions of the cell models were modified versions of the original cell models, where all active conductances
were removed.

4.3 Input to cell models

Intracellular input currents were modeled as synapse currents (“POINT_ PROCESS” in NEURON), that is, they are
treated as membrane currents. This is because the membrane potential is measured across the membrane (“port 1” in
Fig 7A), and when applying the RT, the current should also be across the membrane (“port 1” in Fig 7B).

For intracellular current input to active cell models (Fig 2), we relied on a hand-picked, fixed cell-specific current ampli-
tude in the subthreshold regime. This was done because the different cell models have vastly different input impedances
and react differently to the same current input. The amplitude was 0.1 nA, 0.01 nA, and 0.001 nA for the pyramidal cell
model, interneuron model, and axon model, respectively. The resulting extracellular potential was afterwards scaled to
reflect the amplitudes of the extracellular current source.

White-noise current input was constructed as a sum of sinusoids, where each frequency component had the same
amplitude (1 nA) and a random phase [67,109,112]. The frequency components used when constructing the white noise
were the same as those considered when extracting amplitude- and phase spectrums through Fourier analysis.

4.4 Simulating extracellular stimulation

The effect of an external extracellular potential on a neuron can be simulated with LFPy [79], running on top of the NEU-
RON simulation environment [126].

4.4.1 Infinite homogeneous mediums The extracellular potential at the midpoint location of each neural compart-
ment is calculated for each time step, and inserted into NEURON as a boundary condition through the extracellular mech-
anism. For infinite homogeneous mediums, the extracellular potential from an ES point source Istim(t) at location r′ can be
calculated as [20],

VEC(r, t) =
Istim(t)

4𝜋𝜎t|r − r′| . (5)
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4.4.2 Detailed head model Since the tES electrodes are far away relative to the size of neurons, the induced elec-
tric fields will be relatively uniform over the extent of individual neurons. We therefore used the quasi-uniform assump-
tion [45,99], calculating the resulting extracellular potential along the z-axis, as VEC = Ecnz. Here, Ecn is the electric field
along the cortical normal direction (the z-axis of the local coordinate system), which we obtain directly from the lead field
matrix of the New York head model [8,52].

The New York head model takes into account the detailed geometry of the head, in addition to the very different electric
conductivities of the white matter, gray matter, air cavities, cerebrospinal fluid, skull, and scalp, with conductivity values
of 0.276 S/m for gray matter, 0.126 S/m for white matter, 1.65 S/m for CSF, 0.01 S/m for the skull, and 0.465 S/m for the
scalp [52,129]. This model is “pre-solved” through numerical finite element simulations (FEM), where the lead field matrix
M has been calculated and made freely available (https://www.parralab.org/nyhead/; [52]). It was constructed through cur-
rent input to each one of 231 electrodes, where the electric field was calculated and stored at about 75,000 locations in
the brain. The original size of the lead field matrix is 231×75,000×3. It is often convenient to simplify this by assuming that
dipoles are always oriented along the local cortex normal direction, reducing the size to 231×75,000. These matrix ele-
ments can thus be interpreted either as the electric field along the cortical normal direction at any one of the 75,000 cor-
tical locations in response to tES from any one of the EEG electrodes, or equivalently, as a map from a unit dipole at any
one of the 75,000 locations (assumed to be oriented along the cortical normal direction) to the resulting EEG signal at any
one of the 231 electrodes.

4.5 Signal analysis

For the Fourier analysis we used the scipy.fftpack Python package to extract the amplitude Ve(f) and phase 𝜃(f)
spectrums from calculated signals. When plotting the spatial profiles of extracellular potentials at specific frequencies
(Fig 3), the phases of Ve were incorporated through plotting Re{Ve(f)ei𝜃(f)}.

4.6 Analytic expressions

For the somatic membrane current, the transfer function is given by [73]

TsI = − sinh(ql/𝜆)
Y cosh(ql/𝜆) + sinh(ql/𝜆) , (6)

and for the current-dipole moment the transfer function is given by,

Tsp =
𝜆
q

cosh(ql/𝜆) − 1
Y cosh(ql/𝜆) + sinh(ql/𝜆) . (7)

Here q2 = 1 + j𝜔𝜏m, Y =
qd2s
d𝜆
, and l and d is the length and diameter of the stick, respectively, while the diameter of the

soma is ds.

4.7 Application of the reciprocity theorem

One can only expect the RT to be applicable for approximately linear systems, which includes passive cell models, that
is, cell models without any active conductances, and active cell models which are operating in the subthreshold regime,
where neurons often behave approximately linearly [59,61,112,113,130,131]. However, the amplitude of extracellular cur-
rent sources used to stimulate neurons (1000 nA in Fig 2B) is a typical amplitude that would drive neurons to fire action
potentials if given intracellularly, and the neurons would therefore be far outside the approximately linear regime. Directly
using the same current amplitudes for extracellular and intracellular current sources is therefore applicable for passive cell
models, but not for active cell models. For intracellular current input to active cell models (Fig 2) we therefore relied on the
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assumed approximate linearity in the subthreshold regime and used a fixed, cell-specific, subthreshold current amplitude
(0.1 nA for the pyramidal cell model in Fig 2A). The resulting extracellular potential was afterwards scaled by the ratio of
the extracellular to intracellular current amplitude (that is, by a factor of 1000 nA / 0.1 nA = 10,000 in Fig 2B). The current
amplitudes used in different types of ES vary over many orders of magnitude from microampere or even less in microstim-
ulation, to milliampere in tES. The scaling factor varies by the same amount. Note, however, that this is unproblematic as
long as the membrane potential response of the neuron to ES is in the linear, i.e., subthreshold regime, in practice below
a few millivolts (Fig 2). This is what matters, not the amplitude of the tES.

In electromagnetism, the reciprocity theorem states that for time-invariant linear media the relationship between an
oscillating current and the resulting electric field is unchanged if one interchanges the points where the current is placed
and where the field is measured [132]. When simulating neural activity, it is standard practice to represent neurons as
equivalent electric circuits [21,58,133]. For the special case of electric circuits, the reciprocity theorem states that in any
passive linear network, if a current source I0 between nodes x and x′ produces the voltage response Vy between nodes y

Fig 7. Illustration of the reciprocity theorem. A: The equivalent circuit diagram for a passive neuron model stimulated by an extracellular current
source Istim, while the membrane potential of compartment 1 is measured. B: The equivalent circuit diagram for a passive neuron model stimulated by
an intracellular current source Istim, while the extracellular potential is measured. According to the reciprocity theorem, the measured potential in the two
equivalent circuits should be the same.

https://doi.org/10.1371/journal.pcbi.1013782.g007
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and y′, then the removal of the current source from nodes x and x′ and its insertion between nodes y and y′ will produce
the voltage response Vy between nodes x and x′ [132].

In the context of electric stimulation of neurons, this implies that if there is a current source Istim at extracellular location
rEC, flowing to ground (Fig 7A “port 2”), and this produces the voltage response Vrec over a given part of a neural mem-
brane (Fig 7A “port 1”), then moving the current source to instead be across the neural membrane (Fig 7B “port 1”) will
produce the same voltage response Vrec between location rEC and ground [132] (Fig 7B “port 2”).

The reciprocity theorem is valid for any electrical network that consists entirely of ideal capacitances, inductances, and
resistances, that is, passive electrical networks. For simplicity, one can start by analyzing the electrical network in the
absence of the resting membrane potential, because the principle of superposition ensures that the resting membrane
potential can be added afterwards as additional voltage sources (“batteries”) in the equivalent circuit. When the resting
membrane potential is not taken into account, the RT-based approach only predicts deviations of Vm from the resting
membrane potential.

Because of the conventions regarding the direction of membrane currents, a sign change is needed for the intracellular
current input (relative to the extracellular current source) when it is inserted in NEURON as a synapse current.

Author contributions

Conceptualization: Torbjørn Vefferstad Ness, Christof Koch, Gaute T. Einevoll.

Data curation: Torbjørn Vefferstad Ness.

Formal analysis: Torbjørn Vefferstad Ness, Gaute T. Einevoll.

Funding acquisition: Gaute T. Einevoll.

Investigation: Torbjørn Vefferstad Ness.

Methodology: Torbjørn Vefferstad Ness.

Project administration: Torbjørn Vefferstad Ness, Christof Koch, Gaute T. Einevoll.

Resources: Torbjørn Vefferstad Ness, Gaute T. Einevoll.

Software: Torbjørn Vefferstad Ness.

Supervision: Christof Koch, Gaute T. Einevoll.

Validation: Torbjørn Vefferstad Ness.

Visualization: Torbjørn Vefferstad Ness.

Writing – original draft: Torbjørn Vefferstad Ness, Christof Koch, Gaute T. Einevoll.

Writing – review & editing: Torbjørn Vefferstad Ness, Christof Koch, Gaute T. Einevoll.

References
1. Helmholtz H. Ueber einige Gesetze der Vertheilung elektrischer Ströme in körperlichen Leitern mit Anwendung auf die thierisch�elektrischen

Versuche. Ann Phys. 1853;165(6):211–33. https://doi.org/10.1002/andp.18531650603

2. Malmivuo J. Principle of reciprocity solves the most important problems in bioimpedance and in general in bioelectromagnetism. J Phys: Conf
Ser. 2010;224:012001. https://doi.org/10.1088/1742-6596/224/1/012001

3. de Hoop AT, de Jong G. Power reciprocity in antenna theory. Proc Inst Electr Eng UK. 1974;121(10):1051.
https://doi.org/10.1049/piee.1974.0247

4. Malmivuo J. On the detection of the magnetic heart vector – An application of the reciprocity theorem. Finland: Helsinki University of Technology;
1976.

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 21/ 26

https://doi.org/10.1002/andp.18531650603
https://doi.org/10.1088/1742-6596/224/1/012001
https://doi.org/10.1049/piee.1974.0247
https://doi.org/10.1371/journal.pcbi.1013782


i
i

“pcbi.1013782” — 2025/12/13 — 11:50 — page 22 — #22 i
i

i
i

i
i

5. Wapenaar K, Brackenhoff J, Thorbecke J. Green’s theorem in seismic imaging across the scales. Solid Earth. 2019;10(2):517–36.
https://doi.org/10.5194/se-10-517-2019

6. Renzi F, Hogg NB, Giarè W. The resilience of the Etherington–Hubble relation. Mon Not R Astron Soc. 2022;513(3):4004–14.
https://doi.org/10.1093/mnras/stac1030

7. Plonsey R. Reciprocity applied to volume conductors and the ECG. IEEE Trans Biomed Eng. 1963;10:9–12.
https://doi.org/10.1109/tbmel.1963.4322775 PMID: 14059530

8. Rush S, Driscoll DA. EEG electrode sensitivity—An application of reciprocity. IEEE Trans Biomed Eng. 1969;BME-16(3):204–204.
https://doi.org/10.1109/tbme.1969.4502645

9. Sironi VA. Origin and evolution of deep brain stimulation. Front Integr Neurosci. 2011;5:42. https://doi.org/10.3389/fnint.2011.00042 PMID:
21887135

10. Histed MH, Ni AM, Maunsell JHR. Insights into cortical mechanisms of behavior from microstimulation experiments. Prog Neurobiol.
2013;103:115–30. https://doi.org/10.1016/j.pneurobio.2012.01.006 PMID: 22307059

11. Liu A, Vöröslakos M, Kronberg G, Henin S, Krause MR, Huang Y, et al. Immediate neurophysiological effects of transcranial electrical stimulation.
Nat Commun. 2018;9(1):5092. https://doi.org/10.1038/s41467-018-07233-7 PMID: 30504921

12. Vincent M, Rossel O, Hayashibe M, Herbet G, Duffau H, Guiraud D, et al. The difference between electrical microstimulation and direct electrical
stimulation – Towards new opportunities for innovative functional brain mapping?. Rev Neurosci. 2016;27(3):231–58.
https://doi.org/10.1515/revneuro-2015-0029 PMID: 26646021

13. Matsumoto R, Nair DR, LaPresto E, Bingaman W, Shibasaki H, Lüders HO. Functional connectivity in human cortical motor system: A
cortico-cortical evoked potential study. Brain. 2007;130(Pt 1):181–97. https://doi.org/10.1093/brain/awl257 PMID: 17046857

14. Rossel O, Schlosser-Perrin F, Duffau H, Matsumoto R, Mandonnet E, Bonnetblanc F. Short-range axono-cortical evoked-potentials in brain tumor
surgery: Waveform characteristics as markers of direct connectivity. Clin Neurophysiol. 2023;153:189–201.
https://doi.org/10.1016/j.clinph.2023.05.011 PMID: 37353389

15. Duffau H. Lessons from brain mapping in surgery for low-grade glioma: Insights into associations between tumour and brain plasticity. Lancet
Neurol. 2005;4(8):476–86. https://doi.org/10.1016/S1474-4422(05)70140-X PMID: 16033690

16. Cagnan H, Denison T, McIntyre C, Brown P. Emerging technologies for improved deep brain stimulation. Nat Biotechnol. 2019;37(9):1024–33.
https://doi.org/10.1038/s41587-019-0244-6 PMID: 31477926

17. Vissani M, Isaias IU, Mazzoni A. Deep brain stimulation: A review of the open neural engineering challenges. J Neural Eng. 2020;17(5):051002.
https://doi.org/10.1088/1741-2552/abb581 PMID: 33052884

18. Nunez PL, Srinivasan R. Electric fields of the brain. New York: Oxford University Press; 2006.

19. Ilmoniemi RJ, Sarvas J. Brain signals: Physics and mathematics of MEG and EEG. MIT Press; 2019.

20. Halnes G, Ness TV, Næss S, Hagen E, Pettersen KH, Einevoll GT. Electric brain signals: Foundations and applications of biophysical modeling.
Cambridge University Press; 2024.

21. Rall W, Shepherd GM. Theoretical reconstruction of field potentials and dendrodendritic synaptic interactions in olfactory bulb. J Neurophysiol.
1968;31(6):884–915. https://doi.org/10.1152/jn.1968.31.6.884 PMID: 5710539

22. Holt GR, Koch C. Electrical interactions via the extracellular potential near cell bodies. J Comput Neurosci. 1999;6(2):169–84.
https://doi.org/10.1023/a:1008832702585 PMID: 10333161

23. Buzsáki G, Anastassiou CA, Koch C. The origin of extracellular fields and currents–EEG, ECoG, LFP and spikes. Nat Rev Neurosci.
2012;13(6):407–20. https://doi.org/10.1038/nrn3241 PMID: 22595786

24. Einevoll GT, Kayser C, Logothetis NK, Panzeri S. Modelling and analysis of local field potentials for studying the function of cortical circuits. Nat
Rev Neurosci. 2013;14(11):770–85. https://doi.org/10.1038/nrn3599 PMID: 24135696

25. Ness TV, Halnes G, Næss S, Pettersen KH, Einevoll GT. Computing extracellular electric potentials from neuronal simulations. Adv Exp Med
Biol. 2022;1359:179–99. https://doi.org/10.1007/978-3-030-89439-9_8 PMID: 35471540

26. Histed MH, Bonin V, Reid RC. Direct activation of sparse, distributed populations of cortical neurons by electrical microstimulation. Neuron.
2009;63(4):508–22. https://doi.org/10.1016/j.neuron.2009.07.016 PMID: 19709632

27. Aberra AS, Peterchev AV, Grill WM. Biophysically realistic neuron models for simulation of cortical stimulation. J Neural Eng. 2018;15(6):066023.
https://doi.org/10.1088/1741-2552/aadbb1 PMID: 30127100

28. Lee SY, Kozalakis K, Baftizadeh F, Campagnola L, Jarsky T, Koch C, et al. Cell-class-specific electric field entrainment of neural activity. Neuron.
2024;112(15):2614-2630.e5. https://doi.org/10.1016/j.neuron.2024.05.009 PMID: 38838670

29. Ashkan K, Rogers P, Bergman H, Ughratdar I. Insights into the mechanisms of deep brain stimulation. Nat Rev Neurol. 2017;13(9):548–54.
https://doi.org/10.1038/nrneurol.2017.105 PMID: 28752857

30. Rampersad S, Roig-Solvas B, Yarossi M, Kulkarni PP, Santarnecchi E, Dorval AD, et al. Prospects for transcranial temporal interference
stimulation in humans: A computational study. Neuroimage. 2019;202:116124. https://doi.org/10.1016/j.neuroimage.2019.116124 PMID:
31473351

31. Mirzakhalili E, Barra B, Capogrosso M, Lempka SF. Biophysics of temporal interference stimulation. Cell Syst. 2020;11(6):557-572.e5.
https://doi.org/10.1016/j.cels.2020.10.004 PMID: 33157010

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 22/ 26

https://doi.org/10.5194/se-10-517-2019
https://doi.org/10.1093/mnras/stac1030
https://doi.org/10.1109/tbmel.1963.4322775
http://www.ncbi.nlm.nih.gov/pubmed/14059530
https://doi.org/10.1109/tbme.1969.4502645
https://doi.org/10.3389/fnint.2011.00042
http://www.ncbi.nlm.nih.gov/pubmed/21887135
https://doi.org/10.1016/j.pneurobio.2012.01.006
http://www.ncbi.nlm.nih.gov/pubmed/22307059
https://doi.org/10.1038/s41467-018-07233-7
http://www.ncbi.nlm.nih.gov/pubmed/30504921
https://doi.org/10.1515/revneuro-2015-0029
http://www.ncbi.nlm.nih.gov/pubmed/26646021
https://doi.org/10.1093/brain/awl257
http://www.ncbi.nlm.nih.gov/pubmed/17046857
https://doi.org/10.1016/j.clinph.2023.05.011
http://www.ncbi.nlm.nih.gov/pubmed/37353389
https://doi.org/10.1016/S1474-4422(05)70140-X
http://www.ncbi.nlm.nih.gov/pubmed/16033690
https://doi.org/10.1038/s41587-019-0244-6
http://www.ncbi.nlm.nih.gov/pubmed/31477926
https://doi.org/10.1088/1741-2552/abb581
http://www.ncbi.nlm.nih.gov/pubmed/33052884
https://doi.org/10.1152/jn.1968.31.6.884
http://www.ncbi.nlm.nih.gov/pubmed/5710539
https://doi.org/10.1023/a:1008832702585
http://www.ncbi.nlm.nih.gov/pubmed/10333161
https://doi.org/10.1038/nrn3241
http://www.ncbi.nlm.nih.gov/pubmed/22595786
https://doi.org/10.1038/nrn3599
http://www.ncbi.nlm.nih.gov/pubmed/24135696
https://doi.org/10.1007/978-3-030-89439-9_8
http://www.ncbi.nlm.nih.gov/pubmed/35471540
https://doi.org/10.1016/j.neuron.2009.07.016
http://www.ncbi.nlm.nih.gov/pubmed/19709632
https://doi.org/10.1088/1741-2552/aadbb1
http://www.ncbi.nlm.nih.gov/pubmed/30127100
https://doi.org/10.1016/j.neuron.2024.05.009
http://www.ncbi.nlm.nih.gov/pubmed/38838670
https://doi.org/10.1038/nrneurol.2017.105
http://www.ncbi.nlm.nih.gov/pubmed/28752857
https://doi.org/10.1016/j.neuroimage.2019.116124
http://www.ncbi.nlm.nih.gov/pubmed/31473351
https://doi.org/10.1016/j.cels.2020.10.004
http://www.ncbi.nlm.nih.gov/pubmed/33157010
https://doi.org/10.1371/journal.pcbi.1013782


i
i

“pcbi.1013782” — 2025/12/13 — 11:50 — page 23 — #23 i
i

i
i

i
i

32. Violante IR, Alania K, Cassarà AM, Neufeld E, Acerbo E, Carron R, et al. Non-invasive temporal interference electrical stimulation of the human
hippocampus. Nat Neurosci. 2023;26(11):1994–2004. https://doi.org/10.1038/s41593-023-01456-8 PMID: 37857775

33. Vieira PG, Krause MR, Pack CC. Temporal interference stimulation disrupts spike timing in the primate brain. Nat Commun. 2024;15(1):4558.
https://doi.org/10.1038/s41467-024-48962-2 PMID: 38811618

34. Caldas-Martinez S, Goswami C, Forssell M, Cao J, Barth AL, Grover P. Cell-specific effects of temporal interference stimulation on cortical
function. Commun Biol. 2024;7(1):1076. https://doi.org/10.1038/s42003-024-06728-y PMID: 39223260

35. Beliaeva V, Savvateev I, Zerbi V, Polania R. Toward integrative approaches to study the causal role of neural oscillations via transcranial
electrical stimulation. Nat Commun. 2021;12(1):2243. https://doi.org/10.1038/s41467-021-22468-7 PMID: 33854049

36. McNeal DR. Analysis of a model for excitation of myelinated nerve. IEEE Trans Biomed Eng. 1976;23(4):329–37.
https://doi.org/10.1109/tbme.1976.324593 PMID: 1278925

37. Rattay F. Analysis of models for external stimulation of axons. IEEE Trans Biomed Eng. 1986;33(10):974–7.
https://doi.org/10.1109/TBME.1986.325670 PMID: 3770787

38. McIntyre CC, Grill WM. Selective microstimulation of central nervous system neurons. Ann Biomed Eng. 2000;28(3):219–33.
https://doi.org/10.1114/1.262 PMID: 10784087

39. Joucla S, Yvert B. Modeling extracellular electrical neural stimulation: from basic understanding to MEA-based applications. J Physiol Paris.
2012;106(3–4):146–58. https://doi.org/10.1016/j.jphysparis.2011.10.003 PMID: 22036892

40. Tveito A, Jæger KH, Lines GT, Paszkowski Ł, Sundnes J, Edwards AG, et al. An evaluation of the accuracy of classical models for computing the
membrane potential and extracellular potential for neurons. Front Comput Neurosci. 2017;11:27. https://doi.org/10.3389/fncom.2017.00027
PMID: 28484385

41. Krause MR, Vieira PG, Pack CC. Transcranial electrical stimulation: How can a simple conductor orchestrate complex brain activity?. PLoS Biol.
2023;21(1):e3001973. https://doi.org/10.1371/journal.pbio.3001973 PMID: 36716309

42. McIntyre CC, Richardson AG, Grill WM. Modeling the excitability of mammalian nerve fibers: Influence of afterpotentials on the recovery cycle. J
Neurophys. 2002;87(2):995–1006. https://doi.org/10.1152/jn.00353.2001

43. Miocinovic S, Parent M, Butson CR, Hahn PJ, Russo GS, Vitek JL, et al. Computational analysis of subthalamic nucleus and lenticular fasciculus
activation during therapeutic deep brain stimulation. J Neurophys. 2006;96(3):1569–80. https://doi.org/10.1152/jn.00305.2006

44. Aspart F, Remme MWH, Obermayer K. Differential polarization of cortical pyramidal neuron dendrites through weak extracellular fields. PLoS
Comput Biol. 2018;14(5):e1006124. https://doi.org/10.1371/journal.pcbi.1006124 PMID: 29727454

45. Aberra AS, Wang R, Grill WM, Peterchev AV. Multi-scale model of axonal and dendritic polarization by transcranial direct current stimulation in
realistic head geometry. Brain Stimul. 2023;16(6):1776–91. https://doi.org/10.1016/j.brs.2023.11.018 PMID: 38056825

46. Aberra AS, Miles MW, Hoppa MB. Subthreshold electric fields bidirectionally modulate neurotransmitter release through axon polarization.
bioRxiv. 2025;:2025.02.22.639625. https://doi.org/10.1101/2025.02.22.639625 PMID: 40027611

47. Moffitt MA, McIntyre CC. Model-based analysis of cortical recording with silicon microelectrodes. Clin Neurophysiol. 2005;116(9):2240–50.
https://doi.org/10.1016/j.clinph.2005.05.018 PMID: 16055377

48. Lempka SF, Johnson MD, Moffitt MA, Otto KJ, Kipke DR, McIntyre CC. Theoretical analysis of intracortical microelectrode recordings. J Neural
Eng. 2011;8(4):045006. https://doi.org/10.1088/1741-2560/8/4/045006 PMID: 21775783

49. Ness TV, Chintaluri C, Potworowski J, Ł�ski S, Gł�bska H, Wójcik DK, et al. Modelling and analysis of electrical potentials recorded in
microelectrode arrays (MEAs). Neuroinformatics. 2015;13(4):403–26. https://doi.org/10.1007/s12021-015-9265-6 PMID: 25822810

50. Tharayil J, Blanco Alonso J, Farcito S, Lloyd B, Romani A, Boci E, et al. BlueRecording: A pipeline for the efficient calculation of extracellular
recordings in large-scale neural circuit models. Cold Spring Harbor Laboratory. 2024. https://doi.org/10.1101/2024.05.14.591849

51. Ziegler E, Chellappa SL, Gaggioni G, Ly JQM, Vandewalle G, André E, et al. A finite-element reciprocity solution for EEG forward modeling with
realistic individual head models. Neuroimage. 2014;103:542–51. https://doi.org/10.1016/j.neuroimage.2014.08.056 PMID: 25204867

52. Huang Y, Parra LC, Haufe S. The New York Head-A precise standardized volume conductor model for EEG source localization and tES
targeting. Neuroimage. 2016;140:150–62. https://doi.org/10.1016/j.neuroimage.2015.12.019 PMID: 26706450

53. Dmochowski JP, Koessler L, Norcia AM, Bikson M, Parra LC. Optimal use of EEG recordings to target active brain areas with transcranial
electrical stimulation. Neuroimage. 2017;157:69–80. https://doi.org/10.1016/j.neuroimage.2017.05.059 PMID: 28578130

54. Wagner S, Lucka F, Vorwerk J, Herrmann CS, Nolte G, Burger M, et al. Using reciprocity for relating the simulation of transcranial current
stimulation to the EEG forward problem. NeuroImage. 2016;140:163–73. https://doi.org/10.1016/j.neuroimage.2016.04.005

55. Fernández-Corazza M, Turovets S, Muravchik CH. Unification of optimal targeting methods in transcranial electrical stimulation. Neuroimage.
2020;209:116403. https://doi.org/10.1016/j.neuroimage.2019.116403 PMID: 31862525

56. Gross J, Junghöfer M, Wolters C. Bioelectromagnetism in human brain research: New applications, new questions. Neuroscientist.
2023;29(1):62–77. https://doi.org/10.1177/10738584211054742 PMID: 34873945

57. Jack J, Noble D, Tsien R. Electric current flow in excitable cells. USA: Oxford University Press; 1975.

58. Koch C. Biophysics of computation. Oxford: Oxford Univ Press. 1999.

59. Bikson M, Inoue M, Akiyama H, Deans JK, Fox JE, Miyakawa H, et al. Effects of uniform extracellular DC electric fields on excitability in rat
hippocampal slices in vitro. J Physiol. 2004;557(Pt 1):175–90. https://doi.org/10.1113/jphysiol.2003.055772 PMID: 14978199

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 23/ 26

https://doi.org/10.1038/s41593-023-01456-8
http://www.ncbi.nlm.nih.gov/pubmed/37857775
https://doi.org/10.1038/s41467-024-48962-2
http://www.ncbi.nlm.nih.gov/pubmed/38811618
https://doi.org/10.1038/s42003-024-06728-y
http://www.ncbi.nlm.nih.gov/pubmed/39223260
https://doi.org/10.1038/s41467-021-22468-7
http://www.ncbi.nlm.nih.gov/pubmed/33854049
https://doi.org/10.1109/tbme.1976.324593
http://www.ncbi.nlm.nih.gov/pubmed/1278925
https://doi.org/10.1109/TBME.1986.325670
http://www.ncbi.nlm.nih.gov/pubmed/3770787
https://doi.org/10.1114/1.262
http://www.ncbi.nlm.nih.gov/pubmed/10784087
https://doi.org/10.1016/j.jphysparis.2011.10.003
http://www.ncbi.nlm.nih.gov/pubmed/22036892
https://doi.org/10.3389/fncom.2017.00027
http://www.ncbi.nlm.nih.gov/pubmed/28484385
https://doi.org/10.1371/journal.pbio.3001973
http://www.ncbi.nlm.nih.gov/pubmed/36716309
https://doi.org/10.1152/jn.00353.2001
https://doi.org/10.1152/jn.00305.2006
https://doi.org/10.1371/journal.pcbi.1006124
http://www.ncbi.nlm.nih.gov/pubmed/29727454
https://doi.org/10.1016/j.brs.2023.11.018
http://www.ncbi.nlm.nih.gov/pubmed/38056825
https://doi.org/10.1101/2025.02.22.639625
http://www.ncbi.nlm.nih.gov/pubmed/40027611
https://doi.org/10.1016/j.clinph.2005.05.018
http://www.ncbi.nlm.nih.gov/pubmed/16055377
https://doi.org/10.1088/1741-2560/8/4/045006
http://www.ncbi.nlm.nih.gov/pubmed/21775783
https://doi.org/10.1007/s12021-015-9265-6
http://www.ncbi.nlm.nih.gov/pubmed/25822810
https://doi.org/10.1101/2024.05.14.591849
https://doi.org/10.1016/j.neuroimage.2014.08.056
http://www.ncbi.nlm.nih.gov/pubmed/25204867
https://doi.org/10.1016/j.neuroimage.2015.12.019
http://www.ncbi.nlm.nih.gov/pubmed/26706450
https://doi.org/10.1016/j.neuroimage.2017.05.059
http://www.ncbi.nlm.nih.gov/pubmed/28578130
https://doi.org/10.1016/j.neuroimage.2016.04.005
https://doi.org/10.1016/j.neuroimage.2019.116403
http://www.ncbi.nlm.nih.gov/pubmed/31862525
https://doi.org/10.1177/10738584211054742
http://www.ncbi.nlm.nih.gov/pubmed/34873945
https://doi.org/10.1113/jphysiol.2003.055772
http://www.ncbi.nlm.nih.gov/pubmed/14978199
https://doi.org/10.1371/journal.pcbi.1013782


i
i

“pcbi.1013782” — 2025/12/13 — 11:50 — page 24 — #24 i
i

i
i

i
i

60. Tran H, Shirinpour S, Opitz A. Effects of transcranial alternating current stimulation on spiking activity in computational models of single
neocortical neurons. Neuroimage. 2022;250:118953. https://doi.org/10.1016/j.neuroimage.2022.118953 PMID: 35093517

61. Gaugain G, Al Harrach M, Yochum M, Wendling F, Bikson M, Modolo J, et al. Frequency-dependent phase entrainment of cortical cell types
during tACS: Computational modeling evidence. J Neural Eng. 2025;22(1):10.1088/1741-2552/ad9526.
https://doi.org/10.1088/1741-2552/ad9526 PMID: 39569929

62. Antal A, Alekseichuk I, Bikson M, Brockmöller J, Brunoni AR, Chen R, et al. Low intensity transcranial electric stimulation: Safety, ethical, legal
regulatory and application guidelines. Clin Neurophysiol. 2017;128(9):1774–809. https://doi.org/10.1016/j.clinph.2017.06.001 PMID: 28709880

63. Hay E, Hill S, Schürmann F, Markram H, Segev I. Models of neocortical layer 5b pyramidal cells capturing a wide range of dendritic and
perisomatic active properties. PLoS Comput Biol. 2011;7(7):e1002107. https://doi.org/10.1371/journal.pcbi.1002107 PMID: 21829333

64. Lafon B, Rahman A, Bikson M, Parra LC. Direct current stimulation alters neuronal input/output function. Brain Stimul. 2017;10(1):36–45.
https://doi.org/10.1016/j.brs.2016.08.014 PMID: 27717601

65. Basser PJ, Roth BJ. New currents in electrical stimulation of excitable tissues. Annu Rev Biomed Eng. 2000;2:377–97.
https://doi.org/10.1146/annurev.bioeng.2.1.377 PMID: 11701517

66. Radman T, Ramos RL, Brumberg JC, Bikson M. Role of cortical cell type and morphology in subthreshold and suprathreshold uniform electric
field stimulation in vitro. Brain Stimul. 2009;2(4):215-228.e3. https://doi.org/10.1016/j.brs.2009.03.007

67. Lindén H, Pettersen KH, Einevoll GT. Intrinsic dendritic filtering gives low-pass power spectra of local field potentials. J Comput Neurosci.
2010;29(3):423–44. https://doi.org/10.1007/s10827-010-0245-4 PMID: 20502952

68. Næss S, Halnes G, Hagen E, Hagler DJ Jr, Dale AM, Einevoll GT, et al. Biophysically detailed forward modeling of the neural origin of EEG and
MEG signals. Neuroimage. 2021;225:117467. https://doi.org/10.1016/j.neuroimage.2020.117467 PMID: 33075556

69. Lindén H, Tetzlaff T, Potjans TC, Pettersen KH, Grün S, Diesmann M, et al. Modeling the spatial reach of the LFP. Neuron. 2011;72(5):859–72.
https://doi.org/10.1016/j.neuron.2011.11.006 PMID: 22153380

70. Pettersen KH, Einevoll GT. Amplitude variability and extracellular low-pass filtering of neuronal spikes. Biophys J. 2008;94(3):784–802.
https://doi.org/10.1529/biophysj.107.111179 PMID: 17921225

71. Vieira PG, Krause MR, Laamerad P, Pack CC. Brain stimulation preferentially influences long-range projections. Cold Spring Harbor Laboratory.
2025. https://doi.org/10.1101/2025.02.19.639189

72. Nowak LG, Bullier J. Axons, but not cell bodies, are activated by electrical stimulation in cortical gray matter. I. Evidence from chronaxie
measurements. Exp Brain Res. 1998;118(4):477–88. https://doi.org/10.1007/s002210050304 PMID: 9504843

73. Pettersen KH, Lindén H, Tetzlaff T, Einevoll GT. Power laws from linear neuronal cable theory: Power spectral densities of the soma potential,
soma membrane current and single-neuron contribution to the EEG. PLoS Comput Biol. 2014;10(11):e1003928.
https://doi.org/10.1371/journal.pcbi.1003928 PMID: 25393030

74. Ye H, Hendee J, Ruan J, Zhirova A, Ye J, Dima M. Neuron matters: Neuromodulation with electromagnetic stimulation must consider neurons as
dynamic identities. J Neuroeng Rehabil. 2022;19(1):116. https://doi.org/10.1186/s12984-022-01094-4 PMID: 36329492

75. Bergman H. The hidden life of the basal ganglia: At the base of brain and mind. The MIT Press. 2021.

76. Wolters CH, Anwander A, Tricoche X, Weinstein D, Koch MA, MacLeod RS. Influence of tissue conductivity anisotropy on EEG/MEG field and
return current computation in a realistic head model: A simulation and visualization study using high-resolution finite element modeling.
Neuroimage. 2006;30(3):813–26. https://doi.org/10.1016/j.neuroimage.2005.10.014 PMID: 16364662

77. Logothetis NK, Kayser C, Oeltermann A. In vivo measurement of cortical impedance spectrum in monkeys: Implications for signal propagation.
Neuron. 2007;55(5):809–23. https://doi.org/10.1016/j.neuron.2007.07.027 PMID: 17785187

78. Vorwerk J, Cho J-H, Rampp S, Hamer H, Knösche TR, Wolters CH. A guideline for head volume conductor modeling in EEG and MEG.
Neuroimage. 2014;100:590–607. https://doi.org/10.1016/j.neuroimage.2014.06.040 PMID: 24971512

79. Hagen E, Næss S, Ness TV, Einevoll GT. Multimodal modeling of neural network activity: Computing LFP, ECoG, EEG, and MEG signals with
LFPy 2.0. Front Neuroinform. 2018;12:92. https://doi.org/10.3389/fninf.2018.00092 PMID: 30618697

80. Goto T, Hatanaka R, Ogawa T, Sumiyoshi A, Riera J, Kawashima R. An evaluation of the conductivity profile in the somatosensory barrel cortex
of Wistar rats. J Neurophysiol. 2010;104(6):3388–412. https://doi.org/10.1152/jn.00122.2010 PMID: 20810682

81. Gold C, Henze DA, Koch C, Buzsáki G. On the origin of the extracellular action potential waveform: A modeling study. J Neurophysiol.
2006;95(5):3113–28. https://doi.org/10.1152/jn.00979.2005 PMID: 16467426

82. Pettersen KH, Devor A, Ulbert I, Dale AM, Einevoll GT. Current-source density estimation based on inversion of electrostatic forward solution:
Effects of finite extent of neuronal activity and conductivity discontinuities. J Neurosci Methods. 2006;154(1–2):116–33.
https://doi.org/10.1016/j.jneumeth.2005.12.005 PMID: 16436298

83. Rogers N, Thunemann M, Devor A, Gilja V. Impact of Brain Surface Boundary Conditions on Electrophysiology and Implications for
electrocorticography. Front Neurosci. 2020;14:763. https://doi.org/10.3389/fnins.2020.00763 PMID: 32903652

84. Lempka SF, McIntyre CC. Theoretical analysis of the local field potential in deep brain stimulation applications. PLoS One. 2013;8(3):e59839.
https://doi.org/10.1371/journal.pone.0059839 PMID: 23555799

85. Maling N, Lempka SF, Blumenfeld Z, Bronte-Stewart H, McIntyre CC. Biophysical basis of subthalamic local field potentials recorded from deep
brain stimulation electrodes. J Neurophysiol. 2018;120(4):1932–44. https://doi.org/10.1152/jn.00067.2018 PMID: 30020838

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 24/ 26

https://doi.org/10.1016/j.neuroimage.2022.118953
http://www.ncbi.nlm.nih.gov/pubmed/35093517
https://doi.org/10.1088/1741-2552/ad9526
http://www.ncbi.nlm.nih.gov/pubmed/39569929
https://doi.org/10.1016/j.clinph.2017.06.001
http://www.ncbi.nlm.nih.gov/pubmed/28709880
https://doi.org/10.1371/journal.pcbi.1002107
http://www.ncbi.nlm.nih.gov/pubmed/21829333
https://doi.org/10.1016/j.brs.2016.08.014
http://www.ncbi.nlm.nih.gov/pubmed/27717601
https://doi.org/10.1146/annurev.bioeng.2.1.377
http://www.ncbi.nlm.nih.gov/pubmed/11701517
https://doi.org/10.1016/j.brs.2009.03.007
https://doi.org/10.1007/s10827-010-0245-4
http://www.ncbi.nlm.nih.gov/pubmed/20502952
https://doi.org/10.1016/j.neuroimage.2020.117467
http://www.ncbi.nlm.nih.gov/pubmed/33075556
https://doi.org/10.1016/j.neuron.2011.11.006
http://www.ncbi.nlm.nih.gov/pubmed/22153380
https://doi.org/10.1529/biophysj.107.111179
http://www.ncbi.nlm.nih.gov/pubmed/17921225
https://doi.org/10.1101/2025.02.19.639189
https://doi.org/10.1007/s002210050304
http://www.ncbi.nlm.nih.gov/pubmed/9504843
https://doi.org/10.1371/journal.pcbi.1003928
http://www.ncbi.nlm.nih.gov/pubmed/25393030
https://doi.org/10.1186/s12984-022-01094-4
http://www.ncbi.nlm.nih.gov/pubmed/36329492
https://doi.org/10.1016/j.neuroimage.2005.10.014
http://www.ncbi.nlm.nih.gov/pubmed/16364662
https://doi.org/10.1016/j.neuron.2007.07.027
http://www.ncbi.nlm.nih.gov/pubmed/17785187
https://doi.org/10.1016/j.neuroimage.2014.06.040
http://www.ncbi.nlm.nih.gov/pubmed/24971512
https://doi.org/10.3389/fninf.2018.00092
http://www.ncbi.nlm.nih.gov/pubmed/30618697
https://doi.org/10.1152/jn.00122.2010
http://www.ncbi.nlm.nih.gov/pubmed/20810682
https://doi.org/10.1152/jn.00979.2005
http://www.ncbi.nlm.nih.gov/pubmed/16467426
https://doi.org/10.1016/j.jneumeth.2005.12.005
http://www.ncbi.nlm.nih.gov/pubmed/16436298
https://doi.org/10.3389/fnins.2020.00763
http://www.ncbi.nlm.nih.gov/pubmed/32903652
https://doi.org/10.1371/journal.pone.0059839
http://www.ncbi.nlm.nih.gov/pubmed/23555799
https://doi.org/10.1152/jn.00067.2018
http://www.ncbi.nlm.nih.gov/pubmed/30020838
https://doi.org/10.1371/journal.pcbi.1013782


i
i

“pcbi.1013782” — 2025/12/13 — 11:50 — page 25 — #25 i
i

i
i

i
i

86. Buccino AP, Kuchta M, Jæger KH, Ness TV, Berthet P, Mardal K-A, et al. How does the presence of neural probes affect extracellular
potentials?. J Neural Eng. 2019;16(2):026030. https://doi.org/10.1088/1741-2552/ab03a1 PMID: 30703758

87. Bower KL, McIntyre CC. Deep brain stimulation of terminating axons. Brain Stimul. 2020;13(6):1863–70. https://doi.org/10.1016/j.brs.2020.09.001
PMID: 32919091

88. Molina-Martínez B, Jentsch L-V, Ersoy F, van der Moolen M, Donato S, Ness TV, et al. A multimodal 3D neuro-microphysiological system with
neurite-trapping microelectrodes. Biofabrication. 2022;14(2):10.1088/1758-5090/ac463b. https://doi.org/10.1088/1758-5090/ac463b PMID:
34942606

89. Mercadal B, Salvador R, Biagi MC, Bartolomei F, Wendling F, Ruffini G. Modeling implanted metals in electrical stimulation applications. J Neural
Eng. 2022;19(2):10.1088/1741-2552/ac55ae. https://doi.org/10.1088/1741-2552/ac55ae PMID: 35172293

90. Nunez PL, Nunez MD, Srinivasan R. Multi-scale neural sources of EEG: Genuine, equivalent, and representative. A tutorial review. Brain Topogr.
2019;32(2):193–214. https://doi.org/10.1007/s10548-019-00701-3 PMID: 30684161

91. Huang X, Wei X, Wang J, Yi G. Frequency-dependent membrane polarization across neocortical cell types and subcellular elements by
transcranial alternating current stimulation. J Neural Eng. 2024;21(1):10.1088/1741-2552/ad2b8a. https://doi.org/10.1088/1741-2552/ad2b8a
PMID: 38382101

92. Sliva DD, Black CJ, Bowary P, Agrawal U, Santoyo JF, Philip NS, et al. A prospective study of the impact of transcranial alternating current
stimulation on EEG correlates of somatosensory perception. Front Psychol. 2018;9:2117. https://doi.org/10.3389/fpsyg.2018.02117 PMID:
30515114

93. Krause MR, Vieira PG, Csorba BA, Pilly PK, Pack CC. Transcranial alternating current stimulation entrains single-neuron activity in the primate
brain. Proc Natl Acad Sci U S A. 2019;116(12):5747–55. https://doi.org/10.1073/pnas.1815958116 PMID: 30833389

94. Huang Y, Liu AA, Lafon B, Friedman D, Dayan M, Wang X, et al. Measurements and models of electric fields in the in vivo human brain during
transcranial electric stimulation. Elife. 2017;6:e18834. https://doi.org/10.7554/eLife.18834 PMID: 28169833

95. Vöröslakos M, Takeuchi Y, Brinyiczki K, Zombori T, Oliva A, Fernández-Ruiz A, et al. Direct effects of transcranial electric stimulation on brain
circuits in rats and humans. Nat Commun. 2018;9(1):483. https://doi.org/10.1038/s41467-018-02928-3 PMID: 29396478

96. Reato D, Rahman A, Bikson M, Parra LC. Low-intensity electrical stimulation affects network dynamics by modulating population rate and spike
timing. J Neurosci. 2010;30(45):15067–79. https://doi.org/10.1523/JNEUROSCI.2059-10.2010 PMID: 21068312

97. von Conta J, Kasten FH, �určić-Blake B, Aleman A, Thielscher A, Herrmann CS. Interindividual variability of electric fields during transcranial
temporal interference stimulation (tTIS). Sci Rep. 2021;11(1):20357. https://doi.org/10.1038/s41598-021-99749-0 PMID: 34645895

98. Ranta R, Le Cam S, Tyvaert L, Louis-Dorr V. Assessing human brain impedance using simultaneous surface and intracerebral recordings.
Neuroscience. 2017;343:411–22. https://doi.org/10.1016/j.neuroscience.2016.12.013 PMID: 28012868

99. Bikson M, Dmochowski J, Rahman A. The “quasi-uniform” assumption in animal and computational models of non-invasive electrical stimulation.
Brain Stimul. 2013;6(4):704–5. https://doi.org/10.1016/j.brs.2012.11.005 PMID: 23290681

100. Grossman N, Bono D, Dedic N, Kodandaramaiah SB, Rudenko A, Suk H-J, et al. Noninvasive deep brain stimulation via temporally interfering
electric fields. Cell. 2017;169(6):1029-1041.e16. https://doi.org/10.1016/j.cell.2017.05.024 PMID: 28575667

101. Alekseichuk I, Mantell K, Shirinpour S, Opitz A. Comparative modeling of transcranial magnetic and electric stimulation in mouse, monkey, and
human. Neuroimage. 2019;194:136–48. https://doi.org/10.1016/j.neuroimage.2019.03.044 PMID: 30910725

102. Ozen S, Sirota A, Belluscio MA, Anastassiou CA, Stark E, Koch C, et al. Transcranial electric stimulation entrains cortical neuronal populations in
rats. J Neurosci. 2010;30(34):11476–85. https://doi.org/10.1523/JNEUROSCI.5252-09.2010 PMID: 20739569

103. Anastassiou CA, Perin R, Markram H, Koch C. Ephaptic coupling of cortical neurons. Nat Neurosci. 2011;14(2):217–23.
https://doi.org/10.1038/nn.2727 PMID: 21240273

104. Cakan C, Obermayer K. Biophysically grounded mean-field models of neural populations under electrical stimulation. PLoS Comput Biol.
2020;16(4):e1007822. https://doi.org/10.1371/journal.pcbi.1007822 PMID: 32324734

105. Johnson L, Alekseichuk I, Krieg J, Doyle A, Yu Y, Vitek J, et al. Dose-dependent effects of transcranial alternating current stimulation on spike
timing in awake nonhuman primates. Sci Adv. 2020;6(36):eaaz2747. https://doi.org/10.1126/sciadv.aaz2747 PMID: 32917605

106. Alekseichuk I, Wischnewski M, Opitz A. A minimum effective dose for (transcranial) alternating current stimulation. Brain Stimul.
2022;15(5):1221–2. https://doi.org/10.1016/j.brs.2022.08.018 PMID: 36044976

107. Zhao Z, Shirinpour S, Tran H, Wischnewski M, Opitz A. intensity- and frequency-specific effects of transcranial alternating current stimulation are
explained by network dynamics. J Neural Eng. 2024;21(2):10.1088/1741-2552/ad37d9. https://doi.org/10.1088/1741-2552/ad37d9 PMID:
38530297

108. Pfurtscheller G, Cooper R. Frequency dependence of the transmission of the EEG from cortex to scalp. Electroencephalogr Clin Neurophysiol.
1975;38(1):93–6. https://doi.org/10.1016/0013-4694(75)90215-1 PMID: 45909

109. Miceli S, Ness TV, Einevoll GT, Schubert D. Impedance spectrum in cortical tissue: Implications for propagation of LFP signals on the
microscopic level. eNeuro. 2017;4(1):ENEURO.0291-16.2016. https://doi.org/10.1523/ENEURO.0291-16.2016 PMID: 28197543

110. Wagner T, Eden U, Rushmore J, Russo CJ, Dipietro L, Fregni F, et al. Impact of brain tissue filtering on neurostimulation fields: A modeling
study. Neuroimage. 2014;85 Pt 3(0 3):1048–57. https://doi.org/10.1016/j.neuroimage.2013.06.079 PMID: 23850466

111. Bossetti CA, Birdno MJ, Grill WM. Analysis of the quasi-static approximation for calculating potentials generated by neural stimulation. J Neural
Eng. 2008;5(1):44–53. https://doi.org/10.1088/1741-2560/5/1/005 PMID: 18310810

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 25/ 26

https://doi.org/10.1088/1741-2552/ab03a1
http://www.ncbi.nlm.nih.gov/pubmed/30703758
https://doi.org/10.1016/j.brs.2020.09.001
http://www.ncbi.nlm.nih.gov/pubmed/32919091
https://doi.org/10.1088/1758-5090/ac463b
http://www.ncbi.nlm.nih.gov/pubmed/34942606
https://doi.org/10.1088/1741-2552/ac55ae
http://www.ncbi.nlm.nih.gov/pubmed/35172293
https://doi.org/10.1007/s10548-019-00701-3
http://www.ncbi.nlm.nih.gov/pubmed/30684161
https://doi.org/10.1088/1741-2552/ad2b8a
http://www.ncbi.nlm.nih.gov/pubmed/38382101
https://doi.org/10.3389/fpsyg.2018.02117
http://www.ncbi.nlm.nih.gov/pubmed/30515114
https://doi.org/10.1073/pnas.1815958116
http://www.ncbi.nlm.nih.gov/pubmed/30833389
https://doi.org/10.7554/eLife.18834
http://www.ncbi.nlm.nih.gov/pubmed/28169833
https://doi.org/10.1038/s41467-018-02928-3
http://www.ncbi.nlm.nih.gov/pubmed/29396478
https://doi.org/10.1523/JNEUROSCI.2059-10.2010
http://www.ncbi.nlm.nih.gov/pubmed/21068312
https://doi.org/10.1038/s41598-021-99749-0
http://www.ncbi.nlm.nih.gov/pubmed/34645895
https://doi.org/10.1016/j.neuroscience.2016.12.013
http://www.ncbi.nlm.nih.gov/pubmed/28012868
https://doi.org/10.1016/j.brs.2012.11.005
http://www.ncbi.nlm.nih.gov/pubmed/23290681
https://doi.org/10.1016/j.cell.2017.05.024
http://www.ncbi.nlm.nih.gov/pubmed/28575667
https://doi.org/10.1016/j.neuroimage.2019.03.044
http://www.ncbi.nlm.nih.gov/pubmed/30910725
https://doi.org/10.1523/JNEUROSCI.5252-09.2010
http://www.ncbi.nlm.nih.gov/pubmed/20739569
https://doi.org/10.1038/nn.2727
http://www.ncbi.nlm.nih.gov/pubmed/21240273
https://doi.org/10.1371/journal.pcbi.1007822
http://www.ncbi.nlm.nih.gov/pubmed/32324734
https://doi.org/10.1126/sciadv.aaz2747
http://www.ncbi.nlm.nih.gov/pubmed/32917605
https://doi.org/10.1016/j.brs.2022.08.018
http://www.ncbi.nlm.nih.gov/pubmed/36044976
https://doi.org/10.1088/1741-2552/ad37d9
http://www.ncbi.nlm.nih.gov/pubmed/38530297
https://doi.org/10.1016/0013-4694(75)90215-1
http://www.ncbi.nlm.nih.gov/pubmed/45909
https://doi.org/10.1523/ENEURO.0291-16.2016
http://www.ncbi.nlm.nih.gov/pubmed/28197543
https://doi.org/10.1016/j.neuroimage.2013.06.079
http://www.ncbi.nlm.nih.gov/pubmed/23850466
https://doi.org/10.1088/1741-2560/5/1/005
http://www.ncbi.nlm.nih.gov/pubmed/18310810
https://doi.org/10.1371/journal.pcbi.1013782


i
i

“pcbi.1013782” — 2025/12/13 — 11:50 — page 26 — #26 i
i

i
i

i
i

112. Ness TV, Remme MWH, Einevoll GT. Active subthreshold dendritic conductances shape the local field potential. J Physiol.
2016;594(13):3809–25. https://doi.org/10.1113/JP272022 PMID: 27079755

113. Ness TV, Remme MWH, Einevoll GT. h-Type membrane current shapes the local field potential from populations of pyramidal neurons. J
Neurosci. 2018;38(26):6011–24. https://doi.org/10.1523/JNEUROSCI.3278-17.2018 PMID: 29875266

114. Huang X, Wei X, Wang J, Yi G. Effects of dendritic Ca2+ spike on the modulation of spike timing with transcranial direct current stimulation in
cortical pyramidal neurons. J Comput Neurosci. 2025;53(1):25–36. https://doi.org/10.1007/s10827-024-00886-y PMID: 39688634

115. McDougal RA, Morse TM, Carnevale T, Marenco L, Wang R, Migliore M, et al. Twenty years of ModelDB and beyond: Building essential
modeling tools for the future of neuroscience. J Comput Neurosci. 2017;42(1):1–10. https://doi.org/10.1007/s10827-016-0623-7 PMID: 27629590

116. Buccino AP, Kordovan M, Ness TV, Merkt B, Häfliger PD, Fyhn M, et al. Combining biophysical modeling and deep learning for multielectrode
array neuron localization and classification. J Neurophysiol. 2018;120(3):1212–32. https://doi.org/10.1152/jn.00210.2018 PMID: 29847231

117. Zaletel I, Nowakowski RS, Ness TV. Editorial: Open-access data, models and resources in neuroscience research. Front Neurosci.
2023;17:1142317. https://doi.org/10.3389/fnins.2023.1142317 PMID: 36866334

118. Einevoll GT, Destexhe A, Diesmann M, Grün S, Jirsa V, de Kamps M, et al. The scientific case for brain simulations. Neuron.
2019;102(4):735–44. https://doi.org/10.1016/j.neuron.2019.03.027 PMID: 31121126

119. Aspart F, Ladenbauer J, Obermayer K. Extending integrate-and-fire model neurons to account for the effects of weak electric fields and input
filtering mediated by the dendrite. PLoS Comput Biol. 2016;12(11):e1005206. https://doi.org/10.1371/journal.pcbi.1005206 PMID: 27893786

120. Ladenbauer J, Obermayer K. Weak electric fields promote resonance in neuronal spiking activity: Analytical results from two-compartment cell
and network models. PLoS Comput Biol. 2019;15(4):e1006974. https://doi.org/10.1371/journal.pcbi.1006974 PMID: 31009455

121. Duchet B, Weerasinghe G, Cagnan H, Brown P, Bick C, Bogacz R. Phase-dependence of response curves to deep brain stimulation and their
relationship: From essential tremor patient data to a Wilson-Cowan model. J Math Neurosci. 2020;10(1):4.
https://doi.org/10.1186/s13408-020-00081-0 PMID: 32232686

122. West TO, Magill PJ, Sharott A, Litvak V, Farmer SF, Cagnan H. Stimulating at the right time to recover network states in a model of the
cortico-basal ganglia-thalamic circuit. PLoS Comput Biol. 2022;18(3):e1009887. https://doi.org/10.1371/journal.pcbi.1009887 PMID: 35245281

123. Amsalem O, Eyal G, Rogozinski N, Gevaert M, Kumbhar P, Schürmann F, et al. An efficient analytical reduction of detailed nonlinear neuron
models. Nat Commun. 2020;11(1):288. https://doi.org/10.1038/s41467-019-13932-6 PMID: 31941884

124. Gewaltig M-O, Diesmann M. NEST (NEural Simulation Tool). Scholarpedia. 2007;2(4):1430. https://doi.org/10.4249/scholarpedia.1430

125. Sanz Leon P, Knock SA, Woodman MM, Domide L, Mersmann J, McIntosh AR, et al. The Virtual Brain: A simulator of primate brain network
dynamics. Front Neuroinform. 2013;7:10. https://doi.org/10.3389/fninf.2013.00010 PMID: 23781198

126. Carnevale NT, Hines ML. The NEURON book. Cambridge, UK: Cambridge University Press; 2006.

127. Hallermann S, de Kock CPJ, Stuart GJ, Kole MHP. State and location dependence of action potential metabolic cost in cortical pyramidal
neurons. Nat Neurosci. 2012;15(7):1007–14. https://doi.org/10.1038/nn.3132 PMID: 22660478

128. Thunemann M, Hossain L, Ness TV, Rogers N, Lee K, Lee SH, et al. Imaging through Windansee electrode arrays reveals a small fraction of
local neurons following surface MUA. Cold Spring Harbor Laboratory. 2022. https://doi.org/10.1101/2022.09.01.506113

129. Huang Y, Dmochowski JP, Su Y, Datta A, Rorden C, Parra LC. Automated MRI segmentation for individualized modeling of current flow in the
human head. J Neural Eng. 2013;10(6):066004. https://doi.org/10.1088/1741-2560/10/6/066004 PMID: 24099977

130. Koch C. Cable theory in neurons with active, linearized membranes. Biol Cybern. 1984;50(1):15–33. https://doi.org/10.1007/BF00317936 PMID:
6324889

131. Remme MWH, Rinzel J. Role of active dendritic conductances in subthreshold input integration. J Comput Neurosci. 2011;31(1):13–30.
https://doi.org/10.1007/s10827-010-0295-7 PMID: 21127955

132. Hayt W, Kemmerly J, Phillips JD, Durbin S. Engineering circuit analysis. 9th ed. New York: McGraw-Hill Education; 2019.

133. Hodgkin AL, Huxley AF. A quantitative description of membrane current and its application to conduction and excitation in nerve. 1952. Bull Math
Biol. 1990;52(1–2):25–71; discussion 5–23. https://doi.org/10.1007/BF02459568 PMID: 2185861

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013782 December 15, 2025 26/ 26

https://doi.org/10.1113/JP272022
http://www.ncbi.nlm.nih.gov/pubmed/27079755
https://doi.org/10.1523/JNEUROSCI.3278-17.2018
http://www.ncbi.nlm.nih.gov/pubmed/29875266
https://doi.org/10.1007/s10827-024-00886-y
http://www.ncbi.nlm.nih.gov/pubmed/39688634
https://doi.org/10.1007/s10827-016-0623-7
http://www.ncbi.nlm.nih.gov/pubmed/27629590
https://doi.org/10.1152/jn.00210.2018
http://www.ncbi.nlm.nih.gov/pubmed/29847231
https://doi.org/10.3389/fnins.2023.1142317
http://www.ncbi.nlm.nih.gov/pubmed/36866334
https://doi.org/10.1016/j.neuron.2019.03.027
http://www.ncbi.nlm.nih.gov/pubmed/31121126
https://doi.org/10.1371/journal.pcbi.1005206
http://www.ncbi.nlm.nih.gov/pubmed/27893786
https://doi.org/10.1371/journal.pcbi.1006974
http://www.ncbi.nlm.nih.gov/pubmed/31009455
https://doi.org/10.1186/s13408-020-00081-0
http://www.ncbi.nlm.nih.gov/pubmed/32232686
https://doi.org/10.1371/journal.pcbi.1009887
http://www.ncbi.nlm.nih.gov/pubmed/35245281
https://doi.org/10.1038/s41467-019-13932-6
http://www.ncbi.nlm.nih.gov/pubmed/31941884
https://doi.org/10.4249/scholarpedia.1430
https://doi.org/10.3389/fninf.2013.00010
http://www.ncbi.nlm.nih.gov/pubmed/23781198
https://doi.org/10.1038/nn.3132
http://www.ncbi.nlm.nih.gov/pubmed/22660478
https://doi.org/10.1101/2022.09.01.506113
https://doi.org/10.1088/1741-2560/10/6/066004
http://www.ncbi.nlm.nih.gov/pubmed/24099977
https://doi.org/10.1007/BF00317936
http://www.ncbi.nlm.nih.gov/pubmed/6324889
https://doi.org/10.1007/s10827-010-0295-7
http://www.ncbi.nlm.nih.gov/pubmed/21127955
https://doi.org/10.1007/BF02459568
http://www.ncbi.nlm.nih.gov/pubmed/2185861
https://doi.org/10.1371/journal.pcbi.1013782

	Predicting neural responses to intra- and extra-cranial electric brain stimulation by means of the reciprocity theorem
	Introduction
	Results
	Validating the reciprocity-based approach
	RT for studying the effects of ES on different neural elements
	Pyramidal cells.
	Interneurons
	Axons.

	Analytical investigation of ES in simple cell models
	Intrinsically active cells
	More complex extracellular mediums
	Transcranial electric stimulation (tES)

	Discussion
	What is new?
	When to apply the RT-based approach for studying ES
	Transcranial electric stimulation
	Limitations
	Outlook

	Methods
	Neural simulations
	Cell models
	Input to cell models
	Simulating extracellular stimulation
	Infinite homogeneous mediums
	Detailed head model

	Signal analysis
	Analytic expressions
	Application of the reciprocity theorem

	References


