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OPEN A realistic computational model

for the formation of a Place Cell

Camille Mazzara®2 & Michele Migliore?*

Hippocampal Place Cells (PCs) are pyramidal neurons showing spatially localized firing when an
animal gets into a specific area within an environment. Because of their obvious and clear relation
with specific cognitive functions, Place Cells operations and modulations are intensely studied
experimentally. However, although a lot of data have been gathered since their discovery, the
cellular processes that interplay to turn a hippocampal pyramidal neuron into a Place Cell are still not
completely understood. Here, we used a morphologically and biophysically detailed computational
model of a CA1 pyramidal neuron to show how, and under which conditions, it can turn into a neuron
coding for a specific cue location, through the self-organization of its synaptic inputs in response to
external signals targeting different dendritic layers. Our results show that the model is consistent
with experimental findings demonstrating PCs stability within the same spatial context over
different trajectories, environment rotations, and place field remapping to adapt to changes in the
environment. To date, this is the only biophysically and morphologically accurate cellular model of PCs
formation, which can be directly used in physiologically accurate microcircuits and large-scale model
networks to study cognitive functions and dysfunctions at cellular level.

A population of pyramidal CA1 neurons in the hippocampus, called Place Cells (PCs), are preferentially activated
when an animal reaches a specific area in an environment. Directly linked with the ability of an animal to carry
out a cognitive function, PCs have been intensely studied experimentally. It has been found that they act as an
internal cognitive map'?, ensuring correct spatial navigation together with other cells, such as head direction
cells®>=, border cells®’, grid cells® and speed cells’. PCs have been identified in different mammals, e.g. in bats
and primates'*-'°. However, although a large amount of data has been gathered, the cellular processes that may
be involved, or need to interplay, to turn a hippocampal pyramidal neuron into a PC are not completely under-
stood. In the CA1 region of the hippocampus, it has been shown that the interaction between an input from the
Entorhinal Cortex with one from the Shaffer Collaterals (SCs) can induce the formation of a Place Cell'® through
an exquisite interaction between these independent, spatially distributed, and well-timed signals. Unfortunately,
their integration dynamics is practically impossible to investigate experimentally in vivo, and a more detailed
picture is needed to better understand not only the basic mechanisms underlying PC formation, but also those
cognitive processes directly depending on normal PCs operations. For these reasons, we developed and present
here a realistic computational model of PC formation. Our results suggest how, to what extent, and under what
conditions, dendritic integrations and synaptic plasticity processes can turn a CA1 pyramidal neuron into a
Place Cell.

Materials and methods

All simulations were carried out using the NEURON simulation environment (v7.5, Carnevale and Hines, 2006).
At time of publication, all model and simulation files will be available on ModelDB (http://modeldb.yale.edu/
267613), and as an interactive entry in the “live papers” section of the Cellular Level Simulation Platform of the
EBRAINS Infrastructure (https://humanbrainproject.github.io/hbp-bsp-live-papers).

The neuron morphology and channel kinetics are the same as those previously published paper!” and system-
atically validated against several experimental findings on CA1 pyramidal neurons. The morphology is composed
of a soma, axon, 58 basal dendrites, 67 membrane sections forming the main apical trunk and distal tuft, and
74 oblique dendrites (30 of which stemming out of the main apical trunk). We used Na* and Kpy currents, two
A-type potassium currents (K,, for proximal and distal dendrites), a non-specific I current, a M-type potassium
current, K. The K, and I;, peak conductance increased linearly with distance from the soma'®-?* and the Ky,
was inserted in the soma and axon.

Live animals or cell lines were not involved in this study.
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Model implementation

The implementation of the model and its operation are schematically illustrated in Fig. 1a; they were directly
inspired by experimental findings suggesting that Place Cells can be formed by an appropriate binding of two
dendritic signals'®. In a CA1 pyramidal neuron two main spatially segregated excitatory inputs converge, repre-
senting highly preprocessed sensorial and contextual signals: (1) from the Perforant Pathway, originating directly
from the Entorhinal Cortex and innervating the distal apical region (EC, in Fig. 1a), and (2) from the Schaeffer
Collaterals, originating from the CA3 region and activating synapses onto the proximal oblique dendrites (CA3,
in Fig. 1a). Experiments suggested that their interplay, while an animal explores an environment looking for a
reward, could be the basic process through which a Place Cell is formed.

In our model, inputs from CA3 (schematically represented by red circles in Fig. 1a) were implemented with
excitatory synapses composed of an AMPA and a NMDA component, modeled as in Gasparini et al.?!. The
AMPA component was implemented as a double-exponential conductance change, with 0.5 and 1 ms for the
rise and decay time, respectively, and a reversal potential of 0 mV. The NMDA conductance was implemented
following a kinetic scheme fitting experimental data*, with an external Mg>* concentration of 1 mM and a
reversal potential of 0 mV. Synapses were placed on oblique dendrites, consistently with experimental findings
suggesting that most of the excitatory synaptic input on CA1 pyramidal cells target oblique dendrites®. To reduce
possible artifacts caused by the specific dendritic morphology used in this work, the peak synaptic conductance
in each oblique dendrite was independently adjusted to be just below the spiking threshold when activated at
background frequency. Consistently with experimental findings®, this resulted in a local dendritic depolariza-
tion increasing with distance from the soma while generating essentially the same peak somatic depolarization.
A supplementary figure (Fig. S1) has been included in the revision, showing typical EPSPs recorded in four
different oblique dendrites, with the inset showing the average somatic depolarization in response to individual
synaptic activation (light red area represents variance).

The effect of the EC activation was empirically implemented by sequentially activating four stimulating elec-
trodes positioned along the main apical trunk of the neuron, as schematically shown in Fig. 1a (blue squares).
The activation of the first electrode started the plateau potential in a distal dendritic location. This corresponds
to the response to a relatively strong EC activity in the tuft. To mimic its forward propagation toward the soma,
the four 200 ms long current injection steps at different apical trunk locations were sequentially activated every
500 ms, starting from the tuft location and continuing with the more proximal ones. The resulting membrane
potential dynamics mimics the forward propagation of a physiologically complex and computationally much
more expensive calcium wave. As long as the virtual animal stays in the same spatial location during the plateau
propagation, the presynaptic inputs on the oblique dendrites, coding for the environmental cues, and the forward
propagating postsynaptic depolarization will jointly create the conditions to potentiate all the involved synapses,
eventually forming the Place Cell. It should be clear that the process is robust and able to work independently
from the implementation details of the underlying processes, with the critical mechanism being the animal
staying around the same spatial location during the plateau propagation.

EC

Plateau
Potential

Figure 1. Schematic representation of the model. (a) A PC formation requires the interaction between a
proximal input from the Shaffer Collateral (CA3) with a distal input from the entorhinal cortex (EC), strong
enough to generate a dendritic plateau potential. The blue arrow indicates the propagation of the Plateau
Potential after the EC activation; red circles represent SC synapses; blue squares represent the input current
locations used to mimic the Plateau Potential propagation. (b) Schematic representation of the virtual
environment used in all simulations; different features of an object (colored cubes) in the visual field activated
different oblique dendrites; the spot light indicates the current visual field.

Scientific Reports |

(2023) 13:21763 | https://doi.org/10.1038/541598-023-48183-5 nature portfolio



www.nature.com/scientificreports/

We wanted to test whether a dendritic plateau potential, forward propagating toward the soma, can induce
plasticity selectively in those synapses activated by environmental cues during spatial navigation, to form (or
remap) a PC. In Fig. 1b, we show a conceptual representation of the model operation. During a simulation, a
virtual animal explores a square arena containing different cues (rainbow objects in Fig. 1b), following a random
trajectory. The field of vision of the animal is 90°, with decreasing resolution with increasing distance. Depending
on the animal location and head direction, objects (or parts of them) can enter the visual field. The underlying
assumption is that specific object’s features activate different dendrites, through different CA3 fibers, eliciting
local dendritic action potentials that can eventually generate a somatic output to signal object recognition®.
This is consistent with experimental findings in humans, suggesting that individual hippocampal neurons are
selectively activated by impressively distinct pictures of individuals, landmarks, or objects'»*>?”. In the model,
we split an object in parts (colored boxes in Fig. 1b) and associated each part to a different oblique dendrite. In
general, different objects activated different dendrites, according to the set of features they were composed of.
The number of dendrites to use to code for an object is arbitrary in the absence of specific experimental evidence.
During preliminary test simulations (not shown), we also successfully tested the coding of an object using 5
dendrites. We have finally chosen to follow modeling results® suggesting that 7 (+ 2) may be the most effective
combination. A detailed investigation of how many dendrites need to be used, as well as their location in the
tree, size, distance from soma, or intrinsic electrophysiological properties was out of the scope for this work. To
code for two objects, we thus colocalized 14 AMPA + NMDA synapses on 14 different oblique dendrites, with
each synapse modeling the synchronous activation of a group of synapses. The model thus does not consider
the details of the nonlinear spatial and temporal dendritic input summation of a group of inputs. We are aware
of the many processes modulating dendritic signal integration in CA1 pyramidal neurons*'. However, as for the
other strategic choices we took in this work, we wanted to balance computational efficiency and biophysical/
morphological accuracy in such a way to be able to use hundreds of thousands of this type of single cell models
into a full-scale rodent CA1 network implementation®,or even several millions for the full scale of a human
CA1%. For this reason, we had to use an effective, instead of a detailed, implementation for many processes. In
this case, we decided to lump all the synaptic mechanisms responsible for local dendritic spiking into compu-
tationally fast AMPA and NMDA synapses. Even without an intracellular calcium dynamics, which would not
qualitatively change the results, the dendritic integration process of the model is still much more realistic than
any of the spiking neuron implementations universally used to model large scale networks of brain regions.

Under control conditions, synapses not corresponding to any of the known features in the visual field were
randomly (Poisson) activated at an average frequency of 3Hz (in the range of the theta rhythm). When known
features (in our case parts of an object) were present in the visual field, the corresponding synapses (schematically
represented by colored dendrites in Fig. 1b) were activated at an average frequency in the high gamma range (80
Hz). Different parts of an object entering the visual field independently activated different dendrites, generating
local dendritic action potentials that eventually elicited a somatic action potential?>*’. Synaptic activation rates
were chosen following both experimental and theoretical results, suggesting that working memory is organized
by oscillatory processes at theta and gamma®!. Furthermore, a computational model®, based on experimental
findings, suggested that the periodic reactivation (or replay) of information, coordinated by theta and gamma
neural oscillations, facilitates working memory, and neuronal activity in the gamma range could play an impor-
tant role in attention, memory tasks® and in other cognitive functions.

Synaptic plasticity

Synaptic weights were updated following a Spike Time Dependent Plasticity (STDP) rule already used in pre-
vious work™®, consistent with experimental findings in CA1 pyramidal neurons®. More specifically, the peak
synaptic conductance of each synapse was updated at any occurrence of a pre- or post-synaptic spike time (¢,
Or £y respectively) as:

Speak(t +dt) = g + A()
_ (Cpost—tpre) M) *
2v2
V/2n

Sor(tpost — tpre) < 0 and

At +d) =A@ % | 1—d xS

(post —tpre)

At +dt) = A®) = (gt — g — AD)) pxe™ 7
for(tpost - tpre) >0

where the parameters M=—- 24, V=6.32, =2, d=0.3, and p=1 were chosen to be consistent with experimental
findings®®, gg cak indicates the initial peak conductance and gi*} its maximum value. A dendritic spike time was

calculated as the time in which the local membrane potential crossed the threshold of - 10 mV.

Results

It has been suggested® that one of the key mechanisms underlying the process of associating the two main
excitatory inputs targeting a CA1 pyramidal neuron, appears to be a depolarizing plateau potential initiated in
the distal apical tree and propagating toward the soma.
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Figure 2. Implementation of the Plateau Potential. (a) Membrane depolarization at four instants during a
typical simulation. Membrane potential is color coded, with more depolarized segments depicted in white/
yellow; the insets represent the membrane voltage recorded during 300 ms time windows at the most
depolarized dendritic locations of each snapshot; (b) Average membrane potential as a function of the distance
from the soma at different times.
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Figure 3. Simulation in the absence of the Plateau Potential. (a) Typical random trajectory followed by a virtual
mouse during a simulation; (b) (left) the CA1 neuron used for all simulations; in blue is indicated a dendrite
coding for the blue bar, in red a dendrite coding for the red bar; (right) membrane voltage in a dendrite coding
for the blue bar (blue trace), in a dendrite coding for the red bar (in red), and in the soma (black), during a
period in which the virtual mouse is looking at the red bar.

We empirically implemented this process by sequentially activating a series of current steps at four locations
in the major apical trunk (see “Materials and methods”). In this implementation, where we are considering an
isolated cell, the initial current step in a distal dendrite starts at a predetermined time for mere convenience. In a
circuit, it will be up to the modeler to straightforwardly connect the plateau initiation with the most appropriate
voltage threshold detector in a distal dendritic location. The overall result will not change. The activation of the
current injections resulted in a depolarizing wave that progressively affected dendritic regions closer and closer
to the soma, as suggested by experiments'®. The process is illustrated in Fig. 2a, where we show four snapshots
taken during a movie of a simulation (Suppl. Movie SM1) in which we activated the four electrodes in the absence
of any background synaptic activity. The snapshots show the neuron membrane potential at four different times
during the simulation, and the local dendritic membrane potential during the entire simulation. To better illus-
trate the signal’s propagation, in Fig. 2b we show the average membrane potential as a function of the distance
from the soma, calculated at different time instants during the simulation. In the following paragraphs, we will
show how this mechanism can play a determinant role in Place Cell formation.

We first considered a typical simulation in which the virtual mouse explored a room with three objects
(colored bars in Fig. 3a), without the Plateau Potential. The black line represents the animal’s random trajectory
during the simulation. The recordings in Fig. 3b show the membrane potential at the soma (black trace) and
at two dendritic locations (red and blue traces), corresponding to dendrites targeted by synapses that increase
their activity in the presence of a red or blue object. Before the red object entered the visual field (red bar in
Fig. 3b), the activity in both the blue and red dendrites was essentially random and at a slow (theta) frequency.
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Figure 4. Typical simulation in the presence of the Plateau Potential. (a) The black line represents the virtual
mouse trajectory while red dots indicate the positions where the neuron fires; (b) (left) the CA1 pyramidal
neuron used for all simulations; blue indicates a dendrite coding for the blue bar, red a dendrite coding for the
red bar; (right) membrane voltage at different locations (blue and red dendrites, and soma) while the mouse is
looking at the red bar; the bottom plot represents the evolution of the synaptic weights.

As the red object entered the visual field, the synapses targeting the red dendrite (but not those targeting the
blue dendrite) begun to be strongly (gamma) activated. However, this was not sufficient to elicit a dendritic or
a somatic spike, or to activate STDP.

In Fig. 4, we show the model results for the same simulation, but with the EC input activated when the red
object was in the animal’s visual field, modeling a contextual/reward signal. The underlying assumption is that
this input can contain information from an animal’s internal memories, and it can also be modulated by dopa-
minergic afferents carrying information on the reward*. The blue markers in Fig. 4a represent somatic spikes
generated during the animal’s trajectory. As shown in Fig. 4b, under this condition the synapses on the red den-
drite were strongly activated as soon as the red bar entered the visual field, as before, but this time the additional
depolarization caused by the plateau potential generated dendritic spikes, which eventually propagated to the
soma. This flurry of activity was sufficient to potentiate the synaptic weights on the red dendrites but not those
on the blue ones (red and blue lines in the bottom plot of Fig. 4b). As the red bar disappeared from the visual
field, the synaptic activity on the red dendrite fell back to background activity, but with potentiated synaptic
weights: a Place Cell was formed.

It should be noted that Bittner et al.*® have convincingly shown that the time window of pre- and post-synaptic
activity for inducing place-cell related plasticity can be up to several seconds wide. Our choice to use a relatively
short timescale is again related to the computational tractability of full-scale models. A long time window can
probably be related to the processes involved with intracellular calcium waves, which are known to propagate
within a neuron at these time scales. However, the main concept in Bittner et al.*® is still based on the plasticity
induced by the relative interval between (long lasting) pre- and post-synaptic activities, with plasticity induced
proportionally to the overlap between them and maximally induced when they are coincident (see Fig. 3d in
Bittner et. al.*®). Our implementation can then be considered as a time compressed version, which allows our
Place Cell to eventually (and quickly) respond to environmental cues on the fly during a simulation. This aspect
is of a fundamental importance in implementing full-scale networks. In the future studies, it will be interesting
to evaluate how cellular and network models perform when utilizing learning rules that operate at different
timescales, employing rapid and slow timescale learning rules.

To test the robustness of Place Cell formation and its operation mechanism, we ran a simulation in which
we let the virtual animal explore the room for approximately 15 min after the end of the EC input. In Fig. 5,
we show the somatic activity and the time course of the synaptic weights (in the dendrites coding for the red
object) during the entire simulation period (Fig. 5b top two graphs) and a 1 s window around the activation
of the reward input (Fig. 5b, bottom plot). Note that the synaptic weights were left free to evolve, in contrast
with most network implementations where the learning and recall phase are carried out independently, and
the weights” evolution is frozen during the recall phase. In our model, once the Place Cell is formed, through
the integration of the proximal input coming from the CA3 region and the distal input coming from the EC,
its operation remains stable during the subsequent exploration period. Even if the weights keep evolving with
time, according to the cell’s activity history, their overall level stays strong enough to have somatic spikes during
navigation, generated when the (virtual) animal enters a location associated with the red bar, consistently with
what is observed experimentally>*.

It should be clear that, being associated with a specific cue, the Place Cell activation in our model will be
correlated with the specific spatial location of the object. This agrees with experimental findings showing that a
PC will still fire if the room is rotated*** or if the cues spatial arrangement is modified*.
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Figure 5. Place Cell formation and operation. (a) Typical mouse trajectory; The red dots indicate the positions
where the neuron generated an action potential; (b) Synaptic weights evolution (top); Somatic membrane
potential during an entire 10 min simulation (middle); the inset (bottom plot) shows 10 s of somatic potential
during the activation of the plateau potential.
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To further test the robustness and flexibility of the model we carried out more simulations to see if the model
neuron can still become a PC if: (a) the entire environment rotates, (b) the virtual mouse follows different trajec-
tories, (c) the conformation of objects inside the arena is different. The red markers in Fig. 6 represent the spikes
elicited during navigation. We first tested if the Place Cell remains stable when the environment is rotated; as we
can see in Fig. 6a, the Place Cell’s activity (indicated by red markers) follows the rotation of the arena. Next, we
validated the model by testing that the Place Cell can be also created when the virtual mouse followed a different
random trajectory. As shown in Fig. 6b, this was confirmed by the model. Finally, in Fig. 6c we show a simulation
in which the Place Cell was tuned with a different cue, using a different set of synapses (coding for a blue object).
In this case, the Place Field was in another spatial position, as it often happens in experiments testing distinct
rooms*!. The PC was still well formed and operated as expected; this result demonstrates the robustness of the
model and, implicitly, the flexibility for an individual neuron to encode different objects in its dendrites. The
good qualitative agreement between our model and experimental findings is demonstrated by the plot shown
in Fig. 6d, where we reported a typical experimental result*’ obtained by recording a Place Cell activity and its
firing when the animal is within a limited and specific area of the environment called place field.

We also tested whether our model neuron could be tuned to a different object, thus creating a PC with a Place
Field in a different position. In Fig. 7, we show the results when the PC was tuned with the blue bar (Fig. 7a), or
with the red bar (Fig. 7b), using set of synapses located in different dendrites for each cue (see colored dendrites
in Fig. 7a,b). In agreement with experimental findings*!, within the same spatial context two different Place
Cells can have two different place fields. In supplementary movie SM2, we show 2 simulations using the same
trajectory but with the reward placed in different positions. The model thus suggests that the same neuron can
represent different Place Cells when tuned to different objects. Taken together, these results demonstrate that
the process of PC formation can be robustly supported by the conjunctive activation of the two main excitatory
inputs on a CA1 pyramidal cell.

A more extensive demonstration of the robustness of PC formation and stability is illustrated in Fig. 8a, where
we show the simulation findings from 10 different random trajectories, carried out after the training period, com-
pared with another example of typical experimental results (Fig. 8b)*. Note that, in all cases, synaptic plasticity
was not blocked, and the synapses were thus free to evolve according to the local dendritic activity.

Discussion

Several neurophysiological and behavioral experiments have suggested that the hippocampus is essential for
spatial navigation****, and that different cell types collaborate to create a cognitive map of the surrounding
environment. The goal of this work was to introduce a computational model to study the cellular mechanisms
underlying the formation of a Place Cell. This is important because a detailed implementation, at cellular level,
of the mechanisms needed to turn a CA1 pyramidal neuron into a Place Cell, would allow to make more specific
experimentally testable predictions on the mechanisms modulating cognitive functions and dysfunctions. In vivo
and in vitro experimental findings suggested that the interaction between a distal input from the Entorhinal
Cortex, and a proximal input from the CA3 area of the hippocampus, can induce an individual CA1 pyrami-
dal neuron to function as a Place Cell'. Building upon these findings, the model suggested what could be the
dendritic mechanisms underlying the formation of a Place Cell during navigation in an unknown environment.
The key requirement emerging from our model is that environmental cues must be encoded in SCs inputs tar-
geting a subset of oblique dendrites of a CA1 pyramidal neuron, which are activated above background activity
when present in the animal’s field of view. In general, in a non-PC neuron, this increased synaptic activation is
not sufficient to generate somatic action potentials. However, if this activation is associated with the sustained
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Figure 6. Model robustness and stability. (a) Rotated environment; (b) Different trajectory; (c) Different
environment configuration; (d) Typical experimental results (Fig. 4a from Ref.**). The red dots represent the
positions where the neuron generated action potentials.
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Figure 7. Place Cell formation in response to different object/place configuration. The reward signal was
presented when the visual field included the blue (a) or the red (b) bar.
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Figure 8. Comparison with experimental results. (a) The red markers represent spikes elicited by the neuron
during 10 independent simulations after the training period; (b) Typical experimental results (Fig. 4a from
Ref.40)%.

activation of a forward propagating distal input, as suggested by experiments, the overall local dendritic activity
can generate synaptic plasticity selectively on those synapses coding for the input cues. This process leads to the
formation of a PC that is now able to generate spikes every time that the same cue is present in the visual field,
even if the environment is rotated, in agreement with experimental findings*!~*.

A few computational models using or describing the formation of PCs have been published. However, in
most cases, the process of PC formation is somewhat assumed ad hoc. Most computational models of PCs so
far have been implemented using artificial neural networks, with two or more layers consisting of neuron-like
elements*®*. Under these conditions, these type of models cannot consider or explain the binding process
(which in a real neuron occurs through dendritic integration) needed to induce synaptic plasticity at the right
time and dendritic location. For example, in Hartley et al.* PCs were prewired to respond to the presence of
any wall at a given distance and direction, firing when the input reached a threshold level. In Barry et al.*’ the
model was extended, adding experience-dependent plasticity to form Place Cells encoding the relative position
to specific objects, through firing rates proportional to the weighted sum of their inputs. However, these PCs
were implemented as simplified point-neurons. In the model discussed by Udakis et al.*’, a PC was a pre-tuned,
artificial, and rate-based two compartments neuron, in which excitatory and feedback/feedforward inhibitory
inputs concur to stabilize its operation. A recent modeling paper® suggested how a PC can be formed through
the local interaction between a highly simplified principal neuron and an astrocyte, both activated by a given
SCs input in the presence of a specific environment. Although this model is innovative and provides information
on the role of astrocytes in the formation of Place Cells, it does not consider the conjunctive activation of the
two spatially separated and independent signals that have been shown to be instrumental to create a Place Cell.

Our results suggest that the robustness and flexibility of the PC formation process relies on the spatiotemporal
separation between the two proximal and distal inputs; inputs coding for different environmental cues are not
potentiated during spatial exploration in the absence of a distally initiated plateau potential. The key point in
our model is thus whether a forward propagating plateau potential is triggered or not. We assume that it could
be activated by a relatively strong input in the tuft, using the general underlying assumption that this can be
generated by inputs from the EC modulated by dopaminergic VTA afferents, which are known to exist”. This
assumption is not in contradiction with Grienberger et al.>>, where the relatively strong input can instead be
most likely generated by amplification of a disinhibited EC input.

The timing of the reward input will thus determine which set of (active) synapses will be potentiated, and
this allows for a given neuron to be tuned to place fields corresponding to one (or more) of the cues they encode
in their oblique dendrites, without artificial supervision or ad hoc signals. Over time, maybe following synaptic
turnover processes, the very same neuron could be tuned to encode different place fields, in response to differ-
ent environmental cues. This is consistent with experimental evidence suggesting that CA1 pyramidal neurons
receive inputs from presynaptic cells tuned to all possible spatial locations'.

A limitation of the model is the lack of a detailed implementation for NMDA-dependent calcium spikes, longi-
tudinal calcium diffusion, and the modulatory action of intracellular calcium stores in the formation and forward
propagation of dendritic calcium waves. In this version of the model, we have preferred to use an empirical but
effective implementation, since a detailed implementation would have required at least one order of magnitude
increase in simulation times, and would thus not be appropriate for large scale network implementation. We
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also decided not to include any feedback or feed-forward inhibition in the picture at this stage. The rationale for
this decision was that, although inhibition has an important role in sculpting spatial coding in heterogeneous
environments®?, the simple and somewhat reduced model architecture used here as a proof of principle does
not need it. Of course, it would be needed in a circuit or network implementation dealing with more complex
environments, where its effect can be expected to significantly shape the formation of a Place Cell and, more
generally, the formation of a place field. The model thus sits in the middle between the purely algorithmic ad hoc
implementation almost universally used to model Place Cells and a more accurate biophysical implementation,
such as that used in Bittner et al.?®. The first type of implementation cannot give many physiologically useful
insight or experimentally testable predictions, whereas the other type is computationally too expensive to be
included in network simulations.

In conclusion, in this work we have introduced a model assuming control (i.e. healthy) conditions. It opens
the way of making experimentally testable predictions on how hippocampus-related brain diseases can affect
the formation of a Place Cell, since any pathological alterations/mutations of ion channel properties, synaptic
transmission, or plasticity, can be straightforwardly implemented directly following experimental findings or
suggestions. As we have previously demonstrated in a number of different cases®>~*, the use of this type of
model allows one to make direct assessment/predictions on how and to what extent specific channel mutations
or modulations can be responsible for the disruption of a cognitive function, or how they can help in restoring
normal functions during a pathological condition®>*’”. The model can thus be conveniently used, in isolation or
in a detailed network, to support experimental suggestions on spatial navigation, predict pathological conse-
quences, or suggest new treatments for brain diseases altering the intrinsic electrophysiological, morphological,
or synaptic properties of a CA1 pyramidal neuron.

Data availability
All the model and simulation data files are available on ModelDB (http://modeldb.yale.edu/267613).

Received: 13 April 2023; Accepted: 23 November 2023
Published online: 08 December 2023

References
1. O’Keefe, J. & Nadel, L. The Hippocampus as a Cognitive Map (Clarendon Press, 1978).
2. O’Keefe, J. & Dostrovsky, J. The hippocampus as a spatial map preliminary evidence from unit activity in the freely-moving rat.
Brain Res. 34, 171-175 (1971).
3. Muller, R. U, Ranck, J. B. & Taube, J. S. Head direction cells: Properties and functional significance. Curr. Opin. Neurobiol. 6,
196-206 (1996).
4. Taube, J. S., Muller, R. U. & Ranck, J. B. Head-direction cells recorded from the postsubiculum in freely moving rats. I. Description
and quantitative analysis. J. Neurosci. 10, 420-435 (1990).
5. Sargolini, F. et al. Conjunctive representation of position, direction, and velocity in entorhinal cortex. Science 312, 758-762 (2006).
6. Lever, C., Burton, S., Jeewajee, A., O’Keefe, ]. & Burgess, N. Boundary vector cells in the subiculum of the hippocampal formation.
J. Neurosci. 29, 9771-9777 (2009).
7. Solstad, T., Boccara, C. N., Kropff, E., Moser, M. B. & Moser, E. I. Representation of geometric borders in the entorhinal cortex.
Science 322, 1865-1868 (2008).
8. Hafting, T., Fyhn, M., Molden, S., Moser, M. B. & Moser, E. I. Microstructure of a spatial map in the entorhinal cortex. Nature 436,
801-806 (2005).
9. Kropft, E., Carmichael, J. E., Moser, M. B. & Moser, E. I. Speed cells in the medial entorhinal cortex. Nature 523, 419-424 (2015).
10. Wilson, M. A. & McNaughton, B. L. Dynamics of the hippocampal ensemble code for space. Science 261, 1055-1058 (1993).
11. Fried, I, MacDonald, K. A. & Wilson, C. L. Single neuron activity in human hippocampus and amygdala during recognition of
faces and objects. Neuron 18, 753-765 (1997).
12. Ulanovsky, N. & Moss, C. F. Hippocampal cellular and network activity in freely moving echolocating bats. Nat Neurosci 10,
224-233 (2007).
13. Hazama, Y. & Tamura, R. Data on the activity of place cells in the hippocampal CA1 subfield of a monkey performing a shuttling
task. Data Brief 26, 104467 (2019).
14. Hazama, Y. & Tamura, R. Effects of self-locomotion on the activity of place cells in the hippocampus of a freely behaving monkey.
Neurosci. Lett. 701, 32-37 (2019).
15. Ekstrom, A. D. et al. Cellular networks underlying human spatial navigation. Nature 425, 184-187 (2003).
16. Bittner, K. C. et al. Conjunctive input processing drives feature selectivity in hippocampal CA1 neurons. Nat. Neurosci. 18,
1133-1142 (2015).
17. Migliore, M., Ferrante, M. & Ascoli, G. A. Signal propagation in oblique dendrites of CA1 pyramidal cells. J. Neurophysiol. 94,
4145-4155 (2005).
18. Hoffman, D. A., Magee, J. C., Colbert, C. M. & Johnston, D. K+ channel regulation of signal propagation in dendrites of hip-
pocampal pyramidal neurons. Nature 387, 869-875 (1997).
19. Magee, J. C. Dendritic hyperpolarization-activated currents modify the integrative properties of hippocampal CA1 pyramidal
neurons. J. Neurosci. 18, 7613-7624 (1998).
20. Migliore, M. On the integration of subthreshold inputs from Perforant Path and Schaffer Collaterals in hippocampal CA1 pyramidal
neurons. J. Comput. Neurosci. 14, 185-192 (2003).
21. Gasparini, S., Migliore, M. & Magee, J. C. On the initiation and propagation of dendritic spikes in CA1 pyramidal neurons. J.
Neurosci. 24, 11046-11056 (2004).
22. Destexhe, A., Mainen, Z. E & Sejnowski, T. J. Synthesis of models for excitable membranes, synaptic transmission and neuro-
modulation using a common kinetic formalism. J. Comput. Neurosci. 1,195-230 (1994).
23. Megias, M., Emri, Z., Freund, T. F. & Gulyas, A. I. Total number and distribution of inhibitory and excitatory synapses on hip-
pocampal CA1 pyramidal cells. Neuroscience 102, 527-540 (2001).
24. Magee, ]. & Cook, E. P. Somatic EPSP amplitude is independent of synapse location in hippocampal pyramidal neurons. Nat.
Neurosci. 3, 895-903 (2000).
25. Migliore, M., Novara, G. & Tegolo, D. Single neuron binding properties and the magical number 7. Hippocampus 18, 1122-1130
(2008).

Scientific Reports |

(2023) 13:21763 | https://doi.org/10.1038/541598-023-48183-5 nature portfolio


http://modeldb.yale.edu/267613

www.nature.com/scientificreports/

26. Quiroga, R. Q,, Reddy, L., Kreiman, G., Koch, C. & Fried, I. Invariant visual representation by single neurons in the human brain.
Nature 435, 1102-1107 (2005).

27. Kornblith, S., Quian Quiroga, R., Koch, C., Fried, I. & Mormann, F. Persistent single-neuron activity during working memory in
the human medial temporal lobe. Curr. Biol. 27, 1026-1032 (2017).

28. Romani, A., Schirmann, E, Markram, H. & Migliore, M. Reconstruction of the hippocampus. Adv. Exp. Med. Biol. 1359, 261-283
(2022).

29. Gandolfi, D. et al. Full-scale scaffold model of the human hippocampus CA1 area. Nat. Comput. Sci. 3, 264-276 (2023).

30. Kastellakis, G., Silva, A. J. & Poirazi, P. Linking memories across time via neuronal and dendritic overlaps in model neurons with
active dendrites. Cell Rep. 17, 1491-1504 (2016).

31. Lisman, J. Working memory: The importance of theta and gamma oscillations. Curr. Biol. 20, R490-R492 (2010).

32. Fuentemilla, L., Penny, W. D., Cashdollar, N., Bunzeck, N. & Diizel, E. Theta-coupled periodic replay in working memory. Curr.
Biol. 20, 606-612 (2010).

33. Jensen, O, Kaiser, J. & Lachaux, J. P. Human gamma-frequency oscillations associated with attention and memory. Trends Neurosci.
30, 317-324 (2007).

34. Gray, C. M. Synchronous oscillations in neuronal systems: Mechanisms and functions. J. Comput. Neurosci. 1, 11-38 (1994).

35. Bianchi, D. et al. Effects of increasing CREB-dependent transcription on the storage and recall processes in a hippocampal CA1l
microcircuit. Hippocampus 24, 165-177 (2014).

36. Nishiyama, M., Hong, K., Mikoshiba, K., Poo, M. M. & Kato, K. Calcium stores regulate the polarity and input specificity of synaptic
modification. Nature 408, 584-588 (2000).

37. Hansen, N. & Manahan-Vaughan, D. Locus coeruleus stimulation facilitates long-term depression in the dentate gyrus that requires
activation of B-adrenergic receptors. Cereb. Cortex 25, 1889-1896 (2015).

38. Bittner, K. C., Milstein, A. D., Grienberger, C., Romani, S. & Magee, ]. C. Behavioral time scale synaptic plasticity underlies CA1
place fields. Science 1979(357), 1033-1036 (2017).

39. O’Keefe, J. The Hippocampus as a Cognitive Map. (1978).

40. Hok, V., Chah, E,, Reilly, R. B. & O’Mara, S. M. Hippocampal dynamics predict interindividual cognitive differences in rats. J.
Neurosci. 32, 3540-3551 (2012).

41. Knierim, ]. ]. & Rao, G. Distal landmarks and hippocampal place cells: Effects of relative translation versus rotation. Hippocampus
13, 604-617 (2003).

42. Knierim, J. J., Kudrimoti, H. S. & McNaughton, B. L. Place cells, head direction cells, and the learning of landmark stability. J.
Neurosci. 15, 1648-1659 (1995).

43. Yoder, R. M, Clark, B. J. & Taube, J. S. Origins of landmark encoding in the brain. Trends Neurosci. 34, 561-571 (2011).

44. Alme, C. B. et al. Place cells in the hippocampus: Eleven maps for eleven rooms. Proc. Natl. Acad. Sci. USA 111, 18428-18435
(2014).

45. Sutherland, R. J., Whishaw, I. Q. & Kolb, B. A behavioural analysis of spatial localization following electrolytic, kainate- or colchi-
cine-induced damage to the hippocampal formation in the rat. Behav. Brain Res. 7, 133-153 (1983).

46. Zipser, D. Biologically plausible models of place recognition and goal location. Parallel Distrib. Process. Explor. Microstruct. Cogn.
2, 432-470 (1986).

47. Sharp, P. E. Computer simulation of hippocampal place cells. Psychobiology 19(2), 103-115 (2013).

48. Hartley, T., Burgess, N., Lever, C., Cacucci, F. & O’Keefe, ]. Modeling place fields in terms of the cortical inputs to the hippocampus.
Hippocampus 10, 369-379 (2000).

49. Barry, C. & Burgess, N. Learning in a geometric model of place cell firing. Hippocampus 17, 786-800 (2007).

50. Udakis, M., Pedrosa, V., Chamberlain, S. E. L., Clopath, C. & Mellor, J. R. Interneuron-specific plasticity at parvalbumin and
somatostatin inhibitory synapses onto CA1 pyramidal neurons shapes hippocampal output. Nat. Commun. 11(1), 1-17 (2020).

51. Polykretis, I. & Michmizos, K. P. The role of astrocytes in place cell formation: A computational modeling study. J. Comput. Neurosci.
50, 505-518 (2022).

52. Grienberger, C., Milstein, A. D., Bittner, K. C., Romani, S. & Magee, J. C. Inhibitory suppression of heterogeneously tuned excita-
tion enhances spatial coding in CA1 place cells. Nat. Neurosci. 20, 417-426 (2017).

53. Culmone, V. & Migliore, M. Progressive effect of beta amyloid peptides accumulation on CA1 pyramidal neurons: A model study
suggesting possible treatments. Front. Comput. Neurosci. https://doi.org/10.3389/fncom.2012.00052 (2012).

54. Poolos, N. P,, Migliore, M. & Johnston, D. Pharmacological upregulation of h-channels reduces the excitability of pyramidal neuron
dendrites. Nat. Neurosci. 5(8), 767-774 (2002).

55. Miceli, E. et al. Early-onset epileptic encephalopathy caused by gain-of-function mutations in the voltage sensor of Kv7.2 and Kv7.3
potassium channel subunits. J. Neurosci. 35, 3782-3793 (2015).

56. Miceli, F. et al. Genotype-phenotype correlations in neonatal epilepsies caused by mutations in the voltage sensor of K(v)7.2
potassium channel subunits. Proc. Natl. Acad. Sci. USA 110, 4386-4391 (2013).

57. Solinas, S. M. G., Edelmann, E., LeBmann, V. & Migliore, M. A kinetic model for brain-derived neurotrophic factor mediated spike
timing-dependent LTP. PLoS Comput. Biol. 15, 1006975 (2019).

Acknowledgements

This research has received funding from the European Union’s Horizon 2020 Framework Programme for Research
and Innovation under the Specific Grant Agreement numbers 945539 (Human Brain Project SGA3), the Flag
ERA JTC 2019 (MILEDI Project), Fenix computing and storage resources under the Specific Grant Agreement
No. 800858 (Human Brain Project ICEI), and a grant from the Swiss National Supercomputing Centre (CSCS)
under project ID ich002 and ich011. We also acknowledge a contribution from the Italian National Recovery
and Resilience Plan (NRRP), M4C2, funded by the European Union-NextGenerationEU (Project IR0000011,
CUP B51E22000150006, "EBRAINS-Italy"). We also thank Alessia Bonafede for technical and administrative
assistance.

Author contributions
C.M. analyzed data and implemented the code, M.M. designed the study and wrote the manuscript with help
from C.M.

Competing interests
The authors declare no competing interests.

Scientific Reports |

(2023) 13:21763 | https://doi.org/10.1038/541598-023-48183-5 nature portfolio


https://doi.org/10.3389/fncom.2012.00052

www.nature.com/scientificreports/

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-48183-5.

Correspondence and requests for materials should be addressed to M.M.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:21763 | https://doi.org/10.1038/541598-023-48183-5 nature portfolio


https://doi.org/10.1038/s41598-023-48183-5
https://doi.org/10.1038/s41598-023-48183-5
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A realistic computational model for the formation of a Place Cell
	Materials and methods
	Model implementation
	Synaptic plasticity

	Results
	Discussion
	References
	Acknowledgements


