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Abstract

In this thesis we studied synaptic plasticity and neuronal computation in
single striatal projection neurons (SPNs), which have a major role in goal-
directed learning. Goal-directed or reward learning means to learn, based
on sensory information from the body and the environment, to select actions
out of all the behavioral repertoire that lead to obtaining a goal or reward
(such as food or water). In mammals, all the behavioral motor repertoire
is under constant, tonic inhibition, and the direct-pathway SPNs (dSPNs)
select (disinhibit) goal-obtaining actions. The learning process is guided by
the neuromodulator dopamine which signals the positive or negative out-
come of an action. The synapses from cortical neurons onto the dSPNs,
called corticostriatal synapses, are responsive to dopamine signals, and can
strengthen and weaken based on the (positive or negative) action outcome.
This promotes or discourages future actions in the same or similar sensory
context.

Within a collaborative computational modeling effort, we studied the
biochemical circuitry in the corticostriatal synapses with multiscale model-
ing and simulations. This circuitry in the corticostriatal synapses responds
to neuromodulatory signals and controls the expression of synaptic plas-
ticity. Multiscale modeling and simulations enable studying a system at
multiple temporal and spatial scales, and integrating the results across the
different scales. Based on molecular dynamics simulations of the enzyme
which transduces extracellular neuromodulatory signals into an intracellu-
lar second messenger molecule, and Brownian dynamics simulations of reg-
ulator molecules binding to the enzyme, we constructed a kinetic model of
the enzyme-based signal transduction network. The kinetic model showed
that two co-occuring neuromodulatory signals, a dopamine peak and an
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acetylcholine pause, are required to produce the second messenger and thus
enable strengthening of corticostriatal synapses onto dSPNs, and that only
the dopamine signal is not enough.

Next, we developed a local, calcium- and reward-dependent learning rule
based on what is known about the biochemical circuitry of corticostriatal
synapses onto dSPNs. We show that with this biologically-based learning
rule, single SPNs can learn to solve the nonlinear feature binding problem
(NFBP), a computationally hard problem representing the class of linearly
nonseparable tasks. This result suggests that different, unrelated or partially
related stimuli that require executing the same action to obtain a goal, can
use the same SPNs responsible for selecting that action, and that a single
SPN can reliably distinguish between similar stimuli.

The solution of the NFBP with the aforementioned learning rule relies
on supralinear dendritic voltage elevations called plateau potentials. Exper-
imentally, plateau potentials are all-or-none events, a property crucial for
performing nonlinear computations required to solve the NFBP. However,
computational models of plateau potentials often produce graded voltage
elevations. We analyzed and compared existing plateau potential models,
and found that long-lasting glutamate spillover in the extrasynaptic space
robustly produces all-or-none plateau potentials by activating extrasynap-
tic N-methyl-D-aspartate (NMDA) glutamate receptors. This suggests that
glutamate spillover may be a mechanism for generating all-or-none plateau
potentials in vivo, as well.

In summary, the findings presented in this thesis advance our under-
standing of the role of single dSPNs in goal-directed learning, the biophys-
ical mechanisms involved in performing their nonlinear computations, and
the neuromodulatory signals necessary to produce synaptic strengthening
and thus implement goal-directed learning.



Sammanfattning

I denna avhandling studerades synaptisk plasticitet samt förmågan till lokal
beräkning i de striatala projektionsneuronens (SPNs) dendriter. Detta har
direkt relevans för förståelsen av s.k. målstyrd inlärning. Målstyrd inlärning
och belöningsinlärning innebär att man, baserat på sensorisk information
från kroppen och omgivningen, lär sig selektera hur man skall agera/handla
så att man uppnår ett mål eller erhåller en belöning (t.ex. mat eller vatten).
Hos alla däggdjur är motoriska/exekutiva centra i hjärnstammen och tha-
lamus under konstant tonisk inhibition via basala ganglierna, men när man
aktiverar SPNs i den s.k. direkta vägen genom basala ganglierna (dSPN) så
disinhiberas de motoriska centra som behövs för att initiera specifika mål-
styrda beteenden. Inlärningsprocessen för detta guidas av bl.a. dopamin, en
neuromodulator som signalerar huruvida ett beteende ger positivt eller ne-
gativt resultat. Synapserna från kortikala projektionsneuron till dSPNs, s.k.
kortikostriatala synapser, påverkas av dopamin och de kan förstärkas eller
försvagas baserat på om dopaminsignalen signalerar ett positivt eller nega-
tivt utfall. Detta antingen främjar eller motverkar att man väljer samma
beteende/handlingar under en liknande situation i framtiden.

Via samarbete med andra beräkningsbiologigrupper kunde vi studera de
biokemiska signaleringsnätverken i de kortikostriatala synapserna med hjälp
av multiskal modeller och simuleringar. Synapsens intracellulära biokemiska
signaleringsnätverk kontrollerar synaptisk plasticitet och påverkas av neuro-
modulering. Genom att använda multiskalsimuleringar kunde vi studera sy-
stemet över multipla temporala och spatiala skalor, och integrera resultaten
över de olika skalorna. Baserat på molekylärdynamiska simuleringar av det
enzym som överför de extracellulära neuromodulatoriska signalerna till en
intracellulär s.k. 2nd messenger molekyl, och Brownianska dynamiksimu-
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leringar av de regulatoriska molekyler som binder till enzymet, kunde vi
konstruera en kinetisk modell av detta signaleringsnätverk. Denna kinetis-
ka modell predicerade att två samtidigt förekommande neuromodulatoriska
signalförändringar, nämligen en pik i dopamin och en paus i acetylkolin,
behövs för att aktivera 2nd messengersignaleringen på ett optimalt sätt,
vilket i sin tur leder till att synapsen på dSPN förstärks. Simuleringarna
predicerade också att en förändring i dopaminsignalen inte var tillräckligt.

Vi utvecklade därefter en förenklad lokal synaptisk plasticitetsregel ba-
serat på vad som är känt om hur plasticiteten styrs i de kortikostriatala
synapserna på dSPNs. Vi kunde visa att med denna inlärningsmodell för
synaptisk plasticitet så kan en enskild SPN lära sig att lösa problemet med
olinjär funktionsbindning (NFBP), ett beräkningsmässigt svårt problem som
representerar klassen av linjärt icke separerbara problem. Detta resultat pe-
kar på att olika, orelaterade eller delvis relaterade stimuli som kräver att
man utför samma handling för att uppnå ett mål, kan använda samma SPN
för att välja den handlingen, och att en enstaka SPN kan på ett tillförlitligt
sätt skilja mellan liknande stimuli.

Lösningen av NFBP med den ovan nämnda inlärningsregeln bygger på
supralinjära dendritiska förändringar av membranspänningen vilket kallas
platåpotentialer. Experimentellt uppvisar platåpotentialer ett allt-eller-inget
beteende, en egenskap som är avgörande för att utföra icke-linjära beräk-
ningar som krävs för att lösa NFBP. Dock producerar beräkningsmodeller
av platåpotentialer ofta graderade spänningshöjningar. Vi analyserade och
jämförde befintliga modeller för platåpotentialer och fann att glutamatspil-
lover (läckage) i det extrasynaptiska utrymmet producerar, på ett robust
sätt, allt-eller-inget platåpotentialer genom att aktivera extrasynaptiska N-
methyl-D-aspartat (NMDA) glutamatreceptorer. Detta tyder på att gluta-
matspillover kan vara en mekanism för att generera dessa allt-eller-inget
platåpotentialer även in vivo.

Sammanfattningsvis fördjupar de resultat som presenteras i denna av-
handling vår förståelse av enskilda dSPNs roll i målinriktat lärande, de bio-
fysiska mekanismer som är involverade i att utföra neuronens icke-linjära
beräkningar, och de neuromodulerande signaler som krävs för att producera
synaptisk plasticitet och därmed implementera målinriktat lärande.
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1 Introduction

1.1 What is the function of the nervous system?
The nervous system is an organ system specialized in information process-
ing, which is present only in animals. From the fact that the outgoing fibers
of the nervous system terminate on muscles and glands, one can reason
that its role is to control movement and regulate internal bodily processes.
Indeed, it is thought that nervous systems have evolved in heterotrophic
multicellular organisms (those that do not produce their own food through,
for example, photosynthesis) to control opposing contractile tissue/cells and
to coordinate the movement of a multicellular body (Bucher and Anderson
2015; Keijzer et al. 2013), perhaps out of the need to move in the environ-
ment to obtain food. Movement then implies the animal will experience a
changing environment, hence a need arises for senses that can track changes
in the world, as well as for for circuitry that processes those sensory stimuli
(Greenspan 2007). Whatever the evolutionary history of nervous systems
turns out to be, their function is to sense the environment, both external
and internal, and based on the information obtained by processing these
sensory stimuli, to control movement and regulate bodily processes as nec-
essary. At least in humans, the nervous system is the seat of consciousness
and awareness, creates feelings and thoughts, creates abstract models of the
world and based on them and on memories and experiences, is able to make
predictions or imagine the outcome of future events.

The basic functional unit in the nervous system that processes infor-
mation and triggers a behavioral response is a neural circuit. One of the
simplest examples for a neural circuit is the myotactic (“knee-jerk”) reflex
(Fig. 1.1). This circuit, and all others, consists of three basic components:
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afferent neurons, efferent neurons, and local circuit neurons, or interneurons
(Purves et al. 2012). Afferent neurons receive sensory information from the
sensory organs in the muscles and carry it to the central nervous system, in
this case to several types of central neurons in the spinal cord. One type are
the motor neurons, efferent neurons which carry information towards the
effectors, in this case the leg muscles. Another type are the interneurons,
or local circuit neurons, which make connections with the motor neurons
projecting to the flexor muscles of the leg, and can thus modulate their out-
put. The funtion of the myotactic reflex is to quickly extend the leg after
tripping on a stone, for example, and thus prevent a fall. This is achieved
by simultaneously contracting the extensor muscle and relaxing the flexor
muscle, and the processing required for the neural circuit to achieve this is
very simple. The synapses, or connections, from the sensory afferent neu-
rons to the effector motor neurons projecting to the extensor muscles and to
the interneurons are excitatory, while the synapses from the interneurons to
the flexor motor neurons are inhibitory. Tripping on a stone while walking
causes a stretch in the tendon which, in turn stretches the sensory organs
in the extensor muscle, stimulating the sensory neurons. They, in turn,
will simultaneously stimulate the motor neurons to the extensor muscles,
causing them to contract, and stimulate the inhibitory interneurons, which
will inhibit the flexor motor neurons, relaxing the flexors. Thus, with one
monosynaptic and one disynaptic processing route, a circuit for automatic
(reflexive) and innate behavior is implemented, which helps to prevent falls.

1.2 Why does the nervous system need to be
plastic?

Some important parts of behavior are wired in the brain architecture. How-
ever, to adapt to a changing environment, the brain needs to be able to
remodel, to be malleable. The most drastic example of brain remodeling
can be seen in complete metamorphosis, present in 88% of insects, the most
diverse group of multicellular organisms in terms of number of species. The
larva and the adult frequently have completely different bodies and behav-
iors, requiring appropriate changes in the nervous system to control the new
body and its behavior in the environment (Truman et al. 2023).

In humans and other vertebrates, despite lacking such striking devel-
opmental changes, the nervous system is still highly plastic, enabling the
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Figure 1.1: The neural circuit for the myotactic reflex. Figure reused from Purves
et al. 2012 with permission from Oxford University Press. © 2012

organism to learn, meaning to store information about the world and to
associate cause and effect, especially one’s own actions to outcomes in the
world.

The latter type of learning is important for obtaining desired “goals”,
such as food, water, or finding a mate. Neural circuits, much larger than
the one for the myotactic relfex, exist in the brain for such goal-directed,
or reward learning. These circuits enable an organism to learn, based on
sensory information from the environment and the body, to select actions out
of all the behavioral repertoire (all possible actions) which lead to obtaining
the goal (reward). In the real world this might mean learning the association
between the appearance of a plant and the fruits it produces, and that foods
with certain color and smell are edible, while others should be avoided. In
simplified experimental settings, whose aim is to be simple enough to isolate
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and identify the mechanisms underlying a phenomenon, this might mean
learning that pressing a button only when a green light and a sound is on,
will lead to food delivery, but not when a red light with a different sound
is on. Also, the appropriate action towards the button might be important,
i.e. that it is important to press, instead of, for example, bite or smell the
button.

1.3 Why study the nervous system? The state of
scientific progress about the nervous system

The human nervous system determines so much of the human condition,
making it one of the most intriguing subjects to study for providing at least
a mechanistic explanation of how it achieves its feats.

A lot about the nervous system is known. Its structure and detailed
anatomy, organ composition, and direction of information flow, as well as
the roles of various brain regions have been established. Additionally, many
mechanistic details such as molecules responsible for sensory signal transduc-
tion, action potential generation, and chemical signal transmission between
neurons have been elucidated, and an astounding diversity of cells has been
documented. The functionality of local microcircuits in some brain regions
is beginning to be understood.

Much more about the nervous system is unknown. One of the biggest
questions in neuroscience is how events at the subcellular and cellular levels
interact and give rise to organismal behaviors. To answer this question, a
huge amount of the molecular machinery awaits to be discovered, the ques-
tion of how transduced sensory information is integrated in early nuclei, as
well as in layers beyond sensory cortices is still far from completely under-
stood, and the way neurons encode information with their firing activity is
not fully answered. Further, how precise neuronal activity affects, and is
integrated into, functional neural circuits is an active area of research.

With regard to nervous system plasticity, the foremost candidate mech-
anism for implementing learning and memory is synaptic plasticity. It is
hypothesised that information is stored in neural circuits in the pattern of
synaptic strengths. In the neural circuits for goal-directed learning, the
striatal projection neurons (SPNs) are considered to play a major role: to
select appropriate actions for a goal and inhibit inappropriate ones. They
receive processed sensory and contextual information through synapses from
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cortical neurons, and modifying these synapses is thought to represent the
linking of relevant sensory information to appropriate actions1. Synaptic
plasticity of the corticostriatal synapses is the subject of this thesis.

1.4 The questions we chose to study in this thesis
Although neural circuits are the unit for expressing behavior, we focus on
understanding the function of a single SPN within a circuit. Phrased gener-
ally, we studied what kind of functionality and computations a single SPN
can perform with its corticostriatal synaptic plasticity mechanisms. The
thesis addresses three research questions:

1.4.1 Which (neuromodulatory) signals cause
corticostriatal synaptic plasticity?

Synaptic plasticity in corticostriatal synapses relies, among other things, on
the levels of the modulatory neurotransmitter dopamine, which control the
activity of the enzyme adenylyl cyclase 5 (AC5) expressed in these synapses.
We studied the regulation of the enzyme AC5 by transient neuromodulatory
signals. The results suggested that two coincident neuromodulatory sig-
nals are required for strengthening corticostriatal synapses, and that only
dopamine signaling is not enough. In the type of SPNs that we studied –
the direct-pathway SPNs (dSPNs) – these signals are a dopamine peak, and
an acetylcholine pause.

1.4.2 Solution to the nonlinear feature binding problem

We chose a well-known, computationally hard problem to study the com-
putational capability of single SPNs. We show that dSPNs can solve the
nonlinear feature binding problem with a learning rule based on the avail-
able synaptic plasticity mechanisms in their corticostriatal synapses. This
implies that the same SPNs involved in selecting an action can be used
in different situations that warrant the execution of that same action, and
moreover, that single SPNs can reliably distinguish between similar situa-
tions in which the action should not be executed.

1Around 60 % of the synaptic inputs to the SPNs are from the cortex. SPNs also
receive inputs from thalamic neurons, but these are not treated in this thesis in any
specific detail.
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1.4.3 Glutamate spillover and its role in nonlinear
computation

The solution of the nonlinear feature binding problem that we proposed relies
on long-lasting excitations of the neuron, called plateau potentials. We stud-
ied how plateau potentials can be robustly evoked by excitatory synapses
and found that employing glutamate spillover could be a key requirement for
robustly producing plateau potentials, even when the necessary receptors to
evoke them might have different characteristics.



2 Background Material

2.1 What is a neuron?
Neurons are the information-processing cells in the nervous system. Apart
from neurons, the nervous system contains glial cells of several types, of
which astrocytes are increasingly being recognized as important for infor-
mation transmission at synapses and information processing. In contrast to
the classical image of a spherical eukaryotic cell, neurons are usually highly
branched, with a starlike appearance (Fig. 2.1). They are not the only cells
in the body with this shape, but they are the only starlike cells that use
electrical signals to rapidly communicate between themselves. Their shape
allows them to make connections called synapses with many individual neu-
rons, which allow for point-to-point unidirectional communication.

In this chapter we will describe the physical basis for the electrical ex-
citability of neurons, and the generation of the fast electrical signals for
interneuronal communication, the action potentials (APs). We will fur-
ther describe the molecular machinery which controls the strength of synap-
tic connections between neurons, specifically the corticostriatal synapses.
Lastly, we will give a brief description of reward learning, the type of learn-
ing process which is most frequently associated with these synapses.

2.2 Ionic battery and action potentials
All cells have electrical voltage across their membranes. This voltage is a
result of the different concentration of ions, which in neurons are mainly
Na+ and K+, in the cytoplasm and in the extracellular environment (Fig.
2.2). Regardless of the concentration difference, both sides of the membrane

7
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A

B

Figure 2.1: Illustration of a neuron and a synapse. (A) A neuron makes synapses
with another neuron. Synapses are typically made on thin cylindrical structures
called dendrites, which branch out from the soma, the spherical part which contains
the nucleus and major cellular organelles. (B) A synapse consists of a presynaptic
and postsynaptic terminal, and between them is a small space called the synap-
tic cleft. Synaptic vesicles filled with neurotransmitter sit in a vesicle pool in the
presynaptic terminal. The AP, arriving from the axon to the presynaptic termi-
nal, triggers the release of neurotransmitter from the vesicles into the synaptic
cleft. Neurotransmitters bind to receptors on the postsynaptic terminal, which
then either let current in the postsynaptic cell or initiate intracellular signaling.
The effects of both processes are described later in this chapter. Image in (A)
by Casey Henley. Image in (B) by Thomas Splettstösser. CC BY-SA 4.0 licence.
https://creativecommons.org/licenses/by-nc-sa/4.0/
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are electrically neutral. With regard to the diffusing ions, the lipid cellular
membrane has two properties. On one hand it acts as a capacitor: ions
can associate closely to its surface, leading to an accumulation of charge on
the membrane. On the other hand, it is not a complete barrier, i.e. it is
permeable to some ions (we will come back to the nature of the membrane
permeability at the end of this section). When ions from the more concen-
trated side of the membrane permeate to the less concentrated side due to
the concentration gradient, they associate with the membrane on the less
concentrated side very quickly (i.e. charge the membrane capacitor) causing
a local excess of electric charge (Fig. 2.2B, left). At the same time, their
rapid membrane permeation causes an opposite local shortage of electric
charge on the more concentrated side of the membrane, due to the sudden
local lack of ions which had permeated the membrane. This local charge
difference at the permeation site creates a difference in electric potentials
between both membrane sides, thus giving rise to an electric field across the
membrane, whose strength corresponds to some characteristics of the ion
(Fig. 2.2B, right). The difference in electric potentials is called the ionic
battery. This is how the electric voltage measured across a cell’s membrane
arises. At rest, when no stimuli arrive to the neuron, the electric voltage is
called the resting membrane voltage.

As the ions flow across the membrane down their concentration gradient,
the developing electric field opposes their movement because it is directed
oppositely from the direction of positive current flow. At the point of elec-
trochemical equilibrium, the electric field is strong enough to completely
counter the concentration gradient, and no net flow of ions across the mem-
brane occurs. The value of the membrane voltage in this situation is called
the reversal voltage (or also, reversal or Nernst potential), and can be calcu-
lated based on the resting intra- and extracellular concentrations of the ion.
So, both the ionic concentrations and the membrane voltage determine the
amount of ionic current flow through the membrane. The direction of ionic
current is generally determined by the ionic concentrations, but experimen-
tally applying voltage with a magnitude larger than an ion’s reversal voltage
can change the direction of that ionic current through across the membrane.

As mentioned above, all cells exhibit electric voltage across their mem-
branes due to the different concentration of ions on the two sides of the
membrane and due to the membrane permeability. However, not all cells
are electrically excitable. Electrical excitability is the property of cells to
exhibit transient variations in the membrane voltage due to an electrical or
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Figure 2.2: The ionic battery – basis of electric voltage across the membrane.
(A) A membrane permeable only to K+ separates two compartments of equal K+

concentration. There is no net flux of K+ across the membrane and no voltage.
(B) One compartment initially contains 10 times higher K+ concentration than
the other. Initially there is no voltage. After K+ starts diffusing through the
membrane to the less concentrated compartment, the local excess of K+ on the less
concentrated side together with the local lack of K+ on the more concentrated side
creates an electric field across the membrane. Figure reused from Purves et al. 2012
with permission from Oxford University Press. © 2012

other stimulus (such as light, mechanical or chemical stimulation). Elec-
trical excitability is due to proteins in the membrane which have opening
and closing pores that are selectively permeable to some ions. There is an
enormous family of such proteins, called ion channels, which are frequently
selective for only one major ion (Fig. 2.3). Let’s consider the situation when
the membrane possesses a K+ channel. When this protein is in the mem-
brane, the mechanism of the ionic battery we described above will occur
only for the K+ ion flowing across the channel pore, i.e. this channel will
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create an ionic battery for K+ since it is only permeable to K+. The more
different ion channel proteins are present in the membrane, the more ionic
batteries appear across that membrane. The ion channel proteins most fre-
quently have an additional property: they are not always open. For a huge
number of them, the opening of the pore depends on the current value of the
membrane voltage; because of this they are called voltage-gated ion chan-
nels (Fig. 2.3A-D). Each of them has a region of voltage where it will open,
and each of them opens and closes with its own speed, which also depends
on the voltage. If we apply an electrical stimulus to the membrane, caus-
ing some ion channels to open, this means that the ionic batteries “appear
and disappear” across the membrane as the ion channels open and close.
With their transient presence, the corresponding membrane currents are
also transiently present, creating fast and transient voltage changes across
the membrane. In this way, various kinds of electrical signals are possible
across the membrane, depending on which ion channels are expressed. If
the same ion channels as those at the site of electrical stimulation are dis-
tributed in the dendritic and axonal membrane, the electrical signals can
propagate unattenuated through the neuron.

Figure 2.3: Voltage–gated and ligand–gated channels. Figure reused from Purves
et al. 2012 with permission from Oxford University Press. © 2012

The most famous electrical signal is the action potential (Fig. 2.4A). It
is a fast and short spike in the membrane voltage, is created by Na+ and
K+ channels in the axon hillock, the origin of the axon, and is essential for
interneuronal communication. It is an all-or-none electrical event, meaning
that it appears after a threshold level of the somatic voltage is reached,
and it has an almost constant amplitude irrespective of the strength of the
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evoking stimulus (i.e., it is not graded in amplitude). Because Na+ and K+

channels are distributed in the axon, the action potential propagates down
the axon to all the outgoing synapses the neuron makes. It’s role is to ini-
tiate the chemical signaling at the synapses to the postsynaptic neurons to
which the axon projects by triggering the release of neurotransmitter. Neu-
rotransmitter at the synapse requires elevated membrane voltage, provided
usually by trains of action potentials, which opens voltage-gated calcium
channels on the presynaptic membrane, after which calcium starts the pro-
cess of neurotransmitter release (Fig. 2.1B).

The membrane permeability which, together with the different ionic con-
centrations on each side of the membrane, gives rise to the resting mem-
brane voltage, has several origins. Firstly, some K+ ion channels are open
at resting membrane voltages, and K+ current flowing outward keeps the
membrane voltage low (these channels close at elevated membrane poten-
tials). Secondly, there is a large family of K+ ion channels which are
voltage-independent, and whose pore opening is governed by intracellular
ligands (Fig. 2.3G). Their opening and closing dynamics is much slower
than voltage-gated channels, and they may remain open for very long peri-
ods of time, because of which they are called leak channels (Goldstein et al.
2001). Finally, pure lipid bilayer membranes exhibit thermal fluctuations
which also form ion-conducting pores through the bilayer membrane, sim-
ply as a consequence of the second law of thermodynamics. Current passed
through these pores resembles current through ion channel proteins (Blicher
and Heimburg 2013; Kaufmann and Silman 1983; Hanke et al. 1989). The
exact contributions of each of these sources to the resting membrane volt-
age vary for different neuron types, and typically, only the contribution of
protein ion channels is considered.

2.3 Synaptic potentials
Not all ion channels are voltage-gated. Many ion channels require a molecule
to be bound to them, a ligand, in order to open (Fig. 2.3E–F). A typical ex-
ample are the ion channels in the membrane of the postsynaptic site whose
ligands are frequently neurotransmitters released from the presynaptic ter-
minal. After its presynaptic release, a neurotransmitter binds to its ion
channel receptors on the postsynaptic side, opening them and allowing ion
influx to raise the postsynaptic membrane voltage locally at the spine or
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because the ion currents that generate them leak out of the membrane.
We will consider three main ligand-gated neurotransmitter receptors in

this thesis. Two are receptors for the excitatory neurotransmitter glutamate.
One of them, the AMPA receptor (AMPAR) is responsible for fast and short
excitations, and the other, the NMDA receptor (NMDAR) gives rise to slow
and long excitations. The third receptor is the GABA receptor, for the
inhibitory neurotransmitter GABA.

When enough of the synapses get activated, the propagating voltage
changes will raise the somatic membrane voltage to the threshold level re-
quired to initiate the action potential at the axon hillock. The threshold for
action potential initiation and the need to integrate excitatory potentials
from many synapses give the opportunity to implement a computational
logic deciding when a neuron gets activated, i.e. when an action potential
is discharged. Moreover, synapses can excite the postsynaptic neuron with
varying strength, giving the possibility for adaptable computational logic.
Stronger synapses cause larger synaptic potentials in the postsynaptic neu-
ron, achieved by passing more current, and weaker synapses cause smaller
synaptic potentials. In SPNs, whose resting voltage is very low, typically
hundreds of synapses distributed across the dendrites need to be coactive to
cause somatic spiking. However, when 10–20 synapses located on a small
dendritic segment of 10–20 µm are coactivated within a short interval (for
example, up to 50 ms), large dendritic excitations occur which can cause
somatic spiking. These supralinear dendritic voltage events are described in
the next section.

2.4 Plateau potentials
Dendrites also have supralinear, all-or-none voltage events which are called
dendritic spikes. They can be generated by several mechanisms, and of inter-
est to us are the dendritic spikes generated by NMDARs (Antic et al. 2010).
They are evoked by clustered synaptic inputs, localized within a dendritic
stretch of approximately 20 µm. Sometimes a distinciton is made in the
literature between an NMDA spike and a plateau potential (Oikonomou et
al. 2014). Both events have supralinear voltage amplitudes and require syn-
chronous activation of more than one synapse containing NMDARs. NMDA
spikes are shorter (last 15–50 ms), their amplitude is smaller, can be elicited
with smaller stimulus intensities, and evoke NMDAR Ca2+ influx only lo-
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cally, where the stimulation occurs. Plateau potentials, on the other hand,
are longer-lasting (above 100 ms, typically 200–500 ms), their amplitude
is larger and may drive somatic spiking by themselves. They require the
activation of a larger cluster of synapses and evoke Ca2+ influx not only
from the engaged NMDARs that mediate them, but also from voltage-gated
2+ channels along the dendritic branch, since the voltage elevation spreads
throughout much of the originating branch. Plateau potentials occur in
neurons of multiple brain regions, SPNs among them, and because of their
all-or-none nature, also allow the implementation of specific computations,
most notably to detect the coincident activation of a synaptic cluster. Addi-
tionally, NMDA spikes have been found to be both necessary and sufficient
to trigger synaptic plasticity, at least in the collateral synapses between CA3
hippocampal neurons (Brandalise et al. 2016).

NMDA spikes and plateau potentials are generated through a positive
feedback loop in the activation of NMDARs. The NMDARs are ligand-
gated ion channels activated by glutamate and glycine that are additionally
blocked by Mg2+ ions at resting membrane voltages. At a given extracellular
Mg2+ concentration, [Mg2+], the amount of blockage depends on the local
voltage. This voltage dependence is a sigmoidal nonlinearity, where higher
voltage provides rapid removal of Mg2+ from the NMDAR pore. The posi-
tive feedback loop is initiated when the dendritic voltage reaches a threshold
value, usually around -50 mV, which partially alleviates the Mg2+ block on
NMDARs. This causes the flow of an inward current through the unblocked
NMDARs, raising the voltage in a cycle that progressively alleviates more of
the Mg2+ block in remaining blocked NMDARs and allows for more inward
current. In this way, a sustained voltage elevation is produced, which lasts
as long as there is glutamate and glycine to bind to the NMDARs. The
sigmoidal shape of the voltage nonlinearity is a crucial ingredient for the
all-or-none behavior of the plateau potentials since, for linear increases in
voltage, it provides a “sudden” relief of Mg2+ ions from the NMDARs. The
Mg2+ block is described with a gating function, which describes both the
probability of a single unblocked NMDAR at a given voltage and [Mg2+],
as well as the macroscopic NMDA curent sustained by the fraction of an
unblocked NMDAR population:

g (v) = 1
1 + η

[
Mg2+

]
e−αv

, (2.1)
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A B

Figure 2.5: The gating function in Eq. 2.1. (A) The parameter α determines
the steepness of the gating function, with higher values representing steeper curves.
Plots corresponding to the values α ∈ {0.04, 0.05, 0.062, 0.07, 0.08} are shown, and
darker colors indicate higher values. η = 0.38. (B) The parameter η determines
the shift of the gating function along the x axis. Plots corresponding to the val-
ues η ∈ {e−2, 0.38, 1, e, e2} are shown, with darker colors indicating higher values.
α = 0.062. In both panels, the thick lines indicate the gating function with the
parameters originally reported by Jahr and Stevens (1990). [Mg2+] = 1 mM.

where α is the steepness of the curve, η is related to the voltage value
v1/2 where half of the receptors are free of Mg2+ according to v1/2 =
α ln

(
η

[
Mg2+

])
, [Mg2+] is the concentration of extracellular Mg2+ in mil-

limolar (mM) and v is the membrane potential in millivolts (mV) (Jahr and
Stevens 1990). Figure 2.5 shows examples of the gating function where the
α and η parameters are varied.

2.5 Signal transduction through AC5
The strength of a synapse is controlled by molecular circuitry within the
synapse, called a signaling network or a signal transduction network. In
fact, signaling networks are present in all cells. They represent the cell’s
sensory system for extracellular chemicals, light, temperature, mechanical
force and voltage, and also implement the decision functions which integrate
the extracellular signals and trigger the appropriate cellular response to an
environmental event. A now classical example of signal transduction is bac-
terial chemotaxis. It allows bacteria to respond to changes in the chemical
composition of their environment by moving toward increased concentrations
of an attractant molecule or away from a repellant molecule. The signaling
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network in E. coli starts with glucose receptors in the cell membrane, and
effects a response on the molecular motors with which a bacterium moves.
In synapses, the signaling networks start with neurotransmitter receptors,
ligand-gated and/or voltage-gated ion channels in the membrane of the post-
synaptic site, and the responses of the signaling networks trigger synaptic
plasticity. In this section we provide the background to detecting and trans-
ducing neuromodulatory signals in corticostriatal synapses. Neuromodula-
tors are a type of neurotransmitter that bind to receptors which are not
ion channels, i.e. they do not pass current inside the cell, but they activate
various signaling molecules intracellularly (they are called metabotropic re-
ceptors). This is the most common form of intercellular signaling, described
next.

The cellular membrane isolates the inside of the cell from the outside,
so for the cell to be able to receive information about extracellular events,
outside signals need to somehow “cross” the cellular membrane. Chemical
signals, which are molecules interacting with the cell, do this in two ways.
Some are able to diffuse through the membrane and bind to their intracel-
lular receptor, activating a signaling network. A vast majority of chemical
signals bind to membrane receptors, which transduce the signal by interact-
ing with intracellular molecules when the outside chemical ligand is bound.
Membrane receptors are highly specific, meaning they can only bind a single
molecular species, or several very closely related molecular species. A large
class of such receptors are the G protein-coupled receptors (GPCR), which
when activated by a ligand can interact with intracellular G proteins (or
GTP-binding proteins) (Fig. 2.6). In the corticostriatal synapse, the G pro-
teins are heterotrimers composed of three subunits, α, β and γ. When the
GPCR activates a G protein, the α subunit binds to GTP and dissociates
from the heterotrimer, and represents the active form of the G protein. It
can interact with various molecules, most commonly enzymes, further relay-
ing the extracellular signal within the signaling network. In summary, the
binding of a ligand to a GPCR releases an active Gα subunit, which repre-
sents the transduced intracellular signal corresponding to the extracellular
ligand.

The length of the transduced intracellular signal in the form of active Gα
subunits is regulated by proteins which deactivate the Gα subunits, called
regulators of G protein signaling, or RGS proteins. When RGS proteins
bind to a Gα subunit, they promote its intrinsic GTPase activity (GTP
hydrolysis to GDP), and GTP hydrolysis to GDP is what inactivates an
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Figure 2.6: Signal transduction networks through GPCRs. Figure reused from
Purves et al. (2012) with permission from Oxford University Press. © 2012

active Gα subunit. Many RGS proteins have been identified in the mouse,
of which RGS2, RGS4, RGS9 and RGS14 have been found to be expressed
in the striatum (Gold et al. 1997; Lerner and Kreitzer 2012; Xie et al. 2012).

In the corticostriatal synapses, the Gα subunit binds to adenylyl cy-
clase 5 (AC5), an enzyme which catalyzes the conversion of ATP (adenosine
triphosphate) to cAMP (cyclic adenosine monophosphate), a common in-
tracellular signaling molecule (a second messenger). cAMP then activates
protein kinase A (PKA), which in the SPNs can effect changes on a variety of
molecules, such as increasing the conductance of ion channels (thus strength-
ening a synapse), modulating the activity of further downstream signaling
molecules, or activating transcription factors, molecules that initiate gene
transcription. Controling the levels of the second messenger cAMP is the
primary checkpoint in controling whether an active corticostriatal synapse
will undergo LTP.
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2.6 Synaptic plasticity
In this section we present the signaling networks (or molecular circuits)
which control synaptic long-term potentiation (LTP) and long-term depres-
sion (LTD), which refer to strengthening and weakening of the synapse which
lasts for 30 minutes to several hours.

As mentioned in section 2.3, for an excitatory synapse to cause a larger
synaptic potential, more current needs to flow in the postsynaptic neuron.
This can happen in several ways, and in our case synaptic strengthening
means that more glutamate receptors have been inserted in the postsynap-
tic membrane, or that the existing receptors are modified so that they can
pass through more current (usually via receptor phosphorylation). Con-
versely, to cause a smaller synaptic potential, less current needs to flow in
the postsynaptic neuron. This can happen through removal of glutamate
receptors from the postsynaptic membrane or through dephosphorylating
them, but also by reducing the amount of glutamate that is released from
the presynaptic side. In the corticostriatal synapses, synaptic weakening is
expresed presynaptically.

2.7 LTP
In corticostriatal synapses, the signaling networks that decide whether to
strengthen the synapse can be viewed as having two branches. One branch
responds to synaptic activity and the other responds to neuromodulatory
signals, such as dopamine. Synaptic activity is usually indicated intracellu-
larly by the amount of Ca2+ ion influx through ligand- and/or voltage-gated
ion channels. The Ca2+ ions affect one branch of the signaling network in
corticostriatal synapses. Neuromodulators bind to metabotropic receptors
and activate a separate branch of the signaling network.

The signaling network which controls LTP in dSPNs is shown in Fig. 2.7.
Ca2+ influx from NMDA and voltage-gated Ca2+ channels activates the en-
zyme calmodulin-dependent kinase II (CaMKII), critical for phosphorylat-
ing the AMPA receptors and potentiating the synapse (Herring and Nicoll
2016). Dopamine, on the other hand, activates the enzyme AC5 via the
D1 dopamine receptor (a GPCR), and ultimately results in activated PKA,
which is necessary for LTP (Yagishita et al. 2014; Cui et al. 2016). At the
time we conducted the research projects, it had been proposed that acetyl-
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choline signaling might also be involved in controlling the activation of AC5.
We studied the regulation of AC5 by both neuromodulatory signals, and for
this reason the acetylcholine M4 receptor is also included in the network
in Fig. 2.7. The coincident activation of the neuromodulatory and Ca2+

branch is detected by the protein DARPP-32, which controls the balance of
the proteins which phosphorylate and dephosphorylate the AMPARs, and
can thus promote increased synaptic strength or LTP (Svenningsson et al.
2004; Centonze et al. 2001). An additional protein, ARPP–21, has been
hypothesised to detect the order of the glutamatergic and neuromodulatory
inputs, allowing LTP only if dopamine shortly follows synaptic activation by
glutamate but not if it precedes it (Nair et al. 2016). Thus, this network only
strengthens the synapse if synaptic activity is followed by neuromodulatory
input activation.

2.8 LTD
The signaling network that controls LTD in corticostriatal synapses is shown
in Fig. 2.8. LTD is expressed presynaptically, meaning that the synapse is
weakened by reducing the probability of presynaptic neurotransmitter re-
lease. However, the signaling events to reduce the release probability are
initiated postynaptically. This signaling network also has two branches.
One branch responds to elevated membrane voltage through Ca2+ influx
from Cav1.3 channels. Ca2+ ions from Cav1.3 channels and from ryanodine
intracellular stores are necessary to activate the enzyme DGLα which can
produce endocannabinoids (Plotkin et al. 2013). The Cav1.3 channel is ac-
tive at voltage levels above -50 mV and any local dendritic voltage elevation
can activate it, irrespectively of whether the synapse is active. Under reg-
ular circumstances, this is not enough to trigger LTD (Fino et al. 2010).
Activation of mGluR by glutamate is in addition necessary, thus providing
synaptic specificity and initiating LTD only at the active synapses which
experience elevated voltage in the operating range of Cav1.3. The mGluR
signaling branch produces the substrate for the enzyme DGLα, PIP2, from
which endocannabinoids are produced. Moreover, this also produces IP3
intracellularly, which together with the Ca2+ from Cav1.3 will open the in-
ternal IP3 calcium stores, adding to the rise of Ca2+ levels for activation
of DGLα (Fino et al. 2010). Endocannabinoids diffuse to the presynaptic
terminal and bind to the CB1 receptors that initiate the signaling cascade
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is an outcome of decision making (Schultz 2016; Schultz 2007). Through
goal-directed or reward learning, a behavior or action that leads to a sub-
jectively valuable outcome (reward) is “reinforced”, i.e. is more likely to be
performed again in the same circumstances in order to obtain that outcome.
Conversely, actions that lead to a subjectively unvaluable outcome or no
outcome are suppressed. Goal-directed learning consists of (at least) two
processes: a cognitive process involving expecting a reward based on past
experience (memory), and an associative learning process through which
sensory stimuli (cues) which precede the reward become future motivators
to make reward-obtaining actions (Berridge 2000; O’Doherty et al. 2017).
The prefrontal and insular cortices are involved in the cognitive process of
reward expectation, while the basal ganglia, more particularly the stria-
tum and nucleus accumbens, are involved in the associative learning process
(Berridge 2000; O’Doherty et al. 2017). Both processes operate in parallel
and serve to guide behavior in the same direction.

The neural circuit(s) thought to be involved in goal-directed learning are
shown in Fig. 2.9. To describe them we will use a simple experiment, where
rats are trained that stimulating one of their whiskers is followed by a water
reward. This is a typical stimulus-response learning experiment, where after
repeated trials, the rats learn the association between whisker stimulation
and a water reward, and as a result start licking in anticipation of the
water reward, i.e. before the water is provided. It is also called associative
learning, or Pavlovian conditioning. During the course of the experiment
rats are head-restrained, so that as little brain activity is triggered through
the other senses. The description of this experiment and the neural circuits
for goal-directed learning are presented according to Esmaeili et al. (2020).

Sensory information from stimulating a single whisker first arrives in the
trigeminal nucleus, where the cell bodies of the whisker sensory neurons are
located (Fig. 2.9A). Signals from the trigeminal nucleus are transmitted via
the brainstem to the sensory thalamus, which in turn passes the information
to the primary whisker sensory cortex (wS1)1. The activation of wS1 from
even a single whisker causes rapid further activation of several brain areas
thought to be relevant for goal-directed learning. In fact, projections from
wS1 to at least 18 brain regions have been documented, although not all
of them might be activated by single whisker stimulation. To begin with,
wS1 projects to the secondary whisker sensory cortex (wS2) and the pri-

1Also called barrel cortex.
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the cortical and basal ganglia pathway and thus encodes new behaviors, and
learning in the two pathways might correspond to the two cognitive and asso-
ciative learning processes (Berridge 2000). Synaptic plasticity in the cortical
pathway is modulated by the neuromodulator acetylcholine, while corticos-
triatal synaptic platicity is modulated by dopamine. Our focus in this thesis
is on corticostriatal synaptic plasticity, dealing, therefore, with the asso-
ciative learning process. It is hypothesised that reward-related cholinergic
signals also influence the cortical pathway through disinhibition, affecting
synaptic plasticity between regions wS1 and wS2, for example. We do not
address this aspect of reward-learning in this thesis.

2.10 Basal ganglia and goal-directed learning
The basal ganglia are a group of nuclei at the base of the cerebrum, under
the cortex (they are some of the many subcortical nuclei). The nucleus
receiving the cortical inputs is the striatum, and these inputs onto the SPNs
form the corticostriatal synapses. Its projection neurons are inhibitory, and
they project to the output nuclei of the basal ganglia, which control the
activity of the thalamus and brainstem2. Motor nuclei in the thalamus and
brainstem are under constant inhibition by the basal ganglia output nuclei
(Fig. 2.10).

Two parallel output pathways in the basal ganglia act oppositely on the
motor nuclei in the thalamus and brainstem. When the SPNs from the
direct pathway (dSPNs) are active, they disinhibit the motor nuclei. When
the SPNs from the indirect pathway (iSPNs) are active, they increase the
constant inhibition to the motor nuclei even more. By controlling the output
of the thalamic and brainstem motor nuclei, the basal ganglia disinhibit
required motor programs and suppress unwanted ones in the motor cortex
and brainstem in order to initiate the appropriate goal-achieving actions.

The basal ganglia are necessary for proper movement initiation. Original
theories about their function proposed that they select appropriate actions
based on sensory information and motor plans. However, recent findings
suggest action selection is done in the cortex, and the role of basal ganglia
is to initiate the selected actions and modify how vigorously they are per-

2Besides the indirect route from the basal ganglia via the thalamus and motor cortex
to the brainstem, mentioned in section 2.9, there are also direct connections from the basal
ganglia to the brainstem (Arber and Costa 2022)
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Figure 2.10: A disinhibitory pathway from sensory cortex to motor cortex via
the basal ganglia and the thalamus. Figure reused from Purves et al. 2012 with
permission from Oxford University Press. © 2012
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formed (Thura and Cisek 2017). The corticostriatal synapses are believed
to implement associations between sensory stimuli and the required motor
output for achieving a goal, thus representing an important site in the gat-
ing of proper actions. Midbrain dopamine neurons densely innervate the
striatum, and, as described in the previous sections, dopamine modulates
when corticostriatal synaptic plasticity occurs.

2.11 Reward-related midbrain dopamine signals
The activity of dopamine neurons differs widely across the midbrain, and
it also exhibits variations on three different time-scales, directly affecting
striatal dopamine concentrations on those time-scales. The short review
presented in this section is mainly according to the information in Schultz
(2007) and Schultz (2016). Tonic dopamine neuron activity, which deter-
mines the levels of striatal dopamine over many hours or days, is necessary
for proper movement, cognition, attention and motivation. Slow activity
on the time-scale of seconds to tens of minutes is related to behaviors such
as self-initiated limb movements, as well as the uncertainty with which the
sensory stimulus predicts that a reward will occur. Finally, fast, sub-second
changes in striatal dopamine are reward-related signals, which consist of
two components (Fig. 2.11). The first is an initial peak signaling the occur-
rence of a conspicuous/salient, potentially rewarding, or otherwise attention-
requiring sensory event, such as a loud noise, bright or fast moving objects,
and liquids touching the mouth. It is an unselective response to a wide range
of unpredicted sensory stimuli from any sensory modality. The second, main
response, which evolves from the initial response, is related to identifying
and valuing the sensory event. It is called a reward prediction error, and its
occurrence in time depends on whether the organism is already familiar with
the stimulus and its reward properties. A stimulus can itself be a reward
(for example, food), or, as in the case of the mouse’s whisker stimulation in
section 2.9, it can predict that a reward will follow.

If the organism has experienced the stimulus already and knows/remembers
that the stimulus is rewarding, or that it predicts a reward, the second
dopaminergic response happens immediately after the first and reflects the
reward value (Fig. 2.11, top). At the time of interaction with the stimulus
or when the reward is delivered, if the reward had been correctly predicted
(by the second dopaminergic response), there is no additional dopaminergic
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response. If the reward is greater than predicted, dopamine neuron activity
increases, resulting in a positive prediction error. If the reward is smaller
or nonexistent (omitted), a dopamine pause occurs, representing a negative
prediction error.

On the other hand, if an organism has never experienced the stimulus
and does not know yet whether it is a reward, or predicts that a reward
will follow, there is no second dopaminergic response when the stimulus
occurs, and the initial response is followed by a dopamine pause (Fig. 2.11,
bottom). The dopamine neurons respond only after interacting with the
stimulus or after reward delivery, and their activity increases in proportion
to the perceived reward value, resulting in a positive reward prediction error.
If the stimulus is not a reward or is not followed by a reward, there is
no dopamine neuron activity. The magnitude of the second dopaminergic
response reflects the subjective reward value in both the learned (rewarded)
and the novel (unrewarded) stimulus scenarios.

Figure 2.11: A schematic depiction of the fast, sub-second, reward-related
dopamine signals. (Top) The appearance of the signals for a previously rewarded
stimulus, i.e. a stimulus that the organism has encountered before and knows its
reward value. (Bottom) The appearance of the signals for an unrewarded stimulus,
i.e. a stimulus which the organism has not experienced previously and does not
know its reward value. Figure reproduced with permission from Schultz (2016).
© 2016 Springer Nature.

Because of this reward-related activity of midbrain dopaminergic neu-
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rons, and the dense dopaminergic innervation to the striatum, corticostriatal
synapses are thought to be a major site for reward learning.

The dSPNs mainly express D1 dopamine receptors, and the iSPNs mainly
express D2 dopamine receptors. Because the two receptors have differ-
ent affinity for dopamine, the two SPN types are differently responsive to
dopamine. The tonic levels of dopamine are enough to activate D2 receptors,
while D1 receptors can be activated with the dopamine peaks, emitted as
reward prediction errors.

2.12 Project-specific background material
In this thesis we study questions related to the role of single SPNs in the
brain’s reward learning neural circuits. We study how the transduced neu-
romodulatory signals are processed in the corticostriatal synaptic signaling
network for LTP by the enzyme AC5. We also study whether a single SPN
can solve a computationally difficult reward learning task. It is related to
the computational capacity of a single SPN, or how much the same neuron,
responsible for gating/initiating the same action, can be engaged in differ-
ent contexts. The solution of the task requires dendritic plateau potentials,
because of which we also studied the how plateau potentials are generated
in SPNs, focusing on the role of glutamate spillover.

2.12.1 AC5 signalling network

As mentioned in section 2.5, the levels of cAMP decide whether an active
corticostriatal synapse will undergo LTP. Hence, regulating AC5, the en-
zyme which produces cAMP, can be seen as equivalent to implementing this
decision function within the synaptic circuitry.

ACs are a family of membrane-bound enzymes, which contain two dimer-
ized transmembrane domains that anchor them to the membrane, and a
dimer catalytic core. The relative positioning of the catalytic monomers C1
and C2 determine whether the catalytic center is properly aligned to per-
form the conversion of ATP to cAMP. Each of the catalytic monomers has
a binding groove for a G protein. The binding of a G protein affects the
relative positioning of the catalytic monomers, thus regulating AC activity
(Linder 2006). There are four different families of Gα subunits that can bind
to ACs. The Gα subunits that bind to AC5 are Gαolf, which belongs to the
family of AC-stimulating subunits, and Gαi, which belongs to the family of
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AC-inhibiting subunits. On AC5, Gαolf binds to C2, and Gαi binds to C1
(Fig. 2.12). The binding of Gαolf to C2 causes a conformational change in
AC5 such that the catalytic core is aligned to perform catalysis at a high
rate, thus having a stimulatory effect on AC5. The binding of Gαi to C1 has
the opposite, inhibitory effect: the aligment of the catalytic core prevents
binding of ATP to the active site (Keulen and Rothlisberger 2017).

Figure 2.12: (A) General illustration of the AC5 signal transduction network.
Two agonists (L1 and L2) bind to two GPCRs (R1 and R2), releasing the Gαolf and
Gαi subunits, respectively. These stimulate and inhibit the conversion of cAMP,
respectively. (B) Model of the possible Gαolf · AC5 · Gαi ternary complex. The
cytosolic part of the AC5 enzyme consisting of the pseudo-symmetric C1 (blue)
and C2 (red) cytoplasmic domains in an ATP-bound (green) conformation are
complexed to an active conformation of Gαolf (gray) and to Gαi (cyan). GTP
(orange) and a myristoyl moiety in Gαi (yellow) are shown in stick representation.
Controlling the relative positions and conformations of C1 and C2 may enhance or
inhibit enzymatic function. This is one way in which Gαolf and Gαi exert their
regulatory effects: each of them has a separate binding site on the AC5 domain
dimer. The model shown is in fact the initial configuration of the ternary complex
used in the all-atom molecular dynamics simulations, performed by one of the
partners in this study. Figure and caption reused from Bruce et al. (2019). © 2019
Bruce et al. CC BY 4.0 licence https://creativecommons.org/licenses/by/4.0/.

The structure of a chimeric AC · Gαs, comprised of an AC catalytic
core (one dimer from AC5 and another from AC2) bound to Gαs, a protein
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similar to Gαolf, has been determined with X-ray crystallography, experi-
mentally confirming its potential formation in vivo (Tesmer et al. 1997). The
formation and catalytic activities of the binary complexes AC5 · Gαolf and
AC5 · Gαi have been confirmed in preparations with membrane fragments
from Sf9 cells containing the entire AC5 enzyme, and with a reconstiuted
AC5 catalytic core in a solution (Taussig et al. 1994; Dessauer et al. 1998;
Chen-Goodspeed et al. 2005). Since Gαolf and Gαi bind to AC5 on separate
locations, it has been hypothesized that a ternary Gαolf · AC5 · Gαi complex
may form during AC5 regulation (Fig. 2.12B) (Dessauer et al. 1998; Chen-
Goodspeed et al. 2005). Nevertheless, it has not been possible to detect
this complex experimentally, and it is not known what its catalytic activity
would be. The existence of a ternary complex would allow AC5 to act as
not just a signal transducer, but also as a signal integrator, since its activity
could then be regulated by more than one binding partner, i.e. by two G
proteins each activated by a different extracellular signal. Of course, in or-
der for AC5 to bind to both Gαolf and Gαi simultaneously, both G protein
subunits need to have been activated very closely in time.

Many ACs have been found to perform coincidence detection – the detec-
tion of co-occuring signaling events, which results in significantly increased
cAMP production only when more than one signaling event occurs almost
simultaneously (Anholt 1994; Bourne and Nicoll 1993; Delmeire et al. 2003;
Impey et al. 1994; Lustig et al. 1993; McVey et al. 1999; Mons et al. 1999;
Nair et al. 2019; Nair et al. 2015). In addition, a previous study with
a large model of the LTP signaling network predicted that AC5 responds
most strongly to a simultaneous peak in dopamine (Da ↑) and a pause in
acetylcholine levels (ACh ↓), i.e. both stimulation by increased Gαolf and
disinhibition by decreased Gαi are necessary for the enzyme to produce sig-
nificant amounts of cAMP (Nair et al. 2015). This suggests that AC5 might
also function as a coincidence detector. In this previous modeling study,
the AC5 regulatory motif contained the ternary complex, but the reaction
rates for forming it were small compared to the reaction rates for forming
the binary complexes, resulting in small amounts of ternary Gαolf · AC5 ·
Gαi complex being formed, leaving open questions regarding its role in AC5
regulation.

Because of the difficulty in detecting the ternary complex experimen-
tally and the remaining open questions for its possible role, we resorted to
studying the AC5 enzyme and its regulation with computational methods.
This was done within the scope of an international project where different
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partners studied the enzyme at different spatial and temporal scales, i.e.
we employed multiscale simulations. Molecular dynamics (MD) simulations
were used to study the conformational stability of the ternary complex on
the microsecond timescale. Brownian dynamics (BD) simulations, operating
on the millisecond timescale, were used to predict the forward rate constants
of Gα subunit binding to AC5 and to the binary complexes. The MD and
BD simulations were performed by the project partners and we present the
obtained results as background material. The MD simulations suggested
that if the ternary complex forms, it is stable and catalytically inactive,
since the positioning of the catalytic core is unfavorable for performing the
conversion from ATP to cAMP (Fig. 2.13). The results from the BD simu-
lations are given in Table 2.1. We incorporated these results to construct a
kinetic model of the AC5-based signaling network and study whether AC5
is also a coincidence detector.

Rate constant apo AC5 holo AC5

kf1 0.02 (0.01) 0.03 (0.01)
kf2 0.02 (0.01) 0.05 (0.01)
kf3 0.01 (0.01) 0.02 (0.01)
kf4 0.02 (0.01) 0.02 (0.01)

Table 2.1: Bimolecular association rate constants (nM-1 s-1) for the forward re-
actions computed from BD simulations (standard deviation in parentheses). Rate
constants were calculated separately for complexes incorporating both apo and holo
AC5 (apo AC5 is AC5 without the substrate ATP, and holo AC5 is AC5 bound to
the substrate ATP). Table and caption reproduced from Bruce et al. (2019). © 2019
Bruce et al. CC BY 4.0 licence https://creativecommons.org/licenses/by/4.0/.

AC5 is expressed in both dSPNs and iSPNs, and it is regulated by both
Gαolf and Gαi in both SPN types (Fig. 2.14A). In dSPNs, Gαolf is released
when dopamine binds to the D1R, while in iSPNs it is released when adeno-
sine binds to the A2aR. In dSPNs Gαi is released when acetylcholine binds
to the M4R, while in iSPNs it is released when dopamine binds to the D2R.
So, in dSPNs AC5 is responsive to dopamine and acetylcholine, whereas in
iSPNs it is responsive to dopamine and adenosine. Moreover, because of the
different properties of the D1R and D2R, AC5 responds to dopamine differ-
ently in the two SPN types. The D1R requires high dopamine concentrations
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to be activated, such as those produced with the sub-second, reward-related
dopamine signals, and it does not respond to basal dopamine levels. The
D2R, on the other hand, can be activated by basal dopamine levels (Yapo
et al. 2017). Moreover, experimental studies have suggested that, at least
in iSPNs, the D2Rs and A2aRs form receptor complexes with each other
and with AC5, in a suggested arrangement which allows for the simultane-
ous binding of the G proteins to AC5, i.e. for the ternary complex to form
(Fig. 2.14B1–B3) (Navarro et al. 2018). Regarding acetylcholine, experi-
mental data indicates that, at an organism’s resting state, much of AC5 in
the dSPNs could be inhibited by Gαi due to a tonic level of acetylcholine
produced by the tonic activity of the striatal cholinergic interneurons, which
activates Gαi via the M4 receptor (Nair et al. 2019). Basal levels of cAMP
are low. For this reason, both the original large model of the LTP signaling
network, and our reduced kinetic model of AC5 regulation have been set up
so that in the basal state acetylcholine activates the M4R and Gαi initially
inhibits a large proportion of AC5. As mentioned above, the basal dopamine
levels do not activate the D1R. A Da ↑ is needed to activate Gαolf, which can

Figure 2.14 (preceding page): (A) In both dSPNs and iSPNs, AC5 is activated
by Gαolf and inhibited by Gαi. The receptors which are coupled to the G proteins
are different in the two SPN types. (A, Left) In dSPNs, the dopamine D1R activates
Golf while the acetylcholine M4R activates Gi. (A, Right) In iSPNs, the adenosine
A2aR activates Golf while the dopamine D2R activates Gi. (B) Suggested spatial ar-
rangement of the A2aRs, D2Rs and AC5 in iSPNs according to experimental studies
(Navarro et al. 2018). G proteins are also added in the model based on the assump-
tion that they form a complex with their GPCRs. The molecules are indicated in
a top-down view of the membrane from the extracellular side. The two AC5 trans-
membrane domains are shown in blue, D2Rs are shown in shades of orange, and
A2aRs are shown in shades of green. The spatial arrangement is a minimal com-
putational solution to six experimentally determined requirements, among which
are those that D2Rs and A2aRs form both homodimers and heterodimers, as well
as the findings that they interact with different regions of the AC5 transmembrane
domains depending on whether they are activated by agonists. (B1) Suggested pre-
coupled receptor complex when agonists are not bound. (B2) Suggested precoupled
receptor complex when agonists are bound. (B3) Suggested linear arrangement
of precoupled receptor complexes which support the formation of a ternary com-
plex. The numbers on the molecules indicate the transmembrane helices within
the molecules. Panels B1 – B3 are reproduced from Navarro et al. (2018). © 2018
Navarro et al. CC BY 4.0 licence https://creativecommons.org/licenses/by/4.0/.
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plasticity rule to study the computations that a single SPN can perform,
and through this gain insight in the role of single SPNs within the neural
circuits for goal-directed learning. Specifically, we used a computationally
difficult task, called the nonlinear feature binding problem (NFBP), de-
scribed in the later sections (Fig. 2.16A). Its solution would imply that the
same dSPN involved in initiating a particular action could be recruited in
multiple contexts requiring the same action. Moreover, the dSPN can distin-
guish between similar relevant and irrelevant situations, and learn to spike
or be silent accordingly, thus initiating the action only in relevant situations.

We developed a local, calcium- and reward-based learning rule which can
utilize plateau potentials to solve the NFBP. Many learning rules use the
relative difference between the timing of synaptic activity and the timing
of somatic spiking as a basis to update synaptic strength (Feldman 2012).
However, in many neurons the action potential does not reliably propagate
backwards in the dendrites (backpropagating action potential, bAP). Even if
it does, it is unclear how distal synapses can observe bAPs intracellularly and
obtain the information about spike timing, since the additional Ca2+ influx
from the bAPs might be minor compared to the Ca2+ influx from the already
elevated local voltage at the synaptic site. For this reason, we formulated
the learning rule solely based on the local, i.e. synaptic intracellular calcium
concentration, [Ca2+]i. Dopamine reward signals, which represent feedback
about whether the initiated action had a positive outcome or not, guide
the learning rule as to whether to strengthen or weaken the synapse (Fig.
2.16A).

Experiments have demonstrated that in dSPNs, which express the D1
dopamine receptor, a Da ↑ stimulates the D1R, which together with signifi-
cant Ca2+ influx through NMDA receptors triggers LTP (Shen et al. 2008;
Yagishita et al. 2014; Fisher et al. 2017). Dopamine and Ca2+ activate
the two branches of the LTP signaling network described in section 2.7. If
the D1Rs are stimulated, the LTD signaling network is inhibited (Shen et al.
2008). Conversely, when little/no dopamine is bound to the D1 receptors, as
during a Da ↓, and there is significant Ca2+ influx through Cav1.3 channels,
LTD occurs (Shen et al. 2008; Fino et al. 2010; Plotkin et al. 2013). The
D1R needs to be free of dopamine in order to disinhibit the LTD signaling
network and allow the expression of LTD. These experimental findings de-
scribe the phenomenological plasticity outcomes from synaptic stimulation
without investigating all molecules participating in the signaling networks
in sections 2.7 and 2.8. The phenomenological plasticity outcomes from
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these experimental studies are graphically summarized in Fig. 2.16D. Also,
voltage-gated calcium channels, most notably Cav3.2 and Cav3.3, have been
reported to be necessary for LTP (Fino et al. 2010). We base the learning
rule on these findings, without explicitly modeling all molecules in the sig-
naling networks for LTP and LTD.

As we explain in the following sections, we use the learning rule with a
setup of pre-existing clustered synaptic inputs which can generate plateau

Figure 2.16 (preceding page): The NFBP, a conceptual solution for it, and SPN
mechanisms to solve it. (A) The NFBP and a conceptual solution: The NFBP is
represented with an example from visual feature binding. In the simplest form of
the NFBP, a stimulus has two features, here shape and form, each with two possible
values, strawberry and banana, and red and yellow, respectively. The NFBP con-
sists of responding with neuronal spiking to two of the feature combinations, called
the relevant stimuli (red strawberry and yellow banana), and remaining silent for
the other two feature combinations, called the irrelevant stimuli (yellow strawberry
and red banana). If each feature is represented with locally clustered synapses, the
NFBP can be solved when the co-active clusters on a single dendrite, correspond-
ing to a relevant stimulus, evoke a plateau potential, thus supralinearly exciting the
soma. Conversely, co-activation of synaptic clusters for the irrelevant combinations
should not evoke plateau potentials. (B) Illustration of how synaptic plasticity may
contribute to solving the NFBP for a pre-existing arrangment of synaptic clusters on
two dendrites. A plasticity rule which strengthens only synaptic clusters represent-
ing relevant feature combinations, so that they produce robust supralinear dendritic
responses, while weakening synapses activated by irrelevant feature combinations,
could solve the NFBP. (C) Dopamine (Da) feedback from the midbrain to the stria-
tum (Str) guides the learning process, differentiating between positive feedback for
relevant stimuli and negative feedback for irrelevant stimuli. Positive feedback rep-
resented by dopamine peaks is necessary for LTP, and negative feedback represented
by a dopamine pause is necessary for LTD. (D) Synaptic plasticity outcomes af-
ter stimulating the neurotransmitter receptors that initiate plasticity in a dSPN
corticostriatal synapse (redrawn from Shen et al. (2008)). NMDA Ca2+ influx,
followed by stimulation of D1Rs, triggers LTP, while inhibiting LTD. Ca2+ influx
from Cav1.3 channels and activation of mGluRs when D1Rs are free of Da triggers
LTD, while inhibiting LTP. Figure adapted from Khodadadi et al. (2024). © 2024,
Khodadadi et al. CC BY 4.0 licence https://creativecommons.org/licenses/by/4.0/.
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potentials, since plateaus are crucial for solving the NFBP. Plateau poten-
tials, as well as some synaptic clustering, have been demonstrated in SPNs
(Plotkin et al. 2011; Oikonomou et al. 2014; Du et al. 2017; Hwang et al.
2022; Day et al. 2024; Sanabria et al. 2023), and corticostriatal synapses par-
ticipate in goal-directed learning, which is an additional basis to motivate
the study whether a single SPN can solve the NFBP.

2.12.3 Synaptic clustering

Synapses in many brain regions exhibit fine scale organization on the den-
drites into functional synaptic clusters. They are spatially localized, or
grouped in dendritic stretches approximately 20–30 µm long, and receive
correlated inputs or represent a common sensory feature. Synaptic cluster-
ing has been observed across brain regions, developmental ages, and different
animal species, and frequently forms during development (Kleindienst et al.
2011; Takahashi et al. 2012; Winnubst et al. 2015; Wilson et al. 2016; Win-
nubst et al. 2015; Iacaruso et al. 2017; Scholl et al. 2017; Niculescu et al.
2018; Kerlin et al. 2019; Ju et al. 2020; Kirchner and Gjorgjieva 2021). Sen-
sory features such as the orientation of a visual stimulus, color, receptive
fields, or sound intensity are represented by such functional clusters, and
frequently, a single dendrite has clusters for different features positioned ad-
jacently (Chen et al. 2011; Wilson et al. 2016; Iacaruso et al. 2017; Scholl
et al. 2017; Ju et al. 2020; Jia et al. 2010; Varga et al. 2011). With this
arrangement, it is possible that uniting multiple single features into more
complex objects occurs in dendrites by activating several functional clusters
together.

2.12.4 The binding problem

The combination of the many single features of an object/entity into a uni-
fied representation of that object/entity by the brain is called the binding
problem (Ghose and Maunsell 1999; Gray 1999; Reynolds and Desimone
1999; Roskies 1999; Treisman 1999; Malsburg 1999; Wolfe and Cave 1999).
The problem is based on the realistic assumption that there are not enough
neurons in the brain to encode all possible feature combinations of all the
stimuli that exist in the world, so a mechanism must exist which enables the
same groups of neurons to dynamically represent objects/entities as they
appear to the senses or as evoked from memory (Malsburg 1999). We do



2.12. PROJECT-SPECIFIC BACKGROUND MATERIAL 41

not deal with finding such a mechanism for solving the general binding prob-
lem in this thesis. However, large numbers of combination-coding neurons
seem to exist at least in the preattentive computational stages of the visual
system (Ju et al. 2020). The learning rule we developed is a solution to
feature binding, and to the computationally more complex nonlinear fea-
ture binding, in such neurons which already receive innervation for multiple
features.

2.12.5 The nonlinear feature binding problem

As a task, the NFBP is relevant to brain regions which perform integra-
tion of multimodal input signals, or signals representing different features
of the same modality (Roskies 1999). It is usually illustrated with examples
from the visual system, as in Fig. 2.16A (Roskies 1999; Malsburg 1999;
Tran-Van-Minh et al. 2015). It is, nevertheless, also relevant to the stria-
tum, where goal-directed learning might require the processing of several
different types of sensory- and motor-related input features. In the most
elementary form, the NFBP consists of discriminating between two types of
stimuli, each of which are a combination of two features (for example, color
and shape). Each feature can have two values (red and yellow for color,
and strawberry and banana for shape), giving a total of four possible stim-
uli (feature combinations). To solve the NFBP, the neuron should respond
with somatic spiking to only two stimuli (which we call relevant stimuli),
while remaining silent for the other two (irrelevant stimuli). The problem
is nonlinear since, on average, the neuron receives the same amount of exci-
tation for all four stimuli, but should learn to respond to them differently.
Such nonlinear problems are solved by processing the different stimuli non-
linearly, and SPNs have supralinear processing capabilities in the form of
plateau potentials, as we described in Section 2.4. If each feature is repre-
sented by a functional synaptic cluster, the SPN should learn to strengthen
clusters for the relevant feature combinations so that activated together they
will elicit a plateau, while weakening clusters belonging to irrelevant feature
combinations so that they do not elicit plateaus (Fig. 2.16B).

To guide the learning process, we set up the task so that an organism’s
interaction with the relevant stimuli is rewarding and produces a Da ↑, while
the irrelevant stimuli are not rewarding and produce dopamine pauses (Da ↓)
(Fig. 2.16C). We use dSPNs in this study, and we assume that the necessary
coincident ACh ↓ also occurs together with the Da ↑ to enable LTP.
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2.12.6 Glutamate spillover

As introduced in section 2.4, plateau potentials are generated when a synap-
tic cluster is synchronously activated within a short time window of several
tens of milliseconds. Experimentally, plateau potentials have been evoked
by activating synaptic clusters by glutamate uncaging or by stimulating
stretches of dendrites by glutamate iontophoresis or repeated synaptic stimu-
lation (Schiller et al. 2000; Major et al. 2008; Plotkin et al. 2011; Oikonomou
et al. 2012; Du et al. 2017; Kumar et al. 2018; Gao et al. 2021). All three
techniques have been used to apply a progressively increasing glutamate
stimulus in equal increments. In this case a supralinear, all-or-none re-
sponse in the amplitude of the somatic voltage is observed, qualifying the
plateau potential as an all-or-none voltage event, similarly to the action
potential. An example of all-or-none plateau potentials evoked with glu-
tamate iontophoresis is shown in Fig. 2.4C (taken from Oikonomou et al.
(2014)). However, when computationally modeling plateau potentials, they
often appear graded when evoked by stimuli progressively increasing in equal
increments (Fig. 2.17).

As described in section 2.4, the crucial ingredient for an all-or-none
plateau potential is the sigmoidal shape of the Mg2+ block gating func-
tion. For a given [Mg2+], it is described by the parameters α and η, because
of which we decided to study the effects of varying these parameters on the
behavior of the plateau potential. Collecting available existing data on the
gating function, we found there is a natural variability in the parameters
α and η, which depends on the NMDAR isoform and on the concentra-
tion of other intra- and extracellular ions (Table 2.2). Moreover, studies
which model plateau potentials almost always use steeper gating functions
than the ones experimentally reported, without an explicit reason for the
change in parameters (Table 2.3). As can be seen in Fig. 2.17, by using
a steeper gating function instead, the plateaus become all-or-none events.
In light of the large natural variability in gating function steepness, how
is it that plateau potentials experimentally appear as robustly all-or-none
events? Also, how to incorporate the all-or-none quality in a model without
using unrealistically steep gating functions?

A recent modeling study has included glutamate spillover when model-
ing plateau potentials (Gao et al. 2021). Glutamate spillover is thought to
occur when a cluster of synapses is stimulated more strongly or repeatedly,
and the amounts of exocytosed glutamate surpass the ability of astrocytes to
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Figure 2.17: Plateau potentials in SPNs evoked by a cluster of varying size from
1 to 20 synapses in one dendrite. (Left) Graded plateau potentials in the soma,
spine and dendritic shaft with the experimentally determined value of the steepness
parameter α from Jahr and Stevens (1990). (Right) All-or-none plateau potentials
in the soma, spine and dendritic shaft with a commonly used larger value for α in
computational models (steeper Mg2+ block).
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[Mg2+] (mM) α (/mV) η(/mM)

Nowak et al. (1984) 0.5 0.04 1.33
Jahr and Stevens (1990) 1 0.06 0.28
Chen and Huang (1992) 0.03 0.05 0.49

Sharma and Stevens (1996) 3 0.06 0.28
McMenimen et al. (2006) 2 0.06 0.42

0.2 0.05 3.3
Chiu and Carter (2022) 1 0.07 0.11

0.7 0.07 0.1
0.8 0.07 0.12

Table 2.2: Gating function parameter values from experimental data. Parameter
values are determined from fits to experimental data, except for Jahr and Stevens
(1990) which have reported the parameters themselves. Table reused from Trpevski
et al. (2023). Columns on neuron type and ionic concentration have been omitted
for ease of comparison with Table 2.3 (for full table see Trpevski et al. (2023)). ©
2023 Trpevski, Khodadadi, Carannante and Hellgren Kotaleski. CC BY 4.0 licence
https://creativecommons.org/licenses/by/4.0/.

take it up, thus causing it to spill over from the synaptic cleft into the space
surrounding the spine necks and dendritic shafts. Here it stimulates extrasy-
naptic NMDARs (eNMDARs), which can aid the generation of plateau po-
tentials (Chalifoux and Carter 2011; Oikonomou et al. 2014; Garcia-Munoz
et al. 2015).

We analyzed the plateau potential models with and without glutamate
spillover and found that the all-or-none behavior is very sensitive to the
steepness of the Mg2+ block when no glutamate spillover is included in the
model and, conversely, very robust with respect to the steepness of the Mg2+

block when glutamate spillover is included. Therefore, in light of the natural
variability of the Mg2+ block gating function, glutamate spillover might be
an important mechanism in generating all-or-none plateau potentials.
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[Mg] (mM) α (/mV) η(/mM)

Rhodes (2006) 1 and 2 0.08 0.28
Major et al. (2008) 1.8 0.08 0.11

Farinella et al. (2014) 1 0.08 0.3
Poleg-Polsky (2015) 1 0.08 0.25
Doron et al. (2017) 1 0.08 0.28 and 1.45

Du et al. (2017) 1 0.07 0.33
Dorman et al. (2018) 1.4 0.1 0.06
Kumar et al. (2018) 1 0.08 0.25
Ecker et al. (2020) 1 0.06 0.38
Gao et al. (2021) 1 0.08 0.25

Table 2.3: Examples of studies that have modeled plateau potentials and the
parameters used for the gating function. Ecker et al. (2020) have corrected
η for the omitted junction potential in Jahr and Stevens (1990), and use the
same value for α. Note that Major et al. (2008) have used a different form of
the gating function equation, and we have converted their parameter values to
match the form in Eq. 2.1. Table reused from Trpevski et al. (2023). © 2023
Trpevski, Khodadadi, Carannante and Hellgren Kotaleski. CC BY 4.0 licence
https://creativecommons.org/licenses/by/4.0/.





3 Methods

3.1 Kinetic model of the AC5 signaling network
To study the regulation of the enzyme AC5, we constructed a kinetic model
describing the interactions of AC5 with the regulatory G proteins. We con-
structed the model by simplifying the much larger model of the synaptic
machinery for LTP in Nair et al. (2015), in order to focus only on the re-
actions for the regulation of AC5. Kinetic models are ordinary differential
equations which quantify how the concentrations of reactants in chemical
reactions vary in time as the reaction progresses. This is called the kinetics
of the chemical reaction, hence the name of the kinetic models. They de-
scribe a homogeneous (well-mixed) solution of reactants and are based on
the law of mass action, which states that the reaction rate is proportional
to the probability of a collision of the reactants. In a homogeneous solu-
tion, the probability of collision is proportional to the concentration of the
reactants. For a single reversible chemical reaction in which two compounds
(substrates) S1 and S2 react to produce m molecules of product P :

S1 + S2
kf−⇀↽−
kr

mP (3.1)

the kinetic model that describes the reaction is:

dS1
dt

= dS2
dt

= −v; dP

dt
= mv

v = kf [S1][S2]− kr[P ]m

where v is the reaction rate, [·] denotes concentration, and kf and kr are
the forward and reverse reaction rate constants. The rate constants describe
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how often a collision results in a transformation of the reactants, and are
dependent on the temperature of the reaction.

Kinetic models are phenomenological and macroscopic descriptions of
many, homogeneously distributed, microscopic particles. The synaptic envi-
ronment, on the other hand, is highly structured, with many molecules as-
sembled into precoupled molecular complexes and with only some molecular
species freely diffusing. Kinetic models can be viewed as focusing only on the
behavior of a system that is a result of the particular pattern of chemical
reactions between the molecules, i.e. the chemical reaction network (bio-
chemical circuitry), without considering any spatial ordering or structure.
Nevertheless, kinetic models can be fitted to match experimentally mea-
sured concentrations of each molecular species by appropriately fitting the
reaction rate constants. As such, they are very valuable in understanding
the qualitative behavior of the signal transduction network centered around
AC5, located in the structured synaptic environment.

The kinetic model of the AC5-centred signal transduction network is
given in Fig. 3.1. To see the effects of the ternary complex on AC5 activity,
we compare the results of the kinetic model with the ternary complex to
the results from a null model where the ternary complex does not form, i.e.
only bimolecular complexes of AC5 with the G proteins occur.

The two versions of the model have 8 and 16 rate constants, respectively.
In Fig. 4.2, we have additionally used versions of the model which included
cAMP production to illustrate the correspondence between kc and the levels
of cAMP and thus justify the use of kc as a proxy for the cAMP levels. The
reactions and parameters for cAMP production and degradation have been
taken from Nair et al. (2015).

Neither Da and ACh nor their receptors are explicitly included in the
model. This eliminates the parameters that would have corresponded to
the reactions of ligand and receptor binding, and G protein and receptor
binding. Instead, when Da ↑ and ACh ↓ occur, they affect the conversion
of inactive to active G proteins as follows. Firstly, we have omitted the
heterotrimeric nature of the G proteins, i.e. we have not included the Gβγ
subunit in the model. The G proteins are modeled as simply switching
between an active and inactive form, requiring only four parameters: the
rates of activation, kfGolf and kfGi , and deactivation of a G protein, krGolf

and krGi . Basal Da levels, which do not activate the D1Rs, are modeled with
kfGolf = 0 s−1, during which inactive Golf is not converted to its active form.
During a Da ↑, kfGolf = 5 s−1, producing active Gαolf. Conversely, basal
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No ternary complex

A

B

With ternary complex

Figure 3.1: The full kinetic models of the AC5 signal transduction network. The
model with no ternary complex is also called the null model.

ACh levels activate M4Rs, causing conversion of inactive Gi to active Gαi,
which is modeled with kfGi = 5 s−1. During an ACh ↓, kfGi = 0 s−1. The
value for the rate of Gαi activation is chosen so that there is a high resting-
level inhibition of AC5 by the tonic level of ACh, a reasonable assumption
based on recent experimental results (Nair et al. 2019). The value for kfGolf
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is, similarly, chosen to achieve concentrations of active Golf high enough to
drive the binding reactions with AC5 and AC5 · Gαi forward. The total
concentrations1 of AC5 and the two G proteins used for this model are nAC5
= 1500 nM, nGolf = 1500 nM and nGi = 6000 nM.

The activated Gαolf and Gαi interact with AC5 and can form each of the
binary complexes and the ternary complex. Their deactivation is done by
the intrinsic GTPase activity of the G proteins themselves, but is increased
by AC5 for the case of Gαs (a homologue to Gαolf) at least fivefold and the
regulator of G protein signaling 9-2 (RGS9-2) for Gαi 20 to 40 times (Xie
et al. 2015; Scholich et al. 1999), because of which we have used values of
krGolf = 0.5 s−1 and krGi = 5 s−1. The slower rate of Gαolf deactivation than
that of Gαi deactivation results in a longer-lived intracellular Gαolf than the
initiating signal, Da ↑, while the drop in Gαi is as brief as the extracellular
initiating signal, the ACh↓. If deactivated, the G proteins unbind from AC5.

For the reverse (unbinding) rates of the G proteins from the binary AC5
complexes, we use values 100 times greater than the corresponding forward
rate constants, which is the order of magnitude fitted in Chen-Goodspeed
et al. (2005). The reverse rates of G protein unbinding from the ternary
complex are increased by an order of magnitude compared to the reverse
rates for unbinding from the respective binary complexes to qualitatively
incorporate possible reduced stability of the ternary complex compared to
the binary complexes on longer time scales indicated by the MD simulations
(Bruce et al. 2019).

3.2 Measures of coincidence detection
We studied the ability of AC5 to perform coincidence detection in dSPNs,
which means to respond with significant amounts of cAMP only when the
two incoming signals Da ↑ and ACh ↓ coincide in time and in the spatial
vicinity of the receptors. Note that there are two aspects of coincidence
detection in the definition:

1. Distinguishing between the inputs Da ↑ + ACh ↓ and a Da ↑ or ACh
↓ alone, and

2. Responding strongly enough with amounts of cAMP that are physio-
logically relevant.

1Within the kinetic model, we also refer to concentrations as amounts.
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To quantify how well the network distinguishes between the different
inputs, we use a quantity called synergy, and to quantify the strength of the
response, we use the average catalytic rate, both defined below.

3.2.1 Average catalytic rate

The average catalytic rate kc is an average of the catalytic rates of each
enzyme species. For the null model in Fig. 3.1, where the ternary complex
does not form, these are AC5, AC5 · Gαolf, and AC5 · Gαi, and kc is:

kc = p1kc,AC5 + p2kc,AC5·Gαolf + p3kc,AC5·Gαi (3.2)

with the weights

p1 = [AC5]
[AC5] + [AC5 ·Gαolf] + [AC5 ·Gαi]

, (3.3)

p2 = [AC5 ·Gαolf]
[AC5] + [AC5 ·Gαolf] + [AC5 ·Gαi]

, (3.4)

p3 = [AC5 ·Gαi]
[AC5] + [AC5 ·Gαolf] + [AC5 ·Gαi]

. (3.5)

being the amounts of each enzyme species as a fraction of the total con-
centration of AC5 in the system. For the kinetic model with the ternary
complex, the enzyme species are AC5, AC5 · Gαolf, AC5 · Gαi, and Gαolf ·
AC5 · Gαi, and the average catalytic rate is:

kc = q1kc,AC5 + q2kc,AC5·Gαolf + q3kc,AC5·Gαi + q4kc,Gαolf·AC5·Gαi with
the proportions of each enzyme species given with the weights

q1 = [AC5]
[AC5] + [AC5 ·Gαolf] + [AC5 ·Gαi] + [Gαolf ·AC5 ·Gαi]

, (3.6)

q2 = [AC5 ·Gαolf]
[AC5] + [AC5 ·Gαolf] + [AC5 ·Gαi] + [Gαolf ·AC5 ·Gαi]

, (3.7)

q3 = [AC5 ·Gαi]
[AC5] + [AC5 ·Gαolf] + [AC5 ·Gαi] + [Gαolf ·AC5 ·Gαi]

, (3.8)

q4 = [Gαolf ·AC5 ·Gαi]
[AC5] + [AC5 ·Gαolf] + [AC5 ·Gαi] + [Gαolf ·AC5 ·Gαi]

. (3.9)

We assume that the catalytic rate of the unbound AC5 is kc,AC5 = 0.1 s−1,
and this rate is scaled by factors of αGαolf and αGαi when the respective
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regulator Gα subunit binds:

kc,AC5·Gαolf = αGαolf kc,AC5 (3.10)
kc,AC5·Gαi = αGαi kc,AC5 (3.11)

The factors of stimulation and inhibition of AC5 are set to be αGαolf = 200
and αGαi = 0.01s−1 (Chen-Goodspeed et al. 2005). For the catalytic rate of
the ternary complex, we use the result of the MD simulations from section
2.12.1 that the ternary complex is inactive, αGαolf,Gαi = αGαi , i.e.:

kc,Gαolf·AC5·Gαolf = αGαi kc,AC5, (3.12)

except in Figs. 4.2D–F, where the catalytic rate of the ternary complex
is varied to investigate its effect on coincidence detection. (A technically
nonzero value for αGi is convenient to vary the ternary complex catalytic
rate logarithmically in Figs. 4.2D–F. However, the value αGi = 0.01 s−1

makes AC5 · Gαi and Gαolf · AC5 · Gαi practically inactive.)

3.2.2 Synergy

The synergy of two signals s1 and s2 is defined as

S(t) = r(s1, s2, t)
r(s1, t) + r(s2, t)− rss

, (3.13)

where r is the response to a given signal and rss is the response at steady
state. This quantity measures how much stronger the response r of the
signaling network is for two coincident signals compared to the summed
responses for single signals. The synergistic effect of the input signals can
be calculated for any molecule in the signaling network that is affected by
the inputs. For example, in the large model of the LTP signaling network
in Nair et al. (2015), it was calculated for PKA (shown in Fig. 2.7). Not
having included PKA or cAMP in the minimal kinetic model, we use the
average catalytic rate kc as a proxy for the amount of cAMP produced,
since the latter directly depends on kc. That is, the synergy of coincident
neuromodulatory signals Da ↑ + ACh ↓ is:

S(t) = kc(Da ↑ + ACh ↓, t)
kc(Da ↑, t) + kc(ACh ↓, t)− kc,ss

. (3.14)
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S (t) > 1 indicates a supralinear response in the presence of the two coinci-
dent signals, S (t) = 1 indicates a linear response to the coincident signals,
and S (t) < 1 is a sublinear response. Hence, the case S (t) > 1 indicates that
the signaling network can perform coincidence detection, whereas S (t) ≤ 1
indicates an inability to do so.

Example traces for kc and the corresponding synergy are given in Fig.
3.2. Using

∆ = kc(Da ↑ + ACh ↓, t)− (kc(Da ↑, t) + kc(ACh ↓, t)− kc,ss) (3.15)

to express the difference between the response of the network for two co-
incident signals and the response for single signals, the expression for the
synergy can also be rewritten as

S(t) = kc(Da ↑ + ACh ↓, t)
kc(Da ↑, t) + kc(ACh ↓, t)− kc,ss

= 1 + ∆
kc(Da ↑, t) + kc(ACh ↓, t)− kc,ss

.

(3.16)
The difference in the responses, ∆, determines how big the synergistic effect
of the input signals is (Fig. 3.2).

Figure 3.2: (A) A cartoon of the average catalytic rate during each of the input
situations Da ↑ + ACh ↓, Da ↑, and ACh ↓. (B) The synergy corresponding to
panel A. In addition, the dashed and dotted lines illustrate how the synergy for a
linear and a sublinear response would look like, respectively. Figure and caption
reproduced from Bruce et al. (2019). © 2019 Bruce et al. CC BY 4.0 licence
https://creativecommons.org/licenses/by/4.0/.
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Figure 3.2 is an example depicting how kc relates to the synergy. There
are minimum and maximum bounds on kc: it would attain the minimum
value kmin

c if all of AC5 were inhibited by Gαi, that is, only the catalytically
inactive complex AC5 · Gαi exists, where kmin

c is the catalytic rate of AC5
· Gαi (Eq. 3.11). Analogously, it would attain the maximum value kmax

c

if all of AC5 were bound in the catalytically active complex AC5 · Gαolf,
where kmax

c is its catalytic rate (Eq. 3.10). In the models we use in this
study, AC5 is never fully occupied by either of the Gα subunits, and hence
kc is always between the minimum and maximum bounds. To maximize ∆,
one would need to have kc grow towards the maximum as much as possible
during Da ↑ + ACh ↓, and to have it as low as possible at steady state, and
when each of the signals Da ↑ and ACh ↓ comes alone.

A combination of the average catalytic rate and the synergy gives a met-
ric which can be helpful to evaluate whether the network both distinguishes
between the different input situations and responds strongly. We use a prod-
uct of kc and S for this purpose, C = Skc. This metric scales the average
catalytic rate by the amount of synergy.

3.3 Membrane voltage and Hodgkin-Huxley
models of ion channels

Electrical signals are the fastest signals that neurons employ for signal pro-
cessing/integration and for interneuronal communication, and are the most
common subject of experimental and computational study when studying
these two neuronal functions. Computational models of the changes in mem-
brane voltage describe a piece of membrane with an equivalent electrical
circuit, which contains the membrane capacitance, the membrane perme-
ability, or leak ionic conductance, and the ionic conductances arising from
any ion channels present in the membrane (Fig. 3.3).

For the single membrane compartment in Fig. 3.3 where there are no
spatial variations in the membrane voltage, the currents flowing in and out
of it satisfy the Kirchoff current law, which is a charge conservation law
stating that all currents flowing in and out of a single node sum to 0:

Ic + Il +
∑
ion

Iion = 0,
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various ion channels and leak current present in the membrane.

Cm
dv

dt
= −gion(v − Eion)− gl(v − El) (3.17)

The leak current conductance is constant or slow-changing. On the other
hand, the conductance of the ion channels is often voltage-dependent, and
can be highly variable as the membrane voltage goes in and out of the
operational voltage range of the ion channel. The voltage dependence of the
ionic conductances is phenomenologically modeled with the Hodgkin-Huxley
formalism, which we present through the examples of the Na+ and K+

channels involved in the generation of the action potential. Hodgkin-Huxley
ionic conductances are expressed in terms of gating variables, which are
voltage-dependent and thus time-variable. The gating variables have values
from 0 to 1, and scale a maximal conductance, describing the proportion of
open channels at a particular voltage value.

gNa = ḡNam3h (3.18)
gK = ḡKn4 (3.19)

dm

dt
= m−m∞

τm
(3.20)

dh

dt
= h− h∞

τh
(3.21)

dn

dt
= n− n∞

τn
(3.22)

The dynamics of the Na+ conductance is described by two gating variables,
m and h. m increases with increasing voltage, and h decreases, and their
product gives a voltage range where the Na+ channel is open. The dynamics
of the K+ conductance is described by a single gating variable, n. As mem-
brane voltage changes, the gating variables usually do not instantaneously
reach their new values, but do so with a delay (τm, τh, τn), which is also
voltage-dependent. When the Hodgkin-Huxley formalism was developed,
the composition of the neuronal membrane was not known, so the gating
variables do not represent any physical quantities. Later interpretations of
the Hodgkin-Huxley formalism have suggested that the gating variables can
be viewed as a macroscopic description of the probability that an ion channel
protein is open for the given value of the membrane voltage, and the time
constants describe the time it takes for the protein to change conformation
for various voltage values.
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Neuron models consisting of a single membrane compartment are used
to approximate the electrical behavior of a whole neuron with a single point,
usually representing the voltage at the soma.

3.4 Multicompartmental neuron models
Not all parts of a neuron have the same membrane voltage, nor do they con-
tain the same ion channels. Multicompartmental neuron models are used to
describe such spatial variations in neurons. They are formed by connecting
single membrane compartments, which describe isopotential regions of the
neuron, with axial resistances that model the cytoplasmic resisitivity (Fig.
3.4). We use multicompartmental neuron models of SPNs in the NEURON
simulator developed by Lindroos and Hellgren Kotaleski (2021). These mul-
ticompartmental neuron models incorporate a detailed description of the
neuronal morphology in order to describe how changes in the membrane
voltage propagate through the spatial structure of the neuron.

rara rara

gl

El

ENa EK El

gKgNa gCagl glcm cm cm

Vi+1 Vi

Vo Vo-1
Vo+1

Vi-1

Extracellular

Intracellular

ECa El

Figure 3.4: An equivalent electrical circuit of a piece of membrane modeled with
three membrane compartments. Each compartment has different ionic conduc-
tances. A single compartment describes an isopotential region of the membrane,
i.e. where the voltage does not vary (noticeably) with distance. Compartment
i + 1 contains only the membrane capacitance and a leak conductance, and it is
also called a passive membrane. Compartment i in addition contains the voltage-
dependent (and thus, time-variable) Na+ and K+ conductances, while compartment
i− 1 contains a voltage-dependent Ca2+ conductance. Neighboring compartments
are connected through the axial membrane resistance.

In mathematical terms, the propagation of voltage in a one-dimensional



58 CHAPTER 3. METHODS

cable is described by the cable equation, which has the same form as the
one-dimensional diffusion equation:

λ2 ∂2v

∂x2 = τ
∂v

∂t
+ v (3.23)

In this equation, both space and time are continuous variables. Multicom-
partmental neuron models approximate the spatial solution to the cable
equation by discretizing space. Having multiple membrane compartments
connected to each other is in fact the spatial discretization of the cable equa-
tion. For example, if we consider three membrane compartments i − 1, i,
i + 1, in the middle of a dendrite, the voltage in the middle compartment is
given by Eq. 3.17 with two additional terms for the axial currents with the
adjacent compartments i− 1 and i + 1:

Cmi
dvi

dt
+ Iion + Il = ga,i−1(vi−1 − vi) + ga,i+1(vi+1 − vi) (3.24)

If the compartments have a length of ∆x, the membrane capacitance is Cm =
cmπd∆x, the axial resisitivity is Ra = 4ra∆x

πd2 , the axial conductances are the
reciprocal of the axial resistivity ga,i−1 = ga,i+1 = πd2

4ra∆x , where cm is the
specific membrane capacitance (capacitance per unit of length) and ra is the
specific axial resistivity (resistivity per unit of length). Inserting these in
Eq. 3.24, and dividing it by πd∆x gives:

cm
dvi

dt
+ iion + il = d

4ra

vi−1 − 2vi + vi+1
∆x2 , (3.25)

where iion and il are current densities (currents per membrane area). For
infinitesimally small compartment sizes, the term on the right hand side of
Eq. 3.25 is the second order partial derivative of the voltage with respect to
space in the cable equation:

cm
∂vi

∂t
+ iion + il = d

4ra

∂2v

∂x2

Multiplying the last equation by the membrane resistance rm (the inverse of
the leak membrane conductance) and recognizing that (iion + il)rm = v, as
well as using τ = cmrm and λ2 = drm

4ra
, we obtain the cable equation again:

τ
∂v

∂t
+ v = λ2 ∂2v

∂x2 , (3.26)
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showing that a multicompartment dendrite model is a spatial approximation
to the cable equation.

For multicompartment neuron models, NEURON solves the coupled dif-
ferential equations of the form Eq. 3.24 for each compartment in the model.
Numerically integrating Eq. 3.24 for each compartment is in fact discretiza-
tion of the cable equation with respect to time. NEURON offers several
numerical solvers for differential equations, of which we have used the cnexp
solver, which is second order accurate and computationally efficient for stiff
systems.

Multicompartmental neuron models are constructed in the following
steps:

1. Digital reconstruction of the neuronal morphology. Several experimen-
tal imaging techniques can provide images of the neuronal morphology,
which is converted into a 3D model by using specialized software. In
NEURON, dendrites are represented by cylindrical sections usually
corresponding to dendritic stretches where the diameter is almost con-
stant. Dendritic regions with different diameters are represented with
different sections, and sections are connected to each other according
to the neuronal morphology. Each section can have multiple electri-
cal compartments. The question of choosing the appropriate com-
partment size, or equivalently, the number of compartments in each
section, is very important in order to minimize spatial discretization
errors with respect to the analytical solution of the cable equation.

2. Distribution of ion channels in the soma and dendrites. All of the
experimentally detected ion channels in the neuron are described as
Hodgkin-Huxley based conductance models and are inserted in the
soma and dendrites.

3. Parameter fitting. The maximal conductances of the ion channels are
fitted with an optimization method such that the electrical behavior
of the neuron matches experimental data.

4. Model validation. The constructed model behavior is validated on
experimental data which was not used for parameter fitting.

We have made additions to the SPN models from Lindroos and Hellgren
Kotaleski 2021. Spines in the neurons are added as additional compartments
consisting of a neck and head with lengths and diameters lneck = 0.5 µm,
lhead = 0.5 µm, and dneck = 0.125 µm, dhead = 0.5 µm, respectively. Axial
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resistance in all compartments is 150 Ω· cm, except for the spine neck, where
it is 1130 Ω· cm (Dorman et al. 2018). Spines contain the inwardly rectifying
K+ channel, with a conductance equal to that of the parent dendritic shaft
segment. The voltage-gated Ca2+ channels Cav1.2, Cav1.3 (type L), Cav2.3
(type R), Cav3.2 and Cav3.3 (type T), which are present in the dendrites,
are added to the spines as well, and their conductances have been manually
tuned to match the relative proportions determined in Carter and Sabatini
(2004), and Higley and Sabatini (2010), as well as the Ca2+ concentration
amplitudes arising from backpropagating action potential (bAP) stimulation
as in Fig. 2 of Shindou et al. (2011).

3.5 Calcium dynamics
The multicompartment SPN models we have used also track the intracellular
concentration of Ca2+ ions, [Ca2+]i, which enter through the voltage-gated
Ca2+ channels and the NMDARs. As introduced in sections 2.7, 2.8, and
2.12.2, LTP and LTD are triggered by Ca2+ from different sources. Because
of this, we also tracked [Ca2+]i from these sources separately in the model.
In the study of the synaptic plasticity rule, we used axial Ca2+ diffusion for
all Ca2+ sources except for Ca2+ from Cav1.2 and Cav1.3 (L-type) channels,
which we assumed is localized in a nanodomain (Simms and Zamponi 2014).
Axial diffusion was implemented using the rxd module for NEURON, with
four Ca2+ buffers and a Ca2+ pump, according to the detailed Ca2+ diffusion
model in Dorman et al. (2018). Since fitting a large Ca2+ diffusion model is
a project in its own right, we have used the buffer parameters from Dorman
et al. (2018) with the rationale that the idealized SPN morphology used in
that study should describe most biological SPN morphologies, as the one we
are using. We modified the Ca2+ pump parameters to obtain qualitatively
similar results for [Ca2+]i as in Dorman et al. (2018). The parameters for
Ca2+ diffusion are given in Table 3.1. Throughout the study of the synaptic
plasticity rule, the diffusing Ca2+ is referred to as [Ca2+]NMDA, since the
contribution of Ca2+ from NMDARs is largest, and since NMDA Ca2+ is
important for triggering LTP. [Ca2+]NMDA is used to trigger LTP in the
synaptic plasticity rule, and since Fino et al. (2010) have reported that
voltage-gated Ca2+ channels are also important for LTP, they are included
in [Ca2+]NMDA. Nevertheless, with a refitting of the diffusion model it is
possible to have only NMDA Ca2+ as the source that triggers LTP.
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Buffers Calbindin CaMN CaMC Immobile

kf (mM/ms) 28 100 6 400
kr (/ms) 19.6 · 10−6 10−3 9 · 10−6 40
Concentration (mM) 0.08 0.015 0.015 2.5
D (µm2/s) 66 66 66 0
Pump PMCA

kt [mM/(µm2 ms)] 5000
KD (mM) 0.3

Table 3.1: The parameters for the axial diffusion model from Dorman et al. (2018).
We have changed only the catalytic activity of the pump.

[Ca2+]L-type, which triggers LTD, is described by a phenomenological
"pool" model, according to which all Ca2+ from Cav1.2 and Cav1.3 currents
integrates in a single variable. The model is implemented according to Wolf
et al. (2005), and Ca2+ dynamics are calculated separately for each com-
partment according to Eq. 3.27. This model calculates [Ca2+]i in a thin
cylindrical shell with depth d under the membrane, and [Ca2+]i decays with
a time constant τCa, modeling Ca2+ diffusion only phenomenologically, i.e
no Ca2+ ions cross single dendritic compartments. The pool model differs
from the simplest pool models in that it also includes the effect of a Ca2+

pump that extrudes intracellular Ca2+ to the extracellular space.

d[Ca2+]i
dt

= [Ca2+]∞ − [Ca2+]i
τCa

+ k

2Fd

∑
x∈{1.2,1.3}

ICavx − pkt
[Ca2+]i

[Ca2+]i + Kd

(3.27)
In Eq. 3.27, F is the Faraday constant, kt is the catalytic activity of

the pump, Kd is the pump dissociation constant for Ca2+, and k and p are
phenomenological parameters used in Wolf et al. (2005) to balance Ca2+

influx and efflux.
In the study of glutamate spillover, there is also no explicit diffusion

of Ca2+ between neighboring compartments implemented in the model. In-
stead, [Ca2+]i is modeled with the pool model in Eq. 3.27, with two separate
pools for [Ca2+]NMDA and [Ca2+]L-type. In this study, [Ca2+]i is not used
for any purpose, but we report it since it is implemented in the model. The
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parameters for the [Ca2+] pool models are given in Table 3.2.

Pool [Ca2+]∞
(nM)

τCa
(ms)

kt

(mM/ms)
KD

(mM)
d

(µM)
k p

[Ca2+]NMDA 50 100 10-4 10-4 0.1 10000 0.02
[Ca2+]L-type 50 100 10-4 10-4 0.1 10000 0.02

Table 3.2: The parameters for the [Ca2+] pool models. Parameter values are the
same for both models.

Lastly, the default extracellular Ca2+ concentration, [Ca2+]o, is different
in NEURON and in the rxd module. We did not change the default values,
which is why in the synaptic plasticity study, where the rxd module is used,
[Ca2+]o = 1 mM, while in the glutamate spillover study, where diffusion
is not implemented, [Ca2+]o = 2 mM. Among other things, [Ca2+]o also
affects the reversal voltage for the NMDA synapses, as will be mentioned in
the next section.

3.6 Synaptic models

3.6.1 Dual exponetial synaptic model (difference of two
exponentials)

To represent background synaptic noise, excitatory and inhibitory synapses
are distributed across the dendrites according to the synapse densities re-
ported in Cheng et al. (1997), and they are not located on spines. The
synaptic models for both excitatory and inhibitory synapses are represented
by a difference of two exponential functions (also called the dual exponential
synaptic model), which, for a spike arriving at time t0 is represented by:

gsyn (t) = wgmax
1
C

τAτB

τB − τA

(
exp

(
− t− t0

τB

)
− exp

(
− t− t0

τA

))
where gmax is the maximal synaptic conductance, and τA and τB are the
rise and decay time constants. C is a normalization factor given with:

C = τAτB

τB − τA

(
exp

(
− t∗

τB

)
− exp

(
− t∗

τA

))
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t∗ = τAτB

τB − τA
ln τB

τA

where t∗ is the position of the maximum of the dual exponential function.
This normalization ensures that the time varying part of the dual exponen-
tial reaches a peak value of 1, which is then scaled by the maximal con-
ductance gmax with units of nanosiemens (nS). The synaptic weight, w, is
a non-negative, dimensionless parameter which scales the maximal synaptic
conductance. It is modified by synaptic plasticity, and changes the result-
ing synaptic conductance. We also use the name synaptic strength for the
product of the weight and the maximal conductance wgmax, which has units
of nS, to differentiate it from the dimensionless synaptic weight.

The synaptic current arising from the conductance gsyn is:

Isyn = gsyn (v − Esyn) (3.28)

where Esyn is the synapse’s reversal voltage. In NEURON the model is in
fact implemented by a scheme integrating two first order differential equa-
tions, which allows for convenient integration of spikes arriving at any time.

Excitatory synapses have both AMPA and NMDA components, and
NMDA synapses have a Mg2+ block described by a sigmoidal function:

INMDA = gNMDA (V − Erev) σ; σ = 1
1 + η exp (−αV )

with parameters η = 0.38 and α = 0.062. The parameters of the synaptic
models are given in Table 3.3.

AMPA NMDA inhibitory

τA (ms) 1.9 2.76 0.1
τB (ms) 4.8 115.5 10

Erev (mV) 0 0 -60
gmax (nS) 1.5 3.5 1.5

Table 3.3: The parameters for the dual exponential synaptic models describing
the synapses for the background noise.

Because our multicompartment neuron model contains less electrical
compartments than the number of synapses reported in Cheng et al. (1997),
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this implies that several synapses will arrive in a single compartment. Since
their synaptic inputs will be integrated in the same voltage variable, we have
represented such multiple synapses with a single synapse instead, whose in-
put frequency is scaled by the number of synapses it represents. This is why
we have used a non-saturating synapse model such as the dual exponential
model for these synapses.

3.6.2 Saturating synapse models

Clustered excitatory synapses located in particular dendritic branches are
represented with saturating synapse models taken from Gao et al. (2021),
which are a variation of the saturating synapse models in Destexhe et al.
(1994). We chose saturating synapse models in this case since the synaptic
clusters receive temporally coincident inputs comprised of three spikes each
in one of the studies, and we wanted to avoid single excitatory synapses
reaching unrealistically high conductance values.

The saturating synapse models are kinetic models which operate accord-
ing to two different kinetic schemes depending on the presence of neurotrans-
mitters. When neurotransmitters arrive at the postsynaptic site, receptor
dynamics are described by a kinetic scheme that models switching between
closed (C) and open (O) states with rates of α and β:

C + T
α−⇀↽−
β

O

where [T ] is the neurotransmitter concentration. After the neurotransmitter
has been cleared from the synaptic cleft, receptor dynamics evolves according
to a kinetic scheme that describes just the closing of the receptor with a rate
β:

C ←−
β

O

When a presynaptic spike arrives, neurotransmitter levels are assumed to
always reach a fixed saturating concentration, [T ]max, in the synaptic cleft,
i.e., are represented by a pulse with amplitude [T ]max and duration of T dur.
This “short pulse” representation of glutamate concentration in the synaptic
cleft follows from findings in cultured hippocampal synapses showing that
glutamate has a very fast time course, rapidly reaching concentrations of
1 mM, with a decay constant of 1.2 ms (Clements et al. 1992). If another
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presynaptic spike arrives while the neurotransmitter pulse is still “on”, the
pulse duration is lengthened by T dur. In this model, the synaptic conduc-
tance is represented by the fraction of glutamate receptors in the open state
at a given time. The synapic current in this model is also given with Eq.
3.28, where gsyn is given with

gsyn = wgmax[O].

The parameters for the saturating synapse models are given in Table 3.4.

AMPA NMDA eNMDA

Erev (mV) 0 0 0
gmax (nS) 1.5 3.5 3.5
Tdur (ms) 1 1 50 + 200w
[T ]max (mM) 1 1 0.2
α [/(ms mM)] 12.5 4 4
β (/ms) 0.25 0.01 0.01
Kd (µM) 20 2.5 2.5

Table 3.4: Parameters for the saturating synapse models used in the clustered
synaptic inputs. [Ca2+]o affects the reversal voltage of NMDA synapses (Arvanov
and Wang 1997). As mentioned in section 3.5, the default [Ca2+]o values are
different in the models with and without diffusion. Because of this, for the NMDA
and eNMDA synapses in the spillover study, we used we used Erev = 15 mV, a
value which corresponds to [Ca2+]o = 2 mM in that study. These discrepancies in
the settings between the models with and without diffusion remain to be corrected
in future work.

3.7 Extrasynaptic glutamate receptors
To model glutamate spillover, we have placed extrasynaptic NMDA recep-
tors (eNMDARs) in the dendritic shaft directly under each clustered synapse
situated on a spine. eNMDARs are modeled by the same kinetic scheme de-
scribed in the previous section for saturating synapse models, with three
differences: (i) T dur is much longer, modeling the spillover effect of gluta-
mate in the extrasynaptic space, (ii) the synaptic spike there arrives with a
delay of 1.5 ms after the glutamate threshold has been reached (according to
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Szapiro and Barbour (2007)), spillover currents arise after 1–2 ms of synap-
tic currents), and (iii) T max is lower for eNMDARs than in the synaptic cleft
(lower extrasynaptic glutamate concentrations have been reported, and also
spillover-induced currents are very sensitive to low-affinity AMPA antago-
nists, suggesting lower extrasynaptic glutamate concentrations (Szapiro and
Barbour 2007; Okubo et al. 2010). The channel properties of NMDARs
and eNMDARs have been reported to be similar (Clark et al. 1997). eN-
MDARs can be both diffusely and punctually distributed along dendritic
shafts, and according to electrophysiological measurements, their conduc-
tance is 20–60% of the total NMDAR conductance (Harris and Pettit 2007;
Petralia 2012; Papouin and Oliet 2014). Because we place eNMDARs uni-
formly in the same dendritic segment of 20–30 µm as the clustered spines,
we effectively model a diffuse eNMDAR distribution (despite the fact that
synapses are represented as punctual inputs in NEURON). We use the same
NMDAR and eNMDAR conductance, giving an equal distribution of total
NMDAR conductance between the spine and extrasynaptic receptors. The
parameters for the eNMDARs are also given in Table 3.4.

3.8 Evoking plateau potentials
Plateau potentials are evoked by clustered synaptic input. In the study
for glutamate spillover, where we compared plateau potential models with
and without glutamate spillover, clusters ranged from 1 to 20 synapses for
the models with spillover and from 1 to 40 synapses for the model without
spillover. A cluster is placed on one of the dendrites, approximately 120–140
µm from the soma. The total NMDAR conductance is critical for generating
nonlinear dendritic responses, so in order to meaningfully compare the cases
with and without spillover, the same total NMDAR conductance needs to
be used in both cases. The spine NMDAR conductance in both cases is the
same. The case without spillover has no eNMDARs, meaning that, to match
the total NMDAR conductance in the spillover scenarios, it was necessary to
add more NMDAR conductance. This can be settled by either using a twice
larger spine NMDAR conductance or a twice larger cluster size; we opted
for the latter, which is why the clusters in the models without spillover
range from 1 to 40 synapses. (However, note that this choice caused the
total AMPAR conductance to be twice larger in the case without spillover
compared to the case with spillover.) The glutamate spillover model that
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we studied is proposed by Gao et al. (2021), and the differences in our usage
of the model are detailed in Trpevski et al. (2023) (Article C in Part II of
this thesis).

Clustered synaptic input consists of one presynaptic spike per synapse,
all arriving randomly within a 30 ms interval. When no glutamate spillover is
modeled, synaptic inputs arrive only to the spines. For glutamate spillover,
the same presynaptic spike is delivered to the extrasynaptic NMDA conduc-
tance placed in the dendritic shaft under that spine. When delivering the
presynaptic spike to the eNMDAR we explored two scenarios, which we call
thresholded spillover and accumulative spillover. In thresholded spillover
we assume glutamate spills over suddenly and simultaneously to all eNM-
DARs once a glutamate threshold is reached, with a delay of 1.5 ms. In
accumulative glutamate spillover there is no threshold for glutamate, and a
presynaptic spike delivered to a synaptic NMDA synapse is also delivered
to the corresponding extrasynaptic NMDA conductance after a delay of 1.5
ms. This means that every synaptic activation causes spillover and activates
the corresponding eNMDARs.

The glutamate threshold in thresholded spillover is implemented in the
following way. Inspired by the fact that LTP causes withdrawal of the as-
trocytic processes enveloping a synapse, thus boosting glutamate spillover
(Henneberger et al. 2020), we chose to base the threshold on the NMDA
synaptic weight, w, which describes how strong the synapse is. The idea is
that stronger synapses can cause spillover more easily than weaker synapses.
Specifically, when a synapse in a cluster is activated, its weight is added to a
variable associated with that cluster which conceptually models the concen-
tration of glutamate. Added weights are normalized in the variable so that a
cluster of at least ten synapses with a weight w > 0.4 needs to be activated
to reach the glutamate threshold at which spillover occurs, and a spike is
delivered to the eNMDARs. With this setting, spillover can also occur, for
example, if a cluster of five synapses with weights w > 0.8 is activated, or a
cluster of twenty synapses with weights w > 0.2 is activated. To implement
the variable where weights are added, we have in fact used a NEURON
integrate-and-fire cell with a very long time constant that generates a spike
to the eNMDARs in the cluster once it reaches a threshold value of 1.

The two glutamate spillover scenarios we consider are idealized scenar-
ios, and biological glutamate spillover is most likely somewhere in between,
varying among brain regions.

In the study of the synaptic plasticity rule, the threshold for glutamate
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spillover is set at a different level: 16 synapses with weight w > 0.5 need to
be activated to evoke a spillover-induced plateau potential.

3.9 Synaptic plasticity
To study whether a single dSPN can solve the feature binding problem, we
formulated a local, calcium- and reward-based learning rule. We avoided
modeling the entire LTP and LTD signaling networks described in sections
2.7 and 2.8, but we have nevertheless based the learning rule on those net-
works, which require that the two branches in each network are activated.
Supported by the experimental results from Shen et al. (2008), Yagishita et
al. (2014), Fisher et al. (2017), and Fino et al. (2010), this means that Ca2+

from NMDA channels and voltage-gated Ca2+ channels, as well as dopamine
activating the D1Rs, are necessary to trigger LTP. Also, Ca2+ from Cav1.3
channels and glutamate activating mGluRs, together with D1Rs free from
dopamine, are necessary for LTD (Shen et al. 2008; Fino et al. 2010; Plotkin
et al. 2013).

Additionally, not all Ca2+ levels can trigger synaptic plasticity. Namely,
a lower threshold level of [Ca2+]L-type for triggering LTD has been reported
(Shindou et al. 2011). Because of this, we have implemented a lower thresh-
old for both [Ca2+]NMDA and [Ca2+]L-type, i.e. for both LTP and LTD the
corresponding Ca2+ levels need to be above this threshold to trigger plastic-
ity. The LTD requirement that glutamate activates mGluRs is implemented
as simply requiring that a presynaptic spike arrives at a synapse, i.e. inactive
synapses which have elevated [Ca2+]L-type are not weakened.

Moreover, in order to solve the NFBP with plateau potentials as sug-
gested in section 2.12.2, a relevant stimulus needs to trigger a plateau poten-
tial, but an irrelevant stimulus should not. Together with the background
synaptic input, the plateau potentials should elicit somatic spiking, while
the excitations from the irrelevant stimuli should not. Relevant and irrele-
vant stimuli represented on the same dendrite share synaptic clusters. For
example, a yellow banana and a red banana on dendrite 1 in Fig. 2.16B both
activate the synapses encoding the shape of the stimulus. Therefore, when
strengthening synaptic clusters to elicit plateaus for the relevant stimulus, it
is important not to strengthen them too much, as half of those synapses will
also be activated by the irrelevant stimulus, also eliciting somatic spiking,
even if no plateau is evoked. This means the learning rule should “know”
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when to stop strengthening a synapse. The simplest way to endow the rule
with such a decision capability, in our view, was to place an upper threshold
for [Ca2+]NMDA above which no LTP occurs. This threshold should be set to
a [Ca2+]NMDA level which indicates that plateau potentials have appeared
(after potentially several iterations of synaptic strengthening). Assuming
that plateaus will cause somatic spiking, there is no further need for synap-
tic strengthening, and synaptic updates should stop. As we will show in
section 4.2, [Ca2+]NMDA with and without plateaus differs by an order of
magnitude, and also has an all-or-none property, i.e. a pronounced supra-
linearity like the plateaus, meaning that [Ca2+]NMDA is a good indicator of
whether plateaus have appeared. Also, because of the all-or-none quality, a
range of values for the upper threshold is possible.

The plasticity rule is given with:

∆w = ηE∆t


wmax − w, Da ↑ and θLTP < [Ca2+]NMDA < ΘLTP

w − wmin, Da ↓ and [Ca2+]L-type > θLTD

0, no Da feedback

The same weight is used in both AMPARs and NMDARs. During LTP the
weight can increase to a maximal weight of wmax, and during LTD it can
decrease to a minimal weight of wmin, with a learning rate of ηE. ∆t is a
time step, such as the integration time step in NEURON’s integrators. LTP
happens after a Da ↑ is delivered and [Ca2+]NMDA is between the lower and
upper threshold levels θLTP and ΘLTP, respectively. LTD happens when a
Da ↓ is delivered and [Ca2+]L-type is higher than the threshold level θLTD.
The upper threshold for LTP, ΘLTP, prevents the weight from saturating at
the maximal level. Similarly, the threshold for LTD, θLTD, if it is not set
too low, prevents the weight from falling to the minimal level. Each weight
update depends on the current weight value, and the update becomes smaller
as the weight approaches the maximal or minimal value. This is called a
multiplicative weight update model, and is a commonly used formulation in
synaptic plasticity rules (Gütig et al. 2003; Rubin et al. 2001; Rossum et
al. 2000). The lower Ca2+ thresholds for plasticity, θLTP and θLTD, are also
another commonly used feature in plasticity rules, although they are usually
applied to the same Ca2+ source (Graupner and Brunel 2012; Jędrzejewska-
Szmek et al. 2017). The additional component that we have introduced in
the rule is the upper threshold for LTP, ΘLTP.
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We have also incorporated a simple metaplasticity rule for the Ca2+

thresholds θLTP and θLTD:

∆θLTP = ηθ([Ca2+]NMDA − θLTP)∆t,

∆θLTD = ηθ([Ca2+]L-type − θLTD)∆t,

which are updated after both LTP and LTD, that is, either when Da ↑ and
[Ca2+]NMDA > θLTP or when Da ↓ and [Ca2+]L-type > θLTD. We do not
take into account the upper threhsold ΘLTP in metaplasticity; it only plays
a role in synaptic plasticity (where the condition for synaptic strengthen-
ing is Da ↑ and θLTP < [Ca2+]NMDA < ΘLTP)2. With this metaplasticity
rule, each of the thresholds follows the latest [Ca2+]NMDA and [Ca2+]L-type
levels with a delay determined by the rate ηθ. As we will show in section
4.2, metaplasticity in the LTP threshold prevents weakened synapses, which
thus do not contribute to obtaining future dopamine rewards, to participate
in LTP easily. Metaplasticity in the LTD threshold protects strengthened
synapses, which are useful for obtaining future dopamine rewards, from eas-
ily undergoing LTD. Metaplasticity is very important for solving the NFBP.
Without it synaptic strength is very variable and does not stabilize easily,
contributing to worsened performance on the NFBP. This formulation of
metaplasticity is similar to the one used in the Bienenstock-Cooper-Munro
(BCM) rule3, where the threshold follows the average neuronal activity (Bi-
enenstock et al. 1982). In our formulation of metaplasticity, the threshold
follows the maximal Ca2+ level achieved during stimulus presentation. This
implicitly assumes that the maximal [Ca2+]NMDA and [Ca2+]L-type ampli-
tudes can be remembered by the synaptic machinery. Other quantities such
as the average or the integral of [Ca2+] can be used instead of the maxi-
mum; however, we did not try these alternatives. The parameters for the
excitatory plasticity rule are given in Table 3.5.

We used two different stimulation protocols for "training" the SPN on
the NFBP (Fig. 3.5). One of the protocols was used during in the so-called

2We have also tried two options where ΘLTP influences metaplasticity, as well: i) the
condition θLTP < [Ca2+]NMDA < ΘLTP is used only when updating θLTP, ii) the condition
θLTP < [Ca2+]NMDA < ΘLTP is used when updating both θLTP and θLTD. The first option
gave similar results in learning, while the second option gave worse results, which will be
commented upon in section 4.2.

3The BCM rule is one of the first synaptic plasticity rules developed to help explain
how neuronal orientation selectivity in the primary visual cortex arises (Bienenstock et al.
1982).
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Da feedback the synaptic weights and the lower plasticity thresholds are
updated. To shorten the simulation running time, after the delivery of the
Da feedback, the concentrations of intra- and extracellular Ca2+ and the
buffer species are reset to their initial values, instead of waiting for them
to settle back to baseline values. 600 ms after the beginning of a stimulus,
the next stimulus is presented, in random order out of the four possible
stimuli. The magnitudes of the Da feedback are always the same, and the
Da response never moves from the time of interaction with the stimulus,
to the time of stimulus presentation, as occurs after learning in vivo. This
stimulation protocol can be thought of learning during which an organism
is still unfamiliar with the reward value of the stimulus or the reward it
predicts.

The synaptic plasticity rule used in this thesis is different from the one in
Article B, with the goal of exploring whether and how different formulations
and model assumptions can solve the NFBP.



4 Present Investigation

In this section we present and discuss the key results of the thesis for all
three research questions. The detailed results and discussion are contained
in the accompanying articles A – C.

4.1 Kinetic model of the AC5 signaling network
The research results indicated that the model with the ternary complex,
shown in Fig. 3.1B, is much better at coincidence detection than the null
model, shown in Fig. 3.1A, suggesting that indeed two neuromodulatory
signals need to co-occur so that AC5 can be activated.

4.1.1 Mathematical analysis of the null model’s regulatory
motif

We start with a steady state analysis of the regulatory motif of the null
model (Fig. 3.1A), which shows that the motif inherently lacks the ability
for coincidence detection. We show this by showing that the synergy for
this motif is S(t) ≤ 1. To isolate the effect of the motif only on coincidence
detection we consider a simplified situation where:

1. During a Da ↑ and an ACh ↓, respectively, the rise in [Gαolf] and drop
in [Gαi] are assumed to be square-shaped, i.e. that the G proteins
interact with AC5 sufficiently fast for [Gαolf] and [Gαi] to reach steady
states for the duration of their corresponding neuromodulatory signals.
This means that the forward and backward rate constants kf1, kf2,
kr1 and kr2, are large enough so that the binary complexes are quickly

73
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formed and dissolved, making the precise values of the rate constants
irrelevant.

2. During the Da ↑, enough Gαolf is produced to occupy all AC5, i.e.
[Gαolf]≫ [Gαi] and [Gαolf] saturates AC5. This means that the acti-
vation of AC5 is not limited by the amount of [Gαolf].

3. During the ACh ↓, [Gαi] drops close to 0 and all of AC5 is disinhibited
from Gαi.

4. The stimulation and inhibition of AC5 is “perfect”, i.e. the catalytic
rate of AC5 · Gαolf is very large, αGolf → ∞, and AC5 · Gαi is cat-
alytically inactive, αGi = 0.

With these simplifications only the regulatory motif of the G proteins with
AC5 determines the value of S, allowing us to examine its effect on coinci-
dence detection. Evaluating all of the terms in the expression for the synergy
in Eq. 3.14, we have the following.

During Da ↑ + ACh ↓ there is no Gαi in the system because of the
ACh ↓ and the assumed Gαi ≈ 0 (assumption 3), so all of AC5 is occupied
by Gαolf (assumption 2), so:

kc(Da ↑ +ACh ↓, t) = kc,AC5·Golf = αGolfkc,AC5. (4.1)

During a Da ↑ alone, there is again enough Gαolf to outcompete Gαi when
occupying AC5, and it also saturates AC5 (assumption 2), yielding the same
result for the average catalytic rate as for Da ↑ + ACh ↓,

kc(Da ↑, t) = kc,AC5·Golf = αGolfkc,AC5. (4.2)

For ACh ↓ alone, there is no Gαi in the system (assumption 3) and AC5 is
partly occupied by any resting-state levels of Gαolf:

kc(ACh↓,t) = p4kc,AC5 + p5kc,AC5·Gαolf , (4.3)

where p4 and p5 are the fractions of AC5 and AC5 · Gαolf during an ACh ↓:

p4 = [AC5]ACh↓
[AC5]ACh↓ + [AC5 ·Gαolf]ACh↓

p5 = [AC5 ·Gαolf]ACh↓
[AC5]ACh↓ + [AC5 ·Gαolf]ACh↓

(4.4)
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and p5 = 1 − p4 . Lastly, during the basal state where no neuromodulatory
signals are present, kc is given with Eq. 3.2, which because of the inactive
AC5 cot Gαi (assumption 4), becomes:

kc,ss = p1kc,AC5 + p2αGolfkc,AC5 (4.5)
Substituting these expressions in Eq. 3.14 for the synergy, and taking the
limit of αGolf →∞, yields:

S −−−−−−→
αGolf →∞

1
1 + p5 − p2

< 1. (4.6)

The synergy is always less than 1 since p5 > p2 , i.e. the fraction of AC5 ·
Gαolf without any Gαi in the system is always greater than the fraction of
AC5 · Gαolf in the basal state when Gαi is present in the system.

An example of this situation is simulated in Fig. 4.1, where the available
Golf has been made very high to mimic assumption 2 we made above. Also,
the neuromodulatory signals are made very long so that steady state levels
of each species can be reached. The upper panels of Fig. 4.1 show each
of the enzyme species, AC5, AC5 · Gαolf, and AC5 · Gαi (as a fraction of
the total amount of AC5) during the three situations of neuromodulatory
signals, Da ↑ + ACh ↓, a Da ↑ alone, and an ACh ↓ alone. The lower panels
show the average catalytic rate kc and the amount of cAMP (normalized to
the basal cAMP value) for the three situations of neuromodulatory signals,
and the resulting synergy. It can be seen that for a Da ↑ alone, the high
amount of Gαolf indeed binds to almost all of AC5, producing a similar kc

to the case of Da ↑ + ACh ↓, thus producing values of S < 1.
In reality, the assumptions 3 and 4 are valid, since AC5 · Gαi is indeed

catalytically inactive, and AC5 · Gαolf is much stronger at catalysis than
AC5 (as introduced in sections 2.12.1 and 3.1). Conversely, the assumptions
1 and 2 are not, since the neuromodulatory signals are short-lived, the rate
constants estimated with the BD simulations are not very large, and the
amount of Gαolf is not orders of magnitude greater than that of Gαi. This
makes coincidence detection possible with the null model, as well.

4.1.2 Comparison of the kinetic models with and without
ternary complex

The comparison between the null model and the regulatory motif with the
ternary complex is shown in Fig. 4.2. The neuromodulatory inputs modeled
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In the null model, coincidence detection occurs because the forward and
backward rate constants are slow enough such that steady states are not
reached in the system while the neuromodulatory inputs last. Furthermore,
the model with the ternary complex has a much wider window for coinci-
dence detection, whereas in the null model the two transient neuromodula-
tory signals must arrive practically simultaneously for significant coincidence
detection to occur (Fig. 4.2G). In addition, coincidence detection with the
ternary complex is robust in several orders of magnitude of ternary com-
plex catalytic rate (Fig. 4.2D–F). Coincidence detection disappears only
for catalytic rates similar to the catalytic rate of the AC5 · Gαolf binary
complex.

The reason why coincidence detection is better in the motif with the
ternary complex can be seen if we inpect the dynamics of each enzyme
species during the neuromodulatory signals for both regulatory motifs (Fig.
4.3). Both motifs have similar maximal values for kc(Da ↑ +ACh ↓) and for
kc(ACh ↓). The enzyme species dynamics are only substantially different for
a Da ↑. In the null model, the activated Gαolf competes with Gαi in binding
to AC5 and creates a large amount of the catalytically active species AC5 ·
Gαolf, producing a large value for kc(Da ↑). In the kinetic model with the
ternary complex, the activated Gαolf can bind to AC5 · Gαi and create the
catalytically inactive ternary complex, producing a low value for kc(Da ↑).
It is as if the formation of the ternary complex absorbs any activated Gαolf

Figure 4.2 (preceding page): The effect of the different regulatiory motifs on
coincidence detection. (A) The inputs to the model translate to an elevation in
Gαolf and a pause in Gαi. The plots are results of the model with the ternary
complex. The shaded parts of the image are not included in the kinetic model.
(B) The null model, also called allosteric exclusion scheme, and the kc, synergy,
and cAMP levels obtained due to this regulatory motif. (C) The regulatory motif
with the ternary complex, also called the simultaneous binding scheme, and the
kc, synergy, and cAMP levels obtained due to this regulatory motif. (D, E, F)
The effect of the ternary complex’ catalytic activity on coincidence detection: the
maximum of the synergy (D), the maximum of kc (E), the maximum of the metric
C (F). (G) The detection window for the allosteric occlusion scheme (red) and the
simultaneous binding scheme (green). tDa ↑ and tACh ↓ are the times when the
Da ↑ and ACh ↓ occur, respectively. Note the shared time axes in (A), (B) and
(C). Figure and caption reused from Bruce et al. (2019). © 2019 Bruce et al. CC
BY 4.0 licence https://creativecommons.org/licenses/by/4.0/.
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and intracellularly there is little sign of a Da ↑ having occured unless a
coincident ACh ↓ arrives which will release the inhibition from Gαi and
allow the intracellular production of cAMP.

Finally, a critical aspect for coincidence detection to work is to have
fast deactivation of the active Gαi. Only then can intracellular levels of
Gαi decrease significantly to disinhibit AC5 during the short duration of
the ACh ↓ signal. The experimental evidence for this high GTPase rate is
listed in the description of the kinetic model in section 3.1. We varied the
GTPase rate to see its effect on coincidence detection (Fig. 4.4). There is
an optimum value of this rate – it needs to be both high enough to cause a
drop in [Gαi] during the ACh ↓ and low enough so that there is significant
inhibition of AC5 in the basal state. This result has also been demonstrated
with the more extensive analysis on the robustness of coincidence detection
to parameter values in the previous, much larger, kinetic model of the AC5
signal transduction network (Nair et al. 2015).

4.1.3 Discussion

Within this project we used multiscale simulations which showed that an in-
active ternary complex between AC5 and its G protein regulators, a molecular–
level feature, gives rise to significantly increased coincidence detection, a
systems-level function of the signal transduction network that AC5 is em-
bedded in. It suggested that two neuromodulatory signals are necessary
to activate AC5 and enable LTP of the corticostriatal synapses. In dSPNs
the required signals are a dopamine peak and an acetylcholine pause, and
in iSPNs they are an adenosine peak and a dopamine pause. The ternary
complex has still not been detected experimentally, neither in reconstituted
preparations, nor in the intact system.

However, experimental results are consistent with an inactive ternary
complex, of which the most significant are the following. Activating both
D2Rs and A2aRs with pharmacological agonists in iSPNs from rat striatal
primary cultures results in almost baseline cAMP levels (Navarro et al.
2018). Similarly, in striatal brain slices from mice the cAMP response of
AC5 is completely prevented in both dSPNs and iSPNs when the activa-
tion of the respective Golf-coupled receptors, D1Rs and A2aRs, is followed
by the activation of the respective Gi-coupled receptors, M4Rs and D2Rs
(Nair et al. 2019, Fig. 3A; Yapo et al. 2017, Fig. 2B). Moreover, after
completion of this project, in vivo experiments have shown that coincident
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Figure 4.4: Dependence of coincidence detection on the GTPase rate for Gαi.
Figure reused from the supporting information in Bruce et al. (2019). © 2019
Bruce et al. CC BY 4.0 licence https://creativecommons.org/licenses/by/4.0/.

dopamine peaks and acetylcholine pauses are required for LTP in corticostri-
atal synapses onto dSPNs, consistent with the role of AC5 as a coincidence
detector (Reynolds et al. 2022).

The primary regulators of AC5 are the two G proteins, but AC5 is also
regulated by numerous other molecules, such as PKA, Ca2+, nitric oxide,
and the Gβγ subunit, and, as recently reported, via the transmembrane
domains (Linder 2006; Landau et al. 2024). This positions AC5 as a major
integration hub in synapses, and a future avenue for research is to investigate
how these other regulators modify cAMP signaling and synaptic plasticity.

4.2 Plasticity rule for solving the NFBP
We use two setups to study whether the synaptic plasticity rule can solve
the NFBP. In the first setup, the dSPNs initially do not spike upon stim-
ulus presentation, and after learning they can elicit plateau potentials by
themselves, without additional synaptic inputs apart from the background
noise. This setup is called subthreshold learning, to indicate that the neuron
does not spike initially (the somatic firing threshold is not reached). The
dopamine feedback is delivered for each stimulus irrespective of whether
the dSPN spiked or not. This models a situation where other dSPNs spike
at the beginning of the learning process, and are involved in action initi-
ation, which induces behavior and interaction with the stimulus, which in
turn induces the dopamine feedback signal. Learning can be thought of as
recruiting more dSPNs for reliable action initiation.
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Since plateau potentials normally do not elicit somatic spiking in SPNs
by themselves, we also used a setup where a plateau potential together with
the background noise is not enough for somatic spiking – additional synaptic
input distributed across the dendrites and coinciding with the plateaus is
necessary. In this setup, the dSPN initially spikes for all stimuli, modeling
a neuron that participates in action initiation, triggering interaction with
the stimulus before learning occurs. Also, in this setup dopamine feedback
is given only if the neuron spikes. Spiking for the relevant stimuli produces
a Da ↑ and spiking for the irrelevant stimuli produces a Da ↓. We call this
setup suprathreshold learning, to indicate that the neuron spikes initially.
The background noise in this setup is set lower than the background noise
in subthreshold learning.

Before showing the results of the learning rule, we first show the char-
acteristics of plateau potentials in SPNs. As mentioned in section 3.9, the
learning rule used in this thesis is different from the one in Article B, with
the goal of exploring alternative model assumptions that could solve the
NFBP.

4.2.1 Characterization of plateau potentials in the SPN
model

To characterize plateau potentials in SPNs, we stimulated a single synaptic
cluster in one dendrite, with varying size of 1 to 25 synapses (Fig. 4.5).
The cluster’s location was varied at three different distance ranges from the
soma. Figure 4.5 shows the somatic voltage, spine voltage, spine [Ca2+]NMDA
and [Ca2+]L-type for the different cluster sizes. Smaller clusters generate
NMDA-dependent nonlinearities (NMDA spikes) which develop into plateau
potentials when glutamate spillover occurs. At the threshold for glutamate
spillover, a "jump" occurs in all four quantities shown in Fig. 4.5. The jump
occurs because glutamate spillover produces a sudden and robust increase
in NMDA conductance, caused by the activation of eNMDARs, where the
clearance of glutamate is assumed to be slower. In this way an all-or-none
plateau potential is evoked.

The supralinearity of the plateau potentials is also shown in Fig. 4.6,
where the maximal amplitude of the somatic amplitude, [Ca2+]NMDA, and
[Ca2+]L-type are shown for three different values of synaptic weight. The
voltage nonlinearity (voltage jump) observed at the soma reduces as the
cluster is placed more distally, a result of the attenuation of the electrical
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signals as they travel to the soma. Moreover, increased synaptic weight
also reduces the size of the voltage nonlinearity in two ways: i) it increases
the NMDA conductance of the smaller synaptic clusters, and ii) spillover
can occur for smaller synaptic clusters, which evoke plateaus with smaller
somatic amplitudes than larger clusters.

cluster size

1 2513

Figure 4.5: Plateau potentials generated by a synaptic cluster in a single dendrite,
at three different distances from the soma. The spine voltage, [Ca2+]NMDA, and
[Ca2+]L-type represent the mean from all the spines in the cluster. 50 % of the total
NMDA conductance is in the spines and 50 % is in the eNMDARs.
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Figure 4.6: The maximal amplitude of the somatic voltage, [Ca2+]NMDA, and
[Ca2+]L-type. Results are averages across 9 dendrites, and 10 trials per dendrite
and per cluster size. Three values of synaptic weight were used, w = 0.25 (orange),
w = 0.5 (red), w = 0.75 (dark red). 50 % of the total NMDA conductance is in the
spines and 50 % is in the eNMDARs.

4.2.2 A single run of the plasticity rule

To illustate how the plasticity rule works, we use the input configuration in
Fig. 2.16A. The four features in the NFBP are distributed in two dendrites
such that each dendrite, containing 3 features, can encode one relevant and
one irrelevant stimulus, and the two relevant stimuli can be encoded in
separate dendrites. Each feature is represented by a synaptic cluster of
10 synapses. We show both a subthreshold and a suprathreshold learning
example in Figs. 4.7 and 4.8.

To solve the NFBP with this input configuration, the plasticity rule
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should strengthen the synapses for two features in each dendrite and weaken
the synapses for the third feature. Specifically, in dendrite 1, the synapses
representing yellow and banana should be strengthened, while the synapses
for red should be weakened. Similarly, in dendrite 2 the synapses for red
and strawberry should be strengthened, while the synapses for yellow should
be weakened. Indeed, this is the learning outcome in both the subthreshold
and suprathreshold cases (Figs. 4.7D and 4.8D).

As explained in section 3.9, the upper plasticity threshold ΘLTP, which
is set at a [Ca2+] value obtainable only with plateau potentials, stops weight
updates in synapses representing the relevant stimuli once they are strong
enough to evoke plateaus (Figs. 4.7D and 4.8D). In this way, excessive
synaptic strengthening is prevented. When an irrelevant stimulus arrives,
only half of its synapses are strengthened, while the other half is weakened,
and as such they do not generate plateaus. The thresholds θLTP and θLTD,
together with the maximal [Ca2+]NMDA and [Ca2+]L-type values during a
stimulus, are also shown in Figs. 4.7D and 4.8D. Synapses are strengthened
only when [Ca2+]NMDA is between θLTP and ΘLTP, and weakened only when
[Ca2+]L-type is above θLTD. The plasticity thresholds θLTP and θLTD are
updated to follow the maximal [Ca2+]NMDA and [Ca2+]L-type, respectively,
only if synaptic strengthening or weakening occurs, and without taking into
account the upper threshold ΘLTP. Before learning, the neuron does not
spike in the subthreshold setup, and always spikes in the suprathreshold
setup, and no plateaus are evoked (Figs. 4.7A and 4.8A, grey lines)1. After
learning, plateaus are evoked only for the relevant stimuli, contributing to
somatic spiking, and no plateaus are evoked for the irrelevant stimuli, for
which the neuron is silent (Figs. 4.7A and 4.8A, black lines).

In the case of suprathreshold learning, there are additional feature-
unspecific synapses, which are distributed across the dendrites and are active
during all stimuli. Because initially they contribute to somatic spiking for
each stimulus, they should be weakened once the neuron learns to generate
plateau potentials through the clustered inputs. They should be weakened
to a level which together with the plateau potentials still elicits somatic spik-
ing for the relevant stimuli. Figure 4.8E shows the synaptic weights for the

1In the suprathreshold setup, prolonged NMDA spikes appear in the dendrites before
learning, compared to the subthreshold setup. These are due to the distributed, feature-
unspecific inputs that cause somatic spiking. Somatic spiking in turn elevates the voltage
in the dendrites, which helps to relieve the Mg2+ block of NMDARs, causing prolonged
NMDA spikes.
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feature-unspecific synapses. Initially, they strengthen, as their [Ca2+]NMDA
levels are higher than their lower plasticity thresholds for LTP, θLTP. How-
ever, because these synapses are not part of clusters, they do not experience
plateau potentials and cannot reach [Ca2+]NMDA levels as high the clustered
synapses. Therefore, after some iterations of strengthening, the lower plas-
ticity threshold θLTP is updated to the most current maximal [Ca2+]NMDA
levels, and prevents them from strengthening further. From that point on-
wards, feature-unspecific synapses are mostly weakened whenever there is
a Da ↓ and [Ca2+]L-type > θLTD. When they are weakened enough so that
there is no somatic spiking for the irrelevant stimuli, further weakening stops
because without somatic spiking, no Da feedback is elicited. Crucially, the
threshold for LTD, θLTD, is fixed for these synapses. If not, it will protect
these synapses from weakening. This will be explained in section 4.2.4 where
we will examine the role of the sliding plasticity thresholds, i.e. the role of
metaplasticity.

4.2.3 Performance on the NFBP

The performance for both subthreshold and suprathreshold learning is shown
in Fig. 4.10. We tested all possible feature combinations on two dendrites
which allow for both relevant stimuli to be encoded, i.e. for the NFBP to be
solved. There are a total of 31 such feature combinations (Fig. 4.9). We have
divided the results in two groups: those describing input configurations with

Figure 4.8 (preceding page): Illustration of the learning rule in suprathreshold
mode. (A) The same input confuguration as in Fig. 4.7A is used, with additional
120 feature-unspecific inputs. (B) Voltage traces from the two dendrites and soma
before and after learning, for each stimulus. (C) The stimulation protocol (ex-
plained in section 3.9). (D) The evolution of synaptic weights (left), θLTP (middle),
and θLTD (right). Dots show the maximal Ca2+ amplitudes for the first synapse
in each cluster and for every fourth stimulus (for better legibility). The upper
plasticity threshold, ΘLTP, is fixed and indicated with grey dashed lines. (E) The
evolution of synaptic weights (left) and θLTP (middle) for the feature-unspecific
inputs. θLTD is fixed for these synapses (right). The line color shows the distance
of the synapse from the soma. Dots show the maximal Ca2+ amplitudes for every
fourth synapse. The plot for θLTP (middle) is clipped to show the dynamics for
most of the synapses, i.e. high values are not shown.
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• Performance of 50% can indicate two situations: i) either the neuron
spikes for all four stimuli, or ii) is silent for all four stimuli.

• Performance of 75% indicates spiking behavior between two cases: i)
the SPN spikes for only one of the relevant stimuli, remaining silent
for the other three, or ii) it is silent for one of the irrelevant stimuli
while spiking for the other three.

• We consider the NFBP solved when the performance is greater than
87.5%, exemplified by the situation where the SPN always spikes for
one relevant stimulus, and at least half of the time for the other rele-
vant stimulus, while remaining silent for the irrelevant stimuli.

In the group with up to three features per dendrite, the NFBP is success-
fully solved with close to 100% performance in subthreshold learning and 95
% in suprathreshold learning (Figs. 4.10A, and 4.10B). In the group with
four features in at least one dendrite, the plasticity rule typically cannot
successfully encode both relevant stimuli in separate dendrites. Only one
of the relevant stimuli is stored by the neuron and the NFBP is not solved
(the mean performance is around 75%). This happens because the dendrite
with four features can store either of the relevant stimuli, and the random
order of stimulus presentation during learning determines which of the two
stimuli will be stored in the dendrite. The NFBP is solved in some trials,
which is indicated by the large standard deviation in this group. Once one of
the relevant stimuli is stored in the dendrite, the synapses for the other rele-
vant stimulus are weakened when they are activated as part of the irrelevant
stimuli.

More distal synaptic clusters produce smaller somatic plateau potential
amplitudes (Fig. 4.6, middle and right panels). Nevertheless, in suprathresh-
old learning, where the additional feature-unspecific inputs can contribute
to somatic spiking, the NFBP can still be solved for more distally located
clusters when up to 3 features per dendrite are present (Figs. 4.10C and
4.10D).

4.2.4 The role of metaplasticity

Metaplasticity is crucial for the NFBP to be successfully solved. We show
the role of metaplasticity on the example of subthreshold learning. Figure
4.11 shows the outcome of learning when the LTD plasticity threshold, θLTD,
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is fixed. Without metaplasticity in LTD, the synaptic weights of the relevant
stimuli do not stabilize. Comparing with Fig. 4.7D, where LTD metaplastic-
ity is active, we can conclude that once the synaptic weights of the relevant
stimuli are strengthened, the rising θLTD protects them from weakening eas-
ily. This is because with a higher θLTD, strengthened synapses will also
require higher [Ca2+]L-type to be weakened. Without LTD metaplasticity,
there is nothing that prevents strengthened synapses to start weakening,
which is the reason why the synaptic weights cannot stabilize (Fig. 4.11C).
Moreover, with a fixed θLTD, synapses that do not belong to the relevant
stimuli are weakened until their [Ca2+]L-type falls below θLTD, which in the
example of Fig. 4.11 makes them drop close to the minimal weight wmin .
When LTD metaplasticity is active, it limits the weakening of these synapses
(Fig. 4.7D, left and right). Since the neuron does not learn to generate
plateaus, the performance remains around 50 % for both groups of input
configurations (Fig. 4.11B).

Metaplasticity of LTD is beneficial for clustered synapses. However, in
the distributed, feature-unpsecific synapses, it is crucial that θLTD is fixed,
in order to allow them to weaken enough so that they do not elicit somatic
spiking for all stimuli. Otherwise, if LTD metaplasticity is active for the
feature-unspecific synapses, it will prevent them from weakening once θLTD
becomes updated to their [Ca2+]L-type levels. Therefore, a necessary com-
ponent of the learning rule is that the LTD threshold θLTD is plastic only
for the clustered synapses, and not for the distributed, feature-unspecific
synapses.

Figure 4.12, on the other hand, shows the outcome of learning when the
lower LTP plasticity threshold, θLTP, is fixed. To make the role of θLTP
more obvious, we have fixed it to a lower value – the initial value used in
Fig. 4.8. Compared to Fig. 4.7D, the synapses belonging to the feature
in the irrelevant stimulus in each dendrite are not weakened (strawberry in
dendrite 1 and yellow in dendrite 2). This occurs because θLTP is kept fixed
at a low value. In this case, the synapses belonging to the irrelevant stimu-
lus can almost always create [Ca2+]NMDA levels higher than θLTP when they
are activated by a relevant stimulus (e.g. the synapses for strawberry on
dendrite 1 when a red strawberry is presented). This means that they can
always get strengthened, despite being weakened when an irrelevant stim-
ulus arrives (e.g yellow strawberry on dendrite 1). Conversely, when LTP
metaplasticity is active, θLTP evolves to match the maximal [Ca2+]NMDA
levels during learning (Fig. 4.7D, middle panels). In this case, weakening
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the synapses for the feature activated by the irrelevant stimulus in each den-
drite will generate less [Ca2+]NMDA, which will eventually fall below θLTP,
preventing these synapses from strengthening in the future. This is the rea-
son why the synapses for strawberry in dendrite 1 and yellow in dendrite
2 are persistently weakened during learning. The synapses for the relevant
stimulus are strengthened, similarly to Fig. 4.7D, until a plateau potential
is generated in each dendrite (shown with black lines in Fig. 4.12A and
[Ca2+]NMDA amplitudes in Fig. 4.12C, middle panels).

Performance on the NFBP is slightly worse without LTP metaplasticity,
and is due to not being able to weaken unnecessary synapses. The neuron
correctly generates plateaus and spikes for the relevant stimuli, but also
sometimes spikes for at least one of the irrelevant stimuli (Fig. 4.12B).

4.2.5 Discussion

We formulated a synaptic plasticity rule based on the corticostriatal synap-
tic signaling networks for LTP and LTD, in order to study the computa-
tional capacity of SPNs. The plasticity rule is based on the local calcium
concentration and does not require that the synapse has access to global
neuronal properties such as the timing of somatic spiking. We have used
the plasticity rule in dSPNs, where dopamine signaling determines whether
an active synapse will be strengthened or weakened. We have assumed that
the dopamine signal results from the outcome of an action taken by the
organism, so it represents a feedback signal for whether the outcome was
rewarding or not. This formulation, together with assuming pre-existing
clustered synapses, allows the SPNs to solve the nonlinear feature binding
problem. With this learning rule, dSPNs learn to initiate actions towards the
“relevant”, or rewarding stimuli in the NFBP, and take no actions towards
the “irrelevant” or non-rewarding ones. An analogous learning rule using
the same dopamine reward feedback for the stimuli would work in iSPNs,
as well. In iSPNs an adenosine peak stimulating the A2aRs is necessary to
activate AC5, while a coincident dopamine pause is necessary to disinhibit
it through the D2Rs. Corticostriatal synapses onto the iSPNs would thus
be strenghened for the irrelevant stimuli, activating iSPNs to suppress ac-
tions, while being weakened for the relevant ones, so that iSPNs would not
suppress actions. This fits well with the role of the basal ganglia output in
initiating actions.

The ability to solve the NFBP can be interpreted as indicating that a
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dSPN responsible for initiating a particular action can be engaged in mul-
tiple different situations requiring the same action, through, for example,
activating a plateau potential on one of the dendrites. Moreover, it means
that a single dSPN can learn to discriminate between similar stimuli out of
which only some should initiate an action.

In our formulation of the learning rule we have phenomenologically im-
plemented the two branches of the corticostriatal signaling networks be-
longing to the cortical and neuromodulatory inputs. In addition, we have
incorporated three assumptions in the learning rule. The first and ma-
jor assumption is the upper threshold for synaptic strengthening, i.e. that
high [Ca2+]NMDA during LTP conditions (dopamine peak and acetylcholine
pause) prevents any synaptic plasticity. Whether this is true in biological
neurons remains an open question. Nevertheless, LTP has been shown to
saturate with more stimulus repetitions in experimental synaptic plasticity
protocols (Yger and Gilson 2015). AC5 is inhibited by Ca2+, indicating that
preventing synaptic strengthening by high [Ca2+]NMDA might occur already
very early in the signaling network. Inhibiting AC5 would not activate PKA
and would thus leave the balance of phosphorylated and unphosphorylated
glutamate receptors unchanged. Additionally, Ca2+ activates PP2B through
calmodulin, and PP2B inactivates PKA (Church et al. 2021). Due to the
complexity of the signaling networks, the influence of high [Ca2+]NMDA on
plasticity outcomes requires further study, and using a model of the whole
signaling network might provide some answers. The second assumption
is that metaplasticity operates in the corticostriatal synapses onto dSPNs,
which is not a strong assumption, since metaplasticity has been documented
for many synapses. The third assumption, critical for suprathreshold learn-
ing, is that distributed synapses do not have metaplasticity for synaptic
weakening, which is active only in the clustered synapses. This difference
in metaplasticity might be implemented by signaling networks that respond
to diffusing molecules that only span the short distances within a synap-
tic cluster, and not the large distances between synapses distributed across
many dendrites.

Additionally, in the plasticity rule, updates to the synaptic strength
are done in small steps. This resulted in somewhat long training times on
the order of 200 training examples to solve the NFBP, although still 2–10
times faster than in other studies (Schiess et al. 2016; Bicknell and Häusser
2021). Future research could use the models of the whole signaling networks
to translate the synaptic inputs into a synaptic plasticity outcome, which
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might result in different dynamics of the synaptic weights. With a model of
the whole signaling network, it would be possible to investigate stimulation
protocols where the magnitude of the Da feedback is varied to model subjec-
tive reward value. It would also be possible to model scenarios where during
learning Da feedback moves to the time of stimulus presentation, becoming
a predictor of reward value.

Perhaps more than anything else, solving the NFBP with the proposed
plasticity rule highlights the importance of deciding when to stop updating
synaptic weights. The two processes/mechanisms that regulate the amount
of weight updates in the rule are the upper plasticity threshold for LTP, and
metaplasticity. Without the upper plasticity threshold, all strengthened
synapses would reach their maximally attainable synaptic strength. With-
out metaplasticity, the synaptic weights would not stabilize. Important fu-
ture research directions are to study various such possible mechanisms and
their effects on learning. Experimentally, several different forms of meta-
plasticity have been reported. In the learning rule we considered metaplas-
ticity mechanisms which are activated by the same conditions that activate
synaptic plasticity. However, stimulation that does not change synaptic
strength can also activate metaplasticity and affect the plasticity thresh-
olds (Abraham 2008). Moreover, we only considered metaplasticity evoked
in the same synapse where synaptic plasticity occurs (homosynaptic meta-
plasticity), yet heterosynaptic metaplasticity mechanisms also exist, where
the evoking stimuli originate from different synapses or different neurons
(Abraham 2008; Abraham et al. 2019). It is likely that different metaplas-
ticity mechanisms exist in different synapse types, dedicated to support the
possibly specific roles of such synapses in various brain regions.

4.3 Glutamate Spillover
The plateau potentials utilized by the plasticity rule are generated with
glutamate spillover. Here we present the results that led us to incorpo-
rate glutamate spillover in the model for plateau potentials. In the results
sections 4.3.1, 4.3.2, and 4.3.3, much of the text is resused and/or para-
phrased from the corresponding sections in Trpevski et al. (2023). © 2023
Trpevski, Khodadadi, Carannante and Hellgren Kotaleski. CC BY 4.0 li-
cence https://creativecommons.org/licenses/by/4.0/.
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4.3.1 Thresholded and accumulative spillover

As introduced in section 2.12.6, most plateau potential models do not cap-
ture the all-or-none plateau quality unless unrealistic gating function param-
eters are used. To demonstrate the role of glutamate spillover, we start by
comparing the plateau potentials evoked by a synaptic cluster of increasing
size without spillover and with the two spillover models, where in the gating
function we used the originally reported parameters for the Mg2+ block but
corrected for the value of the junction potential (i.e., the parameters found
in Jahr and Stevens (1990) but corrected as in Ecker et al. (2020)). The
somatic voltage traces in Figs. 4.13B1, B2 show that plateau potentials gen-
erated without glutamate spillover exhibit a graded increase in amplitude
(as in Fig. 2.17 of section 2.12.6), whereas those generated with thresholded
glutamate spillover exhibit an all-or-none response. We note again that
the model with no spillover has a twice larger cluster size than the models
with glutamate spillover, in order to compare the same total NMDAR con-
ductance in the two cases. This means that every second voltage trace in
Fig. 4.13B1 is comparable to the voltage traces in Figs. 4.13B2 -B4.

We also varied the steepness of the gating function by varying the param-
eter α in Eq. 2.1, and the amplitude of the plateau potentials generated in
this way is shown as heatmaps in Figs. 4.13C1, C2. The all-or-none behavior
can be seen as a sharp jump in the colors of the heatmaps for a small increase
in cluster size (i.e., stimulus strength for evoking a plateau). Without glu-
tamate spillover the all-or-none behavior is present only for steep sigmoidal
curves, whereas with thresholded glutamate spillover, it is always present. In
both cases, steeper gating functions require more excitation to overcome the
Mg2+ block. (As described in section 3.8, thresholded spillover occurs after
10 synapses are activated, hence the sharp jump at 10 synapses for lower
gating function steepness.) Comparing with the gating functions estimated
from available experimental data (Table 2), most of them are more shallow
than the originally reported one by Jahr and Stevens (1990), and result in
graded NMDA potentials in the model without spillover, but still produce
all-or-none plateau potentials in the model with glutamate spillover. Varying
the parameter η, which shifts the gating function along the x-axis, produces
the same qualitative results regarding the all-or-none behavior in the models
with thresholded spillover and without glutamate spillover as when varying
the parameter α (Figs. 4.13D1, D2): no glutamate spillover results in graded
plateaus and thresholded glutamate spillover produces all-or-none plateaus.
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Shifting the gating functions to very depolarized values disables the gen-
eration of plateau potentials, as shown in the heatmaps in Figs. 4.13D1,
D2. In Fig. 4.13E, we compare the maximal difference between the somatic
voltage amplitudes of two consecutive voltage traces, termed the “size of the
jump”, δ (indicated in Fig. 4.13B4). The size of the jump, δ, is a measure
of the dendrite’s supralinear response. For example, a large sudden jump
(≈10 mV) indicates all-or-none behavior, whereas small jumps (of a few mV)

Figure 4.13 (preceding page): Plateau potentials evoked with and without gluta-
mate spillover. (A) Illustration of glutamate spillover vs. no spillover. (B) Somatic
voltage traces of plateau potentials evoked by a cluster of increasing size from 1 to
40 synapses for the model with no spillover (B1) and from 1 to 20 synapses for the
models with: thresholded spillover (B2), accumulative spillover with equal propor-
tions of NMDAR and eNMDAR conductance (B3), and accumulative spillover with
a larger proportion of eNMDAR conductance (64% of total NMDAR conductance);
(B4). (C) Amplitude of somatic depolarization as a function of cluster size and
steepness of the gating function for the models with: no spillover (C1), thresholded
spillover (C2), accumulative spillover with equal proportions of NMDAR and eN-
MDAR conductance (C3). (D) Amplitude of somatic depolarization as a function
of cluster size and position of the gating function along the x-axis (determined by
varying the parameter η according to η = ex, for x ∈ {−3,−2.5, . . . , 2}. (D1–D3)
show results for the same models as in (C1–C3). Values in the heatmaps are aver-
ages over 50 trials of clustered synaptic inputs elicited in the same dendrite as for
the panels in (B), except for (C1, D1), which are averages over 30 trials. The “*”
on the y-axes in (C, D) indicates the gating function parameters as in Jahr and
Stevens (1990), but corrected for the liquid junction potential. (E) The maximal
difference between two consecutive voltage traces, δ, for the four models in (B).
Large jumps indicate all-or-none plateau potentials, and small jumps are consistent
with graded NMDA spikes/plateau potentials. δ for no spillover was calculated
taking every second voltage trace (steps of 7 nS in NMDA conductance), so that
it is comparable to the δ calculated for (B3, B4). In B1, results are averages over
30 trials and 11 different dendrites and in B2–B4 they are averages over 50 trials
and 11 dendrites, with plateaus elicited at approximately the same distance from
the soma. Figure and caption reused from Trpevski et al. (2023). Error bars rep-
resent standard deviation. © 2023 Trpevski, Khodadadi, Carannante and Hellgren
Kotaleski. CC BY 4.0 licence https://creativecommons.org/licenses/by/4.0/.
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would indicate graded potentials. Thresholded glutamate spillover typically
produced voltage jumps of 8–12 mV, while no spillover produced jumps of
≈3 mV(Fig. 4.13B1).

In the cerebellum, physiologically relevant parallel fiber stimulation pro-
tocols cause gradual accumulation of glutamate in the extrasynaptic space
with each stimulation pulse (Okubo et al. 2010). To explore the effects
of such more gradual spillover, we used the accumulative spillover model,
where each activation of spine NMDARs also activates the corresponding
eNMDARs in the dendritic shaft under the spine after a delay, without the
need to first reach a glutamate threshold.

The results of these simulations show that accumulative glutamate spillover
results in plateau potential behavior which is between that without spillover
and with thresholded glutamate spillover (Figs. 4.13B3, C3, D3). Shallow
gating functions cause graded plateau potentials, but all-or-none behavior
arises much sooner for increasing steepness compared to the case without
spillover. With thresholded spillover, clusters of up to 10 synapses acti-
vate only the spine NMDAR conductance, and clusters with more than 10
synapses activate both NMDAR and eNMDAR conductances, thus produc-
ing the large voltage jump before and after spillover (Fig. 4.13B2). With
accumulative spillover, eNMDARs are activated with a short delay after
each NMDAR activation, giving rise to the more graded increase in plateau
potential amplitude, as well as duration (Fig. 4.13B3). Lastly, increasing the
proportion of eNMDAR conductance in the total NMDA conductance pro-
duced plateaus plateaus which are more all-or-none (Fig. 4.13B4, E). This
suggests that there may be particular conditions under which all-or-none
plateau potentials appear and that plateau potential behavior might vary
among brain regions.

4.3.2 Long glutamate duration drives all-or-none plateau
potentials

In Article C, we used dynamical systems analysis to understand how varying
the parameters of the gating function influences the generation of plateau
potentials. The results of the analysis suggested that the all-or-none qual-
ity of plateau potentials is a result of the long duration of glutamate in
the extrasynaptic space. We verified this with simulations where we ma-
nipulated the duration of the transmitter pulse (the parameter Tdur, Fig.
4.14). As explained in section 3.7, Tdur for the synapses onto spines is
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much shorter than Tdur for eNMDARs. Increasing the spine Tdur in the
case without spillover results in all-or-none plateau potential behavior. On
the other hand, decreasing the eNMDAR Tdur in the case with spillover
produces rather graded plateau potentials with much smaller voltage jumps
(Fig. 4.14B1, B2). The all-or-none behavior in Fig. 4.14A1 and graded
behavior in Fig. 4.14B1 are also evident in the sharp and gradual color
transitions in the respective heatmaps in Figs. 4.14A2, B2 as well as in the
comparison of the voltage jump, δ in Fig. 4.14C.

4.3.3 Low extrasynaptic glutamate concentration can
produce all-or-none plateau potentials

The extrasynaptic glutamate concentration (the parameter Tmax for eNM-
DARs) used in the simulations in Figs. 4.13 and 4.14 is 200 µM, an order of
magnitude higher than the measurements reported in Okubo et al. (2010).
NMDARs have high-affinity for glutamate, in the low-micromolar range, so
they should be able to respond to low glutamate concentrations. We have
tested the thresholded spillover model with lower values for extracellular
glutamate concentration (the parameter Tmax) and the results are shown in
Fig. 4.15. Concentrations of 10 and 20 µM, significantly higher than the
NMDAR dissociation constant, Kd = 2.5 µM, produce all-or-none plateau
potentials (Fig. 4.15A, B). For concentrations of 5 µM, the size of the volt-
age jump is reduced, although the plateau potentials retain their all-or-none
quality. Concentrations comparable to the NMDAR Kd do not activate
the eNMDARs fully and produce graded plateau potential amplitude (Fig.
4.15D, E).

4.3.4 Discussion

We studied what causes the all-or-none quality of plateau potentials, and
found that glutamate spillover robustly provides this property. Considering
the large natural variability in NMDAR isoform properties, which computa-
tional modeling suggests will in most cases not produce all-or-none plateaus,
glutamate spillover might indeed account for the experimentally observed
all-or-none quality. There are several relevant questions for further study in
this area. One is the role of astrocytes in glutamate spillover, which have
been proposed to even reverse function from glutamate uptake to gluta-
mate release when they have been saturated with glutamate (Malarkey and
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Parpura 2008). This could provide even more pronounced supralinear be-
havior in the plateau potentials through nonlinear glutamate accumulation
in the extrasynaptic space. Another is how LTP, with the reported with-
drawal of astrocytic processes surrounding the synapse, affects glutamate
spillover and its accumulation in the extrasynaptic space (Henneberger et
al. 2020). More experimental studies are required to uncover how these
processes are regulated, and simulations can help to test the impacts of
various mechanisms for controlling glutamate spillover on plateau potential
generation.

Lastly, to conclusively study the all-or-none plateau potential behavior,
it is necessary to apply types of experimental stimulation which mimic the
in vivo processes as closesly as possible. Most of the results reporting all-or-
none plateau potentials deliver glutamate to the neuron directly through an
electrode, or through laser uncaging, which have the advantage of precisely
controlling the stimulation strength. However, in vivo glutamate spillover
is expected to occur when glutamate escapes the narrow synaptic cleft af-
ter synaptic activation. This suggests that techniques like electrical focal
synaptic stimulation, which would trigger presynaptic neurotransmitter re-

Figure 4.14 (preceding page): The effect of transmitter pulse duration, Tdur,
on the all-or-none behavior of plateau potentials. (A1) No glutamate spillover but
long transmitter pulse duration produces all-or-none plateau potentials. Cluster
size up to 40 synapses. (A2) Somatic amplitude of plateau potential when varying
the steepness for the model in (A1). (B1) Thresholded glutamate spillover and
short transmitter pulse in the extrasynaptic space produces NMDA potentials with
a small all-or-none jump. Cluster size up to 20 synapses. (B2) Somatic amplitude of
plateau potential when varying the steepness for the model in (B1). The "∗" on the
y-axes in (A2, B2) indicates the gating function parameters as in Jahr and Stevens
(1990), but corrected for the liquid junction potential. (C) The size of the voltage
jump, δ for the scenarios in (A, B). Results for thresholded spillover and no spillover
from Figure 4.13E are added for ease of comparison. Results are averages of 30 trials
and 11 different dendrites for (A1) and 50 trials and 11 different dendrites for (B1),
with clusters positioned at approximately the same distance from the soma. Error
bars represent standard deviation. Figure and caption reproduced from Trpevski
et al. (2023). © 2023 Trpevski, Khodadadi, Carannante and Hellgren Kotaleski.
CC BY 4.0 licence https://creativecommons.org/licenses/by/4.0/.
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Figure 4.15: The effect of low extrasynaptic glutamate concentration. (A–D)
Somatic voltage traces for thresholded spillover and 20, 10, 5, and 2 µM extracellular
glutamate concentration, Tmax. (E) Size of voltage jump δ for the four values
of Tmax. Results are averages of 50 trials in 11 different dendrites with clusters
positioned at approximately the same distance from the soma. Error bars represent
standard deviation. Figure and caption reproduced from Trpevski et al. (2023). ©
2023 Trpevski, Khodadadi, Carannante and Hellgren Kotaleski. CC BY 4.0 licence
https://creativecommons.org/licenses/by/4.0/.
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lease, might provide physiologically more realistic information regarding glu-
tamate spillover. All-or-none dendritic spikes have been reported with this
technique (Schiller et al. 2000).



5 Future Outlook

In this thesis we studied the computational properties of single striatal pro-
jection neurons, provided by molecular mechanisms such as the signaling
networks in their synapses, and the neurotransmitter receptors that enable
supralinear, all-or-none input integration through dendritic plateau poten-
tials. Building on the results first obtained by studying the signaling network
of the corticostriatal synapse and the mechanism of generation of plateau
potentials, the results regarding the computational properties of SPNs give
insights into their possible role within the neural circuits for goal-directed
learning.

One theme of this thesis is multiscale modeling, which uses different com-
putational methods to study systems in which processes occur at multiple
temporal and spatial scales, with the purpose of understanding how prop-
erties and interactions at one level affect system function at other levels.
In the case of neural circuits, we showed how molecular-level interactions
give rise to systems-level features such as coincidence detection, which im-
plied that two neuromodulatory signals are required to enable corticostriatal
synaptic strengthening for goal-directed learning. The case of AC5 is an ex-
ample how the two different SPNs, whose synapses have two variations of
the same signaling network, have different roles within the neural circuits
for goal-directed learning as a result of small differences in molecular com-
position. These molecular differences enable them to respond differently to
the same neuromodulatory signal carrying information about positive and
negative action outcomes, and giving them opposite roles in initiating and
suppressing actions.

Together with technological advances such as large-scale multi-electrode
arrays, which enable monitoring the activity of possibly thousands of neu-
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rons, optogenetics and chemogenetics (through designer receptors exclu-
sively activated by designer drugs (DREADDs)) for the control of spe-
cific neuronal populations with light and pharmacological agents, multiscale
modeling offers the possibility to formulate and test hypotheses about the
role and impact of single or multiple molecular components in the function
of whole neural circuits for specific behaviors. Large scale brain research
initiatives such as the Human Brain Project and the BRAIN initiative are
compiling detailed cellular atlases of the brain, have the goal to develop more
tools for probing cellular and circuit function, and have provided computa-
tional infrastructure for combining experimental data and models, which
should substantially accelerate the cycle of hypothesis formulation (in the
form of models), generating predictions, and testing them experimentally.

To understand how synaptic plasticity uses and enhances a neuron’s com-
putational properties, many more of its governing molecular mechanisms will
need to be uncovered and understood. The surrounding glial cells, specif-
ically astrocytes, appear to have a prominent role in both learning and
computation, yet glioscience is only at the beginning of its development.
Metaplasticity, with its role in determining the outcome of synaptic plastic-
ity, is also a crucial component in how plasticity operates, and most of its
underlying molecular implementation awaits discovery.
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Author summary

Adenylyl cyclases (ACs) are enzymes that can translate extracellular signals into the intra-

cellular molecule cAMP, which is thus a 2nd messenger of extracellular events. The brain

expresses nine membrane-bound AC variants, and AC5 is the dominant form in the stria-

tum. The striatum is the input stage of the basal ganglia, a brain structure involved in

reward learning, i.e. the learning of behaviors that lead to rewarding stimuli (such as food,

water, sugar, etc). During reward learning, cAMP production is crucial for strengthening

the synapses from cortical neurons onto the striatal principal neurons, and its formation

is dependent on several neuromodulatory systems such as dopamine and acetylcholine. It

is, however, not understood how AC5 is activated by transient (subsecond) changes in the

neuromodulatory signals. Here we combine several computational tools, from molecular

dynamics and Brownian dynamics simulations to bioinformatics approaches, to inform

and constrain a kinetic model of the AC5-dependent signaling system. We use this model

to show how the specific molecular properties of AC5 can detect particular combinations

of co-occuring transient changes in the neuromodulatory signals which thus result in a

supralinear/synergistic cAMP production. Our results also provide insights into the

computational capabilities of the different AC isoforms.

Introduction

Information processing in the brain occurs within circuits of neurons that are interconnected

via synapses. The modification of these neuronal circuits, in response to an organism’s experi-

ences and interactions with the environment, is crucial for memory and learning, allowing the

organism’s behaviour to adapt to changing conditions in its environment. One way that neu-

ronal circuits are modified is through the process of synaptic plasticity, in which the strengths

of certain synapses are either enhanced or depressed over time in response to neural activity.

Insights into when plasticity happens can provide an understanding of the basic functioning of

the nervous system, and its ability to learn. A very informative way to gain such insights is

through analyzing the molecular circuitry of the synapses - i.e. the networks of biochemical

reactions that underlie synaptic modifications. These differ across synapses, and our focus in

this study is on the corticostriatal synapse, which is the interface between the cortex and the

basal ganglia, a forebrain structure involved in selection of behaviour and reward learning

[1,2].

All cells process information from their external and internal environment through signal

transduction networks - molecular circuits evolved for producing suitable responses to differ-

ent stimuli. In neurons, synaptic signal transduction networks determine whether a synapse

will be potentiated or depressed. In some cases, even single molecules are able to realize

computational abilities within these networks. These molecules are often enzymes, whose

activity is allosterically regulated by the binding of other signaling molecules [3]. One such

case is the family of mammalian adenylyl cyclase enzymes (ACs). These catalyze the conver-

sion of adenosine triphosphate (ATP) to cyclic adenosine monophosphate (cAMP) - one of

the main cellular second messenger signaling molecules.

Mammalian ACs express ten different isoforms [4–6]. Of these, nine are membrane bound,

and one is soluble. Their catalytic reaction may be regulated by a variety of interactors, most

importantly G protein subunits [6]. These are released in response to extracellular agonists

binding to G protein-coupled receptors (GPCRs), the largest superfamily of mammalian
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transmembrane receptors. In this way, ACs may function not only as signal transducers but

also as signal integrators: they perform decision functions that determine the time at which

and how much cAMP is produced. One such decision function, attributed to many ACs, is

detection of co-occuring signaling events (denoted as coincidence detection here), resulting in

significantly increased production of cAMP only when more than one signaling event occurs

almost simultaneously [7–15].

All nine membrane-bound AC isoforms are expressed in the brain, possibly because this

organ is specialized in signal processing. Specific ACs are particularly abundant in specific

brain regions, and AC5 is highly expressed in the striatum, the input nucleus of the basal gan-

glia. It is involved in signal transduction networks that are crucial for synaptic plasticity in the

two types of medium spiny neurons (MSNs) of this brain region, which are the direct pathway

MSNs that express D1-type dopamine receptors (D1 MSNs), and the indirect pathway MSNs

expressing D2-type dopamine receptors (D2 MSNs).

The same regulatory mechanism exists in both MSN types: AC5 is activated by the stimula-

tory Gαolf protein subunit, and inhibited by the inhibitory Gαi protein subunit. Clearly, the

regulation of AC5 is a crucial determinant of the levels of cAMP. This mechanism responds to

different extracellular agonists (acting as neuromodulatory signals) associated with the expres-

sion of different G protein-coupled receptors (GPCRs) (Fig 1A) [16–18]. In D1 MSNs, the

binding of dopamine to the D1 GPCR results in the release of Gαolf, while binding of acetyl-

choline to the M4 GPCR causes the release of Gαi. Conversely, in D2 MSNs, binding of dopa-

mine to the D2 GPCRs results in the release of Gαi, and Gαolf is released upon binding of

adenosine to the A2a GPCR.

Knowing how AC5 processes the neuromodulatory signals would reveal the conditions

under which plasticity and learning in the basal ganglia are triggered. In particular, knowing

Fig 1. A General scheme of the AC5 signal transduction network. It applies to both the D1 and D2 MSNs discussed in the text. Two

agonists (L1 and L2) bind to two GPCRs (R1 and R2), releasing the Gαolf and Gαi subunits, respectively. These stimulate and inhibit the

conversion of cAMP, respectively. B Initial modelled configuration of the Gαolf � AC5 � Gαi ternary complex, used in the classical MD

simulations. The cytosolic part of the AC5 enzyme consisting of the pseudo-symmetric C1 (blue) and C2 (red) cytoplasmic domains in

an ATP-bound (green) conformation are complexed to an active conformation of Gαolf (gray) and to Gαi (cyan). GTP (orange) and

the myristoyl moiety in Gαi (yellow) are shown in stick representation. Controlling the relative positions and conformations of C1 and

C2 may enhance or inhibit enzymatic function. This is one way in which Gαolf and Gαi exert their regulatory effects: each of them has a

separate binding site on the AC5 domain dimer.

https://doi.org/10.1371/journal.pcbi.1007382.g001
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whether AC5 is a coincidence detector will help us understand if and why changes in more

than one of the neuromodulatory signals it receives are necessary to trigger synaptic plasticity.

This is what we have set out to determine in this study. We use the neuromodulation of D1

MSNs as the example here (see [15]).

Recent quantitative estimates of the efficacy of ACh on M4 receptors in D1 MSNs suggest

that the basal ACh level (even a few tens of nanomolars), resulting from the tonic activity of cho-

linergic interneurons, may produce Gαi activation [14]. The active Gαi could be sufficient to toni-

cally inhibit significant amounts of AC5 under baseline conditions. In addition, it has been

proposed that the dopamine-dependent D1 activation of AC5 by Gαolf is quite low at baseline con-

ditions [19]. This partly inhibited state of AC5 could be considered as the “resting state” of striatal

AC5 signaling. Previous modeling studies of this signal transduction network predicted that AC5

responds most strongly to a simultaneous increase in dopamine (Da") and a pause in acetylcho-

line levels (ACh#), i.e. both stimulation by increased Gαolf and disinhibition by decreased Gαi are

necessary for the enzyme to produce significant amounts of cAMP [15]. The response to the two

neuromodulatory signals was nonlinear and synergistic. This suggests that AC5 might function as

a coincidence detector, since the network responds with significant amounts of cAMP only when

the two incoming signals Da" and ACh# coincide in time and in the spatial vicinity of the recep-

tors. In order to perform strong coincidence detection, the network should be able to make a clear

distinction between the situation of a simultaneous dopamine peak and acetylcholine dip (Da"

+ ACh#) and that of a single signal, i.e. Da" or ACh# alone. This distinction is realized by produc-

ing different amounts of cAMP, i.e. by differences in the enzyme’s catalytic rate.

During the course of our previous kinetic modelling study [15], and follow-up experimental

studies on the function of the AC5 signal transduction network [14,19], it became clear that

the presence or absence of a ternary Gαolf � AC5 � Gαi complex during AC5 regulation, and the

level of catalytic activity of such a complex, could significantly affect AC5’s ability to act as a

coincidence detector.

While the existence of the binary AC5 � Gαi and AC5 � Gαolf complexes, and their catalytic

activities, has been confirmed experimentally, a Gαolf � AC5 � Gαi ternary complex has not

been identified so far [20–22]. However, it has been suggested to exist during AC5 regulation,

but it is not known whether it would be catalytically active or inactive (Fig 1B) [21, 23]. So far,

we know from molecular dynamics (MD) simulations of the binary complexes that binding of

one Gα subunit can produce allosteric effects at the binding site for the other [24,25], raising

the speculation that allosteric effects influence ternary complex formation.

Resolving the details of AC5 regulation can help to understand whether AC5 acts as a coin-

cidence detector, and hence, whether transient changes in two neuromodulatory signals are

necessary for plasticity and learning in the basal ganglia. Here, we take a multiscale modeling

approach to address the following question: can the Gαolf � AC5 � Gαi ternary complex form in

the AC5 signal transduction network? If it does, is it able to catalyse ATP conversion, and does

its presence affect the ability of the enzyme to perform coincidence detection? We combine

MD simulations, to study the complexation of AC5 with its Gα partners, with Brownian

dynamics (BD) simulations to estimate the forward (association) rate constants of binding

between AC5 and the Gα subunits. Snapshots from the MD simulations are used as starting

points for BD simulations. We then incorporate the results from these simulations into a

kinetic model of the AC5 signal transduction network and quantify the ability of the enzyme

to detect coincident extracellular signaling events. Molecular simulation approaches that

bridge multiple spatial and temporal scales are well established [26], and here we span the spa-

tial scales by bridging from intra- and inter-molecular dynamics up to the function of a bio-

chemical reaction network [27,28,29]. Multiscale simulation is particularly informative for this

system since experimental efforts in studying the ternary complex have not yielded results.
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Our MD simulations show that a ternary complex could be present during AC5 regulation,

being stable on the μs timescale, but it appears to be catalytically inactive. The kinetic model,

constructed using results from the MD and BD simulations performed here, reveals that: (i)

the suggested interaction scheme between the regulatory Gα subunits and AC5 strengthens

coincidence detection when compared to alternative schemes; (ii) the predicted values of the

forward rate constants are favourable for coincidence detection. This suggests that AC5 is

indeed a powerful coincidence detector and, as a result of the inactive ternary complex, a rise

in dopamine alone does not have an effect on synaptic plasticity; it needs to be accompanied

by a pause in the level of acetylcholine. These insights are also discussed with regard to other

AC isoforms.

Results

Molecular dynamics simulations indicate that the apo Gαolf � AC5 � Gαi

ternary complex is stable on microsecond timescales

The existence of a ternary complex, Gαolf � AC5 � Gαi, during AC5 regulation has been unclear.

So far it has not been possible to detect the complex in experiments, possibly due to its unstable

nature [21]. However, as Gαolf and Gαi interact with AC5 on different sites on its catalytic

domains, the ternary complex could be formed via two reactions:

AC5 � Gai þ Gaolf $ Gaolf � AC5 � Gai; and

AC5 � Gaolf þ Gai $ Gaolf � AC5 � Gai:

Previous MD simulation results suggested that upon binding of Gαi to AC5, the Gαolf bind-

ing groove adopts a conformation that hinders Gαolf from binding [24], making the first reac-

tion less favourable; however, a stable ternary complex might still be formed via the second

route. All-atom MD simulations were employed to investigate the stability of a putative apo
ternary complex, Gαolf � AC5 � Gαi, in the absence of ATP, on the μs time scale. We mention

here that Gαolf has no post-translational modifications to its protein sequence. In contrast, Gαi

is considered in its myristoylated form since a non-myristoylated Gαi subunit is known to be

unable to form an AC5 � Gαi complex and, therefore, it is not functional [21, 24].

The apo ternary complex appears to be stable over the course of 2.1 μs of all-atom MD sim-

ulation with a root-mean-square deviation (RMSD) of the complex’s backbone fluctuating

between 0.8 and 1 nm (Fig 2B) compared to the first frame of the trajectory. The RMSD of

each individual protein, i.e. AC5, Gαolf or Gαi, in the apo ternary complex remains below 0.4

nm (S1 Fig). Similar RMSD values have been found for the apo forms of the binary complexes

AC5 � Gαolf and AC5 � Gαi (S1 Fig). Additionally, analysis of the secondary structures and cal-

culations of the numbers of H-bonds as functions of time for all systems confirm the overall

stability suggested by the RMSD analysis (S2–S7 Figs). Root-mean-square-fluctuations

(RMSF) per residue have also been calculated (S6 Fig).

Minor differences in RMSF were observed for Gαolf and Gαi, independently of the simu-

lated system. Conversely, in the case of AC5, the C2 β4’-β5’ region (i.e. residues Val1186 to

Trp1200 of the C2 domain) and the C2 β7’-β8’ region (i.e. residues Gln1235 to Asn1256 of the

C2 domain) show a change in orientation dependent on the presence of the Gα subunit.

Whereas β7’-β8’ appears to be more flexible in the binary AC5 � Gαolf complex, the β4’-β5’

region is more flexible in the presence of Gαi. Besides RMSD, a measure of compactness of the

simulated complexes is provided by the global radius of gyration (Rg), which also provides an

indication of the stability of the complex. Rg was calculated as a function of time along the sim-

ulated trajectories for all three complexes (S7 Fig). In the case of the apo AC5 � Gαi complex, a
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clear reduction of Rg can be observed compared to its initial conformation. The apo form of

AC5 � Gαolf also shows a reduction of Rg over time, while Rg increases for the apo ternary com-

plex system with respect to the starting value. In this regard, it is worth pointing out that after

the first 500 ns, Rg does not increase further and, instead, oscillates around a constant value,

slightly higher than that for the first frame. Such behaviour does not suggest instability of the

ternary complex, but is rather an indication of an initial reorientation of the different domains

to optimize their interaction. Such structural rearrangement is not surprising considering that

the initial structure of the ternary complex was generated by homology modelling.

Simulations of the apo and holo state of the ternary complex indicate that it

is unable to catalyse ATP conversion

To assess the ability of the ternary complex to catalyse the conversion of ATP to cAMP, we

investigated the structural dynamics of the ATP binding site during the MD simulation of the

Fig 2. Stability analysis of the apo ternary complex, conformation of the active site of AC5 in the apo state, and conformation of ATP in AC5’s active site in the

holo state. A Initial conformation of the apo ternary complex including Gαolf (gray), Gαi1 (cyan), C1 (blue), C2 (red). In addition to the protein structures, two GTP

molecules as well as the myristoyl moiety of the Gαi1 subunit and three Mg2+ ions are shown. The green dashed line indicates the distance between the Cα atom of

Thr1007 (belonging to helix α4) and the Cα atom of Ser1208 (belonging to helix α4’). B RMSD of the backbone of the protein complexes Gαolf � AC5 � Gαi1, AC5 � Gαolf

and AC5 � Gαi1. C Time evolution of the distance between Thr1007 and Ser1208 for the three simulated complexes in apo form. D Conformation of ATP in the Gαolf �

AC5(ATP) � Gαi1 system at different time intervals in the trajectory as well as the conformation of ATPα-S in the AC � Gαs X-ray structure (PDB code 1CJK). The color

of the time in green and orange corresponds to the coloured lines in image (E). E Distance between the oxygen of a hydroxyl on the sugar ring of ATP, O3�, and a Mg2+

ion, (A) Mg2+, in the active site of the holo ternary complex. The black dashed line shows the distance between the two atoms in the AC � Gαs X-ray structure (PDB ID

1CJK) to which ATPα-S is bound [22].

https://doi.org/10.1371/journal.pcbi.1007382.g002
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apo ternary complex, and the conformations sampled by ATP in a simulation of the holo ter-

nary complex, Gαolf � AC5 � Gαi in which ATP is bound to the active site of AC5. We compare

the conformational changes of the proteins in the apo ternary complex with those in the previ-

ously reported simulation of the apo AC5 � Gαi complex [24] and with those of the apo AC5 �

Gαolf simulation reported here.

The ability of AC5 to convert ATP to cAMP depends on the state of its catalytic domain. A

characteristic quantity in this respect is the relative distance between the two helices α4’ and

α4 positioned either side of the binding groove (Fig 2A). The distance between the Cα atom of

Thr1007 in helix α4 and the Cα atom of Ser1208 in helix α4’ (highlighted by the green dashed

line in Fig 2A) was calculated along the simulated trajectories for the three complexes investi-

gated here and reported as a function of time in Fig 2C.

This distance exhibits a clear decrease in the first 100 ns in the Gαolf� AC5 � Gαi complex,

starting from a value of 1.9 nm and reaching a stable value of about 1.1 nm. Similarly, a

decrease of the α4-α4’ distance was also observed in the AC5 � Gαi complex along 3 μs of simu-

lation. Conversely, when AC5 is bound to Gαolf in a binary complex, the distance between the

two helices is characterized by a higher value with respect to the case of the AC5 � Gαi and

Gαolf� AC5 � Gαi complexes. A larger value of this distance can be associated with a higher

accessibility of the binding groove. On the other hand, a reduced value, as found in the AC5

domain bound to Gαi implies a lower accessibility to the binding groove. The effect of the

reduction in α4-α4’ distance on active site conformation and residue orientation has been

described in [24] for the AC5 � Gαi complex. A shorter distance between the α4 and α4’ helices

decreases the volume in the active site accessible to ATP as α4’ starts occupying the region in

which ATP’s adenine moiety docks. Due to the conformational changes in the active site,

important residues for ATP stabilization undergo a rearrangement in orientation that appear

to significantly differ from the AC5 � Gαolf system, potentially negatively impacting the proba-

bility of ATP association. Hence, this partial closure of the active site of AC5 in AC5 � Gαi and

Gαolf � AC5 � Gαi reduces the space available for ATP binding and could also lower the proba-

bility of stable ATP association, suggesting that the ternary complex is likely to be inactive.

Apart from the ability of the apo ternary complex to bind the substrate, we additionally

investigated the possible catalytic activity of a holo Gαolf � AC5 � Gαi complex. ATP has to

undergo a cyclisation reaction in order to form the products cAMP and pyrophosphate. This

reaction is induced by the attack of a deprotonated hydroxyl moiety in ATP’s sugar ring, O3�,

on the phosphorus atom of the α-phosphate moiety (Fig 2E). Hence, ATP conversion requires

oxygen O3� to be in the proximity of (A)Mg2+ to which the phosphorus atom is coordinated

in order to obtain a conformation that can undergo the cyclisation reaction [30–32].

A crystal structure of the holo AC domain dimer in complex with a stimulatory Gα subunit

[22] shows the active conformation of ATPα-S, an ATP mimic, in the active site of the enzyme

in the presence of a Mg2+ ion and a Mn2+ ion (Fig 2D), which is assumed to be substituted by a

second Mg2+ ion under physiological conditions. The O3�-(A)Mg2+ distance in the X-ray

structure of the holo AC � Gαs complex is 5.25 Å (Fig 2D). In the MD trajectory of the holo ter-

nary complex, the O3�-(A)Mg2+ distance starts at a similar value and mainly remains in this

state for the first 160 ns. Within the first 160 ns, the O3�-(A)Mg2+ distance even decreases to

distances as short as 3.7 Å, closer to the distance which has been suggested to correspond to

ATP’s reactive state [30–32] (see orange line). However, after 160 ns, the ATP molecule under-

goes a drastic conformational change, resulting in an increase of the O3�-(A)Mg2+ distance to

�6.5 Å. In this state, the ATP molecule is unable to attain a short O3�-(A)Mg2+ distance, such

as observed at 41 ns, which is a feature of the reactive state of ATP. This conformational transi-

tion of ATP appears to be irreversible on the μs time scale, thus suggesting the inhibition of the

catalytic reaction.
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The rate of diffusional association of each Gα protein subunit to AC5 is

unaffected by prior binding of the other subunit

To provide initial values for the forward rate constants - the parameters in the kinetic model of

AC5 activity which were not constrained experimentally - we performed BD simulations

(Table 1). The predicted rate constants suggest both Gα subunits form complexes at similar

rates, and their association is not greatly affected by the presence of ATP in the AC5 active site,

or prior binding of the other subunit. Indeed, the variation in the predicted rate constants for

each reaction across the different MD snapshots used in BD simulations is greater than the

variation of the mean values for each constant (S1 Table).

It should be noted that the predicted rate constants are for the diffusional approach and ini-

tial binding of the Gα subunits to AC5. The previously reported MD simulations show that the

binding of Gαolf to AC5 � Gαi is hindered by a conformational change of its binding groove on

AC5, adding an additional conformational gating contribution to the rate of binding that is

not described by the BD simulation method used [24].

The presence of an inactive ternary complex improves the ability of the

network to detect coincident signals

We incorporated the results from the MD and BD simulations into a kinetic model of the AC5

signal transduction network, the basic feature of which is a regulatory scheme where the ter-

nary complex can form (Fig 3C). We find that this network can perform coincidence detec-

tion. To investigate how the ternary complex contributes to the network’s ability to perform

coincidence detection, we compared the system with a network in which no ternary complex

can form.

It is important to note that there are two aspects of coincidence detection: (a) distinguishing

between the different inputs, and (b) responding strongly enough with an increase in cAMP

concentration that is physiologically relevant. As a proxy for the amount of cAMP produced,

we use the average catalytic rate of AC5, kc, since the amount of cAMP produced is propor-

tional to kc (see Methods, and also illustrated in Fig 3). The average catalytic rate of AC5 is a

weighted average of the catalytic rates of the unbound enzyme and each of the complexes with

the Gα subunits. Additionally, to measure whether the signal transduction network distin-

guishes between the different input situations, the synergy quantity, S, is employed. This

describes how much greater the average catalytic rate is when both signals coincide compared

to the cases when only one of them arrives (see Methods). A synergy value greater than 1 indi-

cates that the network can perform coincidence detection, i.e. the network responds more

strongly when the two signals coincide than if each of them occurs individually and are

summed. A value of 1, or less than 1, marks a response equal to or weaker than the sum of the

individual signals, respectively. In these cases, the average catalytic rate does not produce dis-

tinguishable amounts of cAMP that enable the cell to discriminate between the different input

Table 1. Bimolecular association rate constants (nM-1s-1) for the forward reactions computed from BD simula-

tions (standard deviation over all structures of complexes and replica simulations shown in parentheses). Rate

constants were calculated separately for complexes incorporating both apo and holo AC5. Data for each individual

structure of each complex are shown in S1 Table.

Rate Constant apo AC5 holo AC5

kf1 0.018 (0.007) 0.026 (0.009)

kf2 0.02 (0.01) 0.05 (0.01)

kf3 0.012 (0.008) 0.017 (0.006)

kf4 0.02 (0.01) 0.020 (0.006)

https://doi.org/10.1371/journal.pcbi.1007382.t001
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situations. Since a synergy greater than 1 does not necessarily indicate a strong response from the

network (i.e. strong cAMP production), a combination of the average catalytic rate and the syn-

ergy is applied where needed to quantify coincidence detection (see the metric C in methods).

The regulatory schemes that we compare are given in Fig 3B and 3C. We name the first

scheme an allosteric exclusion scheme – the binding of one Gα subunit excludes the possibility

for binding of the other Gα subunit. The second scheme is termed the simultaneous binding
scheme, where both Gα subunits can bind to AC5 and the ternary complex can be formed.

Simulation results for both schemes are given in Fig 3. The inputs are assumed to be a dopa-

mine peak of 0.5s (Da ") and an acetylcholine dip of 0.5s (ACh #), and the corresponding rise

in Gαolf and drop in Gαi are shown in Fig 3A. Time courses showing the amounts of all AC5

species (the free enzyme and the complexes with the Gα) are given in S9 Fig.

The simultaneous binding scheme can better distinguish between Da " + ACh # and the

individual signals Da " or ACh #, it has higher synergy. Both the schemes have a similar maxi-

mal kc(Da " + ACh #), and, as evident, the increase in synergy in the simultaneous binding

scheme versus the allosteric exclusion scheme comes from a reduced kc(Da "). This relative

difference in the average catalytic rate enables the simultaneous binding scheme to respond

differently to the coincident signal, Da " + ACh #, compared to Da " alone, as is also visible

from the amounts of cAMP produced, and hence to differentiate between the two input situa-

tions. The allosteric exclusion scheme, on the other hand, produces similar values for kc(Da "

+ ACh #) and kc(Da ") and thus responds similarly to Da " + ACh # and to Da " alone, being

unable to distinguish well between them in terms of cAMP production. The reason for this is

the exclusivity of the interaction between each of the Gα proteins and AC5: when only Da "

arrives, Gαolf is able to compete with Gαi and bind to much of the enzyme (approximately half

of it as shown in S9B Fig). This creates the catalytically active complex AC5 � Gαolf, driving an

increase in kc(Da "). In this case, reduced inhibition of AC5 by an additional ACh # does not

contribute much to kc(Da " + ACh #). In the simultaneous binding scheme, however, a Da "

causes the formation of the ternary complex S9F Fig), and due to its inactivity kc(Da ") does

not increase significantly. Only with an additional ACh # is the inhibition by Gαi relieved and

the proportion of the active complex AC5 � Gαolf is increased, enabling a high kc(Da " + ACh

#). Importantly, kc(Da ") is also low for an inactive ternary complex so that little cAMP is pro-

duced with a Da " only and little ”stray” activation of downstream signalling would occur. In

fact, only for a substantially active ternary complex does the simultaneous binding scheme

become comparable to the allosteric exclusion scheme in terms of synergy (Fig 3D, 3E and 3F).

For a wide range of low to moderate ternary complex activity, it performs coincidence detec-

tion better. The maximum of the catalytic rate is not affected much by the activity of the ter-

nary complex (Fig 3E), and the metric C shows that coincidence detection is most significant

for an inactive ternary complex (Fig 3F). An inactive ternary complex enables the lowest cata-

lytic activity of the enzyme at resting state and hence the biggest difference between kc(Da ")

and kc(Da " + ACh #), and this in turn maximizes the synergy.

In the supplementary material we show that the allosteric exclusion scheme in itself lacks

the ability to perform coincidence detection, and this is due to the exclusivity of the regulatory

Fig 3. The effect of the different regulatory schemes on coincidence detection. A The inputs to the model translate to an elevation in Gαolf

and pause in Gαi. The shaded parts of the scheme are not included in the kinetic model. B The allosteric exclusion scheme, and the kc, synergy,

and cAMP levels obtained due to this regulatory scheme. C The simultaneous binding scheme, and the kc, synergy, and cAMP levels obtained

due to this regulatory scheme. D,E,F The effect of the ternary complex’ catalytic activity on coincidence detection: the maximum of the

synergy (D), the maximum of kc (E), the maximum of the metric C (F). G The detection window for the allosteric occlusion scheme (red) and

the simultaneous binding scheme (green). tDa" and tACh# are the times when the Da" and ACh# occur, respectively. Note the shared time axes

in (A), (B) and (C).

https://doi.org/10.1371/journal.pcbi.1007382.g003
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interaction. Coincidence detection with this scheme, as demonstrated in Fig 3B, is in fact a

result of the amounts of Gαolf and Gαi and the kinetics determined by the forward rate

constants.

An inherent property of a coincidence detector is that there exists a time window over

which two signals can be detected as if arriving together. The detector uses some mechanism

by which it “remembers” the occurrence of one of the signals for some time interval, and

responds when the other signal arrives within this interval. For the AC5 signal transduction

network, the existence of the detection window also depends on the regulatory scheme. In fact,

the formation of the ternary complex is very important to allow for a broader window of coin-

cidence detection. In the case of only a Da", a ternary complex that has buffered (or absorbed)

the elevated active Gαolf provides this memory: allowing the ACh# to arrive some time later

and still elicit a response (Fig 3G). This is potentially relevant, since the cholinergic interneu-

rons responsible for the ACh# have been found to produce a second ACh# to certain stimuli

[33]. The length of the detection window is determined by the rate of deactivation of the active

Gαolf (also illustrated in S10D and S10G Fig, and is due to the fact that the GTPase activity for

Gαolf is lower than the one for Gαi). Both schemes technically have the same length of detec-

tion windows, but the allosteric exclusion scheme has a high synergistic effect in a very narrow

region of the window - the signals need to occur practically simultaneously (Fig 3G). The

detection window is asymmetric, i.e. the Da" needs to arrive first to elicit a response from the

network. (Time courses with ACh# preceding and following a Da" illustrating the difference

between the two schemes are given in S10 Fig.)

Lastly, we note that a critical aspect for coincidence detection to work is to have fast deacti-

vation of the active Gαi. Then the dynamics of Gαi inside the cell can follow the short duration

of the ACh# signal. The experimental evidence for this high GTPase rate is listed in the

description of the kinetic model (see Methods). The effect of the GTPase rate on coincidence

detection is shown in S11 Fig. There is an optimum value of this rate - it needs to be both high

enough to cause a drop in [Gαi] during the ACh# and low enough so that there is significant

inhibition of AC5 at steady state. Since the deactivation of Gαi is faster than that for Gαolf,

then, provided there is enough active Gαolf to bind to AC5, the duration of the synergistic

effect is determined by the duration of the pause (S10E and S10G Fig). More extensive analysis

on the robustness of coincidence detection to parameter values has been performed for the

previous, much larger kinetic model of the signal transduction network [34].

To summarize, the results of this section show that the formation of the ternary complex

aids coincidence detection and prolongs the detection window. Additionally, the less catalyti-

cally active the ternary complex is, the better the coincidence detection. As elaborated in the

discussion, an inactive ternary complex can also explain recent experimental results on cAMP

production due to activation of the implicated GPCRs in the native system [14,19].

Hindrance of Gαolf binding to AC5 � Gαi still allows coincidence detection

To see where the predicted values from the BD simulations lie in terms of affecting coinci-

dence detection, we performed parameter scans for the values of the forward rate constants.

All of the forward rate constants affect the synergy, since they affect the fractions qi, i = 1, . . .,

4, of each species at any point in time (see equations for qi in Methods).

To begin with, we address the observation from Van Keulen and Röthlisberger [24] that the

Gαolf binding groove in AC5 � Gαi adopts a conformation that hinders Gαolf binding. This

could further decrease the value of the rate constant kf4, compared to the value predicted in the

BD simulations. We investigated the effect such a decrease has on coincidence detection by

altering kf4 by varying orders of magnitude (Fig 4A, 4B and 4C). We found that hindered
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binding of Gαolf to AC5 � Gαi does not affect coincidence detection significantly (the synergy S

is increased by 12%). Nevertheless, when performing the parameter scans, we considered two

scenarios. In the first one, we used kf1 = kf4 and kf2 = kf3 since the BD simulations showed that

these values are similar, at least in order of magnitude. In the second scenario, we used kf2 =

kf3 and kf4 = kf1/100. We call this scheme, in which the reaction corresponding to the rate kf4 is

slower, the hindered simultaneous binding scheme.
For the simultaneous binding scheme, a very wide range of tested values for kf1 provides

similar kc and synergy values for a given kf2 (Fig 4D and 4E), which can be interpreted as fol-

lows. Similarly to the requirement for a high GTPase activity for Gαi, it is necessary that Gαolf

binds to AC5 quickly enough to be able to follow the signal Da ". Since active Gαolf has a

slower dynamics than the input Da ", i.e. Gαolf exists inside the cell for some time after the out-

side signal has stopped, it is likely that a range of values for the rate constant kf1 can enable

coincidence detection (not only values that match the length of a Da ", which are around kf1 =

2 (nMs)-1 for a Da " of 0.5s). The synergy grows with kf1 since a higher binding rate of Gαolf

provides a higher maximum of kc during the Da " + ACh #, whereas kc(Da ") is not affected

much (S12A and S12B Fig).

Increasing the rate constants kf2 = kf3 for Gαi binding also causes an increase in synergy.

The lower these constants, the less inhibited the enzyme will be due to smaller fractions of

both AC5 � Gαi and Gαolf � AC5 � Gαi. This allows for more stimulation by the available Gαolf

and hence a higher resting-level kc and a higher kc(Da "). The situations Da " + ACh # and

only Da " produce a more similar response, and hence show a lower synergy. Higher values

for kf2 = kf3, on the other hand, allow for both stronger resting-level inhibition of AC5 and

more ternary complex formed, and hence a lower resting-level kc and lower kc(Da "), thus

increasing the synergy. The region of optimal parameters for the simultaneous binding scheme

is quite wide in terms of kf1 = kf4 and kf2 = kf3, and the most optimal scenario is for the largest

values tested, as shown in Fig 4F using the metric C.

Compared to the simultaneous binding scheme, the hindered simultaneous binding scheme

does not affect the maximum of the average catalytic rate significantly (Fig 4H), but it moves

the region of optimal values for the synergy towards low values for the rate constant kf1 and

increases it for these values (Fig 4G). Inspecting the dynamics of the model with this regulatory

scheme reveals the reason: the hindered reaction AC5 � Gαi + Gαolf$ Gαolf � AC5 � Gαi causes

less ternary complex to be formed and consequently less AC5 � Gαolf from the dissociation of

Gαi from the ternary complex (the route via kr3) (S12C and S12D Fig). This, in general, lowers

kc(Da ") compared to the simultaneous binding scheme, creating a larger relative difference

between kc(Da ") and kc(Da " + ACh #) which results in a high synergy. This difference is larg-

est for low values of kf1 and decreases with kf1 due to the higher amounts of AC5 � Gαolf during

the Da " (higher kc(Da ")). Importantly, the maximal kc has the opposite dependence on kf1

from the synergy, so that the region of values for kf1 optimal for coincidence detection opti-

mizes between a high catalytic rate and a high synergy (Fig 4I). The effect of kf2 = kf3 on coinci-

dence detection is the same as described for the simultaneous binding scheme.

In both scenarios, the predictions of the BD simulations are favourable for coincidence

detection. However, higher binding rates of Gαi than the predicted ones are better suited for

coincidence detection. This increase in kf2 and kf3 could arise if Gαi were part of multiprotein

signaling complexes, as has been shown for AC5 and Gαolf [35–37].

Discussion

In this study we find that an inactive ternary complex between AC5 and its G protein regula-

tors, a molecular-level feature, gives rise to significantly increased coincidence detection, a
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systems-level function of the signal transduction network that AC5 is embedded in. In order

to investigate the stability and the activity of the putative Gαolf � AC5 � Gαi ternary complex,

we carried out all-atom MD simulations. Our results showed that on the μs time scale, the

complex seems to be stable independently of the presence or absence of ATP. Additionally,

previous MD studies suggest possible pathways for the formation of the ternary complex,

showing the possibility of the Gαi protein to bind to the holo AC5 � Gαs complex [25], and dis-

favoring the binding of Gαolf to the apo AC5 � Gαi complex [24]. Overall, it should be pointed

out that MD simulations cannot exclude the instability of the ternary complex on longer time

Fig 4. Dependence of coincidence detection on the forward rate constants. A, B, C The maximum of the synergy (A), the maximum of kc (B) and

the maximum of the metric C (C) for a reduced rate constant kf4 relative to the prediction from BD simulations. D, E, F Coincidence detection for the

simultaneous binding scheme as dependent on the forward rate constants: maximum of the synergy (D), maximum of kc (E), maximum of the metric

C (F). G, H, I Coincidence detection for the hindered simultaneous binding scheme as dependent on the forward rate constants: maximum of the

synergy (G), maximum of kc (H), maximum of the metric C (I). Axes are in units of (nMs)−1. Highlighted regions correspond to the forward rate

constants predicted from BD simulations.

https://doi.org/10.1371/journal.pcbi.1007382.g004
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scales, which cannot be assessed due to computational limits. However, MD simulations can

help us to investigate the conformations sampled by the ternary complex at physiological tem-

perature and pressure and, consequently, the activity of the complex. Indeed, the partial clo-

sure of the binding groove found in the apo ternary complex, analogous to that occurring in

the binary apo AC5 � Gαi, suggests a lack of catalytic activity in the ternary complex due to the

reduced accessibility for the ATP substrate. Additionally, even if a ternary complex could exist

with ATP bound to AC5, our results show that the substrate would adopt a conformation not

suitable for the subsequent catalytic reaction leading to the formation of cAMP. It is worth

mentioning that possible conformations sampled by ATP, prior and during its conversion to

cAMP, have been reported by Hahn et al. in a theoretical study [38]. Such conformations,

required for an optimal conversion of ATP to cAMP, clearly show an opposite orientation of

the oxygen O3� with respect to that sampled in our simulation, thus supporting our hypothesis

about the inactivity of the ternary complex.

Experimentally, indirect data exist that are consistent with a significantly inactived ternary

complex. To begin with, the existence of functional oligomeric complexes of AC5 and the A2a

and D2 receptors has been demonstrated, and their proposed spatial arrangement, impor-

tantly, supports ternary complex formation [39]. Additionally, experimental results from stria-

tal cultures in this study show that stimulating the D2 receptor almost entirely counteracts the

effects of the applied agonist on the A2a receptor in terms of cAMP production. These results

are consistent with an inactive ternary complex since, under these conditions, both active

Gαolf and active Gαi would exist in the cell, and activation of Gαi stops the activity of the previ-

ously formed AC5 � Gαolf. Similar experimental studies with the in vitro native system have

also been performed recently [14,19], although the animals used in these studies are very

young (between 7 and 12 days old) and the developmental transition from AC1 to AC5 in the

striatum is not complete. However, at P7 AC5 contributes to at least 50% of the cAMP

response, and this contribution significantly increases further on, as the transition is reported

to be complete by P14 [40]. Comparison with these experimental results is therefore still infor-

mative, and in both studies the results are consistent with an inactive ternary complex. In D1

MSNs, stimulating the D1 receptors with an agonist followed by activation of the M4 receptors

completely abolishes the cAMP response of AC5 [14, Fig 3A]. The analogous experiment in D2

MSNs is also consistent with an existing and inactive ternary complex [19, Fig 2B]. Stimulating

the A2a receptor with an agonist and then uncaging dopamine, which stimulates the D2 recep-

tor, also abolishes the cAMP response. Experiments modeling the opposite regulatory effects

of Gαs and Gαi on AC5 in living HEK293T cells via two other GPCRs are also consistent with

an inactive ternary complex, where activation of the Gαi signaling branch completely reverts

cAMP production due to the activated Gαs branch back to baseline levels [41, Fig 6A and 6B].

Earlier in vitro experiments with membranes of Sf9 cells expressing AC5, however, have not

yielded complete inhibition by Gαi [23,42]. Adding high amounts of both Gαolf and Gαi to the

assays of AC5-containing membranes did not completely inhibit AC5 - the enzyme still pro-

duced significant amounts of cAMP [23,42]. Nevertheless, a catalytically active ternary com-

plex still supports coincidence detection for a wide range of ternary complex activity, as shown

in Fig 3D–3F, as long as its catalytic rate is noticeably smaller than that of the active binary

complex AC5 � Gαolf. Additionally, the data in [23] are interpreted and fitted with an alterna-

tive, more elaborate interaction scheme where the ternary complex can form and is not very

active, and the production of cAMP is due to higher order, catalytically active complexes of

AC5 with more than one Gαolf and Gαi subunit. We therefore suggest that the results of our

study are plausible and supported by several experimental results, among which are experi-

ments with the native system.
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Relevance for corticostriatal synaptic plasticity

Knowing what an intracellular signal transduction network is composed of and the details of

how it operates can help to clarify how it responds to extracellular events. The AC5 signal trans-

duction network in D1 MSNs (as well as in D2 MSNs) interacts with a calcium-activated signal

transduction network to regulate synaptic plasticity. Calcium influx at the synapse is necessary

for synaptic potentiation, but exerts its effect only if accompanied by activation of the AC5 sig-

naling module [43–45]. Thus, the AC5 signal transduction network gates plasticity in the corti-

costriatal synapses onto the MSNs. Now, an existing and inactive ternary complex in AC5

regulation has consequences on how this “gate” would be opened: disinhibition from active Gαi

is necessary, accompanied by stimulation from Gαolf. That is, our findings suggest that the

experimentally observed ACh# in the striatum is likely physiologically relevant for D1 MSNs,

and both a Da" and a ACh# are necessary to enable synaptic potentiation (see also [46]). They

can also help in interpreting the functional role of the neuromodulatory signals in the striatum.

The kinetic model of the AC5 signal transduction network, built according to the findings

of the MD simulations and with the parameters predicted with the BD simulations, reveals

improved coincidence detection when compared to alternative regulatory schemes. This,

together with the implications mentioned above arising from the existence and inactivity of

the ternary complex, suggests that the regulation of AC5 has indeed evolved to perform coinci-

dence detection of the two neuromodulatory signals.

Comparisons to other AC isoforms and AC-dependent cascades

In this study we have investigated the regulation of AC5 through interaction with the Gαolf

and Gαi subunits. All membrane-bound AC isoforms are known to be stimulated by Gαs, a

close homologue of Gαolf, while only ACs 1, 5 and 6 are inhibited by Gαi [6]. With this in

mind, it is interesting to ask whether our findings concerning AC5 regulation, particularly the

presence of an inactive ternary complex in the signalling network, could also be valid for cas-

cades containing ACs 1 and 6. The sequences of rat Gαs and Gαolf are highly similar with an

identity of 76.0% and similarity of 90.0% (S13 Fig). Restricting the comparison to the amino

acid residues within 6 Å of AC5 in the modelled apo AC5 � Gαolf complex, the identity rises to

95.8%, with only a single position differing. For this reason, it is reasonable to assume that our

findings regarding the formation of Gαolf-containing complexes are also applicable to Gαs.

Indeed, our modelling of the AC5 �Gαolf complexes assumes that we can take crystal structures

of AC � Gαs complexes as template structures. It should be noted that Gαs is known to be deac-

tivated more slowly than Gαolf [47], which could reduce the ability of Gαs-activated networks

to detect subsecond coincident signals (see [34]).

Previously, we have performed electrostatic analyses of mouse AC isoforms, to identify

regions of electrostatic similarity within similarly regulated isoforms [48]. In that work, we

showed that the molecular electrostatic potentials surrounding ACs 1, 5 and 6 in aqueous solu-

tion were very similar in the Gαi binding region of AC5, suggesting that the location of bind-

ing, and the bound orientation, of Gαi on ACs 1 and 6, could be similar. This electrostatic

similarity was due to a more negative character, compared to other AC isoforms, which is

complementary to the largely positive potential of the face of Gαi that contains the switch II

region that is thought to interact with AC.

The sequence identities of AC isoforms with respect to AC5, in the C1 domain to which

Gαi binds, show that ACs 1 and 6 are most similar, at 73.5% and 94.7%, respectively (Fig 5B).

Considering only those residues predicted to be involved in the interaction with Gαi, the simi-

larities are 64.7% and 91.2%. From the very high electrostatic and sequence similarity, it seems

reasonable to assume that our findings should hold for AC6.
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Fig 5. A The structure of the C1 (blue and highlight colors) and C2 (red) catalytic domains of AC5. B The highlighted regions show the

AC5 residues that interact with Gαi during complex formation. Overall sequence similarity for the C1 domain for the other mouse AC

isoforms, compared to mouse AC5, and for the highlighted residues that interact with Gαi. C, D Pairwise sequence alignments for AC1

(C) and AC6 (D) with the colors matching those of the structure in subfigure A. The mouse sequences were taken from Uniprot, and

aligned using Clustal Omega within Uniprot. The C1 domain was identified through alignment with PDB 1CJK [22], which contains a

canine AC5 C1 domain, and the residues are numbered from the start of the C1 domain. The first residues of the C1 domains are at

positions 288, 456 and 363 in the canonical sequences of AC1, AC5 and AC6 respectively. The red boxes in (C) indicate charge-altering

substitutions between the AC5 and AC1 sequences in the Gαi binding α3 helix, while the blue box indicates a substitution in a residue

whose mutation was found to affect Gαi-induced inhibition of AC5 [21].

https://doi.org/10.1371/journal.pcbi.1007382.g005
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While AC1 is inhibited by Gαi, the level of inhibition is much lower, with higher levels only

seen for its forskolin or calmodulin-activated states [49], therefore directly applying our find-

ings to AC1 cascades is more difficult. In the AC1 C1 domain sequence, there are three

charge-altering substitutions in the region formed by the C-terminal end of α3-helix and the

loop connecting this helix to the β4-strand (Fig 5C). These substitutions give this region a

more negative character, and therefore it is reasonable to assume that they should not destabi-

lize the binding mode we find for Gαi on AC5 to a large extent. In a previous mutagenesis

study [21], including one of these substitutions (N559D by Uniprot sequence, N480D by

sequence in [21]), which is also present in the non-Gαi inhibited ACs 2, 4, 7 and 8 (S14 Fig), as

a mutation in AC5 was found to produce only a small reduction in its inhibition by Gαi (less

than 2-fold increase in IC50). A more significant effect on the binding of Gαi to AC1 may

occur due to a difference in the C-terminal residue of the α3-helix of the C1 domain. In AC1,

there is an alanine in this position, while in ACs 5 and 6, it is a valine. The wild-type AC5 con-

struct used in [21] differed from the canonical sequence by having a methionine in this posi-

tion (476 by their sequence numbering, 555 in the Uniprot sequence). They showed that

mutating this residue to match the canonical sequence reduced the IC50 of Gαi by a third,

while mutation to alanine gave a greater than 30-fold increase in IC50. Due to this apparent

reduction in the affinity of AC1 for Gαi, further MD simulations may be required to confirm

the stability of a Gαolf � AC1 � Gαi ternary complex. The lower sequence similarity between the

C1 domains of ACs 1 and 5 also suggests that the allosteric effects on both the Gαolf/Gαs bind-

ing groove and the active site could be different in a putative AC1 ternary complex. Again fur-

ther MD simulations would be required to investigate this, as well as to further unravel the

different computational properties of the AC isoforms found in different synapses.

Assumptions and limitations

As for any simulation study aimed at investigating in vivo subcellular processes, there are limi-

tations that should be discussed. First, adenylyl cyclases, together with other components of

the signal transduction networks they participate in, are organized as parts of multiprotein sig-

naling complexes and/or are localized in structured microdomains in the cell which serve to

compartmentalize the effects of the produced cAMP and efficiently activate downstream com-

ponents of the networks and, ultimately, effectors [35–37, 39, 50]. The kinetic model here, on

the other hand, assumes mass-action kinetics for the species included, i.e. it disregards any

organization into multiprotein signaling complexes and instead describes a well-mixed solu-

tion of molecular species. This means that it reproduces the experimental measurements on

cAMP in a partly phenomenological way. For example, AC5 needs to be presented with appro-

priate proportions of Gαolf and Gαi to reproduce the levels of cAMP, which may not necessar-

ily be the same as the amounts of these proteins in real synapses. Second, a recent study has

demonstrated that AC5 and the heterotrimeric Golf protein are pre-assembled into a signaling

complex and suggested that upon activation by the GPCR, the Gαolf subunit rearranges rather

than physically dissociates from the Gβγ subunit [37]. This would imply an increase in the for-

ward rate constant for AC5 and Gαolf binding predicted with the BD simulations. In light of

this study, the effect of the hindered Gαolf binding to AC5 � Gαi is not clear, since its main

advantage of improving coincidence detection occurs precisely for values of kf1 around the BD

estimates. It remains to be seen how much of an increase in the forward rate constant pre-

assembly confers. A similar situation likely occurs for Gαi, as well - the GPCRs and AC5 form

oligomeric complexes that could include the G proteins [39], which would mean that the pre-

dicted value for the forward rate constant for AC5 and Gαi binding, kf2, is also probably an

underestimate. A larger value for kf2 is beneficial for coincidence detection both with the
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simultaneous and the hindered simultaneous binding scheme (Fig 4G–4I). Finally, we should

underline that the enzyme is additionally regulated by protein kinase A (PKA), calcium ions,

nitric oxide, and the Gβγ subunit, and regulation via the transmembrane domains has been

proposed (but not demonstrated so far) [4, 35, 51]. PKA is activated by cAMP and is the most

common kinase to elicit the various downstream responses of the signal transduction network.

PKA also inhibits AC5 via phosphorylation, and this is probably feedback that serves for signal

termination. Calcium also inhibits AC5, an interaction which, due to excitatory synaptic

input, might also help terminate its activity. The Gβγ enhances the effect of Gαs on AC5, but

has no effect alone, and nitric oxide has an inhibitory effect whose purpose is also unknown.

The measures for coincidence detection used here do not include these additional regulatory

interactions, and this would provide a more complete picture of the enzyme’s regulation in

studies of various signaling scenarios.

On the same topic of molecular organization, while it is known that the D2 and A2a recep-

tors are colocalized and form oligomeric complexes in D2 MSNs, the same has not been dem-

onstrated for the D1 and M4 receptors in D1 MSNs. However, the D1 and M4 receptors have

individually been reported in the postsynaptic density in striatal tissue (among other compart-

ments) by electron microscopy [52,53], and activation of the M4 receptors counteracts activa-

tion of the D1 receptors both in striatal slices, as described above, and in striatal membrane

preparations [17]. This makes it likely that they indeed colocalize enough to enable both G

proteins to interact with AC5.

Furthermore, concerning the structural simulations carried out in the present study, it is

appropriate to highlight some aspects. First, while the apo and the holo ternary complexes are

relatively stable over about 2.1 and 1.1 μs of MD simulation time, respectively, we cannot

exclude that on a longer time scale such complexes could show a dissociation of the different

protein units. In this regard, it is worth mentioning that both simulations of the apo and holo
forms of the ternary complex have been repeated starting with new velocities for about 0.6 and

1.0 μs, respectively, leading to the same overall conclusions described above. Second, in the

systems simulated here, only the catalytic domains of AC5 are considered, while the trans-

membrane domains are not included. Although the transmembrane domains are important

for the proper dimerization of the catalytic domains [54], the functionality of AC5 was experi-

mentally found to be maintained upon removal of the transmembrane domains [21, 55]. It

should also be noted that the structure of the AC5 catalytic domain modelled in this study

does not include the C1b domain (whose structure has not yet been determined). The absence

of this domain has been shown to reduce the sensitivity of AC5 to Gαi [21]. Nevertheless, the

MD simulations performed here and by Van Keulen and Röthlisberger [24] show that Gαi is

able to inhibit the activity of AC5 in the absence of the C1b domain. This suggests that the

lower inhibition is due to the reduced affinity of Gαi in the absence of C1b, rather than to a

change in the internal mechanism of inhibition. Were it possible to include C1b in the BD sim-

ulations, this might lead to an increase in the rate of Gαi association, which would lead to

increased synergy in both the simultaneous and hindered binding schemes.

As mentioned above, the membrane-anchoring is also neglected in the BD simulations in

which freely diffusing solutes are assumed. This assumption has two main effects on the pre-

dicted association rate constants, which alter the predictions in opposite directions, leading to

some degree of cancellation of errors. The anchoring of AC5 and Gαolf in the membrane

would add additional diffusional constraints that would potentially increase rates in vivo, by

reducing the search space, while the slower diffusion of the lipid anchor in the membrane

would slow down association.

It should also be noted that the simulated systems in this work were built by homology

modelling using the then available X-ray crystal structures of AC as described in the Methods
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section and also reported in previous studies [24, 56]. While this paper was in review, struc-

tures of AC9 including its two six-helix transmembrane domains (but not the C1b domain)

were reported [57]. In order to check possible overlaps between atoms of the Gαi protein in

our modelled ternary complex and atoms of the new AC9 structure (and of the membrane

bilayer), we fitted the Cα atoms of the C1a and C2a domains on the respective atoms of the

AC9 protein (see S15 Fig). The figure clearly shows that the position of the Gαi protein in the

ternary complex does not overlap with the membrane. Moreover, the conformation, orienta-

tion and binding mode of the Gαi to AC5 would also be perfectly suitable for AC9 complexa-

tion, providing additional support for our model. Finally, although not all parts of the AC9

enzyme could be resolved, this new cryo-EM structure could provide a basis for future model-

ling work to investigate the effects of membrane tethering on AC5 regulation.

Conclusions

In this work, we have investigated the stability and activity of a Gαolf � AC5 � Gαi ternary

complex by MD simulation and found that the complex appears to be stable on the microsec-

ond time scale, but is unable to catalyze ATP conversion. Using BD simulations, we have

made predictions of the association rate constants for the formation of both binary AC5 � Gα
complexes, and the subsequent association of the second Gα subunit to form the ternary

complex.

Kinetic modelling of the AC5 signal transduction network showed that the predictions of

the structure-based simulations maximize the ability of the network to recognize coincident

neuromodulatory signals, with coincidence detection enhanced by both the presence of the

ternary complex, and its reduced activity. Taken together, these results provide evidence that

AC5 has evolved to perform coincidence detection of transient changes in the amounts of

Gαolf and Gαi proteins, such that a brief deactivation of the Gαi signaling branch is needed to

gate the Gαolf signal through. For the corticostriatal synapse on D1 MSNs, this implies that

both the transient rise in dopamine and the decrease in acetylcholine levels are necessary to

trigger synaptic plasticity.

Methods

Modelling of binary AC5 complexes

The crystal structure (PDB ID 1AZS) of the ATP-free AC � Gαs complex [20] was used as a

template for the catalytic region of AC5 and Gαolf in the apo ternary complex. The template

used for the initial complex conformation included 1AZS’s C1 and C2 domains (more specifi-

cally, canine AC5 for C1 and rat AC2 for C2) for modelling the AC5 structure (UniprotKB

Q04400) from Rattus norvegicus as well as the Gαs’ structure for the initial Gαolf (UniprotKB

P38406) conformation from Rattus norvegicus [20, 58, 59]. The modelled structure of the myr-

istoylated Rattus norvegicus Gαi subunit (UniprotKB P10824) interacting with guanosine-5’-

triphosphate (GTP) and Mg2+ was taken from [56]. Gαi also has several isoforms, and the one

referred to here is Gαi1. Myristoylation is a post-translational modification of the N-terminus

of Gαi that results in the covalent attachment of a 14-carbon saturated fatty acid to the N-ter-

minal glycine residue of Gαi via an amide bond. The modelled AC5 and Gαi structures were

used for docking Gαi on AC5’s C1 domain to finalise the initial conformation of the ternary

complex. This apo ternary complex setup was also used to simulate the apo forms of AC5 � Gαi

and AC5 � Gαolf by removing the subunit not to be considered.

The crystal structure (PDB ID 1CJK) of the catalytic AC domains with a bound ATP ana-

logue (Adenosine-5’-rp-alpha-thio-triphosphate), ATPαS, and a Gαs interacting with the AC

protein, was used as a template for the holo ternary complex. The template used for modelling
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the active AC5 (UniprotKB Q04400) conformation in the ternary complex included the C1

and C2 domains from the PDB file 1CJK [22, 58, 59]. The Gαs subunit present in 1CJK was

used as a template for the initial Gαolf (P38406) structure from Rattus norvegicus [22, 58, 59].

The modelled structure of the myristoylated Rattus norvegicus Gαi subunit (UniprotKB

P10824) interacting with GTP and Mg2+ was taken from [56]. The active myristoylated Rattus
norvegicus Gαi is referred to simply as Gαi because only a myristoylated form of Gαi was used

in all simulations.

Modelling of ternary AC5 complexes

Membrane-bound ACs consist of two membrane-bound regions and two cytosolic domains.

The latter form the active site of the enzyme and its structure has been determined by crystal-

lography. The catalytic domains, C1 and C2, are located close to the membrane due to AC5’s

transmembrane domains, but remain entirely solvated. The crystal structure templates, used

for modelling the complexes, were employed to determine the orientation of Gαolf on the C2

domain. The HADDOCK web server [60] was used for docking ten conformations of the

active Gαi subunit to AC5’s catalytic domains in the apo and holo forms as described in [24].

The active region of Gαi was defined in HADDOCK as a large part of the alpha helical domain

(112-167), the switch I region (175-189) and the switch II region (200-220), allowing for a

large unbiased area on the Gαi protein surface to be taken into account during docking. The

active region of AC5’s C1 domain was defined as the α1 helix (479-490) and the C-terminal

region of the α3 helix (554-561) because experimentally it has been found that Gαi is unable to

interact with C2 and its main interactions with AC5 are with the C1 domain [21]. Ten snap-

shots of Gαi were used for docking the Gα subunit to the catalytic domain of AC5. These snap-

shots were extracted at time intervals of 0.5 ns from the end of the classical MD trajectory of

Gαi (around 1.9 μs) described in [56]. The same three criteria for complex selection as in [24]

were applied: (1) the absence of overlap between the C2 domain and Gαi, (2) no overlap with

the GTP binding region of Gαi and the C1 domain of AC5, and (3) presence of similar com-

plexes in the top-ten docking results of the docking calculations performed for all ten used Gαi

conformations.

Classical molecular dynamics simulations

The Gromacs 5.1.2 software [61, 62] was used to perform the simulations. The apo and holo
Gαolf � AC5 � Gαi systems, which were simulated for 2.1 μs and 1.2 μs respectively, each include

two GTP molecules. In addition, the holo complex incorporates four Mg2+ ions and one ATP

molecule, while in the apo form only three Mg2+ ions are present. Both apo and the holo sys-

tems were solvated in about 162,000 water molecules and 150 mM KCl. They were simulated

at a temperature of 310 K and a pressure of 1 bar, maintained using the Nosé-Hoover thermo-

stat and an isotropic Parrinello-Rahman barostat, respectively. The force fields used for the

protein and the water molecules were AMBER99SB [63] and TIP3P [64]. For GTP and ATP,

the force field generated by Meagher et al. was used [65]. The adjusted force field parameters

for Cl- and K+ were taken from [66]. The Mg2+ parameters originated from [67] and the

parameter set for the myristoyl group was taken from [56]. Electrostatic interactions were cal-

culated with the Ewald particle mesh method with a real space cutoff of 12Å. The van der

Waals interactions also had a cutoff of 12 Å. Bonds involving hydrogen atoms were con-

strained using the LINCS algorithm [68] The integration time step was set to 2 fs.

The apo binary complexes, AC5 � Gαi and AC5 � Gαolf, used for comparison to the ternary

complexes, were built via the same procedure and were each simulated for 3 μs.
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The first step in the equilibration procedure of the protein systems included the energy

minimisation of the protein complex together with the ligands (Mg2+, GTP, ATP), referred to

as the complete complex. Position restraints of 1000 kJ mol-1 nm-2 were applied to the struc-

ture of the complete complex during energy minimisation. The next step that was performed

was the simulation of the complete complex under canonical NVT (constant number of atoms

(N), constant volume (V) and constant temperature (T)) conditions, starting from the energy

minimised structure, with position restraints of 1000 kJ mol-1 nm-2 on the complete complex.

The length of the NVT run was 2 ns. The third step included the performance of a 4 ns isother-

mal-isobaric NPT run (constant number of atoms (N), constant pressure (P) and constant

temperature (T)) with position restraints of 1000 kJ mol-1 nm-2 on the complete complex. The

fourth step was an NPT simulation of 4 ns, with position restraints of 1000 kJ mol-1 nm-2 on

the complete complex except for the hydrogens of the proteins. The fifth step contained an

NPT run of 4 ns in which the backbone of the proteins were restrained by 1000 kJ mol-1 nm-2

as well as the ligands. The sixth step was an unrestrained NPT simulation of at least 10 ns,

which was prolonged depending on the RMSD convergence of the proteins in the equilibrated

system.

Forward rate constant estimation via Brownian dynamics simulations

Brownian dynamics (BD) simulations were performed to estimate the forward association rate

constants in the two schemes in Fig 3. The simulations were performed using the SDA 7 soft-

ware package [69], with the associating species represented in atomic resolution as rigid bod-

ies. The inter-species interactions were modeled using the effective charge model [70], with

the electrostatic desolvation term described by Elcock et al. [71], and following the parameteri-

zation of Gabdoulline and Wade [72].

The atomic structures of the reactant species in the forward reactions shown in Fig 3B and

3C were taken from clustered snapshots of the MD simulations described above, except for the

structures of apo AC5 and Gαi used to calculate kf2, which were obtained from simulations

performed by Van Keulen and Röthlisberger [24]. The electrostatic potential of each snapshot

of the reactant species was calculated via solution of the linearized Poisson-Boltzmann equa-

tion (PBE) using the APBS PBE solver [73], such that at the grid boundaries, the electrostatic

potentials matched those of atom-centered Debye-Hückel spheres. The atomic charges of the

protein residues were taken from the Amber force field, with the charges of the myristoyl moi-

ety as described in [56] and the GTP charges as described by Meagher et al. [65]. The low-

dielectric cavity (εr = 4) was described using Bondi atomic radii [74] and the smoothed molec-

ular surface definition of Bruccoleri et al. [75], while the solvent was modelled using a dielec-

tric constant of 78, and a 150 mM concentration of salt with monovalent ions of radius 1.5 Å.

For the single species reactants, solution of the linearized PBE generated cubic potential grids

with 129 grid points per dimension, spaced at 1 Å, while larger grids with 161 points per

dimension were generated for the binary reactants. Effective charges were calculated using the

ECM module of SDA 7 [69, 70], with charge sites placed on the heteroatoms of ionized amino

acid side chains and termini, the phosphate oxygen and phosphorus atoms of ATP and GTP,

and Mg2+ ions. The effective charges of each solute were fitted such that, in a homogeneous

dielectric environment, they reproduced the solute’s electrostatic potential computed by solv-

ing the PBE in a skin bound by the surfaces described by rolling probe spheres of radii 4 and 7

Å along the molecular surface of the solute. Electrostatic desolvation potentials were calculated

using the make_edhdlj_grid tool in SDA 7 [69].

For each reaction, four BD simulations of 50 000 trajectories were performed using each

MD snapshot, and rate constants were calculated using the Northrup, Allison and
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McCammon formalism [76]. The mean and standard deviations across these four simulations

was then determined. The average value for the corresponding rate constant was computed

across all MD snapshots. The infinite dilution diffusion coefficients of each reaction species

were calculated using HYDROPRO [77, 78] with the exception of those of the AC5 � Gα com-

plex reactants in the ternary complex forming reactions, for which the diffusion coefficients of

AC5 were used. In each simulation trajectory, the position of the center of AC5, or the reactant

complex, was fixed at the center of the simulated volume, while the initial position of the center

of the reactant Gα subunit was placed on the surface of a sphere of radius b, centered on the

other reactant, with b taken as equal to the sum of the maximal extent of the distance of an

atom of either reactant from the reactant center, plus the maximal extent of any interaction

grid point to the solute center plus 30 Å. The simulations continued until the reactants diffused

to a separation c, where c = 3b. Trajectories were assumed to have formed reactive encounter

complexes when two independent native contacts between the two reactants reach a separation

of 6.5 Å or less. Native contacts were defined as a pair of hydrogen bonding heteroatoms, sepa-

rated by less than 5 Å in the bound complex. Two native contacts were assumed to be indepen-

dent if the heteroatoms on the same solute that form the contacts were separated by more than

6 Å. This definition of an encounter complex has been shown to result in calculated protein-

protein association rate constants that correlate well with experimental values [72].

Kinetic model of the signal transduction network

The kinetic model of the signal transduction network is a system of coupled ordinary differen-

tial equations with mass-action kinetics modeling the network’s biochemical reactions. For

example, for the reaction Aþ B$
kf
kr
C, the rate at which it occurs is given with:

v ¼
d½C�
dt
¼

d½A�
dt
¼

d½B�
dt
¼ kf ½A�½B� kr½C�

In order to reduce the number of rate constants that would need estimation, our aim was to

use a minimal model with which we could still study the coincidence detection ability of the

enzyme and capitalize on the predictions of the molecular simulations. We have used two ver-

sions of the model, one with the allosteric exclusion and the other with the simultaneous bind-

ing scheme for AC5 regulation in Fig 3. The full reaction networks are given in S8 Fig. The

two versions of the model have 8 and 16 rate constants, respectively. In Fig 3, we have addi-

tionally used versions of the model which included cAMP production to illustrate the corre-

spondence between kc and the levels of cAMP and thus rationalize the use of kc as a proxy for

the cAMP levels. The reactions and parameters for cAMP production and degradation have

been taken from [15].

There are no receptors included in the model, and the Da" and ACh# inputs are modeled

as changes in the rate constants for the conversion of inactive to active G proteins. Pools of

inactive Golf and Gi are activated at rates of kfGolf
¼ 5s� 1 and kfGi

¼ 5s� 1 when Da or ACh is

present. This eliminates the parameters that would have corresponded to the reactions of

ligand and receptor binding, and G protein and receptor binding. Additionally, we have omit-

ted the heterotrimeric nature of the G proteins, i.e. we have not included the Gβγ subunit in

the model. The G proteins are modeled as simply switching between an active and inactive

form. The value for the rate of Gαi activation is chosen so that there is a high resting-level inhi-

bition of AC5 by the tonic level of ACh, which is a plausible assumption based on recent exper-

imental results [14]. The value for kfGolf is, similarly, chosen to achieve amounts of active Golf

high enough to drive the binding reactions with AC5 and AC5 � Gαi forward. The total
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amounts of AC5 and the two G proteins used for this model are nAC5 = 1500 nM, nGolf = 1500

nM and nGi = 6000 nM.

The activated Gαolf and Gαi interact with AC5 and can form each of the binary complexes

and the ternary complex. Their deactivation is done by the intrinsic GTPase activity of the G

proteins themselves, but is increased by AC5 for the case of Gαs (a homologue to Gαolf) at least

fivefold and the regulator of G protein signaling 9-2 (RGS9-2) for Gαi 20 to 40 times [41, 79],

for which reason we have used values of krGolf
¼ 0:5s� 1 and krGi

¼ 5s� 1. If deactivated, the G

proteins unbind from AC5. For the reverse (unbinding) rates of the G proteins from the binary

AC5 complexes, we use values 100 times greater than the corresponding forward rate con-

stants, which is the order of magnitude fitted in [23]. The reverse rates of G protein unbinding

from the ternary complex, are increased by an order of magnitude compared to the reverse

rates for unbinding from the respective binary complexes to qualitatively incorporate possible

reduced stability of the ternary complex compared to the binary complexes on longer time

scales (see Results section).

The remaining parameters, the forward rate constants of the G proteins’ binding to AC5

and the binary complexes AC5 � Gαolf and AC5 � Gαi, were estimated with the BD simulations

(see Table 1). We have also varied these to explore their effects on the network’s ability to per-

form coincidence detection.

Measures of coincidence detection

As was defined in the introduction, for the signal transduction network that we consider, coin-

cidence detection means to respond with significant amounts of cAMP only when the two

incoming signals Da " and ACh # coincide in time and in the spatial vicinity of the receptors.

Note that there are two aspects of coincidence detection in the definition:

a. distinguishing between the inputs Da " + ACh #, and a Da " or ACh # alone, and

b. responding strongly enough with amounts of cAMP that are physiologically relevant.

To quantify how well the network distinguishes between the different inputs, we use the

synergy quantity, and to quantify the strength of the response, we use the average catalytic

rate, both defined below.

Average catalytic rate. The average catalytic rate is an average of the catalytic rates of the

unbound form of AC5 and each of the complexes with the Gα subunits. For the allosteric

exclusion scheme in Fig 3B, where the ternary complex does not form, it is:

kc ¼ p1kc;AC5 þ p2kc;AC5�Gaolf
þ p3kc;AC5�Gai

with the weights

p1 ¼
½AC5�

½AC5� þ ½AC5 � Gaolf � þ ½AC5 � Gai�
;

p2 ¼
½AC5 � Gaolf �

½AC5� þ ½AC5 � Gaolf � þ ½AC5 � Gai�
;

p3 ¼
½AC5 � Gai�

½AC5� þ ½AC5 � Gaolf � þ ½AC5 � Gai�
:

being the amounts of each enzyme species in the allosteric exclusion scheme as a fraction of
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the total concentration of AC5 in the system. For the simultaneous binding scheme where the

ternary complex does form, the average catalytic rate is

kc ¼ q1kc;AC5 þ q2kc;AC5�Gaolf
þ q3kc;AC5�Gai

þ q4kc;Gaolf �AC5�Gai

with

q1 ¼
½AC5�

½AC5� þ ½AC5 � Gaolf � þ ½AC5 � Gai� þ ½Gaolf � AC5 � Gai�
;

q2 ¼
½AC5 � Gaolf �

½AC5� þ ½AC5 � Gaolf � þ ½AC5 � Gai� þ ½Gaolf � AC5 � Gai�
;

q3 ¼
½AC5 � Gai�

½AC5� þ ½AC5 � Gaolf � þ ½AC5 � Gai� þ ½Gaolf � AC5 � Gai�
;

q4 ¼
½Gaolf � AC5 � Gai�

½AC5� þ ½AC5 � Gaolf � þ ½AC5 � Gai� þ ½Gaolf � AC5 � Gai�
:

We assume that the catalytic rate of the unbound AC5 is kc,AC5 = 0.1s−1, and this rate is

scaled by factors of aGaolf and aGai when the respective regulator G protein subunit binds:

kc;AC5�Gaolf
¼ aGaolf kc;AC5

kc;AC5�Gai
¼ aGai kc;AC5

The factors of stimulation and inhibition of AC5 are set to be aGaolf ¼ 200 ([23]) and

aGai ¼ 0:01s� 1. For the catalytic rate of the ternary complex, we use the result of the MD simu-

lations that the ternary complex is inactive, aGaolf ;Gai ¼ aGai , i.e.:

kc;Gaolf �AC5�Gaolf
¼ aGai kc;AC5;

except in Fig 3D, 3E and 3F, where the catalytic rate of the ternary complex is varied to investi-

gate its effect on coincidence detection.

Synergy. The synergy of two signals s1 and s2 is defined as

SðtÞ ¼
rðs1; s2; tÞ

rðs1; tÞ þ rðs2; tÞ rss
;

where rss is the response at steady state. This quantity measures how strong the response r of

the signal transduction network is for two coincident signals compared to the responses for

single signals. The synergistic effect of the input signals can be examined in light of any quan-

tity of interest in the network that is affected by the inputs, such as the level of activated PKA,

for example [15]. Not having included PKA or cAMP in the kinetic model, we use the average

catalytic rate kc as a proxy for the amount of cAMP produced, since the latter directly depends

on kc. That is, the synergy of a simultaneous Da " and ACh # is:

SðtÞ ¼
kcðDa ";ACh #; tÞ

kcðDa "; tÞ þ kcðACh #; tÞ kc;ss
:
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S(t) > 1 indicates a nonlinearly greater response in the presence of the two coincident sig-

nals, S(t) = 1 indicates a linear response to the coincident signals, and S(t)< 1 is a sublinear

response. Hence, the case S(t) > 1 indicates that the signal transduction network can perform

coincidence detection, whereas S(t)� 1 indicates an inability to do so.

Example traces for kc and the corresponding synergy are given in Fig 6.

Using

D ¼ kcðDa ";ACh #; tÞ ðkcðDa "; tÞ þ kcðACh #; tÞ kc;ssÞ

to express the difference between the response of the network for two coincident signals and

the response for single signals, the expression for the synergy can also be rewritten as

SðtÞ ¼
kcðDa ";ACh #; tÞ

kcðDa "; tÞ þ kcðACh #; tÞ kc;ss
¼ 1þ

Δ
kcðDa "; tÞ þ kcðACh #; tÞ kc;ss

:

The difference in the responses, Δ, determines how big the synergistic effect of the input sig-

nals is (Fig 6).

Fig 6 is an example depicting how kc relates to the synergy. There are minimum and maxi-

mum bounds on kc: it would attain the minimum value kc
min if all of AC5 were inhibited by Gαi,

that is, only the catalytically inactive complex AC5 � Gαi exists, where kc
min is the catalytic rate of

AC5 � Gαi (see above). Analogously, it would attain the maximum value kc
max if all of AC5 were

bound in the catalytically active complex AC5 � Gαolf, where kc
max is its catalytic rate (see above).

In the models we use in this study, AC5 is never fully occupied by either of the Gα subunits, and

hence kc is always between the minimum and maximum bounds. To maximize Δ, one would

need to have kc grow towards the maximum as much as possible during Da" + ACh#, and to

have it as low as possible at steady state, and when each of the signals Da" and ACh# comes alone.

The metric C combines S and kc. A combination of the average catalytic rate and the syn-

ergy gives a metric which can be helpful to evaluate whether the network both distinguishes

between the different input situations and responds strongly. We use a product of kc and S for

this purpose, C = Skc.

Fig 6. A A cartoon of the average catalytic rate during each of the input situations Da " + ACh #, Da ", and ACh #. B The synergy corresponding to panel

(A). In addition, the dashed and dotted lines illustrate how the synergy for a linear and a sublinear response would look like, respectively.

https://doi.org/10.1371/journal.pcbi.1007382.g006
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Supporting information

S1 Fig. Root-mean-square deviations of three apo complexes: Gαolf � AC5 �Gαi1, AC5 �

Gαi1 and AC5 � Gαolf. (Top panel) Individual RMSD values for C1, C2, Gαi1 and Gαolf in the

ternary complex only including the backbone of the domains. In the case of Gαi1, residues 33

to 345 were taken into account during the RMSD calculation as the C and N termini are not

structured. (Middle panel) Individual RMSD values for C1, C2 and Gαi1 in the binary AC5 �

Gαi1 complex only including the backbone of the domains. In the case of Gαi1, residues 33 to

345 were taken into account during the RMSD calculation as the C and N termini are not

structured. (Bottom panel) Individual RMSD values for C1, C2 and Gαolf in the binary AC5 �

Gαolf complex only including the backbone of the domains.

(EPS)

S2 Fig. Time evolution of the secondary structures for AC5 (top), Gαi (middle), and Gαolf

(bottom) along the trajectory of the apo ternary complex.

(EPS)

S3 Fig. Time evolution of the secondary structures for AC5 (top), and Gαi (bottom), along the

trajectory of the apo binary complex AC5 � Gαi.

(EPS)

S4 Fig. Time evolution of the secondary structures for AC5 (top), and Gαolf (bottom), along

the trajectory of the apo binary complex AC5 � Gαolf.

(EPS)

S5 Fig. Time evolution of the number of hydrogen bonds present in the three simulated

apo complexes along the respective MD trajectories.

(EPS)

S6 Fig. Root-mean-square fluctuations per residue calculated on the protein backbone of the

different subunits (from top to bottom, AC5:C1, AC5:C2, Gαi, and Gαolf) of the three simu-

lated apo complexes.

(EPS)

S7 Fig. Radius of gyration calculated along the MD trajectories of the three simulated apo

complexes, Gαolf � AC5 � Gαi, AC5 �Gαi, and AC5 �Gαolf. The dashed lines indicate the val-

ues of the radius of gyration in the initial structures.

(EPS)

S8 Fig. The full kinetic models of the signal transduction networks used in this study.

(EPS)

S9 Fig. The effect of the interaction motif between AC5 and the regulatory Gα subunits on

coincidence detection. For the allosteric exclusion and simultaneous binding schemes, respec-

tively, the amounts of each enzyme species as a percentage of the total amount of AC5 are

shown for the cases of Da " + ACh # (A,F), Da " (B, G), and ACh # (C, H). (D, I) Average cata-

lytic rate for each scheme. (E, J) cAMP levels for each scheme.

(EPS)

S10 Fig. Time window for coincidence detection. (A) The detection window for the allosteric

exclusion scheme and simultaneous binding scheme. Arrows are the time differences between

ACh # and Da " chosen for the traces below. (B) The percentage of each AC5 species as a frac-

tion of the total amount of AC5, (C) average catalytic rate, (D) synergy for the allosteric exclu-

sion scheme. (E), (F), and (G) are the same quantities for the simultaneous binding scheme.
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Note the shared axes.

(EPS)

S11 Fig. (A) The maximum of the synergy, (B) the maximum of kc, (C) the maximum of the

metric C as dependent on the rate of Gαi deactivation, krGi.

(EPS)

S12 Fig. Behavior of the two signal transduction schemes for different values of the associ-

ation rate constants. From left to right: the percentage of enzyme species for Da " + ACh #,

the percentage of enzyme species for Da ", the average catalytic rate, and the synergy, for the

simultaneous binding scheme for (A) kf1 = kf4 = 0.002 (nMs)-1, kf2 = kf3 = 2 (nMs)-1, and (B)

kf1 = kf4 = 2 (nMs)-1, kf2 = kf3 = 2 (nMs)-1 and the hindered simultaneous binding scheme for

(C) kf1 = kf4 = 0.002 (nMs)-1, kf2 = kf3 = 2 (nMs)-1 and (D) kf1 = kf4 = 2 (nMs)-1, kf2 = kf3 = 2

(nMs)-1. Note the shared axes.

(EPS)

S13 Fig. Structure of Gαolf in the modelled AC5 � Gαolf complex and sequence alignment

of Gαolf and Gαs. The structure of Gαolf in the modelled AC5 � Gαolf apo complex (A). The

highlighted regions show the switch II helix residues that interact the C2 binding groove on

AC5 (magenta) and other amino acid residues that are within 6 of AC5 in the modelled struc-

ture. The sequence alignment of rat Gαolf (GNAL) and Gαs (GNAS2) (B). The magenta and

green regions show the residues highlighted in (A). The yellow region shows the N-terminal

residues not included in the structure used in this work.

(EPS)

S14 Fig. Multiple sequence alignment for all mouse AC isoforms with the colors matching

those the structure in Fig 5A. The sequences were taken from Uniprot, and aligned using

Clustal Omega within Uniprot. The red and blue boxes show positions where AC1 has substi-

tutions compared to AC5, as described in Fig 5.

(EPS)

S15 Fig. Initial modelled configuration of the Gαolf � AC5 �Gαi ternary complex used in

our classical MD simulations, after fitting of Cα atoms of C1a and C2a domains on the

respective Cα atoms of the AC9 protein (PDB ID: 6R3Q). AC9 (pale yellow) consisting of

the transmembrane domain (TM), the helical domain (HD), and the two pseudo-symmetric

C1a and C2a domains, is fully shown in cartoon representation. The two domains C1a (blue)

and C2a (red) of AC5 in complex with Gαi (cyan) and Gαolf (gray) proteins are also repre-

sented as a cartoon.

(EPS)

S16 Fig. The allosteric exclusion scheme does not support coincidence detection for satu-

rating concentrations of Gαolf.

(EPS)

S1 Table. Bimolecular association rate constants (nMs)-1 for the forward reactions com-

puted via BD simulations. Each rate constant was calculated using a number of snapshots

from MD simulations. The reported numbers for each snapshot are the mean values estimated

from 4 BD simulations of 50 000 trajectories (standard deviation in parentheses). Rate con-

stants were calculated for complexes including apo and holo AC5 (superscripts a and h respec-

tively).

(XLSX)
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S1 Text. The allosteric exclusion scheme inherently lacks the ability for coincidence detec-

tion.

(PDF)
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Supervision: Ursula Röthlisberger, Rebecca C. Wade, Paolo Carloni, Jeanette Hellgren

Kotaleski.

Writing – original draft: Neil J. Bruce, Daniele Narzi, Daniel Trpevski, Siri C. van Keulen,

Anu G. Nair.

Writing – review & editing: Neil J. Bruce, Daniele Narzi, Daniel Trpevski, Siri C. van Keulen,
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Abstract
This study explores the computational potential of single striatal projection neurons (SPN),
emphasizing dendritic nonlinearities and their crucial role in solving complex integration
problems. Utilizing a biophysically detailed multicompartmental model of an SPN, we
introduce a calcium-based, local synaptic learning rule that leverages dendritic plateau
potentials. According to what is known about excitatory corticostriatal synapses, the learning
rule is governed by local calcium dynamics from NMDA and L-type calcium channels and
dopaminergic reward signals. In addition, we incorporated metaplasticity in order to devise a
self-adjusting learning rule which ensures stability for individual synaptic weights. We
demonstrate that this rule allows single neurons to solve the nonlinear feature binding
problem (NFBP), a task traditionally attributed to neuronal networks. We also detail an
inhibitory plasticity mechanism, critical for dendritic compartmentalization, further enhancing
computational efficiency in dendrites. This in silico study underscores the computational
capacity of individual neurons, extending our understanding of neuronal processing and the
brain's ability to perform complex computations.

Introduction
Classically, single neurons in the nervous system have been thought to operate as simple
linear integrators where the nonlinearity of dendrites can be neglected (McCulloch and Pitts,
1943). Based on this simplification, powerful artificial neural systems have been created,
outperforming humans on multiple tasks (Silver et al., 2018). However, in recent decades it
has been shown that active dendritic properties participate in shaping neuronal output. Not
only the axon spikes, but also the dendrites can display nonlinear integration of input signals
(Antic et al., 2010). Dendritic nonlinearities endow a neuron with the ability to perform
sophisticated dendritic computations, expanding its computational power beyond what is
available with the somatic voltage threshold and making it similar to a multilayer artificial
neural network (Poirazi, Brannon and Mel, 2003).

A dendritic nonlinearity common among projection neurons in several brain areas is the
NMDA-dependent plateau potential (Oikonomou et al., 2014). Plateau potentials are
regenerative, all-or-none, supralinear voltage elevations triggered by spatio-temporally
clustered glutamatergic input (Schiller et al., 2000; Polsky, Mel and Schiller, 2004; Losonczy
and Magee, 2006; Major et al., 2008; Larkum et al., 2009; Lavzin et al., 2012; Xu et al.,
2012). Such plateaus require that nearby spines are coactivated, but the requirement is
perhaps somewhat loose as even single branches have been proposed to act as
computational units (Losonczy and Magee, 2006; Branco and Häusser, 2010). With that
said, multiple dendritic regions, preferentially responsive to different input values or features,
are known to form with close dendritic proximity (Jia et al., 2010; Chen et al., 2011; Varga et
al., 2011). Such functional synaptic clusters are present in multiple species, developmental
stages and brain regions (Kleindienst et al., 2011; Takahashi et al., 2012; Winnubst et al.,
2015; Wilson et al., 2016; Iacaruso, Gasler and Hofer, 2017; Scholl, Wilson and Fitzpatrick,
2017; Niculescu et al., 2018; Kerlin et al., 2019; Ju et al., 2020). Hence, multiple features are
commonly clustered in a single dendritic branch, indicating that this could be the neural
substrate where combinations of simple features into more complex items occur.

      
                        

               



Combinations of features in dendritic branches further provide single neurons with the
possibility to solve linearly non-separable tasks, such as the nonlinear feature binding
problem (NFBP) (Tran-Van-Minh et al., 2015; Gidon et al., 2020). In the most elementary
form, the NFBP consists of discriminating between two groups of feature combinations. The
problem is nonlinear since the neuron should learn to respond only to specific feature
combinations, even though all features are represented by the same amount of synaptic
input. Common example features used are two different shapes combined with two different
colors, giving in total four combinations of which the neuron should respond to only two
feature combinations (exemplified in Fig. 1A and 1B).

As a task, the NFBP is relevant to brain regions which perform integration of multimodal
input signals, or signals representing different features of the same modality (Roskies,
1999). It is usually illustrated with examples from the visual system, as in Fig. 1A (Roskies,
1999; von der Malsburg, 1999; Tran-Van-Minh et al., 2015). A region that integrates
multimodal inputs, such as sensory information and motor-related signals, is the input
nucleus of the basal ganglia, the striatum (Reig and Silberberg, 2014; Johansson and
Silberberg, 2020), and this system will be used in the present modeling study. We will here,
however, continue to illustrate the NFBP with the more intuitive features borrowed from the
visual field, although for dorsal striatum these features would rather map onto different
sensory- and motor-related features. Plateau potentials and some clustering of input have
been demonstrated in SPNs (Plotkin, Day and Surmeier, 2011; Oikonomou et al., 2014; Du
et al., 2017; Hwang et al., 2022; Day et al., 2024; Sanabria et al., 2024).

In addition to integrating convergent input from the cortex and the thalamus, the striatum is
densely innervated by midbrain dopaminergic neurons which carry information about
rewarding stimuli (Schultz, 2007; Matsuda et al., 2009; Surmeier et al., 2010). As such, the
striatum is thought to be an important site of reward learning, associating actions with
outcomes based on neuromodulatory cues. In this classical framework, peaks in dopamine
(Da) signify rewarding outcomes and pauses in dopamine represent omission of expected
rewards (Schultz, Dayan and Montague, 1997). Dopamine signals further control the
synaptic plasticity of corticostriatal synapses on the SPNs (Fig. 1C). In direct pathway SPNs
(dSPN) expressing the D1 receptor, a dopamine peak stimulates the D1 receptor, which
together with significant calcium influx through NMDA receptors triggers synaptic
strengthening (long-term potentiation - LTP). Conversely, when little/no dopamine is bound to
the D1 receptors, as during a dopamine pause, and there is significant calcium influx through
L-type calcium channels, synaptic weakening occurs (long-term depression - LTD) (Shen et
al., 2008; Fino et al., 2010; Plotkin et al., 2013) (see Fig. 1D).

If dopamine peaks are associated with the relevant feature combinations in the NFBP and
dopamine pauses with the irrelevant ones, it can trigger LTP in synapses representing the
relevant feature combinations and LTD in those representing irrelevant combinations. If,
after learning, the relevant feature combinations have strong enough synapses so they can
evoke plateau potentials while the irrelevant feature combinations have weak enough
synapses so they don’t evoke plateaus, the outcome of this learning process should be a
synaptic arrangement that could solve the NFBP (Fig. 1D) (Tran-Van-Minh et al., 2015). In
line with this, it has been demonstrated that the NFBP can be solved in abstract neuron
models where the soma and dendrites are represented by single electrical compartments
and where neuronal firing and plateau potentials are phenomenologically represented by

      
                        

               



instantaneous firing rate functions (Legenstein and Maass, 2011; Schiess, Urbanczik and
Senn, 2016). Good performance on the NFBP has also been demonstrated with biologically
detailed models (Bicknell and Häusser, 2021). This solution used a multicompartmental
model of a single pyramidal neuron, including both excitatory and inhibitory synapses and
supralinear NMDA depolarizations. Synapses representing different features were randomly
dispersed throughout the dendrites and a phenomenological learning rule - dependent on
somatic spike timing and high local dendritic voltage - were used to optimize the strength of
the synapses. The solution did, however, depend on a form of supervised learning as
somatic current injections were used to raise the spiking probability of the relevant feature
combinations.

In this article we develop a local, calcium-dependent synaptic learning rule based on the
known synaptic machinery of the corticostriatal synapse onto dSPNs (Shen et al., 2008),
which, guided by the reward signals from dopaminergic neurons, can solve the NFBP in a
multicompartment model of a dSPN. The learning rule is initially tested assuming
pre-existing clustered synapses for each individual feature, potentiating synaptic clusters to
the point where they can evoke robust plateau potentials for the relevant feature
combinations of the NFBP, and weakening synapses representing irrelevant features. We
also apply the learning rule on more randomly distributed synapses, and results suggest that
branch-specific plasticity might be important for the single neuron to solve nonlinear
problems. Although brain systems integrating multimodal inputs, such as the striatum,
somehow solve nonlinear problems at the network/systems level, it is not known whether
any individual neuron in the brain actually solves the NFBP on a regular basis. Our
investigation suggests, however, that single SPNs have the computational capacity to solve
linearly non-separable tasks by utilizing information of the organism’s success (here
represented by a dopamine peak) and failures (here a dopamine pause). This might also
generalize to other projection neurons that can display dendritic plateaus, such as pyramidal
neurons. Depending on neuron and synapse type, however, the specific feedback
mechanisms (which in this case is dopamine) will have to be mapped to another
neuromodulatory signal.

      
                        

               



Figure 1: Learning Mechanisms in direct pathway Striatal Projection Neurons (dSPNs) for the Nonlinear
Feature Binding Problem (NFBP)
A: Inputs and assumed supralinearity that could solve the NFBP: The NFBP is represented with an example from
visual feature binding. In the simplest form of the NFBP, a stimulus has two features, here shape and form, each
with two possible values, strawberry and banana, and red and yellow, respectively. The NFBP consists of
responding with neuronal spiking to two of the feature combinations, corresponding to the relevant stimuli (red
strawberry and yellow banana), and remaining silent for the other two feature combinations which represent the
irrelevant stimuli (yellow strawberry and red banana). Assuming that each feature is represented with locally
clustered synapses, a solution of the NFBP can be achieved when the co-active clusters on a single dendrite,
representing the features of a relevant stimulus, evoke a plateau potential, thus supralinearly exciting the soma.
Conversely, co-activation of synaptic clusters for the irrelevant combinations should not evoke plateau potentials.
B: Dendritic Learning: Illustration of how synaptic plasticity in SPNs may contribute to solving the NFBP for a
pre-existing arrangement of synaptic clusters on two dendrites. A plasticity rule which strengthens only synaptic
clusters representing relevant feature combinations, so that they produce robust supralinear responses, while
weakening synapses activated by irrelevant feature combinations, could solve the NFBP.
C: Dopamine (Da) Feedback in Learning: dopaminergic feedback from the midbrain to the striatum (Str) guides
the learning process, differentiating between positive feedback for relevant stimuli and negative feedback for
irrelevant stimuli. Positive feedback represented by dopamine peaks is necessary for LTP, and negative feedback
represented by a dopaminergic pause is necessary for LTD.
D: Signaling pathways underlying synaptic plasticity in dSPNs: Illustrations of molecular components at the
corticostriatal synapse that modify synaptic strength (redrawn from Shen et al., 2009). NMDA calcium influx,
followed by stimulation of D1 dopamine receptors (D1Rs), triggers LTP (while inhibiting the LTD cascade). L-type

      
                        

               



calcium influx and activation of metabotropic glutamate receptors (mGluRs) when D1Rs are free of Da triggers
LTD (while counteracting the LTP cascade).

Results

Characterization of the dendritic NMDA-dependent nonlinearities in the
model
The nonlinear, sigmoidal voltage sensitivity of the NMDA receptors is a crucial element for
formation of dendritic plateau potentials. We use a model for generating plateau potentials
first presented in Gao et al., (2021) and adjusted to SPNs (Trpevski et al., 2023). To produce
robust, all-or-none plateau potentials, glutamate spillover from the synaptic cleft that
activates extrasynaptic NMDA receptors is included in the model. Glutamate spillover occurs
when the total synaptic weight (normalized value) of the activated synapses reaches a
threshold value (see Methods). The threshold value here is set to be equivalent to the total
weight of 10 clustered synapses with weights of 0.2 each (weight 0.2 corresponds to 0.5 nS).
Figure 2A shows the somatic membrane potential following synaptic activation of a cluster of
synapses of increasing size and the corresponding local spine membrane potential
(averaged over all spines in the cluster) as well as the NMDA and L-type calcium
accumulated in a single spine (also averaged over all spines in the cluster). A plateau
potential is generated when a critical level of total NMDA conductance in a dendritic segment
is reached (accomplished here by the addition of more synapses in a cluster and by
glutamate spillover). Reaching the spillover threshold produces a sudden and robust
increase in NMDA conductance, caused by the activation of extrasynaptic NMDA receptors
(where the clearance of glutamate is assumed to be slower), thus triggering an all-or-none
plateau potential as investigated in Trpevski et al., (2023).

The synaptic input to the neuron is provided through the activation of a cluster of synapses
at the indicated location in Fig. 2B, and gives the voltage and calcium responses in Fig. 2A.
Figure 2C shows the maximal amplitudes of the somatic voltage and of the NMDA and
L-type calcium signals in the dendritic spines, averaged over 10 trials and over 10 dendrites,
and shown for three different synaptic weights in the clusters. The “baseline” results in Fig.
2C are within the range of the initial synaptic weights of excitatory synapses in all remaining
figures in the article, and thus illustrate a possible initial situation before learning. Stronger
and weaker synapses require a smaller and a larger cluster to trigger a plateau potential,
respectively. In the simulation using “strengthened” synapses the synaptic weights in the
cluster are 40% greater than in the “baseline” case, and hence need fewer synapses to
trigger plateau potentials. Conversely, with weaker synapses where weights are 25% smaller
than the “baseline” case, more synapses are needed to evoke a plateau.

To summarize, the dSPN model exhibits the dendritic nonlinearities required for solving the
NFBP. If a cluster of strengthened synapses can reliably generate robust plateau potentials,
this increases the likelihood for somatic spiking compared to when a more gradual NMDA
dependent nonlinearity occurs in the dendrite. This also means that the neuron can reliably
spike following the activation of a set of synapses strengthened (see illustration in Fig. 1).
Conversely, a cluster of weakened synapses will most likely not generate plateau potentials,

      
                        

               



and thus the neuron will spike with much lower probability following activation of such a
cluster.

Figure 2: Characterization of dendritic plateau behavior in the model. A: Somatic voltage, spine voltage, NMDA calcium
([Ca]NMDA), and L-type calcium ([Ca]L-type) evoked by a cluster varying in size from 1 to 20 synapses. A plateau potential is
evoked after a threshold level of NMDA conductance is exceeded, here set at 10 synapses with a weight of 0.2 each
(corresponding to the “baseline” weights in C). The traces for spine voltage, [Ca]NMDA, and [Ca]L-type are averages over all
activated spines in the cluster.
B: Schematic of the neuron morphology with an arrow indicating the stimulated dendritic branch in A.
C: Maximal amplitude of the measures shown in A averaged over 10 dendritic locations. The curves represent clusters with
different synaptic weights: baseline (0.2), strengthened (0.28) and weakened weights (0.15). Somatic voltages higher than the
action potential threshold were set to -50 mV. A synaptic background noise is used in all simulations to elevate the membrane

potential to ranges seen in vivo (Reig and Silberberg, 2014).

      
                        

               



Characterization of the plasticity rule

To characterize the learning rule we start with a simple setup where three features (each
illustrating either a color or a shape) are distributed onto two dendritic branches, so that one
relevant and one irrelevant feature combination can be represented per dendrite (see Fig.
3A). Each feature is represented with 5 synapses, and we start with assuming that those
synapses are already organized in pre-existing clusters. In addition to background synaptic
noise inputs (compare Fig. 1), we also added 108 distributed glutamatergic synapses that
were activated together with all four stimuli, i.e. they were feature-unspecific. SPNs have a
very hyperpolarized resting potential, and the additional feature-unspecific synapses allow
the neurons to spike often enough in the beginning of the learning process so that a
dopamine feedback signal would be elicited and trigger learning in the activated synapses.
The neuron model was then activated with a sequence of feature combinations (960 here)
including equal amounts of relevant (i.e. ‘red strawberry’ and ‘yellow banana’) and irrelevant
feature combinations (i.e. ‘yellow strawberry’ and ‘red banana’). Thus, since the neuron
always spikes initially due to the feature unspecific synapses, dopamine peaks and
dopamine pauses arrive equally much. Fig. 3A shows an illustration of the setup. When the
neuron spikes for the relevant feature combinations, dopamine rewards are delivered,
triggering LTP in those active synapses with NMDA Ca levels within the LTP kernel, while
spiking for the irrelevant feature combinations elicits a dopamine pause as feedback, instead
triggering LTD as a function of L-type Ca. As learning progresses, the cell learns to respond
only to the relevant feature combinations (see example in Fig. 3B). Initially all four stimuli,
‘yellow banana’ and ‘red banana’ in dendrite 1, and ‘red strawberry’ and ‘yellow strawberry’
in dendrite 2, elicited robust supralinear responses (as they together reached the threshold
for glutamate spillover in our model). After learning the neuron could differentiate between
the two sets of stimuli. The relevant feature combinations associated with a reward
continued to provoke a plateau potential, eliciting somatic spiking. In contrast, the neuron's
response to irrelevant feature combinations was notably decreased following LTD in the
synapses on the dendrite where this feature is irrelevant.

Figure 3C shows the evolution of synaptic conductances during the learning process for
dendrite 1 (dendrite 2 is not shown, but has the same behavior). The synapses representing
the relevant feature combination in this dendrite (‘yellow’ and ‘banana’) are typically
strengthened, eventually encoding this stimulus robustly. Conversely, the synapses for the
feature ‘red’, activated during the irrelevant feature combination (‘red banana’) are all
weakened, making the dendrite only weakly responsive to this stimulus following learning.
Note that LTD also occurs in some of the synapses representing the features yellow as well
as ’banana’ as these features are also parts of the irrelevant stimuli (yellow strawberry and
‘red banana’, respectively). Nevertheless, the reward process still causes the remaining
yellow synapses to strengthen, albeit to a lower level than the synapses for the feature
‘banana’ due to the LTD that has occurred (when combined with strawberry). This is
because of the learning rule that successively slides the LTP NMDA Ca dependent plasticity
kernel over training (see Methods). This means that our learning rule tends to stabilize the
number of synapses that are needed to perform the task, but not necessarily all the
synapses carrying the relevant features. Depending on the initial local Ca response in the
synapse to relevant and irrelevant stimuli, individual synapses might either be preferentially
recruited into the LTP or LTD process.

      
                        

               



The NMDA calcium levels shown in Fig. 3D, left panel, shows examples on how the different
synapses stabilize at their particular conductances/weights (for three example synapses
marked with arrows in 3C). With repeated dopamine rewards, the metaplasticity kernel
moves towards lower calcium levels, while a dopamine pause moves the kernel to higher
calcium levels (i.e. it becomes easier for a synapse to strengthen for a slightly lower local
calcium level if a reward has been seen often and also if the synapse is not being activated
too often during reward omissions). Because the rate of metaplasticity kernel adaptation
towards higher calcium levels is faster when the neuron makes errors (omitted rewards) on
the NFBP, the kernels for all features move higher. This results in LTD in the ‘red’ synapses
on the dendrite, while LTP develops in most of the ‘yellow’ and ‘banana’ synapses in
dendrite 1. The upward shift in the kernel serves to prevent excessive strengthening in the
weakened 'red' synapses on dendrite 1 when rewards for ‘red strawberry’ arrive (due to
learning in dendrite 2), as they no longer fall within the optimal calcium range for LTP. In
contrast to this, most synapses for ‘yellow’ and ‘banana’ are strengthened initially, but as
their LTP kernels move downwards due to rewards and a sufficiently high NMDA calcium
locally, no further LTP occurs. This means that in our learning rule, synapses tend to stop
changing their weights when the neuron can perform the NFBP.

The feature-unspecific synapses exhibit different types of behaviors, which are primarily
determined by the initial positioning of their calcium levels with respect to the optimal
learning zone of the LTP plasticity kernel (Fig. 3C and 3D, right panels). The common trend
of gradual weakening of these synapses, triggered by co-activation with irrelevant stimuli
and subsequent dopaminergic pauses, is due to the metaplasticity kernel shifting away from
the calcium level necessary for LTP. This shift increases the likelihood of LTD (initially during
the training this occurs half of the time) This general weakening is exemplified by the purple
trace in the right panel of Fig. 3D.

However, not all feature-unspecific synapses follow this trend. Some synapses, like the one
depicted in blue, are situated close enough to the input clusters to experience increased
NMDA Ca levels, enabling them to strengthen their synaptic connections. Finally, there are
also a few feature-unspecific synapses that randomly happen to trigger calcium levels within
the optimal learning region of the LTP plasticity kernel, causing enhanced LTP at the
beginning (Fig. 3D, right panel, green trace). However, as the LTD amplitude is proportional
to the L-type calcium level, the LTD-drive eventually becomes too high, pushing the calcium
level below the LTP-kernel from which a period of LTD-only follows until synapses stabilize.
To summarize, initially all synapses, clustered and feature-unspecific, may experience some
LTP as dopamine rewards are delivered initially half of the time. However, as omitted
rewards occuring for irrelevant stimuli cause the LTP metaplasticity kernel to slide higher,
only clustered synapses signaling relevant feature combinations (and synapses close to
them), where supralinear voltage effects cause high NMDA calcium, remain in the optimal
learning region of the LTP kernel and a few undergo LTP before stabilizing. Note that
learning is always “on”, i.e. weight updates happen for each training example, meaning that
there are no separate training and testing phases. The reason why synapse weights stop
changing and stabilize is because the neuron performance improves so fewer and fewer
omitted rewards occur (and this halts the LTD process) while at the same time the LTP
kernel slides downwards when the neuron responds correctly most of the time and thus
receives a reward (and this halts the LTP process).

      
                        

               



Figure 3: Example of setup and learning-induced synaptic plasticity A: Illustration of input configuration.
Upper panel shows the arrangement of the features in two dendrites. Each dendrite has synaptic clusters for
three features allowing the representation of each of the four feature combinations if seen from the whole
neuron's perspective. Also, the feature combinations allow for only one relevant feature combination per dendrite.
The middle panel illustrates the stimulation protocol used in the simulation where stimuli presentation is followed
by a dopaminergic feedback signal only if the neuron spikes. The two features representing a stimulus are active
within 20 ms, and dopamine feedback, lasting for 50 ms, is delivered 300 ms after the beginning of the stimulus.
Two stimuli are spaced 800 ms apart, to allow for the calcium dynamics to reach baseline levels. The bottom
panel illustrates the stimulus sequence over the full learning task: all stimuli are equally present in a sequence of
12 stimuli.
B: Example voltage in the soma and the two dendrites before and after learning. Each dendrite stops responding
to the irrelevant feature represented by its synaptic clusters.
C: Evolution of synaptic conductances throughout learning. The left panel shows the conductances of the
clustered synapses in one of the dendrites (dendrite 1, d1). B, Y and R stand for ‘banana’, ‘yellow’ and ‘red’,
respectively. The right panel shows the distributed feature-unspecific synapses. The initial synaptic conductances
are set to 0.25 0.05 (around 0.625 nS) . The purple trace exemplifies a synapse that is weakened, while the±
green and blue traces exemplify synapses that are close to the clusters (blue) or by chance (green) have a
sufficiently high local NMDA calcium level for LTP to dominate.
D: Peak calcium (dots) and plasticity kernel dynamics (solid lines) during learning. The left panel shows the
NMDA calcium of a single ‘banana’ and a single ‘yellow’ synapse that undergo LTP as well as for a single red
feature synapse undergoing LTD in dendrite 1 (marked with arrows in the left panel in C). The right panel shows
the NMDA calcium for the feature-unspecific synapses identified in the right panel of C.

Characterization of input combinations that can be learned
After showing that the SPN can learn to separate relevant from irrelevant stimuli in the single
example in Fig. 3, we next generalized the setup by giving different innervations of the four
features to the two dendrites and recorded the performance of the SPN on the NFBP as
learning progressed. Out of all possible feature innervations to two dendrites, we used only
the innervations containing both relevant feature combinations arranged at least one per
dendrite, as these are the cases with enough feature innervation to possibly solve the NFBP
(for an illustration see Fig. 4A). We then estimated how the performance developed over

      
                        

               



training, i.e. whether the SPN spiked for the right feature combinations and was silent for the
irrelevant ones. Performance of 100% indicates that the neuron spikes only for the relevant
stimuli and is silent for the irrelevant stimuli. Performance of 50% can indicate two situations:
i) either the neuron spikes for all four stimuli, or ii) is silent for all four stimuli. Performance of
75% indicates spiking behavior between the following two cases: i) the SPN spikes for only
one of the relevant feature combinations, remaining silent for the other three, or ii) it is silent
for one of the irrelevant feature combinations while spiking for the other three. In this study
we consider the NFBP solved when the performance is greater than 87.5%, exemplified by
the situation where the SPN always spikes for one relevant stimulus, and at least half of the
time for the other relevant stimulus, while remaining silent for the irrelevant stimuli.
In the cases with two or three features innervating one dendrite (where one relevant feature
combination is present per dendrite) the mean performance is above 90%, indicating that
both stimuli are learned (Fig. 4B, purple traces). In the cases when all four features can
innervate at least one of the dendrites, typically only one relevant feature combination (i.e.
‘red strawberry’ or ‘yellow banana’) could be correctly learned (Fig. 4B, light blue traces). In
this case the same feature combination is usually encoded in both dendrites. In Fig. 4C the
performance over the last 160 training examples of the simulation is shown, for each of the
four stimuli separately. Fig. 4C1 shows the performance for the purple traces in Fig. 4B, while
Fig. 4C2 shows the same for the light blue traces in Fig. 4B. This illustrates that for the purple
traces in Fig. 4B, the NFBP is solved by the neuron, and the mistakes are usually made by
firing for some of the irrelevant feature combinations. For the light blue traces in Fig. 4B, the
NFBP is usually not solved, with somatic spiking for the relevant stimuli occurring only
around 75% of the time. Additionally, spiking for the irrelevant stimuli is increased.

Optimal learning is achieved at intermediate distances from soma
through excitatory plasticity
We also investigated the impact of synaptic positioning on learning (Fig. 4 D) when using
the same settings as in Fig. 3, but varying dendritic locations. Our results predict that the
best performance on the NFBP is obtained with synaptic clusters positioned at intermediate
somatic distances from the soma (Fig. 4E). From Fig. 4E one can infer that after learning the
proximal synapses have actually decreased when trained on the NFBP as the performance
is around 50%. The neuron stays silent for the irrelevant feature combinations (blue dots),
which is the correct response, but also the neuron can’t respond to the relevant feature
combinations (red dots). For successively more distal synapses the performance increases
and then slightly decreases for the most distal clusters that sometimes fail to evoke somatic
spiking for the correct feature combinations (red dots). This result can be conceptually
explained in the following way. The electrotonic properties of dendrites dictate that synapses
near the soma, in the most proximal regions, are less capable of inducing supralinear
potentiation underlying plateau potentials (Du et al., 2017). This is due to the soma acting as
a current sink, resulting in smaller localized voltage changes (and hence a lower input
resistance in accordance with Ohm’s law). Consequently, these synapses cannot easily
evoke dendritic nonlinearities necessary for solving the NFBP, and hence the performance
with proximal clusters is low for NFBP. Note that in our simulations we allow glutamatergic
synapses on spines quite close to the soma, although SPN dendritic spines are relatively
rare at more proximal distances than 40-50 𝜇m from the soma (Wilson et al., 1983).

      
                        

               



In contrast, the most distal dendritic regions are electrically more isolated and have a higher
local input resistance, enabling larger voltage changes locally and thus also higher local
calcium concentrations when synapses are activated in our model. This allows even a small
number of active synapses to generate local supralinear NMDA-dependent responses. Such
ease of elevating the local calcium, seems advantageous, but in fact results in decreased
performance on the NFBP for the following reasons. In the distal synaptic clusters related to
irrelevant stimuli, local calcium levels might stay in the optimal learning region of the LTP
kernel despite omitted rewards occurring regularly and thus the weakening of the synapses
takes longer. This causes increased somatic stimulation for irrelevant stimuli, sometimes
leading to spiking over a longer period during the training. In addition, distally evoked
dendritic signals, including plateau potentials from strengthened synaptic clusters, naturally
attenuate more before they reach the soma, and sometimes fail to elicit somatic spiking. As
a consequence, compared to more optimally placed clusters, the proportion of negative
feedback signals is increased and that of positive feedback is decreased. The altered
feedback results in a decreased capacity to selectively reinforce the active synapses to only
relevant stimuli and weaken synapses activated with irrelevant stimuli.

The ideal learning zone for NFBP in our simulations thus lies at an intermediate somatic
distance, roughly 100-150 µm from the soma, where synapses can effectively contribute to
learning the NFBP (Fig. 4 E). In this zone synaptic changes are more likely to impact the
neuron's firing probability as the dendritic plateau potential at this location causes a larger
elevation of the somatic potential, and thus synapses at this distance benefit more from the
dopamine feedback loop. Note that the prediction that proximal and very distal synapses are
less likely to contribute to the solving of the NFBP doesn’t imply they are not important for
more ‘linear’ learning contexts. For instance, if we had trained the neuron to only respond to
one single stimulus, such as ‘red strawberry’, both proximal and very distal synapses
representing that stimulus would of course be able to both strengthen or weaken as well as
contribute to spiking of the neuron following learning.

      
                        

               



Figure 4: Impact of feature combinations and synaptic cluster locations on NFBP learning performance
A-C: NFBP configurational analysis. Configurations are categorized based on the number of features per
dendrite, those with two or three features (purple traces) and those with all four features on at least one dendrite
(light blue traces).
A: Illustration of the setup of the task where two, three or four features are given in two dendritic locations.
B: Performance trajectories for the combinatorial task illustrated in A. Traces of the performance of the model
over time for 31 unique feature configurations. Light blue lines show combinations with four features in at least
one dendrite, while purple lines show input with maximally 3 input in the local dendritic branches. Right-side
histograms display the distribution of the end performance.
C: Outcome results split on stimuli for configurations where maximally three features in one dendritic location (C1)
or at least one dendrite has all four features present in a single dendrite (C2).
D and E: End performance in a three-feature configuration as a function of cluster location. D illustrates the
location of the inputs, and E shows end performance in the three-pattern configuration as a function of somatic
distance of the synapse clusters. Initial synaptic weight is 0.25 ± 0.05 in all the simulation experiments.

The possible role of inhibitory plasticity in learning
In our initial simulations we assumed that only the excitatory synapses could undergo
plasticity during learning, and we identified two critical observations that highlight possible
areas for improvement. The first is a vulnerability to noise, which resulted in a performance
around 90 percent, as illustrated in Fig. 4B. The second is decrease in performance
observed across very distal synapses, as detailed in Fig. 4E. These findings prompted us to
explore the potential role of inhibitory synapses in addressing these challenges.

      
                        

               



We therefore developed a phenomenological inhibitory plasticity rule to enhance dendritic
nonlinearities (detailed in the Methods section). The rule is designed to compartmentalize a
dendrite so that it mostly responds to excitatory inputs that cause the strongest dendritic
activation. It achieves this by weakening inhibitory connections at highly active excitatory
synapses based on the local increase in voltage-dependent calcium, reinforcing their
dominance, and strengthening them where excitatory activity is lower (and thus as well local
calcium concentration, see Methods for details).

To demonstrate our inhibitory plasticity rule, we use the same excitatory synapse setup as in
Fig. 4 to which we add four inhibitory synapses near each cluster in the middle of the
dendritic branch, representing each of the four features (Fig. 5A). Thus, a single feature
activates both the excitatory and inhibitory synapses. To achieve a level of depolarization
and spike probability comparable to that in our excitatory-only setup, we increased the
distributed synaptic input from 108 to 144. Alongside this, we began with low inhibitory
synaptic weights. This was key to maintaining higher baseline activity in our model as
starting with strong inhibitory weights could excessively suppress excitatory activity as e.g.
inhibitory inputs close to clustered synapses effectively can counteract the NMDA-dependent
nonlinearities (Doron et al., 2017; Du et al., 2017; Dorman, Jędrzejewska-Szmek and
Blackwell, 2018). This setup ensured that we could clearly observe how learning modified
synaptic connections without initial excessive inhibition preventing the dendritic nonlinearities
initially.

As in the example in Fig. 3, the conductances of the excitatory inputs representing 'yellow’
and ‘banana' increase to cluster the 'yellow banana' pairing, while the weights of synapses
representing the feature ‘red’ decrease (Fig. 5D, left panel). Conversely, the inhibitory
synapses associated with the 'yellow' and 'banana' features, linked to excitatory synapses,
are instead further weakened, while those linked to 'red' and 'strawberry' features in the
same compartment are strengthened (Fig. 5D, right panel). This outcome of the inhibitory
plasticity rule effectively prevents the 'red banana' and 'yellow strawberry' stimuli from
triggering spikes due to the excitatory inputs to this particular dendrite, thereby
compartmentalizing dendrite 1 to be responsive to mainly 'yellow banana'.

We also show the dynamics of peak calcium levels associated with both excitatory and
inhibitory synapses for each task (Fig. 5E). For excitatory synapses, for which strengthening
NMDA calcium influx is a key factor, the patterns in peak calcium levels behave as in the
example in Fig. 3D (Fig. 5E, right panel). On the inhibitory side, the peak calcium levels,
influenced by voltage-gated calcium channels as shown in the right panel of Fig. 5E,
displayed different behavior, resulting from the inhibitory plasticity rule. The threshold levels
of calcium for inhibitory synapses followed the highest excitatory synaptic activity, which in
our task corresponded to the 'yellow banana' input. Conversely, the minimum threshold level
was able to surpass all other synaptic activities, effectively designating it for 'yellow banana'
only.

We also compared the performance for different feature configurations with added inhibitory
synapses to the results for the excitatory-only setup from Fig. 4B. The results show not only
that learning with inhibitory plasticity is faster, i.e. requires less training examples, but also
achieves high performance, nearing 100%. This demonstrates the potential impact of

      
                        

               



inhibitory synapses in enhancing learning capabilities, as well as in performing the NFBP
computation (Fig. 5B).

Inhibitory plasticity additionally produced a marked improvement in performance when the
location of the synaptic clusters was varied, especially prominent at very distal locations (Fig.
5C). Incorporating inhibitory plasticity allows for more rapid, robust, and accurate learning.
Unlike excitatory plasticity, which relies on dopaminergic feedback signals, our inhibitory
plasticity model follows a passive rule that just aligns with the local excitatory activity. It
reinforces the most active excitatory synapses within a dendritic branch by decreasing the
inhibitory synapses corresponding to the same features there, and conversely, it strengthens
inhibitory synapses for features for which excitatory activity is less prominent. This
'winner-takes-all' strategy not only accelerated the learning process by requiring fewer
training examples but also enhanced performance consistency across different dendritic
locations, including the distal regions where excitatory-only models faltered to some extent
when challenged with the NFBP. The inhibitory rule's ability to function without dopaminergic
feedback streamlines the learning process, leading to higher accuracy and a more stable
and robust set of synaptic modifications, regardless of the synaptic cluster's position along
the dendrite. This demonstrates the influence inhibitory synapses could potentially exert in
fine-tuning dendritic responsiveness and refining the neuronal circuitry critical for learning.

      
                        

               



Figure 5: Effects of inhibitory inputs on performance
A: Dendritic input configuration with inhibitory synapses added. Illustrations depict two dendritic branches, each with synaptic
connections from three excitatory and four inhibitory features, but the general setup is the same as in Fig. 4.
B: Displays average performance for configurations with varying pattern configurations as a comparison between the setup with
(orange) and without inhibitory plasticity (blue).
C: Shows task-specific performances for dendritic locations of the clustered synapses, with individual dots and curves
representing fitted performance curves with (solid) and without plastic inhibition (dashed).
D: Synaptic conductance changes during learning. Left panel shows excitatory synaptic conductances in dendrite 1 during
learning. The right panel shows the inhibitory synaptic conductances. B, Y, R and S stands for ‘banana’, ‘yellow’, ‘red’ and
‘strawberry’.
E: Peak calcium (dots) and plasticity thresholds dynamics (lines) over the learning. The left panel shows examples of the
postsynaptic calcium amplitude of the clustered spines in dendrite 1 (marked with arrows on the left panel in D). The right panel
tracks calcium levels at inhibitory synapses. The Upper threshold (Tmax) captures peak calcium levels while the lower threshold
(Tmin) identifies the next highest. Stability achieved at both thresholds enhances contrast between the activity levels and makes
the dendrites respond preferentially to one relevant feature combination at that dendritic site.

Dendritic Branch Plasticity and Synaptic Learning – Investigating the
Role of Randomly Distributing Excitatory and Inhibitory Synapses on the
Dendrites
We finally challenged our plasticity rule by relaxing the assumption that single features are
represented by pre-clustered synapses on specific dendritic branches. The synaptic
plasticity rule was therefore investigated by randomly distributing 200 excitatory synapses
signaling the different features across 30 dendrites. Each feature was represented by 40
excitatory synapses and an additional 40 feature-unspecific excitatory synapses were used.
Figure 6A illustrates the setup and exemplifies the pre- and post-learning synaptic weights
for both excitatory and inhibitory synapses. Our objective was to examine the learning
dynamics in the absence of assumed synaptic clustering and to determine the capability of
the single neuron to learn the NFBP. We initiated the experiment with synaptic conductance
set to 0.3 ± 0.1 (around 0.75 nS), focusing first on purely excitatory synapses. This higher
initial weight and increased variance, compared to the initial weights of 0.25 ± 0.05 (around
0.75 nS) with clustered synapses, were chosen to compensate for the reduced efficacy of

      
                        

               



non-clustered synaptic inputs in producing sufficient depolarization and calcium influx,
essential for effective learning and synaptic plasticity.

Figure 6B (right panel) shows limited learning capacity on the NFBP, which corresponded
with our hypothesis: that without clustering-induced supralinearities due to spillover in the
dendrites, distributed synapses would be too weak to trigger high enough differences in local
calcium levels for separating the correct and incorrect feature combinations. To confirm that
the lack of dendritic nonlinearities is the cause for not learning the NFBP, we extended this
concept by introducing a hypothetical branch-specific spillover mechanism assuming that
spillover occurs if synapses are on the same dendritic branch. This hypothetical construct
assumes that concurrent activation of a critical mass of co-activated synapses in a single
dendritic branch would trigger both plateau potentials and a significant rise in calcium levels
despite that the synapses are not spatially pre-clustered, endowing the dendrites with
supralinear responses even without closely clustered synapses. We also tested a more
gradual spillover model proposing that each synapse could contribute incrementally to a
cumulative spillover effect, instead of using a sharp glutamate threshold (see Trpevski et al,
2023). This modification provided a reduced level of nonlinearity compared to the
branch-specific spillover model but still led to an increase in learning effectiveness. As
shown in Fig. 6B, adding the hypothetical nonlinearities to the model increases the
performance towards solving part of the NFBP, i.e. learning to respond to one relevant
feature combination only. The performance increases with the amount of nonlinearity.

We next extended our investigation by including 60 inhibitory synapses, 15 for each feature,
dispersed randomly over the 30 dendrites. Performance improved with the introduction of
these additional nonlinearities, especially in combination with the branch-specific spillover
mechanisms. This finding emphasizes the importance of dendritic branch plasticity and
calcium nonlinearity in coordinating synaptic modifications for both excitatory and inhibitory
inputs. In Fig. 6C, we report that a subset of neurons (5 out of 31) successfully solved the
NFBP (reaching a performance of at least 87.5%).

For a more granular analysis of the successful cases, we selected an example that learned
the NFBP. In Fig. 6D, we show the somatic and dendritic voltages for four dendritic branches
where we found successful encodings of the relevant stimuli. The voltage traces show the
somatic and dendritic responses to all four stimuli after learning. For each dendrite we also
estimated the cumulative synaptic conductances for both excitatory and inhibitory synapses
at the dendritic branch midpoint. Notably, in dendrites numbered 1 and 4, we observed an
enhancement of excitatory inputs for the 'yellow banana' pattern and inhibitory inputs for the
'red strawberry' pattern. Conversely, dendrites 2 and 3 displayed the opposite arrangement.

These results show that for an adequate random innervation of distributed synapses, where
the necessary features for a relevant stimulus innervate the same dendritic branch with
enough synapses, that stimulus can be stored on that dendrite. In this way, the NFBP can
also be learned if the two relevant stimuli are encoded on different dendrites and each of
them can trigger a supralinear dendritic response. Since on average the two features
representing a relevant stimulus do not innervate a single dendrite with enough synapses,
the stimulus is not stored in a single dendrite, but is distributed across the dendritic tree. And
since distributed synapses summate more linearly at the soma, only one of the relevant
stimuli can be typically encoded by the dendritic tree.

      
                        

               



Figure 6: Performance analysis of learning using distributed synaptic inputs
A: Example illustration of synaptic distribution before (top) and after learning (bottom) of the 200 excitatory and 60 inhibitory
inputs.
B: Learning performance with two spillover models, branch-specific thresholded and accumulative, without (left) and with
plasticity of inhibitory synapses (right).
C: Performance trends of 31 distributions with branch-specific thresholded spillover and inhibitory plasticity.
D: Example of summed synaptic conductances (left) and voltage (right) in the soma, and four example dendrites (d1-d4) of one
model following successful learning of the NFBP. The sums of both excitatory (Ex) and inhibitory (Inh) inputs are shown.

Discussion
In this article we studied whether single neurons can solve linearly non-separable
computational tasks, represented by the NFBP, by using a biophysically detailed
multicompartment dSPN model. Based on the synaptic machinery of corticostriatal synapses
onto dSPNs, we propose a learning rule that uses local synaptic calcium concentration and
dopamine feedback signals: rewards for relevant stimuli and omitted rewards for irrelevant
stimuli. Assuming first that single features in the NFBP are represented by clustered
synapses, we show that the learning rule can solve the NFBP by strengthening (or
stabilizing) synaptic clusters for relevant stimuli and weakening clusters for the irrelevant
stimuli. The feature combinations for the relevant stimuli, stored in strengthened synaptic
clusters, trigger supralinear dendritic responses in the form of plateau potentials, which is an
important ingredient for the solution of the NFBP, as plateaus significantly increase the
likelihood of neuronal spiking in SPNs in a robust way (Du et al., 2017).

      
                        

               



The location of the synaptic clusters along the dendrites influenced the performance on the
NFBP. In our model the region for optimal performance was 100-150 𝜇m away from the
soma, at about the same distance as where the somatic depolarization and induced spike
probability, following activation of clustered input, is largest in an older version of the model
(Lindroos and Hellgren Kotaleski, 2021). Clusters placed further away produce smaller
somatic depolarizations, due to dendritic filtering (Major et al., 2008), and as a consequence
does not control the likelihood of somatic spiking as decisively. As the supralinear response
is necessary for discriminating the relevant from the irrelevant stimuli, the performance with
distally placed clusters decreases somewhat.

We further verified that supralinear dendritic responses were necessary to solve the NFBP
by using randomly distributed synapses instead of clustered for each feature. In this
scenario, only one relevant stimulus is sometimes learned in a dendritic branch by the
randomly distributed synapses. The random setup was tested with two glutamate spillover
models: The first model assumed that thresholded glutamate spillover is branch-specific,
building on the notion that the single branch act as a single computational unit (Losonczy
and Magee, 2006; Branco and Häusser, 2010). The second assumed that spillover is
accumulative (Trpevski et al., 2023). Both spillover versions increase the performance of our
neuron model, further certifying the necessity of supralinear responses for solving the NFBP.
In the real dendritic branches, however, also diffusion of signaling molecules within the
branch likely contributes significantly both to the plasticity in already existing synapses as
well as to local structural plasticity, both of which could increase branch specific
supralinearities.

By using a phenomenological inhibitory plasticity rule based on the BCM formalism
(Bienenstock, Cooper and Munro, 1982), we also show that inhibitory synapses can
significantly improve performance on the NFBP. This is in line with earlier theoretical studies
where negative synaptic weights were required to solve the NFBP (Schiess, Urbanczik and
Senn, 2016). In our setup with pre-existing synaptic clusters, inhibitory synapses made
learning faster and increased performance by inhibiting supralinear NMDA responses for the
irrelevant stimuli. This was specifically true in distal dendrites where the input impedance is
higher (Branco, Clark and Häusser, 2010). The threshold for plateau initiation is also lower in
distal dendrites compared to proximal (Losonczy and Magee, 2006) which likely will further
extend the influence of inhibition in this region (Doron et al., 2017; Du et al., 2017). Similarly,
in the scenario with distributed synapses, inhibition enables one of the relevant stimuli to be
reliably encoded in the dendritic branch by strengthening the inhibitory synapses for features
different from those of the encoded stimulus. Together, it therefore seems like inhibition not
only has a role in learning (Chen et al., 2015; Cichon and Gan, 2015), but also improves the
ability of the neuron to discriminate between stimuli with shared features.

Although our learning rule only occasionally solves the NFBP when used with randomly
distributed synapses , it can always learn to perform a linearly separable task, such as
learning to respond to only one relevant stimulus (such as red strawberry). Moreover, the
learning rule is general enough so that in addition to the feature-specific inputs related to the
task, it can handle feature-unspecific inputs that might or might not be related to the NFBP.
Finally, the learning rule is always “on”, continuously updating synapses with each stimulus
presentation, which is a more realistic mechanism compared to using separate training and

      
                        

               



testing phases as in the field of machine learning. The synaptic weights automatically
stabilize in the model when the performance improves. That is, rewards are then seen very
regularly as the neuron has learned to spike for the relevant stimuli, while omitted rewards
seldomly occur as the neuron stays silent when the irrelevant stimuli are provided.

When formulating the learning rule in this article, our goal was to base it on what is known
regarding the synaptic machinery in corticostriatal synapses. This implied that the learning
rule is based on the local calcium activity and on dopamine signals. Feedback from the
dopamine system can also be viewed as an innate, evolutionarily encoded “supervisor”,
which instructs neurons which feature combinations are beneficial and which ones should be
avoided. However, in our case we do not use additional excitation to promote somatic
spiking for only the relevant feature combinations, and in that sense the learning rule does
not require a supervised learning paradigm. Since the SPNs rest at very hyperpolarized
membrane potential, our setup includes distributed excitatory inputs which are
feature-unspecific in order to make sure that the neuron spikes for all stimuli, especially at
the beginning of training. These additional inputs are on average weakened as learning
progresses (as they are activated for all stimuli and thus often receive negative feedback).
That general or noisy inputs are reduced during learning is in line with the observed
reduction of execution-variability during motor-learning as a novice becomes an expert
(Kawai et al., 2015). Also, the underlying neuronal representation of corticostriatal synapses
undergo a similar change during learning (Santos et al., 2015).

Since each synapse has its own calcium response, it is important for the learning rule to be
able to follow individual synaptic activities. The LTP plasticity kernel in our model is for this
reason itself plastic, meaning that it changes its calcium dependence as a function of the
history of reward and punishment. This setup helps the model separate clustered synaptic
input from the feature-unspecific input at the beginning of training, as only clustered
synapses will see enough calcium to fall within the plastic range. We further use an
asymmetric metaplasticity rule, where negative feedback causes a larger shift of the LTP
kernel than a positive. This was necessary in order to stop LTP in synapses participating in
LTD. Similarly to the classical loss-aversion tendency described in economic decision theory
(Kahneman and Tversky, 1979), the model hence predicts that negative feedback will have a
bigger impact in changing a well learned behavior on the single cell level than a positive
feedback. Dopamine signaling has also been linked as a neural substrate to the decision
making theory mentioned above (Stauffer et al., 2016).

It is not known whether single neurons solve the NFBP or other linearly non-separable tasks.
However, many brain nuclei receive convergent inputs from numerous other brain nuclei,
acting as integratory hubs (van den Heuvel and Sporns, 2013). Since feature binding
evidently occurs in the brain, and functional clusters for single features such as visual
stimulus orientation, receptive fields, color, or sound intensity exist on single neurons (Chen
et al., 2011; Wilson et al., 2016; Iacaruso, Gasler and Hofer, 2017; Scholl, Wilson and
Fitzpatrick, 2017; Ju et al., 2020), it is possible that the NFBP is a relevant task for neurons
to solve. How brain regions with different synaptic machinery than the striatal dSPN might
solve the NFBP remains a question, and reliance on other neuromodulatory signals may be
part of the answer. For example, in the striatum, the indirect pathway SPNs (iSPN) have
analogous synaptic machinery to the one in dSPNs, requiring calcium influx from the same
sources for LTP and LTD, but are differently responsive to dopamine (Shen et al., 2008). In

      
                        

               



iSPNs a dopaminergic pause, together with a peak in adenosine, is required to trigger LTP,
whereas a dopamine peak without peaks in adenosine rather promotes LTD (Shen et al.,
2008; Nair et al., 2015). Therefore, we expect that an analogously formulated learning rule
will also solve the NFBP in iSPNs, activating them for irrelevant feature combinations to e.g.
suppress movement, and suppressing their activity for relevant feature combinations to
facilitate movement. In addition, LTP in dSPNs might require co-activation of other
neuromodulatory systems, such as a coincident acetylcholine pause with the dopamine
peak, which we have not explicitly included in the model (Nair et al., 2015; Bruce et al.,
2019; Reynolds et al., 2022).

Method
In this paper we introduce a local, calcium- and reward-based synaptic learning rule,
constrained by experimental findings, to investigate learning in SPNs. The learning rule
operates based on the local calcium concentration in conjunction with plateau potentials and
other dendritic nonlinearities and shows that such events enable learning of the nonlinear
feature binding problem (NFBP). The learning rule is embedded in a biophysically detailed
model of a dSPN built and simulated in the NEURON software, v8.2 (Carnevale et al., 2006).
Here we will focus on the setup of the learning rule and only give a short summary of the
neuron and synapse models, focusing on changes compared to previously published
versions. For a detailed description of the neuron model setup, see Lindroos et al., (2018),
Lindroos & Hellgren Kotaleski, (2021), and Trpevski et al., (2023).

Neuron model
In short, the dSPN model used here was sourced from a collection of biophysically detailed
models, including a reconstructed morphology and all of the most influential ion channels,
including six calcium channels, each with its own voltage dependence and dendritic
distribution (Lindroos and Hellgren Kotaleski, 2021). In accordance with Trpevski et al.,
(2023), the model was further extended with synaptic spines on selected dendrites. Each
spine was modeled as two additional compartments consisting of a neck and a head region,
and contains voltage-gated calcium channels of types R (Cav2.3), T (Cav3.2 and Cav3.3),
and L (Cav1.2 and Cav1.3); the addition of explicit spines did not change the basic behavior
of the model, such as the response to current injections, etc.

Calcium sources used in learning
The intracellular calcium concentration is separated into distinct pools that are used during
the learning process. For learning in glutamatergic synapses, one pool for NMDA-evoked
calcium concentration ([Ca]NMDA) is used, and another for L-type calcium concentration
([Ca]L-type), to reflect the different synaptic plasticity responses of the SPN's biochemical
machinery to these two calcium sources in the corticostriatal synapse (Shen et al., 2008;
Fino et al., 2010; Plotkin et al., 2013). Both pools are based on the calcium influx from the
corresponding source (NMDA and the L-type channels Cav1.2 and Cav1.3, respectively).
Similarly a third pool, used for inhibitory plasticity, collects the current from all voltage
dependent Ca channels (T-, R-, L- and N-type, [Ca]V). All pools include extrusion
mechanisms in the form of a calcium pump as well as a one-dimensional time-decay. The
calcium pump follows the implementation in Wolf et al., (2005). The parameters for the

      
                        

               



[Ca]NMDA model were manually tuned to match the quantities reported in Dorman et al.,
(2018). The voltage gated calcium channel conductances in the spines were also manually
tuned to match the relative calcium proportions in Carter and Sabatini, (2004) and Higley
and Sabatini, (2010), as well as the calcium amplitudes due to stimulation with
backpropagating action potentials (Shindou, Ochi-Shindou and Wickens, 2011). Spatial
diffusion was not included in the present model.

Glutamatergic synaptic input
In our study, we used a synaptic model that includes both AMPA and NMDA conductances
activated on spines. Additionally, we considered extrasynaptic NMDA conductances on
dendritic shafts directly under the spines to account for glutamate spillover if the synapses
were sufficiently stimulated and spatially clustered. Spillover has been shown to be important
for generating robust all-or-none dendritic plateaus (Trpevski et al., 2023).
The conductance of extrasynaptic NMDARs during spillover matches their synaptic
counterparts. Glutamate spillover in a set of clustered synapses occurs in the model if a
glutamate threshold is met, and in that case a presynaptic spike also activates the
corresponding extrasynaptic NMDA conductance (Trpevski et al., 2023). The threshold
mechanism involves summing the synaptic weights for each NMDA synapse activated in the
cluster, and checking whether their sum is greater than a threshold level. The synaptic
weight is represented by a weight parameter (w) which scales the maximal conductance of
the synapse (the change of the weights are described by Eq. 1-3). We exemplify this with the
equation for calculating the NMDA current INMDA:

𝐼
𝑁𝑀𝐷𝐴

(𝑡) =  𝑔
𝑠𝑦𝑛

(𝑡)(𝑉(𝑡) − 𝐸
𝑁𝑀𝐷𝐴

);  𝑔
𝑠𝑦𝑛

(𝑡) = 𝑤𝑔
𝑚𝑎𝑥

𝑔(𝑡)

where V(t) is the membrane voltage, ENMDA is the reversal potential of the NMDA synapse,
gsyn is the NMDA conductance which has a time varying part, ranging from 0 to 1, scaled by
a fixed part comprised of the maximal NMDA conductance and the synaptic weight. In our
simulations a cluster needs to reach a summed weight of 2 to reach the glutamate threshold
for spillover, at which point the extrasynaptic NMDARs are activated. This is modeled in
NEURON by summing the NMDA synaptic weights upon each spike arrival, with the sum
normalized so that e.g. ten synapses of 0.2 weight reach the threshold. An integrate-and-fire
cell in NEURON generates a spike to extrasynaptic NMDARs when this threshold is met.
This model allows for fewer synapses to reach the threshold as synaptic weight increases, a
phenomenon linked to LTP and enhanced glutamate spillover due to astroglial process
withdrawal (Henneberger et al., 2020).

Extrasynaptic NMDA synapses were not included for feature-unspecific (non-clustered)
synapses although we explored the role of a potential branch-specific spillover mechanism,
where non-clustered synapses localized on the same branch still could interact through
spillover mechanisms, either assuming thresholded or accumulative spillover as detailed in
Trpevski et al., (2023). The AMPA and NMDA synapse models were taken from Gao et al.,
(2021) and are a variation of the saturating synapse models in Destexhe et al., (1994). See
Trpevski et al., (2023) for a detailed description of how the synaptic input was set for the
SPN model.

      
                        

               



Learning rule

Excitatory synaptic plasticity
The learning rule is based on experimental findings showing that striatal LTP depends on
NMDA-channel activation and the presence of dopamine, while LTD is dependent on
activation of the L-type Ca channel Cav1.3 and the mGluR5 receptor in the absence of
dopamine (low dopaminergic tone) (Shen et al., 2008; Fino et al., 2010; Plotkin et al., 2013;
Yagishita et al., 2014; Fisher et al., 2017; Shindou et al., 2019). Under basal dopamine
levels, no significant synaptic plasticity is assumed to occur. The rule describes a
reward-based learning scheme in which a dopamine peak increases the synaptic weight
based on one function (plasticity kernel) while a dopamine pause decreases the weights
based on another function. Hence, dopamine acts as a switch selecting which of the LTP or
LTD pathways should be activated (as illustrated in Fig. 1D). The plasticity kernels for LTP
and LTD depend on NMDA calcium and L-type calcium, respectively, and are described
below.

LTP

The LTP process is triggered by increased dopamine levels and is based on calcium influx
through the NMDA channel. Here the synaptic strength is updated based on a sliding
bell-shaped kernel in such a way that the maximal increase is obtained for peak calcium
levels close to the kernel midpoint, while higher or lower peak calcium levels result in a
smaller increase. This sets an upper limit on the synaptic strength and guarantees that the
weights will not grow beyond a certain limit (Zenke and Gerstner, 2017; Zenke, Gerstner and
Ganguli, 2017). Since each synapse has its own calcium level, the sliding of the bell-shaped
kernel enables the precise tuning of each synaptic weight separately (see Fig. 7A for an
illustration).
Mathematically, the bell-shaped kernel for the LTP process is represented by the derivative
of the sigmoid function (Eqs. 1 and 2) with a slope that can be adjusted through the β
parameter. The LTP learning rule (Eq. 3) describes the increase in synaptic weight (w) of the
inputs, as a function of peak calcium level ([Ca]NMDA), the learning rate (η1), and the midpoint
(θltp) and slope of the sigmoid curve (β1).

Eq. 1

Eq. 2

Eq. 3

LTD

The LTD process is triggered by a dopamine pause and is dependent on L-type calcium. The
LTD plasticity rule (Eq. 4), describes a threshold level of the calcium level necessary for LTD

      
                        

               



to occur (Shindou, Ochi-Shindou and Wickens, 2011), after which the decrease in synaptic
weight is linearly proportional to the amplitude of the peak calcium level, and is scaled by the
learning rate (η2, see left panel of Fig. 7B for an illustration). The peak calcium threshold is
implemented with a sigmoid function, whose slope parameter, β2, was set to a high-value to
make the curve resemble a step function. The midpoint, θltp, of the LTP kernel was also
increased during LTD, as described in the next section (Fig. 7B right panel).

Eq. 4

Metaplasticity
Metaplasticity is a form of regulatory mechanism changing the state of the synapses in such
a way as to influence subsequent learning. In our model we implemented this as a
reward-history-dependent change of the location of the calcium range over which the LTP
kernel was operating - a pause in dopamine triggered a shift towards higher calcium
concentrations while a peak in dopamine pushed the LTP kernel in the opposite direction.
The metaplasticity was also implemented using a kernel with the same midpoint as the LTP
kernel, but with a wider calcium dependence. Together the setup with the two dynamically
moving kernels allowed for a wide range of calcium levels to induce plasticity. This setup
typically gave rise to a few characteristic situations:

1. For peaks in dopamine (see Fig. 7C for an illustration),
a. In synapses with low calcium levels, the kernel will be shifted closer to the

observed level and thereby eventually enable LTP in synapses that are
regularly activated during rewards, despite that they initially don’t generate big
changes in calcium.

b. In synapses with already high calcium levels, the kernel will be shifted away
from the observed level, and thereby protect the neuron from excessive LTP
and instead stabilize the weight (as illustrated with the red circle moving to the
blue one in Fig. 7C).

2. For dopaminergic pauses, the kernel will be shifted away from the observed level and
thereby reducing the likelihood of LTP in synapses that are undergoing LTD (see Fig.
7D for an illustration).

The LTP kernel update was further asymmetric with regards to dopamine peaks and pauses
in such a way that a pause caused a larger shift of the kernel than a peak. This further
reduced the likelihood of inducing LTP in synapses often participating in LTD or in synapses
randomly activated with regard to the dopamine feedback signal. The metaplasticity kernel
thus adjusts the LTP kernel for these processes based on ongoing neural activity. These
changes are described by Eq. 5, where the LTP kernel midpoint is updated based on the
learning rate (ηs), the peak NMDA calcium level ([Ca]NMDA), and the slope of the sigmoid
curve (β3). The learning rate, ηs, captures the described asymmetry in response to dopamine
feedback (see Table 1). This setup can give rise to the following situations:

1. For randomly alternating dopamine peaks and pauses,
a. In a few synapses that initially happen to generate very high calcium levels

the synapses can become even stronger as their postsynaptic calcium
response is still within the shifted LTP kernel. This explains e.g. the increase
in strengths of the synapses illustrated with the blue and green traces in the

      
                        

               



right panel of Fig. 3C. (However, as the computational performance of the
neuron successively improves these synapses stabilize when the neuron
starts to receive less dopamine pauses).

b. In synapses that generate somewhat less postsynaptic calcium responses the
general trend is that they decrease as their calcium level becomes lower than
the LTP kernel. This is illustrated in Fig. 7D with the red circle shifting to the
blue one; also e.g. compare the purple trace in the right panel of Fig. 3C.

In summary, the slower shifting metaplasticity kernel, compared to the weight update, allows
the individual synapses to stabilize when the neuron has learned a specific task and thus
doesn't receive negative reward feedback that often. Also, the rule allows initially weaker
synapses to be recruited to undergo LTP if they are more consistently co-active with a
reward than with an omitted reward (an illustration of this can be seen in Fig. 5D, where one
of the yellow synapse traces jumps upwards during the middle of the training session) .

Eq. 5

Inhibitory synaptic plasticity
In contrast to the well studied mechanistic underpinnings of glutamatergic plasticity in e.g.
SPNs, much less is known about how inhibitory synapses might be updated during learning.
The inhibitory plasticity rule developed here is therefore more phenomenological and
exploratory in nature and was developed to enhance nonlinearities in the local dendrite. The
rule is based on the Bienenstock-Cooper-Munro (BCM) formalism (Bienenstock, Cooper and
Munro, 1982). In the BCM rule there is a threshold level of synaptic activity below which LTD
is triggered and above which LTP is triggered (Fig. 7E). Inspired by (Gandolfi et al., 2020;
Ravasenga et al., 2022) and, we use calcium from all voltage-gated calcium channels ([Ca]V)
as the indicator of excitatory synaptic activity near the dendritic shaft where an inhibitory
synapse is located. The inhibitory rule is designed to passively observe and respond to the
surrounding excitatory synaptic activity, governed by local calcium influx, but without reliance
on dopamine or explicit feedback. It operates at a slower pace to ensure alignment with the
excitatory activity levels, thus enhancing the contrast in activity by amplifying local
differences in excitatory synaptic efficacy. The weight change is further dynamic and
dependent on the weight itself, in such a way that large and small weights get small updates.
This stabilizes the weight at the end of learning in the inhibitory synapses, together with the
dynamical threshold level meeting the local calcium level, and prevents the weight from
taking on large or negative values. Large weights are then close to and small weights
close to 0 (see Fig. 5D).
The rule is described by Eq. 6-9 where Eq. 6 describes the basic plasticity curve used in Eq.
7 to control the change in inhibitory weights (dwinh). In these equations, the parameters a and
b set the activity values for the two terms in Eq. 6 while β and T control the steepness and
intersection with the x-axis.
The parameter c recalibrates the baseline for Tmin, ensuring Tmin and Tmax intersect at zero, as
depicted in Fig. 7E (right panel, indicated by an green asterisk *).
The upper threshold Tmax gradually shifts toward the highest calcium level observed in each
synapse while the lower threshold Tmin shifts towards a level below the maximum calcium

      
                        

               



level (Eqs. 8 and 9; see Fig. 7E right panel for an illustration). Once the thresholds stabilize,
the synapse will also reach stability. The goal of this is to enhance the difference in
depolarization/calcium between the most active level, and the next one.
Further, depending on whether the synapse was active or inactive during the period of the
calcium influx, the learning rate of Eq. 7 (ηact) takes on negative or positive values. Because
of this, the active synapses are depressed when the calcium concentration is higher than the
upper threshold Tmax and potentiated if the concentration is between the two thresholds,
while inactive synapses follow the inverse relationship. No change happens below the lower
threshold (see Fig. 7E left panel for an illustration). This framework emphasizes the inhibitory
synapse capacity to follow and dynamically amplify the contrast between local excitatory
synaptic activity levels.

Eq. 6

Eq. 7

Eq. 8

Eq. 9

Training Procedure
We present the neuron with a sequence of 960 stimuli, which, as described in Fig. 1, can
come in four varieties (four possible feature combinations). The learning rule is always “on”,
i.e. synapses can always be updated, meaning that there are no separate training and
testing phases in which synapses are plastic and frozen, respectively. We used two distinct
synaptic arrangements for when representing the features: the clustered setup and the
distributed setup.

Clustered setup: This setup is based on the assumption of pre-existing clustered synapses
for each feature. The features of a stimulus are represented here by the shape and color of
bananas and strawberries (Fig. 1A). Features were allocated to two dendritic branches.
Each branch had each feature represented with five synapses clustered closely on a single
dendrite. Depending on the feature combination, two, three, or four features were
represented in clusters on one or both dendritic branches (see Fig. 3A, 4A and 4D for
example). Additionally, 108 feature-unspecific synapses were distributed throughout the
dendrites, activated concurrently with all stimuli to enhance the probability of spiking (as
plateau potentials together with the general background synaptic noise used do not often
lead to spikes in SPNs, cf Fig 2A). To demonstrate the inhibitory plasticity rule, four inhibitory
synapses near each cluster (in the middle of the dendritic branch), representing each of the

      
                        

               



four features, were added (Fig. 4A). With this setup a single feature activates both excitatory
and inhibitory synapses. To match the level of depolarization seen in our excitatory-only
setup, the number of distributed feature-unspecific synaptic inputs was increased to 144.
The initial conductance of inhibitory synapses is set at 0.1 ± 0.01 nS.

Distributed setup: In contrast, this setup examines learning dynamics in neurons without
pre-existing synaptic clustering for individual features. A total of 200 excitatory synapses
were randomly distributed over 30 dendrites. Each feature was represented by 40 excitatory
synapses, and an additional 40 feature unspecific excitatory synapses were used (Fig. 6A).
We initiated this experiment with excitatory synaptic weights at 0.3 ± 0.1 (around 0.75 nS).
This higher initial weight was chosen to compensate for the reduced efficacy of
non-clustered synaptic inputs in producing sufficient depolarization and calcium influx.
Extending our investigation, we added 60 inhibitory synapses, 15 for each feature, dispersed
randomly over the 30 dendrites. We initiated this extended experiment with excitatory
synaptic weights at 0.45 ± 0.1 (around 1.125 nS), aiming to maintain the same baseline
voltage activity as in the excitatory-only case. Figure 6A illustrates this setup, highlighting the
pre- and post-learning synaptic weights for both excitatory and inhibitory synapses.
The four stimuli were presented in random order three times each within a block of 12
stimuli, followed by another reshuffled block of 12, and so on, for 960 trials. Each trial
consisted of a stimulus presentation, lasting 20 ms, followed by a reward cue arriving 300
ms after stimulus onset, and lasting for 50 ms (Fig. 3A). During the stimulus presentation,
the stimuli-related synapses receive one randomly-timed spike per synapse. We opted not to
quantitatively model the dopamine receptor response to dopamine concentrations. Instead,
dopamine levels from the reward-based learning system are represented with +1 (dopamine
peak) for relevant stimuli if the neuron spikes, and -1 (dopamine pause) for irrelevant stimuli
if the neuron spikes, and 0 for baseline levels when the neuron was silent, at which time the
calcium amplitudes were measured, and the synaptic weights were updated during the
presence of the reward cue.
The time between two stimuli is 800 ms, long enough to allow for the voltage, calcium (and
all other state variables in the model) to return to their baseline values.

Table 1: Excitatory Plasticity Parameters
Parameter Description Value

η₁ Learning rate for [Ca]NMDA-dependent
plasticity

1.5×10−5 [µ𝑆 ∙𝑚𝑀∙𝑚𝑠−1]

η2

Learning rate for [Ca]L-type-dependent

plasticity
3×10−3 [𝑚𝑠−1 ∙𝑚𝑀−1 ]

ηs, LTP Learning rate for θLTP during Da peaks 1×10−7  [𝑚𝑀2 ∙𝑚𝑠−1]

ηs, LTD Learning rate for θLTP during Da pauses 4×10−7 [𝑚𝑀2 ∙𝑚𝑠−1]

θLTP Midpoint of LTP kernel (initial value) 0.02 [𝑚𝑀 ]

      
                        

               



θLTD Constant LTD threshold parameter 7×10-5 [𝑚𝑀 ]

β₁ Parameter controlling width of LTP kernel 103 [𝑚𝑀−1 ]

β₂
Parameter controlling steepness of LTD

threshold
105 [𝑚𝑀−1 ]

β₃
Parameter controlling width of metaplasticity

kernel
334 [𝑚𝑀−1 ]

Table 2: Inhibitory Plasticity Parameters
Parameter Description Value

ηact Learning rate for the modification of inhibitory weight for

active and inactive synapses

𝑎𝑐𝑡𝑖𝑣𝑒: − 0. 055

𝑖𝑛𝑎𝑐𝑡𝑖𝑣𝑒: 0. 055

[µ𝑆−1∙𝑚𝑠−1]

𝑤
𝑖𝑛ℎ
𝑚𝑎𝑥 Maximum synaptic strength 5 [𝑛𝑆]

η7 Learning rate for modifying Tmax 9×10-4 [𝑚𝑀 ∙𝑚𝑠−1]

η8 Learning rate for modifying Tmin -5×10-5 [𝑚𝑀 ∙𝑚𝑠−1]

a₁ Parameter controlling inhibitory weight -1

b₁ Parameter controlling inhibitory weight 3

a₂ Parameter controlling Tmax -1

b₂ Parameter controlling Tmax 3

a₃ Parameter controlling Tmin -2

b₃ Parameter controlling Tmin 3

c Calcium concentration offset 6×10-4 [𝑚𝑀 ]

      
                        

               



β4 Parameter for controlling the steepness of the curves 2.5×103 [𝑚𝑀−1 ]

Figure 7: Synaptic Plasticity Rules: Calcium and Dopamine Interactions in Synaptic Weight
Modification

A: Synaptic weight updates during a dopamine peak. (Left) LTP kernel is a bell-shaped curve
which determines an optimal [Ca]NMDA region in which synaptic weight is increased. (Right) A
wider bell-shaped kernel, i.e. the metaplasticity kernel, determines how the LTP kernel (the
optimal region for plasticity) slides along the calcium level ([Ca]NMDA) axis following a Da peak.

      
                        

               



B: Synaptic weight updates during LTD. (Left) The LTD plasticity kernel. This kernel is
constant. The LTD threshold is constant and set at 70 nM (Right). Metaplasticity describes
how the LTP kernel slides along the calcium axis following a Da pause.
C: A schematic of how the LTP kernel window is updated following a dopamine peak. As
NMDA calcium levels increase following activation of the strengthened synapse due to a
dopamine peak (illustrated with the red circle jumping to the blue circle), the LTP kernel slides
down and in this example the strengthened synapse (blue circle) stabilizes, and doesn’t
increase in strength even though additional rewards arrive.
D: A schematic showing the update of the LTP window following a dopamine pause leading to
that synaptic weight and calcium response decrease as a function of L-type Ca (illustrated
with the red circle jumping to the blue one). Here, the LTP kernel slides up towards higher
NMDA calcium levels, and thus the weakened synapse (blue circle) is more unlikely to be
recruited into the LTP window (unless it in the future is activated with Da peaks more regularly
than with Da dips).
E: Depicts the inhibitory plasticity rule. (Left) Changes in synaptic weight for active (orange)
and inactive (blue) synapses based on voltage dependent calcium levels in the dendritic shaft
at the location of the inhibitory synapse, and minimum (Tmin) and maximum (Tmax) threshold.
(Right) Functions for sliding the minimum and maximum thresholds with voltage dependent
calcium level. The asterisk denotes the semi-stable zero level where the curves for active and
inactive synapses meet.
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In this study, we deal with the question of how to model the all-or-

none behavior of plateau potentials in multicompartment neuron

models and discuss the implications of the model for the precise

mechanism of generation of plateau potentials experimentally and

in vivo.

The NMDA receptors are ionotropic receptors activated by

glutamate and glycine as a co-factor that are additionally blocked by

Mg2+ ions at resting membrane potentials. The amount of blockage

depends on the local voltage, and it has been determined that this

dependence is a sigmoidal nonlinearity (Figure 1C), where higher

voltage relieves the block (Jahr and Stevens, 1990b). The generation

mechanism is a positive feedback loop that starts by partially

alleviating the Mg2+ block on NMDA receptors (NMDARs) when

the dendritic voltage reaches a threshold value, usually around

−50 mV. This causes the flow of an inward current through the

NMDA receptors, raising the voltage in a cycle that progressively

alleviates more of the Mg2+ block and allows for more inward

current. Thus, a sustained voltage elevation is produced, which

lasts as long as there is glutamate to bind to the NMDARs. The

sigmoidal shape of the voltage nonlinearity is a crucial ingredient

for the all-or-none behavior of the plateau potentials since, for

linear increases in voltage, it provides a “sudden” relief of Mg2+

ions from the NMDARs. The binding of neurotransmitters to

the NMDAR initiates a transition from the closed receptor state

to the open state. The behavior of an NMDAR in the open

state is described with the diagram in Figure 1A, also called the

three-state model, since it includes three receptor states: open,

blocked, and closed. An NMDAR in the open state can transition

to two different non-conducting states, closed and blocked. The

transitions between the open and blocked states depend on

Mg2+ concentration (denoted as [Mg2+]) and voltage, while the

transitions from the open and blocked states to the closed state

are voltage- and [Mg2+]-independent. Voltage crossing the −50

mV threshold unblocks some of the receptors, initiating the

self-sustaining positive feedback loop. Neurotransmitter removal

closes the receptor pore (the receptor transitions to the closed

state), thus stopping the inward current and lowering the voltage.

Lowering the voltage causes remaining open receptors (with bound

neurotransmitter) to transition to the blocked state, which because

of the sigmoidal nonlinearity rapidly lowers the voltage back to the

resting state.

1.1. NMDAR state diagrams and the gating
function

The three-state model has been shown to be suitable for high

Mg2+ concentrations ([Mg2+] > 0.2 mM), but it can be easily

expanded to take into account lower concentrations by introducing

an additional, [Mg2+]-independent, blocked state (Figure 1B, the

four-state model; Jahr and Stevens, 1990a). All the transition rates

of the four-state model have been derived from single-channel

measurements and reported in Table 1 (reproduced from Jahr and

Stevens, 1990a). The rate of leaving the open state in the three-state

model (O → B) is a, and the corresponding rate for the four-state

model (B1 ← O→ B2) is a1+a2. The transition rate from blocked

to open is b in the three-state model, whereas the corresponding

rate in the four-state model is b1a1/(a1 + a2) + b2a2/(a1 + a2)

because the rate of leaving each blocked state is weighted by the

probability that particular state had been entered. Similarly, the

closing rate from the blocked state is B for the three-statemodel and

B1a1/(a1+a2)+B2a2/(a1+a2). The Mg2+ block is expressed with

a gating function, g(V), which gives the fraction of open NMDARs

for a given voltage value. As shown in Jahr and Stevens (1990b) it is

possible to express g(V) in terms of the transition rates as:

g (V) =
1

1+ (a1+a2)(a1B1+a2B2)
Aa1(b1+B1)+Aa2(b2+B2)

. (1)

The single-channel analysis showed that b1 and b2 are much larger

than B1 and B2 (also visible in Table 1); hence, the following is a

good approximation:

g (V) ≈
1

1+ (a1+a2)(a1B1+a2B2)
Aa1b1+Aa2b2

. (2)

Moreover, when [Mg2+] is greater than a few hundred micromolar,

a2 becomes much larger than a1 since the former increases linearly

with [Mg2+] while the latter is independent of it, and hence g(V)

for physiological [Mg2+] can be further approximated as:

g (V) ≈
1

1+ B2a2
Ab2

≈
1

1+ Ba
Ab

. (3)

Finally, taking into account the transition rates in Table 1, the

gating function can be written in its most commonly used form:

g (V) =
1

1+ η
[

Mg2+
]

e−αV
, (4)

where α is the steepness of the curve, η is related to the voltage

value V1/2 where half of the receptors are free of Mg2+ according to

V1/2 =
ln(η[Mg2+])

α
, [Mg2+] is the concentration of extracellular

Mg2+ in mM and V is the membrane potential in mV (see

Supplementary material for details and Supplementary Figure 1).

As described in the Supplementary material, the values of α and

η are determined by the transition rates between different states in

the 4-state model, which in turn are determined by the structural

properties of the NMDARs.

The gating function adequately describes the behavior not only

of single channels but also of macroscopic NMDAR currents, which

allows for the determination of the parameters α and η from

macroscopic current measurements. Such macroscopic current

measurements from NMDARs, as well as gating functions fitted

to such measurements, have been reported numerous times since

the work of Jahr and Stevens (1990b), and are summarized in

Table 2. For completeness, in Table 2 we have added parameter

values which were not estimated in the original articles. The fitting

procedure, as well as the results of the fittings, are described in the

Methods and Results sections, respectively. Table 2 shows a natural

variability in the parameters of the Mg2+ block gating function

which depends on the NMDAR subunit composition, as well as on

the concentration of other intra- and extra-cellular ions (Qian et al.,

2005; McMenimen et al., 2006; Qian and Johnson, 2006; Retchless

et al., 2012). Since the sigmoidal Mg2+ block is a crucial ingredient

for the all-or-none behavior of plateau potentials, we investigate the

effect of the parameter variability on the behavior of the plateau

potentials.
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dynamics are described by a kinetic scheme that models switching

between closed (C) and open (O) states with rates of α and

β :

C + T
α
⇋
β
O, (5)

where T is the transmitter concentration. After neurotransmitter

has been cleared from the synaptic cleft, receptor

dynamics evolves according to a kinetic scheme that

describes just the closing of the receptor with a rate

β :

C←−
β

O (6)

When a presynaptic spike arrives, neurotransmitter levels are

assumed to always reach a fixed saturating concentration, Tmax, in

the synaptic cleft, i.e., are represented by a pulse with amplitude

Tmax and duration of Tdur. A presynaptic spike that arrives while

the neurotransmitter pulse is still on lengthens the pulse duration

by Tdur.

Extrasynaptic receptors are modeled by the same kinetic

scheme, with two differences: (i) Tdur is much longer, modeling

the spillover effect of glutamate in the extrasynaptic space, and

(ii) the synaptic spike there arrives with a delay of 1.5 ms after

the glutamate threshold has been reached (taken from Szapiro and

Barbour, 2007, as we describe in the next section). The channel

properties of NMDARs and eNMDARs have been reported to be

similar (Clark et al., 1997).

We use the model given in Gao et al. (2021) but with

modified parameter values, given in Table 4. For example, in the

simulation code for the model in Gao et al. (2021) different

maximal transmitter concentration, Tmax, for the synaptic AMPA

and NMDA synapses is used. Although difficult to justify

physiologically, this difference would not affect the results in

Gao et al. (2021), since the AMPA synapses are only used to

activate the NMDARs and eNMDARs, and since the effect of

the different concentrations can be offset with suitable values for

the synaptic conductances. We have nevertheless used the same

Tmax for both AMPARs and synaptic NMDARs. In addition, the

model in Gao et al. (2021) uses the same Tmax for NMDARs

and eNMDARs. We have changed this, since, even though the

extrasynaptic glutamate concentration is not precisely known,

extrasynaptic spillover-induced currents are very sensitive to

low-affinity AMPA antagonists, suggesting lower extrasynaptic

glutamate concentrations (Szapiro and Barbour, 2007). Low

glutamate concentrations during spillover have also been reported

in Okubo et al. (2010). As for the maximal synaptic glutamate

concentration, Tmax, it has been found to be very close to

1 mM at cultured hippocampal synapses (Clements et al.,

1992).

We have used a short Tdur for NMDARs (the same as for

AMPARs), and long Tdur for eNMDARs. Lastly, we have modified

the α and β parameters for AMPARs to more realistic values. Also

note that we have denoted transmitter duration and transmitter

concentration with Tdur and Tmax, respectively, which are given

with Cdur and Cmax in the simulation code in Gao et al. (2021).

eNMDARs have been found to have both diffuse and punctual

distribution along dendritic shafts, and electrophysiological

measurements have reported their conductance to be 20–60%

of the total NMDAR conductance (Harris and Pettit, 2007;

Petralia, 2012; Papouin and Oliet, 2014). Even though synapses

are represented as punctual inputs in NEURON, the distribution

of eNMDAR synapses along 20–30 µm of a dendrite resulted

in us effectively modeling a diffuse distribution of eNMDARs.

The maximal conductance of an extrasynaptic NMDA synapse

in the model is the same as the maximal conductance for a

synaptic NMDA synapse. The total synaptic surface area in

the clustered spines is around 10% of the surface area of the

dendritic shaft where a cluster is situated, making the density of

eNMDARs 10 times smaller than the density of NMDARs on the

spine.

2.4. Evoking plateau potentials

Plateau potentials are evoked by clustered synaptic input.

Clusters ranged from 1 to 40 synapses for the model without

spillover and from 1 to 20 synapses for the models with spillover;

in SPNs, which are spherically symmetric, a cluster is placed

on one of the dendrites, ∼120–140 µm from the soma. The

difference in the size of the clusters for the cases without and

with glutamate spillover is in order to compare the same total

NMDAR conductance in both cases. Since both cases have equal

spine NMDAR conductance and the case without spillover has

no eNMDARs, this requires that it possesses either a twice larger

cluster size or a twice larger spine NMDAR conductance to match

the total NMDAR conductance in the spillover scenarios; we

opted for the former. Clustered synaptic input consists of one

presynaptic spike per synapse, all arriving randomly within a 30

ms interval. When no glutamate spillover is modeled, synaptic

inputs arrive only to the spines. For glutamate spillover, the

same presynaptic spike is delivered to the extrasynaptic NMDA

conductance placed in the dendritic shaft under that spine. The

study by Gao et al. (2021) models clusters ranging from 10 synapses

upwards, which leaves the question of how to treat glutamate

spillover for clusters with fewer than 10 synapses open. We

have explored two scenarios, which we call thresholded spillover

and accumulative spillover. In thresholded spillover we assume

glutamate spills over suddenly and simultaneously to all eNMDARs

once a glutamate threshold is reached, with a delay of 1.5 ms.

The delay is due to experimental data indicating spillover currents

arise after 1–2 ms of synaptic currents (Szapiro and Barbour,

2007). In accumulative glutamate spillover there is no threshold

for glutamate, and a presynaptic spike delivered to a synaptic

NMDA synapse is also delivered to the corresponding extrasynaptic

NMDA conductance after a delay of 1.5 ms. This means that every

synaptic activation causes spillover and activates the corresponding

eNMDARs. An additional difference between the model in Gao

et al. (2021) and our study is that in Gao et al. (2021), larger

synaptic clusters also have synapses with bigger weights (parameter

w) and longer transmitter pulses (parameter Tdur), whereas in our

study we have kept these parameters fixed when increasing cluster

size.

The glutamate threshold in thresholded spillover is

implemented in the following way. Each NMDA synapse has
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FIGURE 2

Plateau potentials evoked with and without glutamate spillover. (A) Illustration of glutamate spillover vs. no spillover. (B) Somatic voltage traces of

plateau potentials evoked by a cluster of increasing size from 1 to 40 synapses for the model with no spillover (B1) and from 1 to 20 synapses for the

models with: thresholded spillover (B2), accumulative spillover with equal proportions of NMDAR and eNMDAR conductance (B3), and accumulative

spillover with a larger proportion of eNMDAR conductance (64% of total NMDAR conductance); (B4). (C) Amplitude of somatic depolarization as a

function of cluster size and steepness of the gating function for the models with: no spillover (C1), thresholded spillover (C2), accumulative spillover

with equal proportions of NMDAR and eNMDAR conductance (C3). (D) Amplitude of somatic depolarization as a function of cluster size and position

of the gating function along the x-axis (determined by varying the parameter η according to η = ex, for x ∈ {−3,−2.5, . . . , 2}). (D1–D3) show results

for the same models as in (C1–C3). Values in the heatmaps are averages over 50 trials of clustered synaptic inputs elicited in the same dendrite as for

the panels in (B), except for (C1, D1), which are averages over 30 trials. The “*” on the y-axes in (C, D) indicates the gating function parameters as in

(Continued)
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FIGURE 2 (Continued)

Jahr and Stevens (1990b), but corrected for the liquid junction potential. (E) The maximal di�erence between two consecutive voltage traces, δ, also

called the size of the voltage jump, for the four models in (B). Large jumps indicate all-or-none plateau potentials, and small jumps are consistent

with graded NMDA spikes/plateau potentials. δ for no spillover was calculated taking every second voltage trace (steps of 7 nS in NMDA

conductance), so that it is comparable to the δ calculated for (B3, B4). Results are averages over 50 trials and 11 di�erent dendrites, with plateaus

elicited at approximately the same distance from the soma, except for the model with no spillover, where they are averages over 30 trials in 11

di�erent dendrites. Error bars represent standard deviation.

each curve, which is the point obtained for the highest applied

voltage (usually +50 mV or above) when all of the NMDARs

are free from Mg2+. Finally, the normalized conductance-voltage

relationships are fitted to Equation (4) using the Python function

scipy.optimize.curve_fit.

3. Results

3.1. Thresholded glutamate spillover causes
robust all-or-none behavior of plateau
potentials

In Figure 2, we compare the plateau potentials generated by a

cluster of increasing size with the two spillover models and without

glutamate spillover and with the originally reported parameters

for the Mg2+ block but corrected for the value of the junction

potential (i.e., the parameters found in Jahr and Stevens, 1990b

but corrected as in Ecker et al., 2020). The somatic voltage traces

in Figures 2B1, B2 show that plateau potentials generated without

glutamate spillover exhibit a graded increase in amplitude, whereas

those generated with thresholded glutamate spillover exhibit an

all-or-none response. As described in the Methods, in order to

compare the same total NMDAR conductance between the two

scenarios, the model with no spillover has a twice larger cluster size

than the models with glutamate spillover.

We also varied the steepness of the gating function by

varying the parameter α in Equation (4), and the amplitude

of the plateau potentials thus generated is shown as heatmaps

in Figures 2C1, C2. The all-or-none behavior can be seen as a

sharp jump in the colors of the heatmaps for a small increase in

cluster size (i.e., stimulus strength for evoking a plateau). Without

glutamate spillover the all-or-none behavior is present only

for steep sigmoidal curves, whereas with thresholded glutamate

spillover, it is always present. (Steeper gating functions require

more excitation to overcome the Mg2+ block in both cases). As

described above, we also estimated the gating function parameters

for available experimental data (Table 2, sigmoid curves plotted

in Supplementary Figure 2). Most of these gating functions are

more shallow than the originally reported one by Jahr and Stevens

(1990b), and result in graded NMDA potentials in the model

without spillover, but still provide all-or-none plateau potentials in

the model with glutamate spillover. When varying the parameter

η, which shifts the gating function along the x-axis, the same

results regarding the all-or-none behavior are observed for the

models with thresholded spillover and without glutamate spillover

as when varying the parameter α (Figures 2D1, D2). Shifting the

gating functions to very depolarized values disables the generation

of plateau potentials, as seen from the heatmaps in Figures 2D1,

D2. In Figure 2E, we compare the maximal difference between

the somatic voltage amplitudes of two consecutive voltage traces,

termed the “size of the jump,” δ (indicated in Figure 2B4). In

our view, the size of the jump, δ, is essentially proportional

to the system’s nonlinearity. For example, a large sudden jump

(≈ 10 mV) indicates all-or-none behavior, whereas small jumps

(of a few mV) would indicate graded potentials. In our model,

thresholded glutamate spillover produced voltage jumps of 8–12

mV, while no spillover produced jumps of ≈ 3 mV, typically

(Figure 2B1).

In addition, the somatic amplitude of plateau potentials

generated with thresholded spillover and without glutamate

spillover decays with increasing the cluster distance from the soma

as shown in Supplementary Figure 3 (Major et al., 2008).

3.2. Importance of extrasynaptic NMDAR
activation for all-or-none plateau
potentials: accumulative vs thresholded
spillover

Physiologically relevant parallel fiber stimulation protocols

cause gradual accumulation of glutamate with each stimulation

pulse in cerebellar extrasynaptic space (Okubo et al., 2010). To

explore the effects of such more gradual spillover, we performed

simulations where each activation of spine NMDARs also activates

the corresponding eNMDARs in the dendritic shaft under the spine

after a delay, without the need to first reach a glutamate threshold.

(the accumulative spillover described in Section 2).

The results of these simulations show that accumulative

glutamate spillover exhibits plateau potential behavior which is

between the behavior without spillover and with thresholded

glutamate spillover (Figures 2B3, C3, D3). Shallow gating functions

provide graded plateau potentials, but all-or-none behavior

arises much sooner for increasing steepness than the in case

without spillover. With thresholded spillover, clusters of up to

10 synapses only access the spine NMDAR conductance, and

clusters with more than 10 synapses activate both NMDAR

and eNMDAR conductances, thus producing the large voltage

jump before and after spillover (Figure 2B2). With accumulative

spillover, eNMDARs are activated with a short delay after each

NMDAR activation, giving rise to the more graded increase in

plateau potential amplitude, as well as duration (Figure 2B3).

Moreover, for a larger proportion of eNMDAR conductance

in the total conductance, the behavior is more all-or-none

(Figures 2B4, E). This suggests that there may be particular

conditions under which all-or-none plateau potentials appear

and that plateau potential behavior might vary among brain

regions.
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FIGURE 3

Phase plot analysis for a single membrane compartment. (A) Illustration of the three regimes in the phase plot which are obtained for varying levels of

NMDAR conductance. This panel is a reproduction of the plot in Supplementary Figure 4 in Major et al. (2008) (note the inverted direction of the

y-axis in Major et al., 2008). As the total NMDAR conductance increases, the phase curve moves through the boosting, bistable and self-triggering

regions, and as the NMDARs close, the phase curve moves back in the other direction. The boosting and self-triggering regime each have a single

stable fixed point, corresponding to resting and plateau voltage, respectively. The bistable regime has three fixed points, two of which are the stable

resting and plateau voltage levels. The middle, unstable fixed point is the voltage threshold that needs to be crossed for a plateau potential to occur.

(B1, B2) Phase plots for varying levels of α and η, respectively. The total NMDAR conductance here models both NMDARs and eNMDARs activated.

(C1, C2) Phase plots for the same ranges in α and η but for half of the total NMDAR conductance in (B1, B2), mimicking the situation before

thresholded glutamate spillover when only synaptic NMDARs are activated. α ∈ {0.054, 0.058, . . . , 0.094} and η = 0.38 in (B1, C1) and α= 0.062 and η

given by η = ex, for x ∈ {−3,−2.5, . . . , 2} in (B2, C2). Lighter colors correspond to lower values. (D1) A trajectory of a plateau potential plotted on the

phase plot. Two-phase curves, for the situations before and after spillover, are plotted in gray and purple, respectively. The four regions depict the

four phases of the plateau potential in (D2). Thin arrows indicate the direction of the trajectory through the phase plot. (D2) The dendritic voltage of

the plateau potential whose trajectory is plotted in (D1). This plateau potential is generated with a cluster of 10 synapses with weight w = 0.45 in

order to reach the glutamate threshold with 10 synapses and cause glutamate spillover. 1, subthreshold excitation; 2, suprathreshold excitation; 3,

plateau phase; 4, downward, hyper-polarizing phase. α = 0.062, η = 0.38.

3.3. Spillover induces all-or-none plateau
potentials by facilitating the switch to
bistable or self-triggering regime

To explain the results in the previous section, we use phase

plot analysis of the membrane voltage calculated for a single

membrane compartment (Figure 3). Phase plot analysis reveals the

role of different membrane conductances in generating nonlinear

behavior such as plateau potentials. In particular, it has been found

that apart from the nonlinear, voltage-dependent excitatory NMDA

current, an opposing, shunting current is also required acting at

least on the longer timescale of NMDA currents. This role can be

played by Kir channels, GABAB currents, a passive leak current,

and/or an axial current diverting charge to the rest of the neuron

(Lazarewicz et al., 2006; Shoemaker, 2011; Sanders et al., 2013).

We begin with a short description of how to read the phase

plots (Figure 3A). A voltage phase plot normally contains voltage

on the x-axis and the rate of voltage change (the time derivative

of the voltage, V̇) on the y-axis. We have instead plotted the

membrane current on the y-axis, which is simply a linear rescaling
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of V̇ with the membrane capacitance, I = CmV̇ . The intersections

of the phase curve with the x-axis correspond to fixed points in

the voltage dynamics (V̇ = 0). Since our single compartment is

a one-dimensional system (voltage is the only independent state

variable), a point in the phase plot can move only along the phase

curve. Initial voltage points that correspond to positive values of

the phase curve (V̇ > 0) will get increased in time, whereas those

corresponding to negative values get decreased. Voltage change

stops when a point on the phase plot reaches a stable fixed point

(where V̇ = 0). Points near unstable fixed points are repelled

away from them. The trajectory from the multicompartment SPN

model shown in Figure 3D1, on the other hand, can take on any

values in the phase plot. This is because in the recorded dendritic

compartment, the gating variables of the ion channels are also time-

varying, i.e., they are additional state variables in the model. We

note that the phase plot is different from the commonly used and

similarly named I–V plot, which can be found, for example, in the

aforementioned articles measuring macroscopic NMDA currents.

Depending on the total NMDAR conductance in a dendritic

region, NMDARs can exhibit three types of nonlinear dynamics,

as shown in Figure 3A: boosting, bistable, and self-triggering, of

which the latter two correspond to plateau potentials (Schiller and

Schiller, 2001). Boosting behavior occurs for small or moderate

amounts of total NMDAR conductance which is not enough to

trigger plateau potentials. In this case other excitatory inputs

are boosted in amplitude by activating the longer-lasting NMDA

potentials. The phase curve has one stable fixed point to the left of

the diagram at a low voltage. Bistable behavior is exhibited when the

phase curve has an inverted-N shape with three interceptions with

the x-axis (fixed points), which happens for larger amounts of total

NMDAR conductance. In this case a plateau potential is generated

for an excitation that exceeds the voltage threshold determined

by the middle (unstable) fixed point. Such an excitation causes a

fast excursion in the phase plot to the right (higher) stable fixed

point, which causes the all-or-none behavior (region 2 in the phase

plot in Figure 3D1, which corresponds to the upward swing in

the corresponding dendritic voltage in Figure 3D2, and animation

in Supplementary data). Even larger total NMDAR conductance

gives rise to the so-called self-triggering behavior. In this case the

phase curve, now situated above the bistable region, is inverted-N-

shaped and has one stable fixed point to the right of the diagram

which corresponds to high voltage. In this case, any excitation

produces a plateau potential by carrying the voltage to the single

fixed point. Thus, as the total NMDAR conductance increases with

successive activations of synapses in a cluster, the phase curve

sweeps potentially across all three regions in the phase plot. On

the other hand, closing of the NMDARs moves the phase curve

back in the other direction, collapsing the inverted-N shape back

toward a straight line and terminating the plateau potential with the

voltage dropping to the low-voltage, single stable fixed point, which

corresponds to the resting voltage.

To elicit plateau potentials, the total NMDAR conductance

must be enough to situate the phase curve in the bistable or self-

triggering region (the threshold level of NMDAR conductance

being at the border between the boosting and the bistable region).

An example of a plateau potential generated with thresholded

glutamate spillover, with the corresponding phase plot trajectory,

is given in Figures 3D1, D2. The gray phase curve in Figure 3D1

is the one obtained when only synaptic NMDAR conductance is

activated, whereas the purple curve represents the total NMDAR

conductance with spillover, when eNMDARs are activated. After

the subthreshold excitation by nine synaptic inputs (region 1),

the 10th input causes spillover and the dendritic voltage crosses

the threshold determined by the unstable fixed point. This

initiates the self-sustaining suprathreshold excitation (region 2),

which is followed by the plateau region (region 3). The end of

the extrasynaptic transmitter pulse starts the downward, hyper-

polarizing phase (region 4).

To examine the role of the gating function parameters α and

η, we constructed phase plots with varying α and η. Figures 3B1,

B2 are a model of the total NMDAR conductance when both

NMDARs an eNMDARs are activated during spillover, as well as

the case when all of this total conductance is situated in the spines

of the equivalent model without spillover (Figure 2B). Varying

the steepness of the Mg2+ block shifts the phase curve vertically,

and all three phase plot regimes may be obtained (Figure 3B1).

Shallow sigmoidal curves have only one fixed point and are in the

self-triggering region, whereas steep sigmoidal curves have three

fixed points and are in the bistable region. Very steep sigmoidal

curves are in the boosting region. In Figures 3C1, C2, on the other

hand, the total NMDAR conductance is halved, to model only

the synaptic NMDAR conductance accessible before thresholded

spillover. In this case, all phase curves for the single membrane

compartment are in the boosting region, regardless of the gating

function steepness.

These results from the phase plots can explain the plateau

potential behavior with and without spillover. Total NMDAR

conductance increases with increasing cluster size—larger clusters

have greater total NMDA conductance (Figure 2B, cluster size).

When there is no glutamate spillover, all-or-none behavior is

observed only for steep sigmoidal curves, since the corresponding

phase curves are in the bistable regime, while for the shallow

sigmoidal curves, all synaptic clusters of increasing size produce

graded excitations as in Figure 2B1, because the phase curve is in

the self-triggering region with a single, high-voltage fixed point

(Figure 3B1). Graded excitations trigger NMDA spikes first and

plateau potentials later, as the total NMDA conductance increases.

On the other hand, in themodel with glutamate spillover, activating

only the synaptic NMDA conductance (extrasynaptic NMDARs

are inactive) is insufficient to elicit plateau potentials (the phase

curve is most likely in the boosting region as in Figure 3C1). When

spillover occurs, the activation of the eNMDARs provides enough

NMDA conductance to elicit a plateau potential. This shifts the

phase curve from the boosting to the self-triggering region for

shallow gating functions and to the bistable region for steep gating

functions. The duration of the phase curve in both of these regions

is significantly prolonged due to glutamate spillover. This shift (and

inversion) of the phase curve occurs suddenly because, as described

in the Methods section, in thresholded glutamate spillover all the

eNMDAR conductance is simultaneously activated. For shallow

sigmoidal curves, it is this sudden inversion that causes the all-

or-none plateau potential behavior. For steep sigmoidal curves,

the voltage excitation also needs to be higher than the voltage

threshold for a plateau to occur. In this way, glutamate spillover
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causes all-or-none plateau potentials for a wide range of gating

function steepness. Accumulative spillover, on the other hand, is

very similar to no spillover. Each successive synaptic activation

gradually increases the total NMDAR conductance, slowly moving

the phase curve across the phase plot.

Varying the parameter η shifts the gating function along the x-

axis. Shifting the function to higher potentials flattens (linearizes)

the phase curve. While all three regimes can be obtained with

various values of η, shifting the gating function to higher potentials

results in only boosting behavior and disappearance of plateau

potentials both with and without glutamate spillover (Figures 2D1–

D3, 3C1, C2).

3.4. Long glutamate duration drives
all-or-none plateau potentials

We verify that it is indeed the length of glutamate spillover that

causes all-or-none plateau potential behavior by manipulating the

duration of the transmitter pulse (the parameter Tdur, Figure 4).

As explained in the Methods section, Tdur for the synapses onto

spines is much shorter than Tdur for eNMDARs. Increasing Tdur in

the case without spillover results in all-or-none plateau potential

behavior. Again, increasing NMDAR conductance by increasing

cluster size moves the stable fixed point further to the right in

the phase plot in Figure 3A. When entering the bistable regime,

the all-or-none jump appears in Figure 4A1, and lasts because the

increased Tdur keeps the phase curve in the bistable regime for a

longer time. On the other hand, decreasing the eNMDAR Tdur in

the case with spillover produces rather graded plateau potentials

with much smaller voltage jumps (Figure 4B1). The all-or-none

behavior in Figure 4A1 and graded behavior in Figure 4B1 are also

evident in the sharp and gradual color transitions in the respective

heatmaps in Figures 4A2, B2, as well as in the comparison of the

voltage jump, δ in Figure 4C.

3.5. Low extrasynaptic glutamate
concentration can produce all-or-none
plateau potentials

The extrasynaptic glutamate concentration (the parameter

Tmax for eNMDARs) used in the simulations above is 200 µM,

an order of magnitude higher than the measurements reported in

Okubo et al. (2010). NMDARs have high-affinity for glutamate, in

the low-micromolar range, so they should be able to respond to low

glutamate concentrations. We have tested the thresholded spillover

model with lower values for extracellular glutamate concentration

(the parameter Tmax) and the results are shown in Figure 5.

Concentrations of 10 and 20 µM, significantly higher than the

NMDAR dissociation constant, Kd = 2.5 µM, produce all-or-none

plateau potentials (Figures 5A, B). For concentrations of 5 µM, the

size of the voltage jump is reduced, although the plateau potentials

retain their all-or-none quality. Concentrations comparable to the

NMDAR Kd do not activate the eNMDARs fully and produce

graded plateau potential amplitude (Figures 5D, E).

3.6. All-or-none behavior of plateau
potentials enables nonlinear computation,
such as solving the nonlinear feature
binding problem

Linearly non-separable tasks, an example of which is the

nonlinear feature binding problem (NFBP) cannot be solved by

the perceptron, a computational unit with a single nonlinearity,

and require a network of such artificial neurons. As such,

these tasks are traditionally used as a benchmark for the

computational capabilities of a computational unit. Possessing

dendritic nonlinearities in addition to the somatic nonlinearity,

single biological neurons have been shown to be equivalent to at

least a two-layer artificial neural network (Poirazi et al., 2003) and

should, in principle, be able to solve such tasks (Tran-Van-Minh

et al., 2015). Although it is not known whether the NFBP is solved

by single neurons in vivo, and whether it is a relevant task for

any brain region, human cortical layer 2/3 pyramidal neurons have

been found to possess calcium-mediated dendritic spikes whose

voltage dependency enables the dendrite exhibiting them to solve

the exclusive OR (XOR) problem in simulations (Gidon et al.,

2020), and the XOR problem is related to the NFBP (Cazé et al.,

2013). These dendritic nonlinearities occur in the apical dendrites,

while the SPN dendrites correspond to basal dendrites in pyramidal

neurons, where NMDA nonlinearities occur. We, therefore, use

the NFBP as a benchmark to demonstrate how all-or-none plateau

potentials enable a single neuron to solve this task.

We illustrate the NFBP with an example from visual feature

binding (Figure 6A). A stimulus has two features (shape and color),

each of which can have two values (strawberry or banana for the

shape, and red or yellow for the color), for a total of four possible

combinations. Each stimulus excites the neuron with the same

amount of excitation, on average. The task consists of responding

to two of the feature combinations (the relevant stimuli) with a

somatic spike and remaining silent for the other two (irrelevant

stimuli). This means that the same amount of total excitation

should be processed differently, and the plateau potentials offer a

natural solution to the task: the synapses for the relevant stimuli

should be clustered in separate dendrites (Figure 6B), and should

elicit a plateau potential upon arrival of a relevant stimulus which

will drive somatic spiking. Irrelevant stimuli would activate only

half of the cluster and should not elicit a plateau potential (Tran-

Van-Minh et al., 2015). This setup with thresholded glutamate

spillover provides perfect performance on the NFBP (Figures 6C,

D). Without spillover, the graded amplitudes of the plateaus cause

somatic spiking for the irrelevant stimuli as well, and the neuron

cannot perform this task (Figures 6C, E, F).

4. Discussion

In this computational study we investigated how to generate

robust all-or-none dendritic plateau potentials using striatal

projection neuron models as a test case. We also illustrated

how such plateau potentials can enhance computation. Dendritic

nonlinearities in the form of NMDA spikes and plateau potentials

offer an enhanced ability for dendritic computation compared to
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FIGURE 4

The e�ect of transmitter pulse duration, Tdur, on the all-or-none behavior of plateau potentials. (A1) No glutamate spillover but long transmitter pulse

duration produces all-or-none plateau potentials. Cluster size up to 40 synapses. (A2) Somatic amplitude of plateau potential when varying the

steepness for the model in (A1). (B1) Thresholded glutamate spillover and short transmitter pulse in the extrasynaptic space produces NMDA

potentials with a small all-or-none jump. Cluster size up to 20 synapses. (B2) Somatic amplitude of plateau potential when varying the steepness for

the model in (B1). The “*” on the y-axes in (A2, B2) indicates the gating function parameters as in Jahr and Stevens (1990b), but corrected for the

liquid junction potential. (C) The size of the voltage jump, δ, for the scenarios in (A, B). Results for thresholded spillover and no spillover from

Figure 2E are added for ease of comparison. Results are averages of 30 trials and 11 di�erent dendrites for (A1) and 50 trials and 11 di�erent dendrites

for (B1), with clusters positioned at approximately the same distance from the soma. Error bars represent standard deviation.

the linear summation of excitatory inputs (Poirazi et al., 2003;

Lavzin et al., 2012; Xu et al., 2012; Tran-Van-Minh et al., 2015;

Kumar et al., 2018). By summating co-activated clustered inputs

supralinearly, they can allow for the preferential detection of

certain input patterns or combinations of inputs. For example, in

the mouse barrel cortex, layer 4 spiny stellate neurons generate

local and global multi-branch NMDA spikes that contribute

substantially to the angular tuning of these neurons (Lavzin et al.,

2012). In addition, distal dendrites of layer 5 pyramidal neurons

in the barrel cortex might integrate correlated sensory and motor

information via dendritic nonlinearities in order to produce a signal

related to object localization during active sensing tasks (Xu et al.,

2012). Dendritic plateau potentials are also essential processes for

triggering synaptic plasticity both in vitro and in vivo (Gambino

et al., 2014; Cichon and Gan, 2015; Brandalise et al., 2016). For

example, in the somatosensory cortex, rhythmic sensory whisker

stimulation can induce synaptic long-term potentiation (LTP) in

layer 2/3 pyramidal cells, which is triggered by plateau potentials

generated through the cooperative activity of the intracolumnar

lemniscal and thalamocortical paralemniscal synaptic circuitry in

the absence of somatic spiking (Gambino et al., 2014). Additionally,

different motor learning tasks induce dendritic calcium spikes on
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FIGURE 5

The e�ect of low extrasynaptic glutamate concentration. (A–D) Somatic voltage traces for thresholded spillover and 20, 10, 5, and 2 µM extracellular

glutamate concentration, Tmax. (E) Size of voltage jump δ for the four values of Tmax. Results are averages of 50 trials in 11 di�erent dendrites with

clusters positioned at approximately the same distance from the soma. Error bars represent standard deviation.

different apical tuft branches of layer 5 pyramidal neurons in the

mouse motor cortex (Cichon and Gan, 2015). These task-related,

branch-specific calcium spikes cause long-lasting potentiation of

postsynaptic dendritic spines active at the time of spike generation,

suggesting a role for dendritic nonlinearities in storing new

information without disrupting previously acquired memories

(Cichon and Gan, 2015). Lastly, dendritic nonlinearities have been

suggested to enable a neuron to solve linearly non-separable tasks

such as the NFBP (Tran-Van-Minh et al., 2015).

Experimentally evoked plateau potentials in vitro display all-or-

none behavior, and this feature is not easily nor robustly captured

when modeling. A critical ingredient for the all-or-none property

is the sigmoidal shape of the Mg2+ block voltage dependence,

described by the gating function in Equation (4). The many

NMDAR isoforms show different sensitivity to Mg2+, which results

in a range of possible shapes of the sigmoid gating function in terms

of its steepness and the voltage required to overcome the Mg2+

block. We have studied how the variability of these gating function

properties affects the all-or-none plateau potential behavior. We

found that the all-or-none property is very sensitive to the steepness

of the gating function. Shallow gating functions are in the self-

triggering region of the phase plot and result in graded plateau

potential amplitudes for increasing cluster size, whereas steep

gating functions are in the bistable region and result in all-or-none

plateau potentials (Figures 2B1, B2, 3B1). Importantly, including

glutamate spillover in the models provides a robust all-or-none

quality of the plateau potentials for the whole tested range of Mg2+

block steepness.

Almost all the gating functions we fitted to available

experimental data are more shallow than the originally reported

sigmoidal curve by Jahr and Stevens (1990b), which already

results in graded plateau potential amplitude in the SPN model

(Figure 2B; Table 2). Conversely, all of the studies that model

plateau potentials, except for Ecker et al. (2020), that correct

for the omitted junction potential in Jahr and Stevens (1990b),

have increased the steepness of the originally reported gating
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FIGURE 6

All-or-none plateau potential behavior is useful for solving the nonlinear feature binding problem (NFBP). (A) The NFBP illustrated with an example

from visual feature binding. (B) An arrangement of synapses in clusters that could solve the NFBP. A black circle on the figure represents 10 synapses

in the thresholded spillover model and no spillover model containing clusters of 20 synapses (D, F), and 20 synapses in the no spillover model

containing clusters of 40 synapses (E). (C) Somatic spiking as a percentage for 40 presentations of each stimulus for the thresholded spillover model

and the no spillover model with clusters of size 20 and 40 synapses on the NFBP. Error bars represent standard deviation. Note that with thresholded

spillover the task performance is 100%, and that no spillover with 40 synapses always elicited somatic firing, resulting in zero-sized error bars in these

cases. (D–F) Example voltage traces for each stimulus presentation in the scenarios with thresholded spillover (D), no spillover with a cluster of 40

synapses (E), and no spillover with clusters of 20 synapses (F). The background noise in these examples is increased (compared to the results in

Figures 2, 4, 5), so that the neuron spikes with additional clustered inputs representing shape and color. Simulations were repeated for five pairs of

dendrites.

function without explicitly stating a reason for it. As shown

in Figure 3B1, increasing the steepness of the gating function

can move the phase curve in the bistable region, allowing to

robustly generate all-or-none plateau potentials, thus offering

an explanation for the steeper gating functions in modeling

studies. Moreover, in light of the natural variability in the Mg2+

block gating function, the question remains as to how SPNs

generate the all-or-none plateau behavior robustly in experiments

with increasing stimulation. According to the results above,

glutamate spillover is predicted to be a part of the plateau

potential generation mechanism, providing robust all-or-none

behavior across a wide range of slopes of the Mg2+ block

gating function.

Whether, in vivo plateau potentials are graded or all-or-none

is not known. However, in Gambino et al. (2014) for example,

robust, seemingly all-or-none plateau potentials are evoked with

co-activation of the intracolumnar lemniscal and thalamocortical

paralemniscal pathways, while lemniscal pathway activation alone

significantly reduces the probability of evoking plateau potentials.

In this study we have illustrated the importance of such all-

or-none plateau potentials in a commonly used benchmark

task, the NFBP, showing that graded plateau potentials cannot

perform this task compared to the perfect performance with

all-or-none plateau potentials. It is not known whether the

NFBP is solved by single neurons in any brain region on a

regular basis, but plateau potentials, whether used for the NFBP

or in the detection/representation of single features, have been

suggested to prepare the neuron to spike in a robust fashion as

a response to the particular plateau-evoking input (Antic et al.,

2018). In vitro, distally evoked plateau potentials in the basal

dendrites of pyramidal neurons typically do not evoke somatic

spiking by themselves (Milojkovic et al., 2004; Major et al.,

2008; Gao et al., 2021), and neither do plateau potentials in

SPNs (Plotkin et al., 2011; Du et al., 2017). This corresponds

to the situation we modeled in Figures 2, 4, 5. However, in

the presence of additional inputs or background noise, plateau

potentials drive a robust somatic response to the particular input

pattern that evoked them, as we exemplify in Figure 6. According

to the predictions from this study, the prolonged activation of

extrasynaptic NMDARs is critical for robust plateau potential

generation.

Despite important advances such as the confirmation of

glutamate spillover in vivo, the confirmation of its role in

neuronal signaling in the cerebellum, and reports of extracellular

glutamate concentrations in experimentally evoked spillover in

brain slices in the low micromolar ranges, many important
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details await further studies (Szapiro and Barbour, 2007; Okubo

et al., 2010; Papouin and Oliet, 2014; Rusakov and Stewart,

2021). Some prominent missing details are: (i) the lifetime of

glutamate in the extrasynaptic and perisynaptic spaces; (ii) the

conditions under which possible astrocytic glutamate release

and/or reversal of glutamate uptake occurs; as well as (iii) control

of eNMDAR activation by the co-agonist glycine or d-serine

(Malarkey and Parpura, 2008; Papouin and Oliet, 2014). Assuming

high NMDAR affinity for glutamate, we have shown that 10–20

µM of extracellular glutamate can produce all-or-none plateau

potentials if glutamate persists in the extracellular space for

long durations, indicating that physiological concentrations may

play a large role in signal integration. Recent findings that LTP

boosts glutamate spillover by initiating withdrawal of perisynaptic

astroglial processes suggest dynamic regulation of the synaptic and

perisynaptic environment, including eNMDAR activation, for the

purposes of signal processing and learning (Henneberger et al.,

2020; Rusakov and Stewart, 2021). Facilitation of the prolonged

eNMDAR activation would, in turn, increase the probability that

the already strengthened synapses can evoke a robust dendritic

plateau potential.

One direction for future work would be to investigate how

the distinct gating functions of various NMDAR isoforms affect

dendritic computations in different neuron types in the brain,

as well as to further quantify the contribution of extrasynaptic

NMDA receptors for these computations (Zhou et al., 2015).

Another direction for future work would be to develop more

detailed diffusion models of glutamate concentration activating

extrasynaptic NMDARs for a quantitatively more precise

understanding of the phenomenon in particular synapse types.

However, since NMDARs have high affinity for glutamate,

even low extrasynaptic glutamate concentrations also generate

robust plateau potentials for a prolonged extrasynaptic glutamate

signal (as shown in Figure 5). The synaptic model that we used

assumes fixed transmitter concentration for the duration of the

transmitter pulse both in the synaptic cleft and in the extrasynaptic

space. Glutamate in the synaptic cleft rapidly reaches its peak

concentration and is also quickly cleared due to diffusion and

reuptake (Clements et al., 1992). In contrast to that, extrasynaptic

glutamate dynamics is likely more variable. Under conditions of

temporary saturation of astrocytic glutamate uptake and possibly

Ca2+-dependent astrocytic glutamate exocytosis and/or reverse

operation of astrocytic glutamate transporters (Malarkey and

Parpura, 2008), extrasynaptic glutamate concentration could

remain elevated long enough to produce all-or-none plateau

potentials. Further experimental studies of extrasynaptic

glutamate are needed to clarify these issues in different

brain regions.
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