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Abstracts in french and in english

Role des circuits dorsal et ventral des ganglions de la base dans les
processus décisionnels en conditions saine et parkinsonienne

Résumé

La prise de décision basée sur la valeur repose sur des processus qui évaluent les options, guident
la sélection et I'exécution des actions, puis en évaluent les conséquences en comparant les
résultats attendus et obtenus pour ajuster les choix. Ces processus reposent sur des réseaux
cérébraux distribués incluant les ganglions de la base (GB). Les GB sont des structures sous-
corticales interconnectées modulées par la dopamine du mésencéphale et organisées en circuits
cortico-sous-corticaux partiellement paralléles le long d’un axe dorso-ventral. Le circuit dorsal
est associé au contréle moteur et cognitif alors que le ventral est impliqué dans I’évaluation des
options/résultats et la motivation. Des dysfonctionnements de ces circuits ont été impliqués dans
les déficits décisionnels de la maladie de Parkinson (MP). Cependant, leur role dans la prise de
décision en conditions saines et pathologiques reste mal compris.

Pour répondre a cette question, nous avons réalisé des enregistrements électrophysiologiques
avant et aprés induction de la MP dans plusieurs noyaux clés des GB (noyau caudé, noyau
accumbens (NAc), globus pallidus externe et pallidum ventral) chez des primates non humains
réalisant une tache de décision basée sur la valeur, ou les valeurs attendues (VA) dépendaient de
la magnitude et de la probabilité de récompense pouvant correspondre a des gains ou pertes. Le
comportement variait en fonction de la VA: les options avec des VA élevées étaient choisies plus
fréguemment, entrainaient moins d’omissions et des décisions plus rapides. Les enregistrements
unitaires ont révélé un gradient fonctionnel: les régions dorsales encodaient préférentiellement
les parameétres liés a I'action, alors que I'encodage de la valeur augmentait ventralement. Les
représentations de la VA étaient non linéaires avec une sensibilité maximale a la transition entre
pertes et gains. L'analyse de population a révélé des dynamiques de trajectoires neuronales
dépendantes de la VA, particulierement dans les régions ventrales, tandis que les signaux
spatiaux étaient plus ségrégés dorsalement. L’analyse de décodage a confirmé cette dissociation:
la VA était mieux décodée par les populations ventrales et les parametres spatiaux par les
dorsales.

Pour examiner les déficits décisionnels dans la MP, nous avons induit une déplétion
dopaminergique progressive par traitement chronique a faible dose de MPTP et comparé les
stades sain, précoce et tardif de la maladie. La perte de dopamine a entrainé un désengagement
dans la tache et une diminution de la vigueur motrice, accompagnés de modifications de
I’encodage neuronal malgré des capacités décisionnelles préservées. Les effets les plus marqués
ont été observés dans le striatum ventral avec une réduction de la fraction de neurones codant
la valeur dans le NAc au stade tardif, tandis que les représentations pallidales des variables
décisionnelles restaient largement intactes. L'analyse des variations d’amplitude de réponse
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neuronale (gain neuronal) a révélé une co-variation entre le désengagement et I'augmentation
d’états neuronaux de faible gain similaires a ceux des omissions. La déplétion dopaminergique
pourrait déplacer I’état neuronal global du réseau d’un état engagé vers un état désengagé plutot
qu’altérer I’évaluation des options.

Ce travail met en évidence une organisation fonctionnelle des GB dans la décision basée sur la
valeur: les circuits ventraux encodent préférentiellement la valeur, avec une sensibilité a la
transition entre les pertes et les gains tandis que les circuits dorsaux encodent davantage les
variables liées au choix. La perte de dopamine affecte principalement la motivation et
I’engagement via des modifications des états neuronaux globaux et une vulnérabilité sélective
du striatum ventral, tandis que les populations pallidales pourraient contribuer au maintien des
performances décisionnelles, en maintenant les représentations des variables de décision
pertinentes pour la tache.

Mots clés: ganglions de la base, prise de décision, valeur, électrophysiologie, primate non
humain, maladie de Parkinson

Distinct dorsal and ventral basal ganglia contributions to value-based
decision-making in health and parkinsonism

Abstract

Value-based decision-making (DM) relies on processes that evaluate options by assigning them a
subjective value, guide action selection and execution, and evaluate consequences by comparing
expected and obtained outcomes to update decisions. These processes rely on coordinated
activity within distributed brain networks including the basal ganglia (BG). The BG comprise
interconnected nuclei modulated by midbrain dopamine and organized into partially overlapping
cortico-subcortical circuits along a dorsal-ventral axis. Dorsal circuits are associated with motor
and cognitive control, while ventral circuits are linked to valuation/evaluation and motivation.
Dysfunctions of these circuits have been implicated in DM deficits observed in Parkinson’s
disease (PD). However, their distinct contribution to value-based DM in healthy and pathological
conditions remains unclear.

To address this question, we performed electrophysiological recordings before and after PD
induction in key BG nuclei (caudate nucleus, nucleus accumbens (NAc), external globus pallidus
and ventral pallidum) in non-human primates performing a value-based DM task in which
expected values (EVs) varied with reward magnitude and probability. We examined how decision
variables (value- and action-related signals) associated with losses and gains are encoded and
organized across BG structures. Behavior scaled with EV: higher EV options were chosen more
accurately, elicited fewer omissions and were associated with faster decision times, linking
valuation to behavioral engagement and vigor. Single-unit recordings revealed a functional
gradient across structures: dorsal regions preferentially encoded action-related parameters,
while value encoding increased ventrally. EV representations were non-linear with maximal
2



sensitivity at the loss-gain transition. Population-level neural dynamics revealed distinct neural
trajectory geometries across EVs, particularly at this transition in ventral regions, where
trajectory separation and divergence increased, while spatial signals were more segregated
dorsally. Decoding analyses supported this dissociation: EV was best decoded from ventral
populations, whereas spatial parameters were most accurately decoded from dorsal populations.
Thus, representation of value and action signals across BG structures is distributed but organized.

To examine DM deficits in PD, we induced progressive dopaminergic depletion using chronic low-
dose 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) and compared healthy, early, and
late disease stages. Dopamine loss led to marked task disengagement and reduced movement
vigor, accompanied by changes in neuronal encoding despite preserved decision performance.
The most pronounced alterations occurred in the ventral striatum, including a late-stage
decrease in value encoding in NAc neurons, while pallidal representations of decision variables
were largely intact. Analysis of cue-evoked changes in neural response magnitude (neural gain)
showed maintained differentiation between performed and omitted trials and revealed
systematic co-shifts between disengagement and the increasing prevalence of omission-like low-
gain neural states across disease stages. Dopamine depletion may therefore shift global network
states (from engaged to disengaged) rather than abolish valuation.

Together, this work supports a functional organization of the BG during value-based DM in which
ventral circuits preferentially encode value, including non-linear loss-gain sensitivity, while dorsal
circuits preferentially encode action-related variables. Dopaminergic depletion primarily affects
motivation and task engagement through shifts in global neural states and selective vulnerability
of ventral striatal circuits, while pallidal populations may help sustain accurate decision
performance by maintaining representations of task-relevant decision variables.

Keywords: basal ganglia, decision-making, value, electrophysiology, non-human primate,
Parkinson’s disease

Institut des Maladies Neurodégénératives

IMN, CNRS UMRS5293, Centre Broca, 146 rue Léo Saignat, 33076
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Part 1 Introduction

Chapter 1 Basal ganglia anatomy

Denny-Brown was the first to define the basal ganglia (BG) as an independent motor control
system in 1946 (Denny-Brown, 1946). He proposed a framework in which two parallel systems
control movement: the pyramidal and the extrapyramidal tracts. The pyramidal system,
composed of direct projections form the motor cortex to the spinal motor neurons which then
transfers information down to the distal limbs, was believed to be responsible for the control and
execution of voluntary and accurate movements. The extrapyramidal tract, composed of indirect
projections to the spinal cord through the BG and the cerebellum, running parallel to the
pyramidal system, was thought to be in charge of the control of postural and automatic non-
voluntary movements. His work set the basis for our modern understanding of the BG’s role
which is more than just a purely motor system as previously believed.

1.1 Definition and localization

The BG are paired subcortical structures lying deep in the brain composed of several nuclei
namely the striatum, the pallidum, the subthalamic nucleus (STN) and the substantia nigra which
can be distinguished based on their morphology and electrophysiological properties (Albin et al.,
1989; Parent & Hazrati, 1995a, 1995b; Lanciego et al., 2012; Young et al., 2023). The localization
of the BG nuclei in the primate brain are shown in Figure 1-1. The BG have been conserved
throughout vertebrate evolution for over 500 million years, from lampreys and fish to
amphibians, reptiles, birds, and mammals. Although these nuclei are less clearly individualized in
non-mammalian species, they share similar organizational and functional characteristics with the
mammalian BG (Reiner et al., 1998).

Figure 1-1. The monkey basal ganglia anatomy.
Parasagittal section of a monkey brain showing the localization of the different basal ganglia (BG) nuclei. In pink, the

striatum encompassing the caudate nucleus (CN), the putamen (Put) and the nucleus accumbens (Acb); in blue, the
external globus pallidus (GPe) with its ventral extension below the anterior commissure (ac) corresponding to the
ventral pallidum; in yellow, the internal globus pallidus (GPi); in orange the subthalamic nucleus (STN) and in green
the substantia nigra composed of the substantia nigra pars compacta (SNc) and the substantia nigra pars reticulata
(SNr). Figure taken from (Lanciego et al., 2012).
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1.1.1 The striatum
The striatum, located in the telencephalon, is formed by more than one nucleus in most
mammals (Albin et al., 1989; Parent & Hazrati, 1995a; Lanciego et al., 2012):
- the putamen, a rounded structure sitting most laterally (Parent & Hazrati, 1995a; Ghandili
& Munakomi, 2023);
- the caudate nucleus (CD), a C-shaped nucleus running alongside the lateral ventricle with
a large head located in the floor of the anterior horn of the lateral ventricle, a body
following the curvature of the lateral ventricle and a thin tail located in the roof of the
inferior horn. It forms the medial part of the striatum (Parent & Hazrati, 1995a; Driscoll
etal., 2023);
- the nucleus accumbens (NAc) which connects to the head of the CD and the ventromedial
putamen, and can be further subdivided into a core and shell region (Zahm & Heimer,
1988; Meredith et al., 1996; Groenewegen et al., 1999). Together with the olfactory
tubercule extending anteriorly, they belong to the ventral striatum (VS).
The putamen and the CD are separated by a dense white matter structure called the internal
capsule containing fibers coming from and going to all regions of the cerebral cortex. Putamen
and CD connect through caudolenticular grey bridges. Unlike in primates, the rodent CD and the
putamen are not anatomically separated but form instead a continuous dorsal striatum (DS). It
is functionally divided into a dorsolateral striatum (DLS) which is homologous to the putamen
and a dorsomedial striatum (DMS) homologous to the CD (Balleine & O’Doherty, 2010; Alegre-
Cortés et al., 2021).

Histochemical studies have revealed that both DS and VS are not homogeneous structures as
they appear under the microscope but are rather compartmentalized into striosomes (or
patches) and matrix (Graybiel & Ragsdale, 1978; Voorn et al., 1989; Groenewegen et al., 1999;
Graybiel & Matsushima, 2023). The striosomes represents 10 to 20% of the total striatum and is
characterized by a low activity of the acetylcholinesterase enzyme and express high levels of u-
opioid receptor, enkephalin and substance P neuropeptides (Graybiel & Ragsdale, 1978; Graybiel
et al., 1981, 1986; Herkenham & Pert, 1981; Gerfen, 1984). By contrast, the matrix, in which
striosomes are embedded, is enriched with acetylcholinesterase, somatostatin (SOM) and
calbindin (Graybiel & Ragsdale, 1978; Graybiel et al., 1981, 1986; Herkenham & Pert, 1981;
Gerfen, 1984). This compartmentalization is believed to hold differential processing of limbic and
sensorimotor information especially in the DS. Indeed, although each cortical area innervates
both compartments, motor and sensory cortical regions are found to principally innervate the
matrix compartment whereas cortical limbic inputs are preferentially found in striosomes
(Ragsdale & Graybiel, 1981; Gerfen, 1984; Donoghue & Herkenham, 1986; Eblen & Graybiel,
1995). The compartmentalization in the VS is less sharply delineated with the particularity of the
NAc division into a core domain, enriched in calbindin, and shell domain, poor in calbindin, in
addition to the compartmentalization (Groenewegen et al., 1999). The differential innervation is
less obvious in the VS in which both striosomes and matrix receive limbic information (Voorn et
al., 1989; Groenewegen et al., 1999).
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At the cellular level in both primates and rodents, the striatum is further subdivided into a
population of projection neurons representing approximately 85-95% of total striatal neurons,
called medium spiny neurons (MSNs), and 5-15% of interneurons (Graveland & Difiglia, 1985;
Yelnik et al., 1991; Del Rey et al., 2022). Although all the MSNs are inhibitory neurons utilizing
gamma-aminobutyric acid (GABA) as their neurotransmitter to reduce the discharge rate of their
postsynaptic target neurons (Ribak et al., 1979; Oertel & Mugnaini, 1984), they can be subdivided
into two main populations depending on the dopamine (DA) receptor they express (Gerfen et al.,
1990) :
- the D1-MSN type, expressing the DA receptor subtype 1 and the neuropeptides substance
P and dynorphin (Graybiel, 1990; Parent & Hazrati, 1995a);
- the D2-MSN type, expressing the DA receptor subtype 2 and the neuropeptide enkephalin
(Graybiel, 1990; Parent & Hazrati, 1995a).
Although this dichotomy is well established, a small proportion of MSNs has also been found to
coexpress both D1 and D2 receptors (Surmeier et al., 1996; Aizman et al., 2000; Bonnavion et al.,
2024) and will be discussed in the section “The different models of the basal ganglia / Updated
“box-and-arrow” model” of this chapter, pages 18-21.
The striatal interneurons on the other hand have a local modulating action on MSNs and are
classified into four groups (Kawaguchi, 1993; Kawaguchi et al., 1995; Tepper & Bolam, 2004):
- the cholinergic interneurons which use acetylcholine as their neurotransmitter, also
called tonically active neurons (TANSs);
- the GABA-ergic interneurons expressing the calcium-binding protein parvalbumin (PV) or
PV-interneurons, also called fast-spiking interneurons (FSls);
- the GABA-ergicinterneurons expressing the calcium-binding protein calretinin (CR) or CR-
interneurons;
- the GABA-ergic interneurons which use nitric oxide and neuropeptide Y as their
neurotransmitter and express SOM or SOM-interneurons, also called low-threshold
spiking (LTS) interneurons.

1.1.2 The globus pallidus

The globus pallidus, located medially to the putamen and posterolaterally to the head of the CD
is subdivided into two segments: an external segment (GPe) siting most laterally and an adjacent
internal segment (GPi) located medially (Parent & Hazrati, 1995b; Kita, 2007; Nambu, 2007). In
rodents, the endopeduncular nucleus is the homologous to the primate GPi while the GPe is
referred to as the globus pallidus. Although functionally analogous to its primate homologue, the
entopeduncular nucleus is anatomically separated from the globus pallidus and is embedded in
the fiber tract of the internal capsule. The ventral pallidum (VP) is the ventral extension of the
globus pallidus (Switzer et al., 1982; Haber & Nauta, 1983; Haber & Knutson, 2010). The primate
VP is a crescent-shaped structure ventral to the anterior commissure (Zahm & Heimer, 1988).
Based on the rodent immunoreactivity, the VP can be subdivided in 3 parts, the ventromedial VP
reactive to neurotensin, receiving inputs from the shell of the NAc, the dorsolateral VP, reactive
to calbindin, receiving inputs from the core of the NAc and the ventrolateral VP exhibiting little
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to no reactivity to both markers, described as finger-like extensions dorsal to the olfactory
tubercule and ventral to the NAc (Zahm & Heimer, 1988, 1990; Root et al., 2015).

At the cellular level, although there are rare GABAergic interneurons in the pallidum, the vast
majority of pallidal neurons are GABA-ergic projections neurons, providing inhibitory output to
their downstream targets (Penney & Young, 1981; Difiglia et al., 1982). Within the rodent
GABAergic GPe projection neurons, two populations have been identified based on their
projection targets and molecular markers: the prototypic neurons expressing PV, Nkx2-1 and
Lhx6 and arkypallidal neurons expressing proenkephalin, Npas1 and FoxP2 (Mallet et al., 2012;
Abdi et al., 2015). Prototypic neurons represent approximately 75% of the GPe neuronal
population while the arkypallidal neurons account for the remaining 25%. Although this cellular
dichotomy has been clearly established in rodents, its direct correspondence in primates remains
uncertain. Nevertheless, electrophysiological studies in non-human primates (NHPs) have
identified two major classes of GPe neurons distinguished by high- and low-frequency discharge
(HFD and LFD) patterns (see “Electrophysiological properties” section of this chapter, pages 36-
37). However, based on the molecular markers expressed, other studies have shown that there
are probably more than just two subpopulations in rodents (Cui et al., 2021). VP is also a highly
heterogeneous structure with GABAergic projection neurons but also cholinergic and
glutamatergic neurons (Root et al., 2015). Glutamatergic neurons are primarily present in the
rostral ventromedial VP.

1.1.3 The subthalamic nucleus

The STN is a small fusiform nucleus located in the ventral diencephalon, sitting ventrally to the
thalamus and is adjacent to the substantia nigra (Parent & Hazrati, 1995b; Bevan, 2016). Unlike
the other BG nuclei, the vast majority of neurons in this structure are glutamatergic and use
glutamate as their neurotransmitter to increase the discharge rate of their postsynaptic target
neurons (Smith & Parent, 1988). The STN is therefore the only excitatory structure within the BG.
However, this structure is not homogeneous, as neuronal populations differ according to their
anteroposterior and dorsoventral location and exhibit distinct molecular profiles. In the human
STN, PV-expressing neurons are predominantly found in dorsal regions, whereas neurons
expressing the transcription factor NKX2.1 are preferentially located in the ventral STN (Prasad
& Wallén-Mackenzie, 2024). In addition to these principal glutamatergic projection neurons, the
STN contains a small population of local GABAergic interneurons, further contributing to its
cellular and functional heterogeneity.

1.1.4 The substantia nigra

The substantia nigra pars reticulata (SNr) and the substantia nigra pars compacta (SNc) together

form the substantia nigra, a small nucleus located medial to the cerebral peduncles of the ventral

mesencephalon (also referred to as the midbrain). The SNr is located ventrally and is separated

from the GPi by the cerebral peduncles, whereas the SNc lies dorsally (Parent & Hazrati, 1995a).

The SNr is composed predominantly of GABAergic projection neurons and constitutes a major
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inhibitory output structure of the BG. Although GPi and SNr contain cytologically similar neurons,
recent evidence indicates that SNr neurons are heterogeneous and can be subdivided into
genetically distinct subclasses corresponding to segregated BG output pathways (Yelnik et al.,
1984, 1987; Mendelsohn et al., 2025). Medial to the SNr is lying the ventral tegmental area (VTA).
SNc and VTA both contain dopaminergic neurons (DANs), and are referred to as the
mesencephalic (or midbrain) dopaminergic system. Multiple DAN types exist in both the VTA and
the SNc depending on the markers they express (Gaertner et al., 2022; Fitzgerald & Day, 2025).
Moreover, SNc and VTA are more heterogeneous than simple DANs. Indeed, some glutamatergic,
GABAergic neurons also exist in the VTA as well as neurons co-expressing DA with GABA, DA with
glutamate, glutamate with GABA and all 3 neurotransmitters together (Fitzgerald & Day, 2025),
whereas GABAergic projection neurons and interneurons have been found in the SNc (Gaertner
etal., 2022).

1.2 The different models of the basal ganglia

Several models of the BG have been proposed over the years. Each revolutionary technique, from
tracing markers to computer science, has brought evidence for new connections and new ways
of thinking the function of the BG.

1.2.1 D1/D2 direct and indirect pathways “box-and-arrow” model

Based on the neuroanatomical, pharmacological and physiological data obtained from animal
and post-mortem human studies, Albin, Young and Penney were the first to provide a functional
model of the healthy BG in an attempt to explain movement disorders in neurodegenerative
diseases and other lesions to the BG (Albin et al., 1989). They were followed soon after by other
groups (Alexander & Crutcher, 1990; Bergman et al., 1990; Gerfen et al., 1990) leading to the first
2-pathway “box-and-arrow” model of the BG (Figure 1-2).

Importantly, in this model, the striatum alone is the input structure of the BG which receives
excitatory projections from virtually all cortical areas (Kemp & Powell, 1970; Kiinzle, 1975, 1977;
Goldman & Nauta, 1977; Cospito & Kultas-llinsky, 1981; McGeorge & Faull, 1989) and from the
thalamus (Powell & Cowan, 1956; Jones & Leavitt, 1974; Parent et al., 1983; Giménez-Amaya et
al., 1995). The striatum also receives massive modulatory dopaminergic projections from the SNc
projecting to the DS and from the VTA projecting to the ventromedial striatum as demonstrated
by fluorescent retrograde tracing among other neuroanatomical and neurochemical techniques
(Andén et al., 1964, 1966; Arluison et al., 1978; Beckstead et al., 1979; Parent et al., 1983;
Schmued & Fallon, 1986; Gerfen et al., 1990). Neuronal tracing experiments have shown that the
striatum sends projections to the GPe but also to the GPi and SNr (Fox & Rafols, 1976; Féger &
Crossman, 1984; Gerfen, 1985; Giménez-Amaya & Graybiel, 1990; Bolam & Smith, 1992).
Moreover, combined with D1, D2, enkephalin, substance P and dynorphin mRNA detection in the
striatum, Gerfen and colleagues used retrograde tracing techniques to show that the MSNs
projecting to the GPi/SNr were expressing the dopaminergic D1 receptor and the peptide
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substance P and dynorphin whereas the ones projecting to the GPe were mainly expressing the
D2 receptor together with the enkephalin peptide (Gerfen et al., 1990). Importantly, these
neurons are from matrix origin. In contrast, D1- and D2-MSNs from striosomes send their
projections back to the SNc, directly or indirectly through the central GPe, respectively (Gerfen
et al., 1987; Lazaridis et al., 2024). VP GABAergic but also glutamatergic neurons projecting to
the VTA have also been described (Zahm, 1989; Root et al., 2015; Ottenheimer, Wang, et al.,
2020). In addition, it has been shown that the GPe sends inhibitory GABAergic projections to the
STN (Carter & Fibiger, 1978; Carpenter et al., 1981). The STN has been shown to send excitatory
glutamatergic projections to the GPi and the SNr which are the output structures of the BG
(Carpenter & Strominger, 1967; Nauta & Cole, 1978; Van Der Kooy & Hattori, 1980; Carpenter et
al., 1981; Kita & Kitai, 1987). Finally, these output nuclei project primarily to the thalamus, which
in turn sends projections back to the cortex, thereby closing the cortico-BG (CBG)-thalamo-
cortical loop (Carpenter & Strominger, 1967; Clavier et al., 1976; Schell & Strick, 1984; Schmued
& Fallon, 1986). In addition to these thalamic projections, BG output structures also target
several subcortical nuclei, including the lateral habenula, the pedunculopontine nucleus, and the
superior colliculus (Hopkins & Niessen, 1976; Carter & Fibiger, 1978; Parent & De Bellefeuille,
1982; Frangois et al., 1988). In the rodents, the SNr constitutes the dominant output structure of
the BG whereas in primates both the GPi and SNr serve as major output nuclei (Parent & Hazrati,
1995a).

The model, shown in Figure 1-2 (left model corresponds to work obtained from primate studies
and right, the model confirmed by Gerfen and colleagues on rodents, see also Figure 1-3 for a
clearer representation) describes two non-overlapping and antagonistic pathways originating
from the striatum and running through the BG to control movement: one direct and one indirect
pathway.
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Figure 1-2. D1/D2 direct/indirect pathways “box-and-arrow” model of the basal ganglia.
The left panel is based on primate data and the right panel on rodent data. Taken from (Albin et al., 1989; Gerfen et

al., 1990). In the primate model (left), LGP and MGP refer to the lateral and medial globus pallidus, corresponding to
the external (GPe) and internal (GPi) segments, respectively. ACh (acetylcholine) and SS (somatostatin) label striatal
interneuron populations (cholinergic and low-threshold spiking interneurons respectively). DA (dopamine) from the
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substantia nigra pars compacta (SNc) exerts modulatory effects, facilitating D1-expressing neurons and inhibiting
D2-expressing neurons (represented by both (+) and (-) signs). SC denotes the superior colliculus. In both models, SP
(substance P) identifies D1 medium spiny neurons (MSNSs; also expressing dynorphin, DYN, in the rodent model), while
ENK (enkephalin) identifies D2 MSNs. STN: subthalamic nucleus; SNr: substantia nigra pars reticulata. Excitatory
glutamatergic (GLU) projections are indicated by (+), and inhibitory GABAergic projections by (-). The direct (D1)
pathway inhibits basal ganglia output structures (GPi/SNr), leading to disinhibition of the thalamus and facilitation
of movement (“Go” pathway). In contrast, the indirect (D2) pathway increases the activity of GPi/SNr via the GPe-
STN circuit, resulting in enhanced inhibition of the thalamus and suppression of movement (“No-Go” pathway).

D1 direct pathway:

In the D1 direct pathway, the glutamatergic cortex excites striatal D1-MSNs which in turn inhibit
the GPi/SNr neurons. The inhibition of the output structures of the BG leads to the disinhibition
of the thalamus which in turn can excite downstream targets including the motor cortex leading
to movement. Thus, the D1 direct pathway facilitates movement and is referred to as the “Go”
pathway.

D2 indirect pathway:

In the D2 indirect pathway, the glutamatergic cortex excites striatal D2-MSNs which in turn inhibit
the GPe neurons. However, GPe neurons normally inhibit STN excitatory neurons projecting to
GPi/SNr output structures. Thus, the inhibition of GPe leads to a disinhibition of the STN which
in turn excites GPi/SNr. This excitation results in the inhibition of the thalamus which no longer
excites the motor cortex leading to movement suppression. Thus, the D2 indirect pathway
suppresses movement and is referred to as the “No-Go” pathway.

D1/D2 pathway modulation:

These pathways are modulated by the DA neurotransmitter originating from the midbrain SNc to
promote movement (Albin et al., 1989; Gerfen et al., 1990). Depending on the receptor type
present on the cell, DA is either excitatory or inhibitory. Indeed, DA is excitatory to D1-MSNs and
thus promotes movement by enhancing the direct pathway whereas it is inhibitory to D2-MSNs
and promotes movement by suppressing the indirect pathway (Cepeda et al., 1993; Gonon, 1997;
West & Grace, 2002). Therefore depletion of DA, observed in Parkinson’s disease (PD) for
example, provokes an imbalance of BG circuits by a reduced excitation of the D1-direct MSNs
which no longer inhibit the output structures and by an increased inhibitory action of the D2-
indirect MSNs on GPe which no longer inhibits the STN enabling it to stimulate the output
structures. Disinhibition by D1-MSNs and stimulation by the STN of output structures leads to
the increase of the inhibitory output to the thalamus resulting in difficulties in movement
initiation and vigor.

1.2.2 Updated “box-and-arrow” model
However, several biochemical, anatomical and electrophysiological studies have challenged this
first model which does not consider the complexity of the network. The Figure 1-3 compares the
classical model (left model) to the updated model (right model) considering the different aspects
described below.
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Figure 1-3. Direct and indirect “box-and-arrow” model and updated model.
The left panel shows the first D1/D2 direct/indirect pathways “box-and-arrow” model (as in Figure 1-2), while the

right panel illustrates the updated model. The first model is reproduced alongside the updated version using the same
color code and layout to facilitate comparison. Red arrows indicate excitatory (glutamatergic) projections, green
arrows indicate inhibitory (GABAergic) projections and gold arrows indicate dopaminergic (DA) modulatory effects
on D1 and D2 medium spiny neurons (MSNs). The updated model incorporates several key features, including strong
excitatory cortical inputs to the subthalamic nucleus (STN), reciprocal connections between the external globus
pallidus (GPe) and both the striatum and STN, projections from the GPe to output structures, and collateral
projections from D1-MSNs to the GPe.

Striatal D1 direct MSNs also project to the GPe. Indeed, looking at the morphology of the MSNs
and where their axons project, Parent and colleagues, in the monkey and Kawaguchi and
colleagues in the rat, identified 3 types of striatal projection neurons (SPNs): the type | which
projects exclusively to the GPe, the type lla which projects to the SNr and sends collaterals to the
GPi first then to the GPe and type Ilb which projects to the SNr and sends collaterals to the GPe
(Parent et al., 1984; Kawaguchi et al., 1990). Moreover, using biotin dextran amine to label SPNs
in rats, Wu and colleagues confirmed these results and found that type I cells represented 36.4%
of labeled MSNs while the remaining cells targeting SNr and/or GPi additionally sent collaterals
to the GPe (Wu et al., 2000).

D1- and D2-MSNs interact via local GABAergic collateral connections. Indeed, the work of Wilson
and Groves, confirmed later by Kawaguchi and colleagues has shown that MSNs send GABAergic
collaterals to other MSNs (Wilson & Groves, 1980; Kawaguchi et al., 1990). More precisely, in a
study led by Taverna and colleagues looking at MSN forming connection pairs in the rat striatum,
D1- and D2-MSNs pairs were found to form unidirectional synapses on other D1- and D2-MSNs
respectively (26 and 36% of pairs analyzed, respectively) (Taverna et al., 2008). Alternatively,
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some D2-MSNs pairs were commonly found to form synapses on D1 MSNs (27% of pairs) and
only a small number of D1-MSNs were forming synapses on D2-MSNs (6% of pairs). Another study
performed by Czubayko and Plenz, showed direct evidence of electrophysiological synaptic
transmission between MSN pairs (Czubayko & Plenz, 2002). Together, these findings indicate that
neurons of the direct and indirect pathways are not independent but can inhibit each other
through local striatal circuitry. Although MSN-MSN inhibition is sparse and weak at the level of
individual synapses, it is nonetheless critical at the population level. Indeed, pharmacological
blockade of GABAA receptors with bicuculline abolishes the structured dynamics of striatal cell
assemblies in vitro, demonstrating that lateral inhibition is required for the emergence and
switching of MSN assemblies (Carrillo-Reid et al., 2008).

In the classical model, activation of the direct pathway facilitates movement, whereas activation
of the indirect pathway inhibits movement, suggesting functional segregated and opposite roles.
However, in a study led by Cui and colleagues using transgenic mice performing an operant task
and in which the specific activities of D1 direct and D2 indirect pathways were measured, authors
found that both D1 and D2 pathways were co-active during action initiation (Cui et al., 2013).
Moreover, although the amplitude of the response is different, both pathways were found to
modulate their activity in response to movement initiation, sensory stimuli and reward cues, and
showed correlated activities. Extending these findings, recent calcium imaging data indicate that
during ongoing movements, population activity in both D1- and D2-MSNs increases around peak
force generation, with significant modulation observed in each cell type (Rodrigues-Vaz et al.,
2025). Consistent with this view, inhibition of either the D1 or the D2 pathway was found to
disrupt movement initiation (Tecuapetla et al., 2016). These studies show that there is a
coactivation and complex coordination of D1 direct and D2 indirect pathways.

Another finding that challenged the idea that D1- and D2-MSNs are divided into separate, not
overlapping populations of neurons is the presence of D1 and D2 receptor in the same striatal
MSNs obtained by single cell mRNA detection or immunohistochemistry experiments (Surmeier
et al., 1996; Aizman et al., 2000). A recent study notably identified a third population of MSNs
that coexpress D1 and D2 receptors representing approximately 7% of total MSNs and which
exclusively projects to the GPe (Bonnavion et al., 2024).

Moreover, anatomical studies demonstrated the existence of massive feedforward GABAergic
projections from the GPe to BG output nuclei in both rodents and primates (Hazrati et al., 1990;
Kita & Kita, 1994; Smith et al., 1994; Parent & Hazrati, 1995a; Sato et al., 2000). These direct GPe
projections to the GPi and SNr allow the GPe to influence BG output independently of the STN,
in contrast to the classical model. In addition, a distinct population of GABAergic neurons in the
GPe, named arkypallidal neurons, sends feedback projections to the striatum in rodents (Spooren
et al., 1996; Bevan et al., 1998; Bolam et al., 2000; Mallet et al., 2012; Abdi et al., 2015).

STN projects back to the GPe (feedback loop) placing this nucleus not as a simple relay structure
between the striatum and the output structures of the BG (Carpenter & Strominger, 1967; Van
Der Kooy & Hattori, 1980; Carpenter et al., 1981; Kita & Kitai, 1987; Kita & Kita, 1994; Parent &
Hazrati, 1995a, 1995b). In addition, the classical model does not consider the direct inputs from
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motor and premotor cortex to the STN (Monakow et al., 1978; Kitai & Deniau, 1981; Afsharpour,
1985; Ryan & Clark, 1991; Fujimoto & Kita, 1993; Féger et al., 1994; Nambu et al., 1996; Nambu,
2004; Haynes & Haber, 2013). As a result, it underestimates the importance of the widespread
cortical inputs and the rapid transfer of information from the cortex directly to the output
structures, described as the hyperdirect pathway (Nambu et al., 2000; Nambu, Tokuno, et al.,
2002).

In the classical model, GPe is inhibited through the indirect pathway leading to disinhibition of
the STN and increased excitation of GPi. This suggests that GPe and GPi have opposite activity
patterns. Accordingly, when GPe activity is reduced, GPi activity should be increased and vice
versa. However, Deffains and colleagues found that both GPe and GPi neurons increased their
firing rates (FRs) on average in response to conditioned cues and during delay period (Deffains et
al., 2016). This similar activity pattern could be explained by the fact that cue presentation
strongly engages sensory and associative cortex, leading to parallel recruitment of both D1- and
D2-MSNs, which receive common excitatory glutamatergic cortical input under baseline or low-
DA conditions. The convergence of striatal inhibition, cortical excitation, and STN drive may result
in correlated increases in firing across pallidal populations. In learning or reward prediction for
example, when higher levels of DA are needed, DA is released by the SNc leading to
anticorrelated pallidal discharge patterns. Thus, D1 and D2 pathways may operate in either
cooperative or opponent modes depending on cortical drive and DA state, dynamics that are not
captured by the classical BG model.

1.2.3 From pathway-based models to the three-layer framework

Originally, the BG were thought to be responsible for movement initiation and generation.
Another model proposed by John Mink and later extended by Atsushi Nambu’s work on the
hyperdirect pathway, places the BG as a system selecting one specific action to perform while
suppressing the unwanted ones in response to competing sensory stimuli leading to competing
actions (Mink, 1996). Accordingly, a multitude of possible actions to perform are triggered by the
sensory stimuli and the BG evaluate and select which action to perform. In Mink’s model, specific
action selection is mediated by the direct pathway through focused inhibition of a specific subset
of GPi/SNr neurons, resulting in disinhibition of their thalamocortical targets and enabling the
transmission of a selected motor program. In parallel, the indirect pathway broadly excites the
GPi/SNr via the STN, which is disinhibited by reduced activity in the GPe, thereby suppressing
competing motor output alternatives. Thus, the indirect pathway inhibits all unwanted motor
programs except the wanted one activated by the direct pathway. Because the indirect pathway
is multisynaptic and therefore the transmission of information along it is slow, the hyperdirect
pathway, as proposed by Nambu, can be recruited to provide a fast inhibitory influence on
thalamocortical activity via rapid excitation of GPi/SNr by the STN (Nambu, 2004). The direct
pathway subsequently disinhibits the selected motor program and the STN is inhibited through
the indirect pathway. The hyperdirect pathway is viewed as the brake of the system.
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The Mink and Nambu models describe BG function in terms of direct, indirect, and hyperdirect
pathways organized in a largely feedforward manner. However, anatomical and physiological
evidence indicates that BG nuclei, particularly the GPe and STN, are embedded in recurrent
circuits, suggesting that this pathway-based organization is incomplete. Rather than replacing
the action-selection framework of Mink and Nambu, a simplified three-layer “box-and-arrow”
model reorganizes it at the circuit level by describing BG function in terms of distinct functional
layers rather than discrete pathways (Figure 1-4). In this model, the STN is placed as an input
structure of the BG alongside with the striatum, rather than solely as a relay nucleus in the
indirect pathway as previously described. Moreover, the GPe becomes a central integrative
structure of the BG which receives inhibitory inputs from D2-MSNs and excitatory inputs from
the STN and projects back to both structures and to the output structures. In parallel, D1-MSNs
directly project to the output structures with a subset also sending collaterals to the GPe. Finally,
cortical inputs additionally reach the output nuclei through the hyperdirect pathway via the STN.
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Figure 1-4. Three-layer basal ganglia “box-and-arrow” model.
This simplified model incorporates key features of updated basal ganglia (BG) organization. In particular it accounts

for the massive innervation of the cortex to the subthalamic nucleus (STN) and its role as a fast excitatory pathway
to the output structures providing rapid inhibition of the thalamocortical circuits. It places the STN as an input
structure of the BG and not just as a relay structure in the indirect pathway. This model also places the external
globus pallidus (GPe) as the central integrative structure of the BG, forming reciprocal connections with the STN and
sending projections back to the striatum, and through which the indirect pathway modulates the output structures.

1.2.4 Actor/Critic reinforcement learning model: main axis vs modulator

Although the simplified three-layer model accounts for the major anatomical connections of the
BG, it does not capture their computational dynamics nor the role of DA in corticostriatal
plasticity. To address these aspects, reinforcement learning (RL) models of BG have been
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developed (Schultz et al., 1997; Sutton & Barto, 1998; Bar-Gad et al., 2003; Goldberg & Bergman,
2011; Parush et al., 2011; Gurney et al., 2015). In RL, each time an agent interacts with the
environment, by performing an action or selecting an option, the result, provided by the
environment as rewards (positive rewards) or punishments (negative rewards) is used to adjust
the agent’s future behavior (Sutton & Barto, 1998). The rules that are used to select the optimal
behavior in a given state of the environment are referred to as the policy. The goal of RLis to use
the policy that will maximize future positive rewards and minimize punishments over time.

A common way to achieve this goal is the actor-critic model of RL. In this model, the agent is
divided into two functionally and cooperative sub-systems:

- The actor, which selects and executes actions based on the current policy.

- The critic, which evaluates the results of the actions performed by the actor. It compares
the expected value (EV) of the current state to the value updated by the obtained
outcome and generates a prediction error which corresponds to the difference between
the expectation and reality. This prediction error is then used by the critic to update the
value representation and adjust the actor’s behavioral policy.

Two situations can occur:
- the prediction error is positive (the outcome is better than expected): the behavior is
reinforced.
- the prediction error is negative (the outcome is worse than expected): the policy is
adjusted and the behavior is changed.

Interestingly, BG network can be depicted as an actor-critic RL model (Schultz et al., 1997; Sutton
& Barto, 1998; Joel et al., 2002; Bar-Gad et al., 2003; Goldberg & Bergman, 2011; Parush et al.,
2011; Gurney et al., 2015; Dunovan & Verstynen, 2016). On the one hand, the BG main axis,
composed of the different BG structures that connect thalamo-cortical fields (encoding subject’s
current state) and the brain motor centers, corresponds to the actor and would therefore
implement state-to-action mapping. On the other hand, the BG neuromodulators, and more
specifically midbrain DANSs, correspond to the critic and provide a prediction error signal to the
BG main axis, thereby adjusting its activity by modulating the efficacy of cortico-striatal
transmission (Reynolds et al., 2001; Shen et al., 2008; Deffains & Bergman, 2015).

Actor:

The mechanisms by which the BG main axis maintains and uses state information remain
relatively unexplored. However, Deffains and colleagues demonstrated that persistent, task-
related activity during prolonged delays between sensory perception and action execution (when
sensory information is no longer available) is not unique to frontal and other cortical areas
(Goldman-Rakic, 1995; Curtis & Lee, 2010), but can also be observed along the BG main axis
(Deffains et al., 2016). This sustained modulation carries information about the current task state
in the absence of sensory cues, indicating that the BG can maintain state representations over
time. These findings show that the BG main axis is not limited to immediate action control, but
also supports state-action coupling when actions are delayed. Importantly, activity along the BG
main axis is not homogeneous. Electrophysiological recordings have revealed a marked
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heterogeneity of neuronal responses in the GPe, GPi, and SNr, with neurons exhibiting diverse
and largely independent firing patterns during task performance (Joshua, Adler, Prut, et al.,
2009). Such diversity suggests that the BG main axis operates in a high-dimensional regime, which
is conducive to a large information capacity (Bar-Gad et al., 2003). At the computational level,
the combination of persistent state-related activity and heterogeneous population responses is
consistent with the implementation of an actor that represents and selects actions based on
internal state, corresponding to a policy in RL models.

Dopaminergic critic:

In the actor-critic framework, DANs are thought to act as a critic by signaling reward prediction
errors (RPEs). This idea was first demonstrated by Schultz and colleagues who recorded midbrain
dopaminergic activity in NHP performing a conditioning task in which an auditory cue was
associated to a palatable reward and showed that unexpected rewards elicited phasic increases
in firing, whereas fully predicted rewards did not (Schultz et al., 1997; Schultz, 1998). As learning
progressed, phasic dopaminergic responses shifted from reward delivery to reward-predicting
cues, indicating that DANs encode predictions rather than reward per se. Conversely, omission
of an expected reward resulted in a transient decrease in dopaminergic activity at the predicted
reward time, signaling an outcome worse than expected. This framework was later extended to
show that DANs signal prediction errors not only in reward occurrence but also in reward timing,
with increased activity at unpredicted reward times and reduced activity at the expected reward
time when reward delivery was delayed (Hollerman & Schultz, 1998). Subsequent work by Bayer
and Glimcher provided the first quantification of this signal in NHP performing a saccadic timing
task with variable reward magnitudes, demonstrating that DANs encode a graded RPE
proportional to the difference between expected and obtained outcomes, particularly for
outcomes better than expected (Bayer & Glimcher, 2005). This view was further expanded by
Fiorillo and colleagues, who showed that DANs also encode reward probability and uncertainty
(Fiorillo et al., 2003). In a Pavlovian task in monkeys, phasic dopaminergic responses to reward
scaled inversely with reward probability, while a slower, sustained increase in activity during the
delay period was maximal at intermediate reward probabilities, corresponding to maximal
uncertainty. Moreover, this dopaminergic signal is homogeneous as demonstrated by the
skewed distribution of response correlation values towards positive values favoring a unified
global information (Joshua, Adler, Prut, et al., 2009). Together, these findings establish DANs as
providers of a teaching signal that updates the actor’s policy. This interpretation has been
confirmed and extended by more recent studies which have examined the scope and limits of
dopaminergic prediction error signaling. Farell and colleagues showed that DANs encode RPEs
not only during discrete conditioning tasks but also during ongoing, goal-directed behavior
(Farrell et al., 2022). Indeed, using a virtual-reality navigation task requiring continuous state
estimation, authors observed that DAN activity exhibited gradual ramping as rats approached
reward, a pattern that could be explained as temporally distributed RPEs and that predicted
subsequent learning. Complementing these findings, Mah and colleagues showed that phasic DA
release in the striatum conveys prediction errors independently of adaptive learning rates used
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by behavior, indicating that dopaminergic signals encode the error term and not the full learning
update (Mah et al., 2024). Finally, dopaminergic prediction error signals have been shown to
extend beyond reward outcomes to include errors in predicting task-relevant sensory events. In
a sensory preconditioning paradigm, DAN activity was observed when an unexpected neutral cue
followed a previously learned neutral cue-cue association, despite the absence of reward (Costa
et al., 2025).

Complementary critics:

Although midbrain DANs robustly encode positive and negative RPEs, other neuromodulatory
systems contribute complementary evaluative signals within the BG. For example, cholinergic
interneurons in the striatum (presumably TANs) have been shown to respond phasically and
synchronously to reward-predictive stimuli and outcomes (Kimura et al., 1984; Aosaki et al.,
1994; Apicella et al., 1997; Joshua, Adler, Prut, et al., 2009). Importantly, TAN responses are not
restricted to appetitive reinforcement. They are also elicited by aversive outcomes and other
motivationally salient events, often with limited valence specificity, indicating that TANs convey
a salience signal rather than a signed value code (Ravel et al., 1999; Joshua et al., 2008). In
addition, TAN activity is strongly shaped by behavioral context and temporal predictability:
responses are enhanced when outcome timing is uncertain or irregular and attenuated when
events become temporally predictable, consistent with signaling surprise, uncertainty, or the
need to update task structure (Apicella et al., 1997; Apicella, 2002, 2007). TANs also show robust
modulation at outcome omission, reflecting violations of expected event timing and trial
completion rather than encoding a signed negative prediction error (Morris et al., 2004; Joshua
et al., 2008). This response is highly homogeneous across TANs, as demonstrated by positively
skewed correlation distributions and clustering of TAN activity into a single dominant response
pattern (Joshua et al., 2008; Joshua, Adler, Prut, et al., 2009; Adler et al., 2012). The main feature
of this modulation is the pause in firing, often preceded by a brief excitation and followed by a
rebound increase in activity, which contrasts with the phasic dopaminergic bursts observed in
response to rewarding events (Joshua et al., 2008). Moreover, TANs are preferentially located
near the borders of striosomal and matrix compartments, allowing them to influence striosome-
SNc interactions (Graybiel et al., 1986, 1994). Importantly, TAN activity is tightly coordinated with
dopaminergic signaling: pauses in TAN firing are temporally alighed with phasic dopaminergic
bursts, indicating coordinated but distinct neuromodulatory signals (Graybiel et al., 1994; Morris
etal., 2004; Joshua et al., 2008). Taken together, these findings support the view that cholinergic
interneurons complement dopaminergic teaching signals by providing context- and timing-
dependent gating signals that regulate when corticostriatal plasticity is engaged and under which
contextual conditions learning occurs (Deffains & Bergman, 2015). Thus, alongside the
dopaminergic critic that carries signed prediction errors, TANs provide a complementary “critic-
like” signal emphasizing salience, predictability, and temporal structure, shaping when striatal
circuits interpret and apply dopaminergic teaching signals.

25



Other studies have demonstrated the role for serotonin and histamine as critics in the BG.
Indeed, in their study, Cohen and colleagues showed that serotonin is linked to punishment
prediction and demonstrated a differential modulation of activity between punished and
rewarded trials in rodents (Cohen et al., 2015). Histamine on the other hand has been linked to
attention. Indeed, histaminergic neurons show a higher activity during increased attention
(Takahashi et al., 2006).

Beyond these neuromodulatory signals, recent studies indicate that the critic function of the BG
is embedded within a broader circuit that includes feedback from striatal and pallidal structures.
As described above, striosomal D1- and D2-MSNs project back to the SNc. Recent studies
demonstrated that they likely influence motivation for learning and action though an D1 direct
mediated inhibitory and D2 indirect mediated excitatory action on the SNc (Lazaridis et al., 2024).
In addition, VP neurons can be classified into critic-like and actor-like assemblies (Kaplan et al.
2020; Ottenheimer et al. 2020). Indeed, critic-like neurons that transiently modulate their activity
show correlated activity and homogeneous response. Moreover VP glutamate and GABAergic
neurons project to the VTA directly or indirectly through the lateral habenula and can drive
negative or positive reinforcement through avoidance or approach behavior (Faget et al., 2018).

1.3 Information processing in the basal ganglia

1.3.1 Convergence and divergence in the basal ganglia

There is a long-standing debate concerning information processing along the BG main axis. One
view posits that the BG main axis functions as a unified system that receives convergent but
sparse input from state-encoding thalamo-cortical fields and channels this information to brain
motor centers, while also exhibiting divergence at specific stages of the network.

1.3.1.1 Cortico-striatal divergence and sparsity

Quantitative anatomical studies show that cortico-striatal projections are spatially divergent but
sparse at the level of individual neurons. In rats, a single cortical axon can spread widely across
the striatum while contacting only a small fraction of MSNs, and neighboring MSNs share very
few common cortical inputs (Kincaid et al., 1998; Zheng & Wilson, 2002). As a result, each MSN
integrates a unique combination of cortical information, supporting a distributed representation
of cortical state. Such precise anatomical studies are missing in the primate but the broad cortico-
striatal projections and their partial overlap have been established (Parent & Parent, 2006).

1.3.1.2 Striatal convergence onto basal ganglia output nuclei

Quantitative anatomical studies indicate a drastic and progressive reduction in both volume and
neuronal number along the BG main axis, from the striatum to pallidal and nigral output nuclei.
Compared to the striatum, the globus pallidus and substantia nigra contain a few hundred times
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fewer neurons and occupy substantially smaller volumes across species (rats, monkeys and
humans), reflecting a strong convergence of information from input to output structures
(Harman & Carpenter, 1950; Percheron et al., 1984, 1994; Oorschot, 1996; Hardman et al., 2002;
Yelnik, 2002; Frey et al., 2011; Salvesen et al., 2015; Pauli et al., 2018). Individual MSNs form
numerous synaptic contacts onto downstream pallidal and nigral targets, whereas each pallidal
or nigral neuron receives inputs from a very large population of MSNs (Kawaguchi et al., 1990;
Wu et al., 2000; Yelnik, 2002; Lévesque & Parent, 2005). This numerical and volumetric
compression strongly supports the idea that striatal output converges onto a limited set of
downstream neurons, enabling integration of distributed striatal representations.

1.3.1.3 Integration of information in pallidal and nigral neurons

Pallidal and nigral neurons are anatomically well suited to integrate convergent information. In
particular, neurons in the monkey pallidum exhibit large, broad discoidal dendritic fields, often
exceeding one millimeter in diameter, that are oriented orthogonally to incoming striatal axonal
projections (Percheron et al., 1984; Yelnik et al., 1984; Yelnik, 2002). This geometry allows single
pallidal neurons to sample afferent inputs arising from spatially distinct regions of the striatum,
likely spanning multiple functional domains. Functional studies in monkeys are consistent with
this anatomical organization, showing that individual pallidal neurons can respond to stimulation
of different striatal territories and multiple cortical areas, providing evidence for convergence of
information across both striatal and cortical sources (Flaherty & Graybiel, 1993; Yoshida et al.,
1993; Kimura et al., 1996). Although SNr neurons do not display strictly discoidal dendrites, their
dendritic arborizations are similarly extensive, supporting integration of inputs from numerous
striatal neurons (Francois et al., 1987).

1.3.1.4 Convergent cortico-subthalamic input

Although smaller in size and number of cells compared to the striatum, quantitative
morphological studies have shown that the dendritic arborization of monkey STN neurons is
larger and spread broader than MSNs, demonstrating a higher degree of convergence (Yelnik &
Percheron, 1979). Anterograde labeling in the cortex showed that many rat cortical axons in the
region of injection were projecting to the STN and single cortical axons were innervating a large
extent of the nucleus, demonstrating a high percentage of shared cortical information (Bevan et
al., 1995). In addition, cortico-subthalamic projections arise from widespread cortical territories,
particularly within frontal regions, supporting the notion that individual STN neurons integrate
information from multiple cortical areas. The relatively high synaptic weight of cortico-
subthalamic connections further enables rapid and effective transmission of cortical signals to
downstream BG nuclei (Kita & Kita, 2012; Coudé et al., 2018). Together, these features indicate
that the STN acts as a major site of cortical information convergence within the BG.
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1.3.1.5 Divergent subthalamic output

In contrast to its convergent cortical input, the output of the STN is strongly divergent. Single STN
neurons project extensively to multiple downstream targets, including GPe, GPi and SNr, forming
large numbers of synaptic contacts within each structure (Koshimizu et al., 2013). As a result, the
excitatory influence of the STN can be broadcasted broadly across BG output nuclei. Despite
constituting a minority of pallidal afferents, subthalamic inputs account for a substantial
proportion of excitatory synapses onto pallidal neurons, highlighting their capacity to exert a
powerful and distributed modulatory effect (Yelnik, 2002). This divergent organization positions
the STN as a critical structure for rapidly influencing global BG output.

1.3.2 Segregation in the basal ganglia

The second major view of information processing along the BG main axis emphasizes the
segregation of information into parallel functional circuits. Originally, BG were believed to have
a pure motor or sensorimotor role. Nowadays, it is widely accepted that the BG are
topographically organized into at least three main functionally segregated parallel circuits (Figure
1-5): the sensorimotor circuit (motor and oculo-motor circuits), the associative circuit
(dorsolateral prefrontal and lateral orbitofrontal circuits) and the limbic circuit which circulate
from specific areas of the cortex down to restricted regions of the BG and thalamus and return
to their cortical sources (Alexander et al., 1986; Yin & Knowlton, 2006; Obeso et al., 2008; Krack
et al., 2010; Redgrave et al., 2010). This topographic and functional organization of the BG
network especially arises from the large diversity of the cortical projections received by the
striatum and is preserved at the different stages (input, central and output) of the network
(Parent & Hazrati, 1995a, 1995b).

28



Sensorimotor and Dorsolateral prefrontal and Limbic and paralimbic cortex,
premotor cotex lateral orbitofrontal cortex hippocampus and amygdala

| Thalamus

Put
GPe
: \
—=

==

Figure 1-5. Parallel anatomofunctional circuits of the basal ganglia.
The figure illustrates the three main functionally segregated cortico-basal ganglia-thalamo-cortical loops: the

sensorimotor circuit (left), the associative circuit (middle), and the limbic circuit (right). Each circuit originates from
distinct cortical areas, projects to specific and topographically organized regions of the striatum (Put, putamen; Cn,
caudate nucleus), and is relayed through corresponding territories of the globus pallidus (GPe, external globus
pallidus; GPi, internal globus pallidus), subthalamic nucleus (STN), and thalamus before returning to its cortical
source. Taken from (Krack et al., 2010).

1.3.2.1 Sensorimotor circuit

Tracing studies of the cortico-striatal projections have shown that the sensorimotor cortex,
including the primary motor cortex (M1), the supplementary motor area (SMA), the premotor
cortex, the somatosensory cortex and the arcuate premotor cortex, projects densely and
topographically to the putamen posterior to the anterior commissure in primates (Kiinzle, 1975,
1977, 1978). Within this motor territory, projections are organized mediolaterally, with SMA
inputs terminating more medially and M1 inputs more laterally, while the dorsomedial putamen
is largely spared. In contrast, the frontal eye fields project preferentially to the central CD (Kiinzle
& Akert, 1977). As described above, the putamen also receives dense dopaminergic innervation
from the SNc. The motor putamen is further subdivided into three somatotopically organized
regions arranged from dorsolateral to ventromedial putamen, corresponding to representations
of the leg, arm, and face, respectively (Crutcher & Delong, 1984; Alexander & Delong, 1985a,
1985b; Alexander et al., 1986; Nambu, 2011). Microstimulation studies have shown that neurons
related to lower limb movements are distributed along the anteroposterior axis of the
dorsolateral putamen, whereas neurons related to upper limb movements occupy an
intermediate position and neurons related to orofacial movements are located ventromedially
(Alexander & Delong, 1985a, 1985b; Nambu, Kaneda, et al., 2002). In contrast, microstimulation
of the medial putamen did not elicit movement, suggesting that the medial to lateral somatotopy
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is conserved along the BG and that these territories are independent. Moreover, it has been
found that within somatotopic areas, clusters of neurons were specific of single body parts
representations related to their fine movements (Alexander & DeLong, 1985b). This somatotopic
organization is preserved in striatal efferent projections. Indeed, the striatal neurons receiving
inputs from M1 innervate the ventral two thirds of the posterior GPe and GPi, whereas striatal
neurons receiving inputs from the SMA project more anteriorly and dorsally within these nuclei
(Smith & Parent, 1986; Parent, 1990; Yoshida et al., 1993). Moreover, leg, arm, and face
representations project to corresponding dorsolateral-to-ventromedial territories of both the
GPe and GPi, as well as to the dorsal one-third of the SNr (Nauta & Mehler, 1966; Parent et al.,
1984; Delong et al., 1985; Smith & Parent, 1986; Yoshida et al., 1993). Within the dorsal SNr, the
orofacial territory (continuous with that of the GPi) is further subdivided into a ventral SMA-
related territory and a more dorsal M1-related territory, whereas the anteromedial SNr contains
the oculomotor territory (Hikosaka & Wurtz, 1983). BG output is then conveyed to the thalamus
in a topographically organized manner. The GPi projects primarily to the pars oralis of the
ventrolateral nucleus and to the ventroanterior nucleus, whereas the orofacial territory of the
SNr projects to the medial subdivision of the ventrolateral nucleus and to the magnocellular
subdivision of the ventroanterior nucleus. These thalamic regions project back to motor cortical
areas, including the SMA, premotor cortex, and M1, thereby closing the sensorimotor loop (Schell
& Strick, 1984).

The STN also contains a distinct motor territory located dorsally and organized somatotopically.
Within this region, the lateral STN receives projections predominantly from M1, whereas the
medial STN receives inputs from the SMA, premotor, and cingulate motor cortices (Monakow et
al., 1978; Carpenter et al., 1981; Nambu et al., 1996). Ventral to the motor territory lies the
oculomotor region (Matsumura et al., 1992). Somatotopic representations within the STN are
arranged such that, in the dorsolateral STN, hindlimb, forelimb, and orofacial representations are
organized from medial to lateral, whereas this organization is reversed in the dorsomedial STN
(Nambu et al., 1996). STN output is also topographically organized. The dorsomedial STN projects
to the anteroventral regions of the GPe and GPi as well as to the SNr, the dorsolateral STN
projects to posterodorsolateral regions of both GPe and GPi, and the central STN projects to the
central GPe (Carpenter et al.,, 1981; Smith et al., 1994). In addition to its topographically
organized output, the STN is embedded in a reciprocal and spatially ordered loop with the GPe.
Tracing studies have shown that the anterior STN receives projections from the anterior GPe,
whereas the lateral STN is preferentially innervated by the central GPe, further reinforcing the
topographic organization of the subthalamo-pallidal network (Carpenter et al., 1981).

1.3.2.2 Associative circuit

The dorsolateral prefrontal cortex (dIPFC), lateral orbitofrontal cortex (IOFC), parietal, temporal,
and occipital cortices project to the anteromedial putamen and to the CD along the entire
anteroposterior axis, defining the associative striatal territory. Within this territory, projections
are organized topographically, with parietal inputs terminating most laterally, dorsolateral
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prefrontal inputs more dorsolaterally, and orbitofrontal inputs more ventromedially (Goldman &
Nauta, 1977; Yeterian & Van Hoesen, 1978; Selemon & Goldman-Rakic, 1985). As described
above, the associative striatum also receives dense dopaminergic innervation from the SNc.
Associative striatal neurons project primarily to the anterior segment of the GPe, the dorsal one
third of the posterior GPe and GPi, and the anteromedial two thirds of the SNr (Smith & Parent,
1986). In parallel, the ventrolateral STN, which receives massive inputs from prefrontal cortical
areas, projects to the associative territory of the GPi located in its dorsal and anteromedial
regions (Monakow et al., 1978; Parent, 1990). The dorsomedial GPi projects to the parvocellular
subdivision of the ventral anterior thalamic nucleus, which in turn projects to frontal cortical
areas including the prefrontal cortex (PFC) (Kim et al., 1976; Kievit & Kuypers, 1977; Middleton
& Strick, 1994). In parallel, the anterolateral SNr projects to the parvocellular subdivision of the
mediodorsal thalamic nucleus, which sends dense projections to the dIPFC (llinsky et al., 1985).
In addition, associative regions of the ventral anterior thalamic nuclei project directly back to
prefrontal cortical areas, thereby closing the associative CBG-thalamo-cortical loop (Kievit &
Kuypers, 1977; Middleton & Strick, 1994).

1.3.2.3 Limbic circuit

Limbic and paralimbic cortical areas, including the anterior cingulate cortex (ACC) and medial
orbitofrontal cortex (mOFC), as well as subcortical limbic structures such as the amygdala and
hippocampus, project to the VS (Selemon & Goldman-Rakic, 1985; Haber et al., 1990). The VS
comprises the NAc, the olfactory tubercle, and ventral portions of the CD and ventromedial
putamen, and constitutes the limbic striatal territory. As described above, this region receives
dense dopaminergic innervation primarily from the VTA. Limbic striatal neurons project
predominantly to the VP, as well as to the most anterior portion of the GPe and the most
ventromedial region of the GPi. In addition, they project more diffusely to the substantia nigra
including the anterodorsal SNr, with prominent projections to the SNc and only sparse
projections to the VTA (Haber et al., 1990; Parent, 1990). In parallel, the ventromedial tip of the
STN constitutes the limbic subthalamic territory and participates in limbic BG processing (Parent,
1990). BG output from the limbic circuit is conveyed primarily through the mediodorsal nucleus
of the thalamus. This limbic thalamic territory projects back to the ACC and mOFC, thereby
closing the limbic CBG-thalamo-cortical loop (Haber et al., 1990; Parent, 1990).

1.3.2.4 Summary

To summarize, there is a gradient of projections of the limbic, associative and sensorimotor
cortices with the limbic territory being occupying the most anterior and ventromedial regions of
the striatum and of the pallidum whereas the sensorimotor territory is located in the most
posterior and dorsolateral regions of the striatum and pallidum and the associative territory
laying in between the two as illustrated in Figure 1-6. To simplify, the BG can be divided into a
dorsal, sensory-motor-associative circuit and a ventral, limbic circuit.
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Figure 1-6. The gradient of projections of the limbic, associative and sensorimotor circuits.
The figure illustrates the continuous gradient of limbic, associative, and sensorimotor cortical inputs within the

striatum (caudate nucleus and putamen) and pallidum in humans. Limbic inputs (red) are found in ventromedial and
anterior regions, associative inputs (yellow) are located in intermediate territories, and sensorimotor inputs (green
to blue) occupy dorsolateral and posterior regions. Taken from (Draganski et al., 2008).

1.3.3 Convergence and divergence within and between the segregated basal ganglia

Within each segregated BG circuit, anatomical and physiological studies have shown that there
is convergence of cortical information at multiple stages. Indeed, as described above, the M1
territory extends to the dorsomedial putamen while the SMA territory extends to the
ventrolateral with a convergence body representation of both M1 and SMA regions in the medio-
lateral central zone that occupies one-quarter of each territory (Nambu, Kaneda, et al.,
2002). Double anterograde labeling studies have further shown that, within the arm
representation of the putamen, terminals from different sensorimotor cortical areas overlap
within the same striatal regions rather than occupying separate domains, indicating convergence
of motor-related information at the striatal level (Alexander et al., 1986; Flaherty & Graybiel,
1993; Inase et al., 1996). This overlap was confirmed by microstimulation of M1 or SMA which
showed activation of putaminal neurons in the central zones (Nambu, Kaneda, et al., 2002). In
addition, there is also convergence at the STN level, in which the SMA and M1 project in a
reversed way with a partial convergence within the nucleus (Nambu et al., 1996). Similarly in the
associative circuit, some striatal neurons in the anterior head of the CD showed convergence of
prefrontal and parietal axon terminals (Selemon & Goldman-Rakic, 1985). Some overlapping
information were also found among different circuits such as between the associative and the
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limbic circuits which showed separate but also converging territories in the anterior DS enabling
modulation between circuits (Haber et al., 2006).

At the same time, divergence of information is present within each circuit. In the sensorimotor
system, single cortical representations of specific body parts are distributed across multiple sites
within the putamen before reconverging onto downstream pallidal neurons, illustrating how
divergent cortical inputs can be integrated at later stages of BG processing (Flaherty & Graybiel,
1994).

1.4 Electrophysiological properties

The BG nuclei are composed of various neurons with different electrophysiological properties.
Information within the BG is conveyed through excitatory, glutamate-mediated inputs and
inhibitory, GABA-mediated inputs. Projection neurons act on their downstream targets to
increase or decrease their FR depending on the balance of these inputs. As described above DANs
modulate differentially their downstream striatal targets depending on the type of receptor they
express. Interneurons have a local inhibitory (GABA mediated) or modulatory (acetylcholine
mediated) action. Described below are the spontaneous activity in terms of FR and pattern and
evoked activity elicited by sensory and behavioral events of each neuronal type in the main axis
of the BG and its modulator structures as described in the actor-critic model discussed above.
Unless otherwise stated, the findings summarized here are from NHP studies.

1.4.1 Main axis

The main axis of the BG is composed of projection neurons from the input (striatum and STN),
central (GPe) and output structures (GPi/SNr). The STN is the only excitatory structure in the BG
whereas the remaining structures are inhibitory.

1.4.1.1 Basal ganglia input structures
1.4.1.1.1 Striatal medium spiny neurons

Spontaneous activity: MSNs, which constitute 85-95% of striatal neurons, are GABAergic

projection neurons with a very low spontaneous FR in awake primates (see Figure 1-7a), typically
around 0.5-2 spikes/s (Kimura et al., 1990; Apicella, Ljungberg, et al., 1991). Their spontaneous
activity is largely uncorrelated across the population, indicating overall independent baseline
firing.
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Figure 1-7. Example of spontaneous spiking activity of different basal ganglia neurons.
Left panel shows examples of neurons within the actor main axis with striatal MSNs (a), STN (b), GPe (c), GPi (d) and

SNr (e) neurons. Top right panel shows examples of a low-frequency discharge (LFD) neuron (f) with bursts of activity
and a high-frequency discharge (HFD) neuron (g) with a pause found in the GPe. Bottom right panel shows examples
of critic neuromodulatory neurons with dopaminergic neurons (DANs, h) and striatal cholinergic neurons (TANS, i)
from the SNc. Adapted from (Haber et al., 2012; Deffains et al., 2016; Katabi et al., 2023).

Event-related modulation: MSNs exhibit mainly transient increases in FR in response to

behaviorally relevant events, including movement initiation, sensory cue presentation, reward
anticipation and outcome delivery (Kimura et al., 1984, 1990; Hikosaka et al., 1989; Apicella,
Ljungberg, et al., 1991; Turner & DelLong, 2000; Samejima et al., 2005). Because of these brief,
event-locked responses, MSNs are also referred to as phasically active neurons.

Task-related response profile: Individual MSN responses are diverse and can be sharply phasic or

more prolonged, with variable onset latencies relative to task events (Adler et al., 2012; Adler,
Finkes, et al., 2013; Adler, Katabi, et al., 2013). Notably, Adler and colleagues found that
responding MSNs were clustered into 3 temporally differentiated but overlapping subsets: one
group responded sharply and immediately after the cue presentation, another group with a delay
in response which lasted until the extinction of the cue and an intermediate group (Adler et al.,
2012). Population-level analyses have shown that these heterogeneous response profiles
produced a sustained modulation when averaged across neurons (Adler et al., 2012; Adler,
Finkes, et al., 2013; Deffains et al., 2016).
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Population structure: During task events, transient correlations can emerge among subsets of

MSNs with similar event-locked response timing, while the overall striatal population remains
largely decorrelated (Adler et al., 2012; Adler, Katabi, et al., 2013). Notably, in the putamen, MSN-
MSN pairs exhibit a pronounced bias toward positive signal correlations, indicating greater
similarity in their average tuning profiles, as well as positive noise correlations, reflecting
structured trial-to-trial population coupling, compared with MSN pairs in the CD or VS (Adler,
Finkes, et al., 2013). This organization reflects overall temporally structured but sparse
coordination, with correlated activity restricted to neurons sharing similar temporal response
profiles, rather than global striatal synchrony.

Functional interpretation: Together, the low baseline FR, heterogeneous event-related

responses, and largely decorrelated population activity of MSNs support a role in high-
dimensional encoding of task state and action-related information, consistent with an actor-like
function in RL models.

1.4.1.1.2 Subthalamic neurons

Spontaneous activity: STN neurons exhibit relatively high spontaneous FR in awake primates,

averaging around 20-30 spikes/s (Figure 1-7b), and frequently discharge in doublets or triplets
bursts (Georgopoulos et al., 1983; Delong et al., 1985). Baseline activity across STN neurons is
largely uncorrelated, indicating independent firing under resting conditions (Wichmann et al.,
1994).

Event-related modulation: STN neurons are modulated by a wide range of task-related events,

including sensory cues, movement initiation and execution, and motivational variables
(Georgopoulos et al., 1983; Delong et al., 1985; Wichmann et al., 1994; Nambu et al., 1996;
Deffains et al., 2016). Consistent with the encoding of motivational variables, in behaving
primates, STN activity is modulated by reward-predicting cues, reward expectation, reward
delivery, and outcome omission, often in conjunction with movement-related signals (Darbaky
et al., 2005; Espinosa-Parrilla et al., 2013; Deffains et al., 2016). More recent work has further
demonstrated modulation of STN neurons by effort requirements and reward value, as well as
by reward identity, particularly within ventromedial regions of the nucleus (Espinosa-Parrilla et
al., 2015; Nougaret et al., 2022).

Task-related response profile: STN responses are typically phasic, with rapid increases in firing

that precede or accompany behavioral events. Response timing varies across neurons, and both
excitatory and inhibitory modulations can be observed depending on task demands and
anatomical location within the nucleus (Georgopoulos et al., 1983; Delong et al., 1985;
Wichmann et al., 1994; Nambu et al., 1996).

Population structure: Despite robust task-related modulation at the single-neuron level,

population activity in the STN remains largely decorrelated, both at rest and during task
execution (Wichmann et al., 1994). This decorrelation suggests that STN neurons contribute
independently to BG processing rather than acting as a synchronized population.
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Functional interpretation: The combination of high FR, rapid phasic modulation, and

decorrelated population activity supports a role for the STN as part of the BG main axis involved
in fast, high-dimensional control of action selection and inhibition, consistent with an actor-like
computational function.

1.4.1.2 Basal ganglia central structure
Spontaneous activity: In primates, GPe neurons fire at relatively high rates and can be divided

into two electrophysiological populations (see Figure 1-7c,f,g): HFD neurons and LFD neurons
(DeLong, 1971; Georgopoulos et al., 1983; Katabi et al., 2023). The HFD neurons represent
approximately 85% of total GPe and fire at high rates (55 spikes/s on average) with characteristic
spontaneous pauses (Figure 1-7f). Indeed, the vast majority (95% of HFD neurons) show frequent
interruptions in firing. The average pause duration is 620ms with a mean frequency of 13
pauses/min and were distributed randomly in time (Elias et al., 2007). The LFD neurons account
for the remaining 15% of total GPe, firing at lower rates (10 spikes/s on average) and showing
short burst of activity (5 to 30 spikes per burst) with occasional long periods of single spike activity
(Figure 1-7g) (Delong, 1971; Georgopoulos et al., 1983; Katabi et al, 2023). Early
electrophysiological recordings in humans and in rodents also observed these two types of
neurons (Hutchison et al., 1994; Benhamou et al., 2012). More recent studies identified two types
of GPe neurons as described above: the arkypallidal neurons and the prototypic neurons (Mallet
et al., 2012; Abdi et al., 2015). Prototypic neurons project to the STN and output structures and
resemble primate HFD neurons in their higher FR while arkypallidal neurons project back to the
striatum and resemble primate LFD neurons in their lower and burstier FR (Katabi et al., 2023).
Still, despite their similarities in discharge rate and pattern, there is no evidence that the NHP
GPe LFD and HFD neurons are homologous to the rodent arkypallidal and prototypic neurons,
respectively. Cross-correlation analysis showed that spontaneous activity of the HFD neurons is
decorrelated, demonstrating that GPe cells fire independently under healthy conditions (Nini et
al., 1995; Raz et al., 2000). Consistent with this, Katabi and colleagues confirmed that HFD-HFD
pairs exhibited decorrelated spontaneous activity, whereas LFD-LFD pairs were correlated
(Katabi et al., 2023). Similar heterogeneity in spontaneous discharge has been reported in the
VP, where neurons exhibit either medium-to-high FR with pauses or low FR with bursty activity,
albeit with a lower average FR than GPe neurons (Mitchell et al., 1987).

Event-related modulation: GPe neurons show both increases and decreases in FR in response to

task events such as movement initiation, sensory cues, reward-predicting stimuli and outcome
delivery (Georgopoulos et al., 1983; Kimura et al., 1984; Joshua, Adler, Rosin, et al., 2009; Adler
et al., 2012; Deffains et al., 2016; Nougaret & Ravel, 2018). VP neurons on the other hand did not
display modulatory activity in response to movements but did in response to reward predictive
cues and to rewards (Mitchell et al., 1987; Kaplan et al., 2020).

Task-related response profile: Task-related responses in GPe neurons can be transient or

sustained and may be excitatory or inhibitory (Adler et al., 2012). Notably, Adler and colleagues
found that cue-responding GPe neurons were clustered into two subsets: one group displayed a
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sharp transient increase in FR whereas the second showed an immediate phasic decrease, most
of the time followed in both groups by a prolonged component overlapping in time, resulting in
an averaged sustained population activity (Adler et al., 2012). At the population level, both
increases and decreases occur with similar frequency, as shown by the symmetric distribution of
correlation values pattern (Joshua, Adler, Prut, et al., 2009). In the VP, two subsets were also
identified: a persistently activated population correlated with monkey’s behavior and a
transiently activated population correlated with the rate of learning and RL model’s prediction
error (Kaplan et al., 2020).

Population structure: Cross-correlation analyses indicate HFD neurons remain uncorrelated

during task events, whereas LFD neuron pairs show correlated firing (Nini et al., 1995; Raz et al.,
2000; Katabi et al., 2023). Importantly, HFD neurons preferentially encode cue valence, exhibiting
stronger and more selective responses to rewarding than to aversive cues, whereas LFD neurons
are less selective and respond to a wide range of task events, including rewarding and aversive
outcomes as well as omissions, suggesting a more general role in signaling behaviorally relevant
events consistent with a salience signal (Joshua, Adler, Rosin, et al., 2009). Similarly to the GPe,
neurons in the VP that displayed sustained task-related activity showed little pairwise
correlation, despite their firing remaining correlated with the monkey’s behavior. In contrast, VP
neurons with transient, phasic responses exhibited correlated activity and synchronized firing
(Kaplan et al., 2020).

Functional interpretation: The coexistence of heterogeneous response profiles, largely

independent firing, and differentiated encoding of task variables supports the view that the
GPe/VP sustained activity participate in high-dimensional integration and transformation of
information within the BG main axis, consistent with an actor-like computational role.

1.4.1.3 Basal ganglia output structures
Spontaneous activity: Neurons in the GPi and SNr fire continuously at high rates in awake

primates (Figure 1-7,e), typically around 70-90 spikes/s, without long silent periods (Delong,
1971; Georgopoulos et al., 1983). Unlike GPe which can be divided in two populations, GPi and
SNr neurons are quite homogeneous in their spontaneous firing properties. Although firing is
continuous, it is irregular and displays frequent brief fluctuations (DelLong, 1971; Georgopoulos
et al., 1983). Cross-correlation analyses have shown that baseline activity across neurons is
largely uncorrelated, indicating independent firing of individual GPi and SNr neurons under
healthy conditions (Nini et al., 1995; Raz et al., 2000; Nevet et al., 2004).

Event-related modulation: GPi and SNr neurons are modulated by behavioral events such as

movement initiation, sensory cue presentation, reward-predicting stimuli and outcome delivery
(Georgopoulos et al., 1983; Kimura et al., 1984; Joshua, Adler, Rosin, et al., 2009; Deffains et al.,
2016). Population responses to rewarding events are larger than responses to aversive or neutral
events especially for the GPi, although individual neurons respond with either increases or
decreases in FR (Joshua, Adler, Rosin, et al., 2009). Moreover, SNr response latency to all
predictive cues was shorter compared to pallidal neurons.
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Task-related response profile: Task-related responses consist of transient increases or decreases

in FR occurring in close temporal relation to task events. While individual GPi and SNr neurons
exhibit diverse and largely phasic response profiles, population-level activity can appear
temporally extended due to the overlap of heterogeneous single-neuron responses distributed
across the task epoch (Joshua, Adler, Rosin, et al., 2009; Deffains et al., 2016).

Population structure: Despite strong task-related modulation, GPi and SNr neurons remain

largely decorrelated at the population level, with approximately equal proportions of neurons
showing increases and decreases in firing during task events and symmetric response correlation
patterns (Joshua, Adler, Prut, et al., 2009; Joshua, Adler, Rosin, et al., 2009). This independence
is consistent with earlier cross-correlation analyses demonstrating minimal synchrony among
output neurons (Nini et al., 1995; Raz et al., 2000; Nevet et al., 2004).

Functional interpretation: The high tonic FR, heterogeneous response profiles, and largely

independent population activity of GPi and SNr neurons support their role as output components
of the actor, transforming high-dimensional striatal and subthalamic signals into precise
inhibitory control over downstream targets.

1.4.2 Modulator
As described in the actor-critic model of the BG, modulatory activity of the main axis mainly
comes from midbrain DANs and from striatal cholinergic interneurons.

1.4.2.1 Midbrain dopaminergic neurons
Spontaneous activity: Midbrain DANs fire at low tonic rates, typically between 1 and 8 spikes/s

in awake primates (see Figure 1-7h). Under baseline conditions, their activity is relatively sparse
and only weakly correlated across neurons, indicating largely independent spontaneous firing
(Morris et al., 2004; Joshua, Adler, Prut, et al., 2009).

Event-related modulation: DANs exhibit transient modulations of FR in response to primary

rewards, reward-predictive cues, and violations of reward expectation (Schultz et al., 1993,
1997). Rewarding events and reward-predicting stimuli typically elicit brief phasic increases in
firing, whereas negative prediction errors, such as reward omission, are reflected by transient
pauses. Dopaminergic responses to aversive events are more variable and generally weaker than
responses to reward, indicating an asymmetry in motivational encoding (Schultz et al., 1993;
Morris et al., 2004; Joshua, Adler, Prut, et al., 2009).

Task-related response profile: With learning, responses shift from reward delivery to predictive

cues, consistent with prediction error signaling. Importantly, dopaminergic responses are
temporally coincident with the stereotyped pause-rebound responses of striatal cholinergic
interneurons, although the two populations encode distinct aspects of task structure (Morris et
al., 2004; Joshua et al., 2008).
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Population structure: In contrast to BG projection neurons, DANs display highly homogeneous

response profiles across the population, with similar polarity and timing across neurons.
Correlation analyses reveal a strong bias toward positive correlations during task events,
indicating coordinated population signaling (Joshua, Adler, Prut, et al., 2009).

Functional interpretation: The low-dimensional, homogeneous, and correlated nature of

dopaminergic signaling is consistent with a critic-like function, providing a global teaching signal
that conveys prediction errors to guide learning in BG circuits (Schultz et al., 1997; Schultz, 1998).

1.4.2.2 Striatal tonically active neurons (presumed cholinergic interneurons)
Spontaneous activity: Striatal TANs fire tonically at low-to-moderate rates in awake primates

(approximately 2-7 spikes/s, see Figure 1-7i) and exhibit correlated spontaneous activity (Kimura
et al., 1990; Apicella, Scarnati, et al., 1991; Aosaki et al., 1994).

Event-related modulation: TANs display highly stereotyped, phasic responses to behaviorally and

motivationally relevant events, including primary rewards and stimuli that have acquired
motivational significance through learning (Kimura et al., 1984; Aosaki et al., 1994; Apicella et al.,
1997). TAN responses are reliably elicited by both rewarding and aversive events, particularly
when these events occur unexpectedly or violate established temporal predictions (Apicella et
al., 1997; Ravel et al., 1999; Apicella, 2002, 2007; Joshua et al., 2008; Nougaret & Ravel, 2015).
These responses are classically characterized by a pronounced pause in their tonic firing lasting
~200-300 ms, often preceded by a brief excitation and followed by a rebound increase in activity.

Task-related response profile: TAN responses are largely insensitive to the specific motor

parameters of actions and to the sensory features of cues, as they can be elicited in both
instrumental and passive contexts, including situations in which stimuli are presented without
any requirement for action or response (Kimura et al., 1984; Apicella, Scarnati, et al., 1991).
Nevertheless, a subset of TANs exhibits context-dependent directional or spatial selectivity to
instruction or trigger cues, indicating that visuospatial information relevant for action selection
can modulate TAN activity (Kimura, 1986, 1992; Shimo & Hikosaka, 2001). Overall, TAN responses
primarily reflect behavioral context and, in particular, the temporal predictability of events
(Apicella et al., 1997). TAN phasic modulations are enhanced when the timing of outcomes is
uncertain or irregular, and reduced when events are temporally predictable. In contrast to DANs,
TAN responses at outcome omission do not encode signed RPEs but instead reflect violations of
expected timing, with robust modulation observed at the end of trials when expected outcomes
fail to occur (Apicella, 2002, 2007; Morris et al., 2004; Joshua et al., 2008).

Population structure: At the population level, TAN responses are highly homogeneous across

neurons and tightly synchronized in time, producing a single dominant, transient response
pattern aligned to behaviorally relevant events. Correlation analyses reveal positively skewed
signal and noise correlation distributions among TANs, indicating that neurons share similar
event-related response profiles and exhibit coordinated trial-to-trial variability, consistent with
strong, event-locked temporal coordination across the TAN population (Joshua, Adler, Prut, et
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al.,, 2009; Adler et al., 2012; Adler, Finkes, et al., 2013; Adler, Katabi, et al., 2013). This
coordinated activity is particularly pronounced in the putamen, where TAN-TAN noise
correlations are stronger than in other striatal territories (Adler, Finkes, et al., 2013).

Functional interpretation: The correlated, homogeneous, and context-sensitive nature of TAN

signaling about motivationally relevant events supports a modulatory, critic-like role,
complementing dopaminergic prediction-error signals by regulating plasticity and contextual
gating of learning in the striatum (Deffains & Bergman, 2015).

1.4.3 Summary

In summary, projection neurons of the BG main axis exhibit heterogeneous, largely decorrelated
activity modulated by diverse task events, consistent with high-dimensional encoding and actor-
like computations involved in state-action representation and selection. In contrast,
neuromodulatory systems such as dopaminergic and cholinergic neurons display homogeneous,
correlated population responses to evaluative events, consistent with critic-like teaching signals
in actor-critic RL models.
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Chapter 2 Neurobiology of decision-making

2.1 Conceptual framework for decision-making

Decision-making (DM) is a higher-order brain process consisting in choosing between at least two
different alternatives. DM has been studied in various fields as part of the study of human
behavior in an attempt to understand and predict it. These fields include psychology, economics
and sociology resulting in multiple theories of DM (Glimcher et al., 2009). Early economic theories
relied on simple principles such as revealed preference theories which predicted preferences
from observed choices and moved later to mathematical models formalizing preferences such as
the expected utility theory. Psychological research demonstrated that choices were not rational
leading to the development of new theories taking into account biases and heuristics such as the
Prospect Theory. Advances in the field of neuroscience have brought to light how the brain
integrates sensory, emotional and motivational information to guide decisions and helped
characterize the neural basis of healthy and pathological DM.

In experimental and theoretical neuroscience, perceptual and value-based DM can be viewed as
two fundamental classes of decision processes distinguished by the type of evidence they
operate on. Choices during perceptual DM rely on accumulation of sensory evidence and decision
threshold (Bogacz, 2007; Gold & Shadlen, 2007; Heekeren et al., 2008; Shadlen & Kiani, 2013)
whereas value-based DM relies on the evaluation and comparison of expected outcomes (Rangel
et al., 2008; Kable & Glimcher, 2009). These processes are not mutually exclusive (Cisek, 2012;
Summerfield & Tsetsos, 2012; Cisek & Pastor-Bernier, 2014) and can both be implemented across
a range of conditions that are independent of the decision signal per se (i.e., sensory evidence vs
EV), including decisions based on learned or instructed rules, varying degrees of uncertainty or
risk, and model-based or model-free computational strategies (Daw et al., 2005; Ernst & Paulus,
2005; Lee et al., 2014; Niv, 2019). In this manuscript, the focus is restricted to value-based DM,
which directly involves the computation, representation, and updating of value signals that guide
behavior. These properties make value-based DM particularly relevant for understanding the
neural mechanisms underlying RL and the role of the BG in adaptive behavior.

2.1.1 Definition of value-based decision-making

Value-based DM refers to the selection of actions based on the evaluation of their expected
outcomes. Conceptually, value-based DM can be divided both temporally and functionally into
distinct steps as illustrated in Figure 2-1 (Ernst & Paulus, 2005). The first step is the assessment
and the formation of preferences among possible options, also called valuation or estimation, in
which a value is attributed to each available option. The second step consists in selecting and
executing a behavioral response or an action. It requires initiation, performance and completion
of action which requires a fine planning in terms of sequencing and timing but also inhibition of
competing actions. The third is outcome evaluation or the processing of the consequences of the
experience which consists in comparing what was expected to what was actually obtained.
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Depending on the outcome, a new value can be attributed to the different options which leads
to learning. Because the context of the decision can influence preferences, some authors include
this assessment as an additional step in the DM process, called the representation of the decision
problem (Rangel et al., 2008). This representation corresponds to the way the decision-maker
encodes the relevant features of the situation. The context includes internal factors such as the
decision-maker’s level of hunger when facing appetitive rewards or their level of fatigue, as well
as emotions, which will be discussed briefly below. It also includes external factors such as
perceived threat, characteristics of the decision itself (e.g., uncertainty, ambiguity, or risk), and
social influence (Ernst & Paulus, 2005; Allain, 2013).
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Figure 2-1. Functional and temporal division of goal-directed value-based decision-making process.
The decision-making process is divided into three main stages: (1) valuation or estimation, during which values are

assigned to available options and preferences are formed; (2) action selection and execution, leading to the
implementation of a chosen behavior; and (3) outcome evaluation, in which the obtained outcome is compared to
the expected one. Outcome evaluation drives learning through the updating of option values based on action-
outcome associations, thereby influencing subsequent decisions. Adapted from (Ernst & Paulus, 2005).

Value-based choice behavior can be implemented through at least three different valuation
systems leading to the execution of the most appropriate action: Pavlovian, habitual and goal-
directed systems (Rangel et al., 2008). The goal-directed system corresponds to an outcome-
based valuation which assigns values to options or actions based on the desirability of their
expected outcomes. It assumes that the agent knows or predicts that actions have specific
consequences and is therefore model-based. In contrast, the habitual system corresponds to an
action-based valuation in which stimuli trigger learned stimulus-response associations that have
been acquired though repeated past action-outcome pairings and relies on stored values. It is
42



therefore model-free. The Pavlovian system assigns value directly to stimuli which trigger innate
or evolutionarily appropriate behaviors such as salivation when seeing food or hearing a bell
associated with delivery of food. Although it is also model-free, it relies on stimulus-response
associations and results in automatic specific responses rather than selected actions.
Accordingly, in goal-directed systems, a single stimulus can lead to multiple possible actions
among which one is selected based on the expected outcome whereas in habitual and Pavlovian
systems, a single stimulus triggers a single automatic response.

Thus, goal-directed systems rely on flexible evaluation of action-outcome contingencies while
Pavlovian and habitual systems rely on more automatic, respectively innate or learned
associations. Habitual and Pavlovian systems differ from goal-directed systems by their
resistance to outcome devaluation. Importantly, behavioral and computational studies have
shown that even when tasks are designed to dissociate systems, behavior often reflects a mixture
of model-based and model-free control (Daw et al., 2005). In the present manuscript, we focus
on goal-directed value-based DM because this form of DM most directly engages neural circuits
underlying value representation, RL, and action selection, particularly within CBG networks.

2.1.2 Goal-directed value-based decision-making strategy

The aim of goal-directed value-based DM is to obtain and maximize desirable outcomes or
rewards (in terms of pleasure, emotion and/or need) and to avoid or minimize undesirable ones.
Goal-directed value-based DM refers to an outcome-oriented and learning-driven process relying
on flexible evaluation of action-outcome contingencies and is driven by the EV which refers to
the expected physical property (e.g., magnitude or quantity) of an outcome and is defined as the
product of the probability of the outcome and the outcome in terms of magnitude or quantity.

Therefore, choosing the option with the highest EV maximizes rewards over time. Importantly
these value estimates are not static but are continuously updated through experience using
computational approach such as RL (Sutton & Barto, 1998). RL theory states that values are
learned through iterative updating based on experience (i.e., by trial-and-error). Indeed, each
time an agent experiences the outcome of its choice, the difference between the EV and the
obtained outcome is computed and this RPE (also called temporal difference error) signal is used
to update the value assigned to the option or action, leading to a reinforced behavior or its
adjustment.

Overall, several kind of value-related signals are computed and used during value-based DM and
RL. These include: (1) state value which corresponds to the expected cumulative future reward
associated with being in a given state or context, independent of the action performed; (2) offer
value which refers to the value associated with each offer or option, independent of the action
required to obtain it (e.g., juice A has a higher value than juice B); (3) action value which
corresponds to the value of the expected reward associated with a specific action (e.g., moving
right is associated with the preferred juice A while moving left is associated with less preferred
juice B); (4) chosen and non-chosen value which correspond to the value of the selected and
unselected option or action, respectively; and (5) reward or outcome value which corresponds
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to the value of the reward obtained and is used to compute the RPE (Samejima et al., 2005;
Padoa-Schioppa & Assad, 2006; Pasquereau et al., 2007; Lau & Glimcher, 2008). In addition,
value-based decisions can involve derived value-related signals including: (6) maximum value,
which corresponds to the highest value among the available options or actions; and (7) value
contrast, which corresponds to the difference in value between options or actions and supports
comparative evaluation and difficulty during choice. It is noteworthy that many value-related
signals coexist and are likely to covary during value-based DM, making it difficult to isolate the
neural encoding of individual value variable. Therefore overcoming this collinearity is a central
challenge when studying valuation and requires careful experimental and analytical strategies
(Klein-Fliigge et al., 2011; Padoa-Schioppa, 2013; Elber-Dorozko & Loewenstein, 2018).

Moreover, the existence of multiple value-related signals does not imply that DM is driven
exclusively by outcome value. Indeed, RL predicts that agents select the action that is associated
with the highest learned value (e.g., the optimal action) for maximizing expected reward.
However, this optimal action from a RL framework can be more costly (energetically or financially
for example) than another one which would lead to a less valued outcome but sufficient enough
to be chosen over the most valued or desired one. Decision-makers estimate the value associated
with the action required through cost-benefit computation (Rangel & Hare, 2010). Costs are
therefore also computed as a decision parameter during deliberation. Costs can be diverse
depending on the context of the decision, including physical effort, cognitive effort (particularly
when many alternatives are available) financial cost, or temporal delay to outcome delivery,
which will be discussed in more detail below. Therefore, because cost matters, the EV influences
not only choice behavior but also action vigor (Shadmehr & Ahmed, 2021). Vigor encompasses
multiple aspects of movement, including velocity, reaction time (RT), and movement time (MT).
When studying movements during DM, scientists found that humans and animals tended to
move faster and with shorter RTs toward options that they value more. For instance, in studies
involving humans and monkeys performing saccadic tasks toward visual targets associated with
different reward magnitudes and probabilities (money or appetitive rewards, respectively),
Milstein and Dorris showed that saccadic RTs were inversely correlated with the EV of the options
(Milstein & Dorris, 2007, 2011). These findings suggest that movement vigor reflects not only
motor execution but also the underlying motivational value of the selected option. Accordingly,
vigor is closely related to motivational drive, which is commonly assessed through behavioral
parameters such as response latency, duration, magnitude, frequency or probability of
responding, and persistence over time (Berridge, 2004; Niv et al., 2007; Shadmehr et al., 2019;
Shadmehr & Ahmed, 2021). Thus, vigor is a behavioral correlate of motivation and is often used
as behavioral and measurable proxy for motivation. However, vigor is not a mere readout of
motivation and is also influenced by additional task- and outcome-related factors. In particular,
outcome valence (i.e., the attractiveness or aversiveness of an outcome) can modulate vigor
when associated with high motivational stakes, independently of reward magnitude. In a task
designed to dissociate motivational anticipation from outcome properties, Roesch and Olson
showed that monkeys responded more rapidly both when approaching larger rewards and when
avoiding larger penalties, and exhibited fewer fixation breaks compared to conditions involving
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smaller rewards or penalties (Roesch & Olson, 2004). Further highlighting this complexity,
Griffiths and Beierholm showed that although higher average punishment rates lead to slower
action execution, immediate punishment was transiently associated with faster responses
(Griffiths & Beierholm, 2017). Additionally, movement vigor can also be influenced by an urgency
signal that depends on the context of the decision. Urgency reflects a time-dependent pressure
to commit to a choice, increasing more rapidly in contexts where acting quickly maximizes reward
rate. When urgency is high, decisions are made earlier and movements are more vigorous (Thura
et al.,, 2014; Thura, 2020). Conversely, when urgency is lower, decisions are delayed and
movements are less vigorous, reflecting a strategy that favors prolonged evidence accumulation
before commitment. Another key parameter that can influence vigor is the salience of the
options which reflects the motivation and attentional significance of the outcome or in other
words the “wanting” as stated in the incentive salience hypothesis (Berridge et al., 1989;
Robinson & Berridge, 1993).

As stated above, most theories formalize goal-directed value-based DM in terms of cost-benefit
computations and address emotions as inputs to valuation or as mere consequences of decisions
rather than as independent processes guiding deliberation (Rangel et al., 2008; Rangel & Hare,
2010). In contrast, the somatic marker theory proposes that emotion-related bodily signals,
acquired through prior experience, bias DM by marking options with positive or negative value
during deliberation (Bechara et al., 2000). In addition, affect, which is defined as the longer-
lasting component of emotional states, can influence DM. For example, positive affect has been
shown to alter the weighting of information by reducing the influence of probability of the
outcome and increasing sensitivity to its magnitude, particularly in the loss domain (Nygren et
al., 1996).

2.1.3 Subjective valuation and deviations from normative expected value

Although EV defines a normative strategy for optimal value-based DM, observed behaviors
frequently deviates from EV maximization leading to irrational behaviors. One of the earliest
demonstrations of such deviations is the Allais paradox. In this experiment, participants chose
between two options with identical EVs: a deterministic option guaranteeing a certain outcome
and a probabilistic option offering a higher reward with some uncertainty. Despite equal EVs,
participants consistently preferred the deterministic option, revealing an aversion to uncertainty
(Allais, 1953). Moreover, it has been long known that the relationship between the amount of
reward and the value is not linear but rather concave (Bernoulli, 1954). Similarly, probabilities
are not perceived linearly, leading to systematic distortions in probability weighting (Gonzalez &
Wu, 1999; Stauffer et al., 2015). As a result, there is a subjective weighting of magnitude and
probability on the EV function.

The Prospect Theory developed by Kahneman and Tversky provides a descriptive framework for
DM under risk and uncertainty by explicitly incorporating these subjective distortions (Kahneman
& Tversky, 1979). In this framework, outcomes are evaluated relative to a reference point and
categorized as gains or losses. The value function is concave in the gain domain, indicating risk
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aversion for higher magnitudes of gains, and convex in the loss domain, reflecting risk-seeking
behavior for increasing losses as shown in Figure 2-2. Moreover, the value function in the loss
domain has a steeper rate than in the gain domain indicating a higher sensitivity to losses. This
higher sensitivity is a bias commonly referred to as loss aversion. Thus, outcome valence which
determines the desirability or undesirability of the available options critically shapes the

subjective valuation.

VALUE

LOSSES GAINS

Figure 2-2. Value function in the loss and gain domains as proposed by the Prospect Theory.
The value function is defined relative to a reference point that separates gains from losses. It is concave in the gain

domain, reflecting risk aversion, and convex in the loss domain, reflecting risk-seeking behavior. The steeper slope in
the loss domain illustrates loss aversion, whereby losses are weighted more strongly than equivalent gains
(Kahneman & Tversky, 1979).

Prospect Theory also takes into account the distortion of the probabilities as illustrated in Figure
2-3 by the nonlinear probability distortion function w(p) in both gain and loss domains. Indeed,
objective probabilities are not weighted linearly and decision-makers display overweighting of
low probabilities and underweighting of high probabilities behaviors as indicated by the inversed
S-shape of the weighting function. This distortion is accentuated in the gain domain. Although
other mathematical formulations of the weighting function exist depending on the experimental
settings of the studies, they all converge on the conclusion that subjective probability weighting
deviates systematically from rational choice predictions (Prelec, 1998).
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w(p)

Figure 2-3. Probability weighting function as proposed by the Prospect Theory.
The nonlinear weighting function w(p) describes how objective probabilities are subjectively transformed in decision-

making under risk. The inverse S-shaped curve reflects overweighting of low probabilities and underweighting of high
probabilities. The functions w* and w™ correspond to probability weighting in the gain and loss domains, respectively
(Tversky & Kahneman, 1992).

Together, these nonlinearities in reward magnitude and probability contribute to the concept of
utility, first formalized by von Neumann and Morgenstern (von Neumann et al., 1944), which
reflects the subjective value assigned to outcomes. However, beyond distortions related to risk
and probability, subjective value is also influenced by temporal factors. Indeed, an immediate
reward is usually preferred over a delayed one. The temporal discounting function states that a
lower value is assigned to delayed rewards whereas an immediate reward has a higher value
(Frederick et al., 2002). Thus, the relationship between value and time is not linear but rather
convex. Two models of time discounting have been proposed, one exponential and one
hyperbolic as illustrated in Figure 2-4.

v=R/(1+kt)

T T

Figure 2-4. Models of time discounting functions.
The figure illustrates two models describing how the subjective value (v) of a reward (R) decreases as a function of

delay (t). In the exponential model (left), value declines at a constant rate over time while in the hyperbolic model
(right), value declines more steeply at short delays and more gradually at longer delays. Adapted from (Rangel et al.,
2008,).
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Finally, subjective value is context-dependent and can be influenced by the available alternatives.
In a choice task involving two juice types, A and B, Padoa-Schioppa and Assad showed that
monkeys’ preference for a given amount of juice A depended on the amount of juice B offered
as an alternative. Although monkeys preferred juice A when both options were offered in equal
guantities, increasing the amount of juice B progressively shifted choice toward B, indicating that
the subjective value of juice A was defined relative to the available alternative rather than in
absolute terms (Padoa-Schioppa & Assad, 2006).

2.2 The different substrates of value-based decision-making

As described above, value based-DM engages multiple cognitive and affective processes,
including attention, reasoning, working memory and emotion as well as motor processes when
action execution is required. It relies on the coordinated activity of a distributed network of
cortical and subcortical brain regions innervated by midbrain DANs. The contribution of specific
brain structures to the computation of distinct components of value-based DM has been
investigated using various experimental approaches, including neuroimaging (primarily by
functional magnetic resonance imaging (fMRI) which relies on blood-oxygen-level dependent
(BOLD) signal), lesion studies, pharmacological manipulations and electrophysiological
recordings, and in different species notably humans, monkeys and rodents. To avoid ambiguity,
the species will be specified for each study in the following sections where relevant.

2.2.1 Cortical structures

The PFC which corresponds to the most anterior part of the frontal lobes, is highly involved in
value-based DM and learning, as well as in higher-order cognitive processes such as goal-directed
planning, working memory, attention and cognitive control. In contrast, posterior frontal regions
including premotor and primary motor cortices are primarily involved in action selection, motor
planning and action execution, while the sensory processing is largely supported by parietal,
temporal and occipital cortical areas (Ungerleider & Haxby, 1994; Rizzolatti & Luppino, 2001;
Borgognon et al., 2025). Although these cortical regions are important for driving motor action
and sensory processing during value-based DM involving visual or auditory stimuli and requiring
motor output (Pastor-Bernier et al., 2012; Summerfield & Tsetsos, 2012; Derosiere et al., 2025),
this paragraph will be mainly focused on the role of the PFC. The PFC can be broadly divided in
lateral, medial and orbital regions. Because of their role in valuation processes described below,
the ventromedial PFC (vmPFC) and OFC will be grouped together.

2.2.1.1 The ventromedial / orbitofrontal cortex
The OFC is commonly subdivided into lateral and medial portions, with the IOFC encompassing
areas such as area 13 and lateral portions of area 11, and the mOFC including area 14 and medial
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portions of area 11 (Ongir & Price, 2000; Haber & Knutson, 2010). The vmPFC broadly
encompasses the mOFC, the ventromedial portion of Brodmann area 10 (frontopolar cortex),
and ventral/anterior regions of the ACC, including the subgenual ACC (area 25) and the ventral
portions of areas 24 and 32 (Onglir & Price, 2000; Haber & Knutson, 2010). Because some studies
differentiate mOFC and IOFC in the context of valuation processes, sometimes grouping mOFC
within vmPFC and sometimes treating OFC as a separate entity (particularly in NHP studies), this
section refers to the OFC broadly while specifying mOFC and IOFC contributions when relevant.

A substantial body of fMRI research demonstrates that vmPFC and OFC encode multiple forms
of value signals during both choice and outcome processing. These include EV, reward
magnitude, reward probability, subjective value (e.g., preference and delay discounting), value
signals defined relative to competing alternatives, and valence-specific outcome responses. In a
seminal study, Knutson and colleagues used a probabilistic monetary incentive delay task and
showed that activity within medial and orbital prefrontal regions correlated with EV (Knutson et
al., 2005). In another fMRI study, Tom and colleagues scanned human participants deciding
whether to accept or reject gambles in which they had an equal chance of gaining or losing money
(Tom et al., 2007). They found that the activity in the vmPFC increased with potential gains and
decreased with potential losses. Specifically, the decrease in activity in the loss domain was
steeper than in the gain domain, providing neural evidence for loss aversion. This pattern is
consistent with neural encoding of subjective value on a common scale integrating both positive
and negative outcomes. Plassmann and colleagues investigated how much hungry human
subjects were willing to pay for various snacks, reflecting how much participants valued the
option proposed, and scanned their brain during the process. They found that during both free-
bid and forced-bid trials, the willingness to pay was positively correlated with the activity in the
mOFC, thus indicating that this region encodes subjective value of options independently of
whether participants actively generated the bid (Plassmann et al., 2007). Consistent with an
integrative value representation role, Kable and Glimcher scanned subjects while they were
choosing between an immediate smaller reward and a larger delayed one with the value of the
larger reward varying in amount and in delay time and showed that the activity in the medial PFC
(which largely corresponds to the vmPFC in this study) tracked the subjective time-discounted
value of the delayed rewards, with a decrease in activity as delays increased (Kable & Glimcher,
2007). These findings support that vmPFC / OFC serve as a core valuation system. Extending this
framework, Boorman and colleagues demonstrated that the vmPFC encodes the relative value
of the chosen action during DM. Rather than reflecting the EV of the selected option alone,
vmPFC activity correlated with the difference between the chosen and unchosen EVs (chosen -
unchosen EV). This pattern indicates that vmPFC does not merely represent isolated option
values but instead performs a comparative computation between competing alternatives.
Activity increased with higher chosen value and decreased with higher unchosen value as
illustrated in Figure 2-5, reflecting the value advantage of the selected action over its alternative
(Boorman et al., 2009). Therefore these results show that the vmPFC implements value
comparison in addition to valuation. Outcome-related value (i.e., actual obtained reward or
punishment) signals have also been observed in vmPFC and IOFC in an fMRI study where
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participants repeatedly chose between two targets associated with different probabilistic gain
and loss contingencies, which were periodically reversed (O’Doherty et al., 2001). The authors
reported a medial-lateral dissociation within OFC during outcome processing with mOFC showing
greater activation following reward than punishment, and activity in this region scaled positively
with reward magnitude. In contrast, IOFC was more strongly activated by punishment and its
activity correlated with punishment magnitude. Although additional reward-related activation
was observed in medial prefrontal regions along the ventromedial wall, the parametric
magnitude effects were most clearly demonstrated within OFC. Together, these findings suggest
that OFC may exhibit valence-specific coding during outcome processing, complementing the
integrative and comparative valuation signals observed in vmPFC during DM.
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Figure 2-5. Ventromedial prefrontal cortex encodes the relative chosen value.
A: Sagittal and coronal views showing ventromedial prefrontal cortex (vmPFC) activity correlated with the difference

between chosen and unchosen expected values (chosen - unchosen EV). B: Time course of regression estimates
aligned to task events. Top: vmPFC activity tracks the relative chosen value. Bottom: decomposition of the signal
reveals a positive correlation with chosen value (red) and a negative correlation with unchosen value (blue). Taken
from (Boorman et al., 2009).

Lesion of the vmPFC has long been known to be associated with impaired value-based DM in
humans while sparing general cognitive functions such as memory, attention, and language
(Bechara et al., 1996, 1998). Consistent with these findings, impaired value-based DM has also
been observed in monkeys following OFC lesions. Lesioned monkeys failed to adjust their object
choices after reinforcer devaluation (i.e., when the associated food was devalued through
selective satiation) and showed deficits in contingency reversal learning when a previously
rewarded object became non-rewarded (Izquierdo et al., 2004). Importantly, these impairments
occurred despite intact basic food preferences and satiety mechanisms, suggesting a disruption
in using updated outcome value to guide behavior. Building on this, Rudebeck and Murray
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examined the effects of selective lesions within OFC subregions in monkeys choosing between
two appetitive reward-associated stimuli after devaluating one of them (Rudebeck & Murray,
2011). They reported that IOFC-lesioned monkeys chose less often the non-devaluated
alternative than controls, indicating a failure to appropriately update stimulus-reward
associations which was not observed in mOFC-lesioned monkeys. A complementary dissociation
was demonstrated by Noonan and colleagues, who compared the effects of selective mOFC and
IOFC lesions in a three-armed bandit task (Noonan et al., 2010). In a first experiment using varying
reward schedules, in which reward probabilities changed continuously during the session, IOFC-
lesioned monkeys selected the optimal option less frequently than controls, reflecting impaired
selective credit assignment. Specifically, rewards were not properly attributed to the stimulus
that caused them, leading to inaccurate value updating. In contrast, mOFC lesions did not disrupt
value learning. In a second experiment using fixed reward schedules, which minimized learning
demands and isolated value comparison, mOFC-lesioned monkeys were impaired when the value
difference between the best and second-best options was small, indicating a deficit in value
comparison. Together, these findings support a functional dissociation in which IOFC contributes
to value learning and updating, whereas mOFC is critical for comparing option values during DM.

Electrophysiological studies in NHP have confirmed that OFC encodes multiple forms of value
signals during both choice and outcome processing. Indeed, Tremblay and Schultz demonstrated
that OFC neurons fired in response to reward-predicting cues, during the expectation period
preceding reward, and at the time of reward delivery (Tremblay & Schultz, 1999). These neurons
discriminated between stimuli predicting different rewards, consistent with subjective value
encoding. Importantly, the activity of some neurons (particularly within the most posteromedial
recorded sites) reflected the animals’ relative reward preferences. Specifically, when reward A
was preferred over B, neuronal firing was greater (or lower, depending on the neuron) for A than
B; however, when reward B was paired with C and became the preferred option, the same
neurons now showed greater (or lower) firing for B. This context-dependent pattern indicates
that OFC neurons encode the relative motivational value of available options. Building on this,
population decoding work by Wallis and colleagues demonstrated that OFC implements value
comparison through rapid, alternating neural states representing the chosen and unchosen value
options (Rich & Wallis, 2016; Balewski et al., 2022, 2023). In a subsequent study, Tremblay and
Schultz recorded from OFC neurons (primarly IOFC and lateral portion of mOFC) while monkeys
learned new stimulus-outcome associations (Tremblay & Schultz, 2000). They found that many
neurons altered their responses to reward-predicting cues and during the reward expectation
period as learning progressed, whereas responses to reward delivery remained largely stable.
These findings suggest a role for OFC in flexibly updating values of available options during
learning. Focusing specifically on outcome processing, Kennerley and Wallis examined how OFC
neurons (primarily within IOFC) encoded experienced outcomes in blocks manipulating reward
probability, magnitude, or required effort (Kennerley & Wallis, 2009). They found that in
probability blocks, OFC neurons predominantly signaled whether reward was delivered or
omitted. In magnitude blocks, a subset of OFC neurons encoded the size of the obtained reward
in a graded manner. Although some neurons encoded outcome information across multiple
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decision variables, many were selective for a single variable, indicating a distributed but partially
overlapping representation of outcome value within OFC. Together, these findings support a role
for the OFC in outcome-based valuation. Extending this view, Tsujimoto and colleagues showed
that OFC neurons (primarily within IOFC) encoded the identity of the chosen response selectively
near feedback time in a task requiring monkeys to monitor whether they repeated or switched
their previous action (Tsujimoto et al., 2009). This response-related signal was independent of
reward outcome. This suggests that IOFC contributes to monitoring completed actions at
evaluation time, a function that may support the updating of stimulus-reward associations and
adaptive behavioral adjustments when outcome values change. Different kind of value encoding
neurons have been reported in the monkey OFC, including offer value neurons which modulate
their activity with the amount of one type of reward (juice) but not the other one, chosen value
neurons which code the value of the chosen reward independently of its type and taste neurons
which responded in a binary way to the identity of the chosen reward (Padoa-Schioppa & Assad,
2006; Padoa-Schioppa, 2013; Raghuraman & Padoa-Schioppa, 2014; Padoa-Schioppa & Conen,
2017; Ballesta et al., 2020). The Figure 2-6 illustrates the different neurons found by the authors.
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Figure 2-6. Examples of chosen value, offer value and taste neurons within the orbitofrontal cortex.
Top panels show the frequency of choice (y axis) as a function of the offer ratio between juices A and B (x axis).
Bottom panels illustrate the activity of three different neurons types recorded in the orbitofrontal cortex. Left: a
chosen value neuron, whose activity increases with the value of the chosen option, independently of reward identity.
Middle: an offer value neuron, selectively encoding the value of one offered reward (juice B) but not the other. Right:
a taste neuron, showing a binary response related to the identity of the consumed reward (e.g., juice A vs B),
independent of its value. Taken from (Padoa-Schioppa & Assad, 2006).

Although anatomical boundaries were not always explicitly compared across studies, the overall
pattern is consistent with a medial-lateral functional gradient, with more medial OFC regions
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prominently involved in representing and comparing option values, and more lateral OFC regions
contributing to credit assignment and the updating of stimulus-reward associations to guide
behavioral adaptation. Importantly, these findings showing that vmPFC / OFC encode the value
of different options, the value of obtained outcomes, and the relative value of competing actions
across many tasks therefore suggest that these regions represent value on a common scale. This
idea has led to the proposal that values are represented in the valuation network in a common
neural currency enabling comparison between totally different options such as drinking a hot
chocolate and eating a banana (Chib et al., 2009; Levy & Glimcher, 2012).

2.2.1.2 The dorsomedial prefrontal cortex

The dorsomedial PFC (dmPFC) encompasses medial frontal regions including the dorsal ACC
(dACC, dorsal portions of area 24 and 32). Similarly to the OFC, the dACC has been shown to
contribute to value-based DM. To guide behavior, the dACC integrates several value components,
assigns value to actions, computes cost-benefit trade-offs, and monitors choice difficulty or
conflict as well as performance (outcome evaluation) in order to update action values.

In an fMRI study, Knutson and colleagues used a probabilistic monetary incentive delay task and
showed that activity within the ACC (including its dorsal portion) correlated with EV, reflecting
the integration of probability, magnitude and valence (Knutson et al.,, 2005), confirming
integration of value signals. Consistent with a role in monitoring decision conflict, dACC activity
increases when individuals face difficult decisions involving options of similar desirability. For
example, Pochon and colleagues scanned male participants who were asked to choose which of
two female faces would be judged more attractive by other men (Pochon et al., 2008). They
showed that activity in the dACC increased with the level of decision conflict during these choices.
This finding extends the classical conflict-monitoring role of the dACC, previously demonstrated
in cognitive control tasks such as the Stroop task and the flanker task, in which the dACC detects
competition between incompatible responses and signals the need for increased cognitive
control (Botvinick et al., 1999; Kerns et al., 2004). Additionally, the dACC has been strongly linked
to performance monitoring. Indeed, an fMRI study led by Holroyd and colleagues showed that
during a trial-and-error learning task involving monetary gains and losses, the dACC was activated
by both erroneous responses and error feedback signal, indicating that this region is sensitive to
both internal and external error signals (Holroyd et al., 2004). Consistent with this idea, other
studies have shown that the dACC encodes both errors and rewards. For example, Walton and
colleagues reported increased activation in the dACC following both positive or negative
feedbacks, suggesting a role in monitoring the result of an action, regardless of whether the
outcome is good or bad (i.e., regardless of its valence) (Walton et al., 2004).

Kennerley and colleagues, later confirmed by Rudebeck and colleagues, showed that monkeys
with lesions of the anterior cingulate sulcus, a region overlapping with the dACC, exhibited
impaired value-based DM due to deficits in action-reward learning (Kennerley et al., 2006;
Rudebeck et al., 2008). Specifically, lesioned animals failed to use reinforcement history
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effectively to guide their choice and showed impairments in updating action values following
reversals of action-outcome contingencies.

Electrophysiological studies confirmed that neurons in the dACC encode multiple decision
variables during choice. In monkeys performing decisions in blocks manipulating reward
probability, reward magnitude, or required effort, Kennerley and colleagues showed that dACC
neurons encoded each of these variables and that many neurons were active across multiple
blocks, indicating that they encoded more than one decision variable (Kennerley et al., 2009).
Compared with neurons in the OFC or in the dIPFC, dACC neurons more frequently multiplexed
several variables simultaneously, suggesting that this region integrates costs and benefits
relevant for action selection. In addition to integrating decision variables, dACC activity has been
shown to contribute to the preparation of the chosen action. Population recordings revealed a
ramping increase in dACC activity during deliberation that becomes direction-selective and
precedes action execution (Balewski et al., 2023). The slope of this ramp is influenced by the
stability of value representations in OFC, linking value encoding to action commitment.
Consistent with the role of dACC in guiding behavior through action-reward associations,
Kennerley and Wallis also examined neuronal responses to outcomes and found that a
substantial proportion of dACC neurons encoded outcome-related variables such as reward
delivery and reward magnitude (Kennerley & Wallis, 2009). These outcome signals often
emerged earlier in dACC than in OFC or dIPFC, and many neurons encoded multiple decision
variables, suggesting an integrated representation of outcome value. Further evidence for
outcome monitoring comes from studies examining performance feedback. Ito and colleagues
found that a population of dACC neurons fired only after erroneous saccades corresponding to
trials in which monkeys failed to withhold a saccade after a stop signal (Ito et al., 2003). In
addition, some neurons responded when an expected reward was omitted, indicating that the
dACC evaluates action outcomes. Similar findings were reported by Matsumoto and colleagues
in a task in which monkeys learned action-outcome contingencies by selecting between left and
right lever presses (Matsumoto et al., 2007). They showed that distinct populations of dACC
neurons responded preferentially to positive or negative feedback, and that the magnitude of
these responses decreased as learning progressed. As in Ito and colleagues, some neurons also
responded to reward omission, further supporting a role of dACC in outcome evaluation. As
previously suggested, the dACC is thought to guide decisions through the formation of
associations between rewards and actions. Consistent with this role, Hayden and Platt showed
that during a task in which monkeys directed saccades toward cues associated with different
reward probabilities, dACC neurons sensitive to the reward were also sensitive to the direction
of the saccade, indicating that dACC integrates reward information with action signals (Hayden
& Platt, 2010). Together, these findings support a role for the dACC in evaluating the
consequences of actions and integrating multiple decision variables to guide value-based DM.

Overall, the dACC is thought to evaluate the need for cognitive control (i.e., behavioral
adjustment) based on signals such as conflict, errors or effort. It contributes to monitoring and
updating action values, although it is generally not considered to directly implement control
processes. Instead, it is proposed to signal the need for enhanced control to regions such as the
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lateral prefrontal cortex (IPFC), which are more directly involved in implementing control.
Consistent with this view, Kerns and colleagues showed that dACC activity related to conflict
monitoring predicted subsequent increases in lateral prefrontal activity, supporting a role for the
dACC in signaling the need for cognitive control (Kerns et al., 2004).

2.2.1.3 The lateral prefrontal cortex

The IPFC encompasses the lateral frontopolar cortex (lateral portion of area 10), the dIPFC (areas
46 and 9) and the ventrolateral PFC (VIPFC; areas 47/12, 45 and 44) (Badre, 2008; Mackey &
Petrides, 2010). Although anatomically lying on the lateral side of the OFC, the area 47/12 is
functionally grouped with the VvIPFC, particularly its dorsal portion in NHP studies. The IPFC plays
a central role in the top-down control of behavior, supporting executive processes such as the
representation and updating of task rules, working memory, and the planning and organization
of goal-directed actions (Shallice, 1982; Petrides, 1985, 1991; Funahashi et al., 1989, 1993;
Goldman-Rakic, 1995; Baker et al., 1996; Cohen et al., 1997; White & Wise, 1999; Stuss et al.,
2000; Miller & Cohen, 2001; Monchi et al., 2001; Curtis & Lee, 2010). Through these mechanisms,
the IPFC provides a cognitive framework that enables the integration of value information and
its translation into action selection. Although evidence suggests functional differentiation within
the IPFC along rostro-caudal and dorsoventral axes, such as hierarchical organization of control
and abstraction, a detailed discussion of these subdivisions is beyond the scope of this section
and has been reviewed elsewhere (Badre, 2008). Therefore, in the present section the IPFC is
considered as a unified functional system, while specific subregions will be mentioned when
relevant.

The IPFC also contributes directly to decision processes by integrating value information and
translating it into action selection. Neuroimaging studies have shown that the IPFC represents
value-related information during DM. For example, activity in dIPFC has been shown to vary with
reward magnitude and valence during anticipation of potential outcomes (Knutson et al., 2005).
Similarly, dIPFC activity has been shown to correlate with participants’ willingness to pay when
freely bidding for food items, but not during forced bids, suggesting that this region contributes
to translating subjective value into action selection (Plassmann et al., 2007). Electrophysiological
studies in NHP provide further insight into the neuronal mechanisms underlying these processes.
Although less prevalent than in the OFC or ACC, individual IPFC neurons have been shown to
encode multiple decision variables, including reward magnitude, probability, and effort costs,
during both choice and outcome evaluation (Kennerley et al., 2009; Kennerley & Wallis, 2009).
These findings suggest that value-related signals in the IPFC contribute both to the selection of
actions and to the evaluation of their consequences. Importantly, neurons in the IPFC can link
value information to specific actions. In a visuo-motor stimulus-reward association learning task,
Wallis and Miller showed that neurons in the dIPFC encoded reward magnitude, frequently in
combination with information about stimulus identity and the direction of the upcoming saccade
(Figure 2-7) (Wallis & Miller, 2003). In addition, a subset of dIPFC neurons exhibited spatially
selective activity that was independent of stimulus identity or reward value, further supporting
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a role for this region in linking value representations to action planning. Finally, the IPFC also
contributes to adaptive decision making by tracking information about previous choices and
outcomes. Neuronal activity in the dIPFC has been shown to reflect signals related to choices and
rewards from previous trials, suggesting that this region participates in updating decision
strategies based on recent experience (Seo et al., 2007). Together, these findings indicate that
the IPFC plays a key role in integrating value signals with action representations and in guiding
adaptive DM.
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Figure 2-7. Example of an action value neuron in the dorsolateral prefrontal cortex.
Neuronal activity is shown as a function of time following stimulus presentation for different reward magnitudes (2,

4, and 8 drops of juice) and saccade directions (left vs right). The neuron’s activity is modulated by both reward
magnitude and the direction of the upcoming saccade. In this example, firing rates decrease as reward magnitude
increases, and this modulation differs depending on the selected action, illustrating the encoding of action value
signals. Taken from (Wallis & Miller, 2003).

2.2.2 Basal ganglia

Although cortical regions including vmPFC, OFC, ACC, and IPFC play key roles in value
representation, outcome evaluation, and executive control, the implementation of value-based
DM relies on subcortical circuits and most notably the BG, which integrate cortical signals to
guide behavior. As described in the previous chapter, the BG integrates inputs from virtually the
entire cortex though distinct segregated but partially overlapping functional circuits in which the
dorsal and the most ventral BG areas preferentially transfer motor/cognitive and limbic
information, respectively, from state-encoding thalamo-cortical fields to brain motor centers.
This topographic and functional organization of the BG network especially arises from the large
diversity of the cortical projections received by the striatum and is preserved at the different
stages (input, central and output) of the network (Parent & Hazrati, 1995a, 1995b). For simplicity,
these circuits can be broadly divided into dorsal and ventral circuits (Redgrave et al., 2010).
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2.2.2.1 Dorsal circuit

The DS comprises partially distinct territories that contribute to different modes of behavioral
control. The DMS (CD, in primates) is primarily involved in goal-directed action-outcome control,
whereas the DLS (putamen in primates) contributes more strongly to habitual stimulus-response
control (Divac et al., 1967; Yin & Knowlton, 2006; Tanaka et al., 2008; Corbit, 2018). A large body
of work, including imaging, lesion, pharmacological, and electrophysiological studies, have shown
that behavioral control gradually shifts from DMS-dependent goal-directed mechanisms toward
DLS-dependent habitual mechanisms with practice and automatization (Miyachi et al., 2002;
Lehéricy et al., 2005; Tricomi et al., 2009; Corbit, 2018). Importantly, several studies suggest that
DMS and DLS can also be active in parallel during learning, with varying levels of engagement (Yin
et al., 2009; Thorn et al., 2010; Kupferschmidt et al., 2017; Bergstrom et al., 2018) and may
interact competitively, such that disruption of DMS function can facilitate the emergence of
habitual control mediated by the DLS (Turner et al., 2022). Although this goal-directed versus
habitual framework is extremely useful for understanding dorsal striatal function, the present
work focuses specifically on value-based, goal-directed DM. Therefore, the following sections
primarily emphasize the role of the CD/DMS, and functionally related BG nuclei, in encoding
action-outcome relationships and value signals relevant for value-based action selection and DM.

Consistent with this role, CD neurons encode different value-related signals which are linked to
action, such as action value, chosen value and prediction error signals enabling adjustment of
behavior. Indeed, Knutson and colleagues observed an increase in BOLD activity in the medial CD
that scaled with the magnitude of anticipated monetary outcomes in a monetary incentive delay
task, in which outcome delivery depended on the execution of an instrumental response
(Knutson et al., 2001). In this task, participants pressed a button after a variable delay to obtain
rewards, avoid punishments, or receive no outcome, as signaled by visual cues. This anticipatory
CD activity was similarly present for both rewards and punishments, consistent with a role in
encoding the motivational value of actions rather than outcome valence. In contrast, no
modaulation of CD activity was reported when trained participants were passively presented with
previously learned conditioned cues predicting either a pleasant, an unpleasant or a neutral
primary reinforcer, consistent with a role in encoding value signals specifically when actions are
required to obtain outcomes (O’Doherty et al., 2002). Moreover the CD preferentially encodes
RPE signals (defined as the difference between the EV of an outcome and the value actually
received) during instrumental rather than Pavlovian learning. Indeed, in an fMRI study,
O’Doherty and colleagues compared instrumental and Pavlovian conditioning tasks in which
participants either actively selected between stimuli associated with different probabilities of
delivering a pleasant juice reward or a neutral solution, or passively observed the computer’s
selection (O’Doherty et al., 2004). The authors demonstrated that the CD exhibited significant
BOLD activity during instrumental but not Pavlovian conditioning as participants learned the
action-outcome contingencies. Using a RL model, the authors further showed that CD activity
correlated with RPE signals. This indicates that the CD encoded prediction errors specifically
during action-outcome learning, but not during stimulus-outcome learning in which outcomes
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were delivered independently of action. This confirms the role of the CD in encoding value signals
that guide actions.

At the neuronal level, the CD has been shown to encode the value of specific actions before
choice. Indeed, Samejima and colleagues recorded the activity of neurons in the CD and putamen
of monkeys while they were freely choosing between turning a handle to the right or to the left
(Samejima et al., 2005). Following each action, a green light indicated delivery of a large reward
and a red light indicated a small reward. Reward probabilities were fixed within a block but
changed across blocks, such that the value of choosing the left or right turn could vary from block
to block, requiring monkeys to track and update these action values. The authors found that
approximately one third of task-related MSNs in the striatum encoded the values of the available
actions during the delay period preceding movement, representing action values prior and
independent of the final choice. In their study, Lau and Glimcher selectively looked at the activity
of the CD during an oculomotor choice task in which monkeys repeatedly chose between two
actions (i.e., left and right saccades) whose reward values varied across blocks (Lau & Glimcher,
2008). Each side delivered rewards according to an independent probabilistic schedule, and the
relative reward magnitudes associated with the two actions changed unpredictably across
blocks, requiring the monkey to continuously estimate and track the value of each action. The
authors confirmed that a significant number of MSNs in the CD encoded action values prior to
choice (i.e., action value neurons). They further showed that a distinct subset of neurons encoded
the direction of the movement after the cue (i.e., action only neurons) while other encoded the
value of the chosen action after the saccadic movement (i.e., chosen value neurons), consistent
with a role in evaluating outcomes and updating action values to guide future action selection.
The different types of information and their temporal encoding are presented in Figure 2-8.
Together, these findings support the presence of action values encoding neurons in the DS.
Nevertheless, the existence of “pure” action-value signals in the striatum remains debated. A
major reason is that many value-related variables (see section entitled “Goal-directed value-
based decision-making strategy”, page 43-45), coexist and strongly covary during value-based
DM, making it difficult to isolate the neural encoding of a given value variable (Padoa-Schioppa,
2013; Elber-Dorozko & Loewenstein, 2018; Shin et al., 2021). Consequently, several other rodent
and NHP studies have attempted to identify which decision variables are encoded in the CD and
putamen by fitting multiple linear regression (MLR) models including different combinations of
value-related predictors (Kim et al., 2009; Ito & Doya, 2015; Shin et al., 2021; Balewski et al.,
2022). Although these approaches have revealed neurons encoding action value, chosen value,
choice-related variables, and other decision variables (e.g., state value, policy, reward), the
variable attributed to neuronal encoding and its strength often depends on the predictors
included in the model and the temporal window analyzed, leading to variability across studies.
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Figure 2-8. Example neurons encoding action value, chosen-value and choice information in the caudate
nucleus.
Spike density functions are aligned to saccade completion (time 0); c, represents the cue onset and r, the reward

onset. A and B shows examples of action value neurons encoding the value of a specific available action (contralateral
action for both A and B neurons), independently of the action ultimately selected. C and D represent two types of
chosen-value neurons: one encoding the value of the chosen action irrespective of action identity (C), and another
encoding the value of the chosen action selectively when a particular action is chosen (D). These neurons exhibit post-
choice activity reflecting outcome evaluation rather than action selection. E and F illustrate examples of choice
neurons which encode the selected movement independently of action value. Taken from (Lau & Glimcher, 2008).

In contrast to the extensive research conducted in the DS, other BG nuclei have been
comparatively less investigated. Still, Arkadir and colleagues recorded neuronal activity in the
GPe while monkeys performed a probabilistic visuomotor task in which visual cues predicted
reward probability and instructed movement direction (Arkadir et al., 2004). A large fraction of
pallidal neurons encoded reward probability, movement direction, or both parameters either
simultaneously or across the course of the trial, with the largest proportion encoding both
variables. Notably, some neurons encoded reward probability early in the trial and later switched
to encoding movement-related information. When two cues were presented simultaneously,
GPe neurons selectively encoded the value of the chosen direction (i.e., the chosen value which
usually corresponded to the higher-value option as monkeys tended to choose optimally),
consistent with a role for the GPe in biasing behavior toward more valuable actions. Similarly,
Pasquereau and colleagues recorded the neuronal activity in the dorsal motor striatum
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(putamen) and in the GPi, a major output structure of the BG, while monkeys performed a
probabilistic DM task requiring movement (Pasquereau et al., 2007). In both structures, a
significant proportion of neurons encoded movement direction, reward probability, or both
simultaneously during the preparatory period preceding movement initiation, consistent with
action value representations. During the movement-related epoch, the proportion of neurons
encoding the chosen value increased in the GPi compared to the putamen, in addition to
movement direction, suggesting a progressive biasing of BG output toward the selected high-
value action as information flows downstream. Extending these findings, subsequent studies
showed that value-related modulation is distributed across the pallidal-nigral network. In a
probabilistic classical conditioning task in monkeys, in which cues were predicting appetitive,
neutral, or aversive outcomes, Joshua and colleagues showed that neurons in the GPe and GPi
responded more strongly, more frequently, and with better probability discrimination to
appetitive events than to aversive or neutral outcomes. In contrast, SNr neurons exhibited more
balanced responses across incentive conditions, indicating that pallidal activity is biased toward
encoding appetitive value (Joshua, Adler, Rosin, et al., 2009). More recent electrophysiological
recordings in monkeys engaged in a similar classical conditioning task demonstrated that GPe
neurons are functionally heterogeneous. Specifically, HFD neurons, which are thought to
correspond to prototypical neurons described in rodent, preferentially encode cue valence,
whereas LFD neurons, which are considered rodent homologs of arkypallidal neurons, more
strongly encode cue salience (Katabi et al., 2023). Consistent with this organization, rodent
recordings further showed that prototypical (PV+) GPe neurons exhibit more robust and
sustained encoding of cue-predicted reward value than arkypallidal neurons (Farries et al., 2023).
Together, these findings therefore indicate that value representations in the GPe are organized
in a cell-type specific manner.

Remarkably, the STN also carries motivational and value-related information.
Electrophysiological recordings in rodents have shown that STN neuronal activity is modulated
by reward-predictive cues as well as reward delivery, indicating that it participates in
reinforcement-related processing (Lardeux et al., 2009). In this task, rats were required to hold
and release a lever in response to a light cue whose location predicted either a low- or high-value
reward. Interestingly, when the high-value reward was replaced with water, rats showed
increased MTs to retrieve the outcome, accompanied by a reduction in STN neurons responding
to the previously high-value reward. This finding indicates that STN activity is sensitive to changes
in reward value and may contribute to the influence of motivational signals on action execution.
Neuronal recordings in monkeys showed that during an instrumental task, many STN neurons
encoded both movement-related and outcome-related signals, suggesting that the STN
integrates motivational information with motor output (Espinosa-Parrilla et al., 2013). These
findings support the idea that the STN participates in the motivational control of behavior, linking
action execution with expected outcomes. Extending these findings, the same group later
showed that STN activity rarely distinguished between different rewards when no choice was
required (Espinosa-Parrilla et al., 2015). In contrast, when animals choose between actions
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leading to different rewards, a large proportion of neurons differentiated reward outcomes,
mainly after action completion. These findings suggest that the STN contributes to evaluating the
outcomes of chosen actions.

Nevertheless, the STN is best known for its role in the regulation of response inhibition and
decision conflict. Consistent with its position within the hyperdirect pathway, the STN is thought
to exert a transient inhibitory influence during high-conflict situations, and increased STN activity
has been associated with reduced impulsivity. In an fMRI conditional stop-signal task,
participants responded to the direction of arrows by pressing the corresponding key, but were
instructed to inhibit their response only when the stop signal occurred for a designated arrow
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direction (“critical” trials), while continuing to respond when the stop signal occurred for the
other direction (“noncritical” trials) (Aron et al., 2007). The presence of a salient stop signal on
noncritical trials created response conflict, which led to slower response times. This conflict-
induced slowing was accompanied by coactivation of the preSMA and the STN. During successful
stopping on critical trials, this network also recruited downstream BG structures, including the
globus pallidus. STN activation during conflict-induced slowing is consistent with a braking
mechanism that temporarily suppresses motor output, as proposed by Frank’s “Hold your
horses” model (Frank, 2006; Frank et al., 2007). Consistent with this framework, evidence from
STN lesion studies in rats performing attentional choice tasks demonstrates profound
impairments in response control (Baunez & Robbins, 1997). In the five-choice serial RT task, rats
were required to respond, after a fixed delay, to a briefly illuminated spatial location in order to
obtain a reward. Although STN-lesioned rats exhibited prolonged response latencies, they also
showed marked increases in premature responding and spatial errors, indicating a failure to
appropriately inhibit competing responses and to regulate action selection under conditions
requiring controlled responding. Beyond its role in response inhibition and conflict monitoring,
the STN also influences activity across the BG network. Indeed, the STN has been shown to drive
moment-to-moment modulation of activity in downstream BG structures (Deffains et al., 2016).
By recording neuronal activity in the STN and downstream nuclei (GPe, GPi, and SNr) in monkeys
performing an immediate or delayed conditioning task with appetitive, neutral, or aversive cues,
the authors demonstrated that fluctuations in STN activity were correlated with corresponding
modulations in downstream BG activity across different task epochs, as revealed by cross-
correlation analyses.

Overall, although dorsal BG circuit is primarily considered a cognitive/sensorimotor circuit, it also
integrates value-related signals that contribute to guiding action selection, decision control, and
the adaptive modulation of behavior. These value signals likely interact with motor and executive
representations to bias the selection and execution of actions according to their expected
outcomes.
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2.2.2.2 \Ventral circuit

During value-based DM, the VS, including the NAc, plays a central role in integrating predictive,
motivational and evaluative signals that guide behavior, consistent with recent circuit-level
frameworks highlighting NAc contributions in linking value and valence representations to
motivated action (Vieitas-Gaspar et al., 2025). Mechanistically, the idea that limbic circuits
influence motor behavior was originally proposed by Mogenson and colleagues, who described
the NAc as a functional interface between motivation and action (Mogenson et al., 1980).
Subsequent anatomical work by Haber and colleagues refined this view and proposed that
information flows between limbic, associative, and motor BG circuits through an ascending
striato-nigro-striatal spiral (Haber et al., 2000). In this organization, the VS influences midbrain
DANs, which then project to progressively more dorsal striatal regions, allowing motivational
signals from limbic circuits to gradually shape cognitive and motor processing.

Consistent with a role in the valuation system, early fMRI studies have shown that the VS activity
increases during the anticipation of rewarding outcomes in both Pavlovian and instrumental
contexts. Specifically, VS BOLD responses are enhanced during passive anticipation of pleasant
liquid rewards and scaled with anticipated monetary gains but not losses during an instrumental
task (Knutson et al., 2001; O’Doherty et al., 2002). These findings were later extended using a
probabilistic variant of the monetary incentive delay task, in which VS activity was linearly
correlated with EV (defined as valence x magnitude x probability of the outcome) (Knutson et al.,
2005). Decomposition analyses revealed that this activity was primarily driven by reward valence
and magnitude, suggesting that the VS primarily reflects the affective value component of
expected rewards. Additional fMRI studies showed that the VS encodes the subjective value of
outcomes. For example, in an intertemporal choice task in which participants chose between an
immediate reward and a larger delayed option varying in magnitude and delay, VS activity
increased with reward magnitude and decreased with delay, consistent with the encoding of
discounted subjective value (Kable & Glimcher, 2007). Consistent with a role in value
representation independently of action, O’Doherty and colleagues directly compared
instrumental and Pavlovian conditioning by having participants either actively choose between
two options or passively observe outcomes selected by the computer (O’Doherty et al., 2004). In
both conditions, visual stimuli predicted high or low probabilities of receiving either a pleasant
juice reward or a neutral solution. Using a RL model, they showed that VS activity correlated with
RPE signals (i.e., the difference between expected and obtained value) in both the instrumental
and Pavlovian tasks. This finding is consistent with a role for the VS in encoding prediction errors
about the value of the current state, independently of whether an action is required.

Complementary electrophysiological studies in rodents further show that the VS preferentially
represents task-state information and the EV associated with that state at cue onset (Ito & Doya,
2015), thus providing the EV signals that can serve as the basis for prediction-error computations
about the value of the current situation. Additional single-unit recordings in NHP also show that
the VS encodes multiple reward-related signals, including neuronal responses to reward-
predictive cue and reward delivery. Indeed, in a go/no-go task, Schultz and colleagues identified
neurons displaying sustained activation during the interval between a trigger light signaling
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possible movement and the subsequent reward delivery in both go and no-go correctly
performed trials (Schultz et al., 1992). Many of these neurons showed anticipatory activity that
was stronger for juice than water rewards, indicating that their activity is sensitive to reward
value and motivational significance. In addition, other neurons exhibited phasic responses at the
time of reward delivery. These expectation-related signals were demonstrated to be modified
during learning when monkeys learned stimulus-response-reward contingencies through trial-
and-error in a delayed go/no-go task (Tremblay et al., 1998). Tremblay and colleagues confirmed
that many neurons in the anterior striatum, including the VS, encode reward expectation, and
further demonstrated that this activity, initially generalized or inappropriate, became
progressively refined as learning proceeded. This adaptation reflected the updating of the
animal’s subjective reward expectations, indicating that the anterior striatum (including the VS)
represents and dynamically updates reward expectations during learning. Additionally, Cromwell
and Schultz demonstrated that reward-expectation signals in the anterior striatum, including VS,
scale with reward magnitude, consistent with value encoding (Cromwell & Schultz, 2003). Further
evidence for value-related signals in the VS comes from electrophysiological recordings in the
rodent NAc in response to rewarding and aversive taste stimuli. Roitman and colleagues found
that most NAc neurons were selective for either the rewarding or the aversive stimulus,
consistent with encoding of stimulus valence (Roitman et al., 2005). Notably, neurons responding
to the aversive taste displayed excitatory activity, whereas those responding to the rewarding
taste showed inhibitory activity. These neural responses were correlated with oromotor
behaviors reflecting rejection (e.g., gaping) or ingestion (e.g., licking), linking hedonic evaluation
of stimuli to corresponding motor output.

Beyond its role in value representation, the VS has also been implicated in motivational control.
In the monetary incentive delay task, Knutson and colleagues showed that participants expecting
a larger reward exhibited increased VS activation and faster RTs, consistent with a role for the VS
activity in motivation and response preparation for rewards (Knutson et al., 2001). In line with
this view, neurons recorded in the VS during a value-based DM task encoded both the expected
reward value and the direction of the upcoming action, but only when the action was
subsequently executed. This activity was also correlated with response speed, supporting the
idea that the VS links motivational value to motor output during DM (Roesch et al., 2009). The
involvement of the VS in motivational control has been causally demonstrated by lesion studies.
As explained above, goal-directed behavior is sensitive to outcome devaluation and contingency
degradation (see section entitled “Goal-directed value-based decision-making strategy”, pages
43-45). Lesions of the NAc core in rats abolished sensitivity to outcome devaluation without
impairing action-outcome contingency learning in a two-lever task with distinct rewards,
indicating a role in incentive motivation based on the current value of outcomes (Corbit et al.,
2001). In contrast, lesions of the NAc shell disrupted Pavlovian-instrumental transfer, as lesioned
rats failed to show the expected increase in instrumental responding during presentation of a
reward-predictive cue, demonstrating a role in cue-driven motivational influences on behavior.
Moreover, rats presenting selective DA depletion in the NAc, shifted their behavior away from
high-effort, high-value reward toward low-effort, low-value food (Cousins & Salamone, 1994). In
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this task, rats could either press a lever on a fixed ratio 5 schedule to obtain high-value food
pellets or approach and consume low-value lab chow. After DA depletion, rats significantly
decreased their engagement with lever pressing when both options were available as compared
to control rats, demonstrating a role for ventral striatal DA and for the VS in effort-related
motivation. Extending these findings to primates, monkeys with ventral striatal lesions showed
reduced adjustment of performance across RL environments, particularly for gain-associated
cues, despite preserved stimulus-outcome learning, consistent with a role of the VS in
motivational engagement (Taswell et al., 2023).

The VP, a major downstream output structure of the VS, has also been shown to encode the
expected reward value and motivational signals that regulate motor action. Electrophysiological
recordings in NHP performing a saccade task with cues predicting different reward magnitudes
showed that many VP neurons modulated their activity according to the expected reward value
(Tachibana & Hikosaka, 2012). Behaviorally, larger expected rewards produced faster and more
vigorous saccades. Following contingency reversals, both saccade vigor and VP neuronal
responses rapidly adjusted to reflect the updated reward values, indicating that VP activity tracks
updated reward expectations and contributes to translating EV into motivational control of
action. Consistent with this, bilateral reversible VP inactivation abolished this reward-dependent
modulation of saccade vigor, supporting a causal role for the VP in motivational regulation of
action. In line with this interpretation, Lederman and colleagues showed that cue-evoked activity
in VP neurons precedes reward-seeking movements and correlates with parameters of
movement vigor, such as approach speed and path efficiency, as well as the animal’s proximity
to the reward target at cue onset, but not with specific movement features such as direction,
supporting a role for the VP in invigorating motivated actions (Lederman et al., 2021).

Consistent with a role in motivation, the VP has been shown to encode incentive motivational
signals. Using a serial Pavlovian conditioning task in rats, Tindell and colleagues found that VP
neurons fired most strongly to cues temporally closest to reward delivery (Tindell et al., 2005).
In this task, rats learned that an initial auditory cue predicted the later occurrence of reward,
followed after a delay by a second auditory cue that immediately preceded reward delivery.
Although many VP neurons responded to both auditory cues as well as to reward delivery, the
strongest phasic firing was elicited by the cue signaling imminent reward. Moreover,
amphetamine activation selectively enhanced cue-evoked responses despite unchanged cue-
reward contingencies and did not primarily alter responses at reward delivery. These findings
indicate that the VP reflects incentive motivational signal, or the “wanting” of the reward (i.e.,
how much the cue motivates behavior), rather than reward prediction or consumption.
Extending these findings, causal manipulations further support this role, as chemogenetic
inhibition of VP GABAergic neurons reduces the pursuit of high-value rewards and biases DM
toward safer, lower-value options without affecting reward discrimination or consumption
(Farrell et al., 2021). In addition to incentive “wanting,” the VP has also been implicated in
encoding hedonic “liking” signals. Specifically, in sodium-depleted rats, VP neurons doubled the
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magnitude of their firing in response to an otherwise aversive salty taste, which became pleasant
under depletion (Tindell et al., 2006). The encoding of incentive “wanting” and hedonic “liking”
signals are illustrated in Figure 2-9.
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Figure 2-9. Ventral pallidal neurons encode incentive salience motivational signal (“wanting”) and hedonic
value (“linking”) of rewards.
Top: ventral pallidum (VP) neuronal activity related to incentive salience. In sodium-depleted rats, cues predicting a
salty reward elicit increased firing, reflecting enhanced motivational value (“wanting”) of the expected outcome.
Bottom: VP neuronal activity related to hedonic evaluation. When sodium-depleted rats consume a salty solution
that has become palatable, VP neurons show increased firing in response to the taste itself, reflecting enhanced
hedonic value (“liking”). Taken from (Smith et al., 2009).

Altogether, these findings indicate that both the VS and the VP encode motivational information
related to how strongly reward-predictive cues energize behavior and support a role for the
ventral striatopallidal circuit in transforming reward-related and motivational signals into
behavioral action. Consistent with this view, Ottenheimer and colleagues compared neuronal
activity in the NAc and VP of rats performing a behavioral task in which an auditory cue signaled
the availability of one of the two appetitive rewards, with sucrose identified as the preferred
outcome (Ottenheimer et al., 2018). Reward-specific neurons were observed in both regions, but
they were more prevalent and exhibited earlier modulation in the VP (Figure 2-10). Decoding
analysis revealed that reward identity could be decoded more accurately from VP activity than
from NAc activity. Moreover, VP neurons were strongly modulated by recent reward history,
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consistent with a relative reward value signal which was more prominent in the VP compared
with the NAc. Interestingly, subsequent work from the same group showed that a subset of VP
neurons encodes RPE signals, with these signals expressed more robustly in the VP than in the
NAc (Ottenheimer, Bari, et al., 2020). Single-unit recordings in the VP of monkeys engaged in a
classical conditioning task with cues predicting appetitive, neutral or aversive outcome in a
deterministic or probabilistic manner also revealed a subset of neurons exhibiting transient
synchronized responses to task events that were consistent with RPE encoding (Kaplan et al.,
2020). Together, these results challenge a strictly serial model in which reward value is first
computed in the NAc and then passively relayed to the VP. They suggest instead that the VP can
independently contribute to value-updating computations within the ventral BG circuitry. In
addition to its role in value updating, VP reward-related activity tracks trial-by-trial variations in
task engagement, and optogenetic manipulation of VP neurons during reward delivery
bidirectionally alters subsequent reward-seeking behavior, demonstrating a causal role of the VP
in reward-guided actions (Ottenheimer, Bari, et al., 2020). Consistently, VP neuronal activity also
tracks dynamic changes in reward value driven by physiological state, such as satiety, and
manipulation of VP activity biases subsequent reward choices, indicating that VP value signals
integrate both updating-related information and internal motivational state to guide behavior
(Ottenheimer, Wang, et al., 2020).
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Figure 2-10. Nucleus accumbens and ventral pallidal reward-specific neuronal activity in response to reward
delivery.

(a) Fraction of nucleus accumbens (NAc) neurons modulating their activity in response to reward delivery over time.
(b) Corresponding population response in the ventral pallidum (VP). Solid lines indicate the total fraction of responsive
neurons, while colored lines distinguish neurons selective for sucrose (preferred reward) or maltodextrin. Reward-
selective responses are observed in both regions but are more prevalent and occur earlier in the VP compared to the
NAc, indicating a stronger and faster encoding of reward value in the VP. Taken from (Ottenheimer et al., 2018).

In comparison with the extensive research devoted to the ventral striatopallidal circuit,
considerably less attention has been paid to the contribution of other ventral BG nuclei, such as
the limbic territories of the STN and SNr. Anatomical studies have demonstrated that
ventromedial regions of the STN receive inputs from prefrontal and limbic cortical areas and
participate in motivational and executive control circuits (Haynes & Haber, 2013). Neuronal
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recordings in monkeys showed that STN neurons responded to reward-predicting cues, reward
expectation and reward delivery, even when rewards were delivered passively or unexpectedly
(Espinosa-Parrilla et al., 2013). These findings suggest that limbic territories of the STN contribute
to the encoding of motivational value signals that may influence value-based DM. Consistent with
a role of the ventromedial STN in executive control, electrophysiological recordings in NHP have
shown that a subset of STN neurons exhibited short-latency activity changes during the
cancellation of a movement triggered in response to a Go signal (i.e., reactive stopping) during a
Go/NoGo-coutermanding task (Pasquereau & Turner, 2017). These switch-stop related neurons
were localized in the most anterior ventromedial STN, supporting a role for this region in
inhibitory control. Moreover, Yasuda and Hikosaka showed that neurons in the SNr (including in
anterior limbic SNr) encode reward value associated with visual objects, with high-value objects
producing stronger inhibitory responses than low-value objects (Yasuda & Hikosaka, 2015). This
value-dependent modulation is thought to contribute to biases in gaze orienting toward more
valuable stimuli. Together, these findings suggest that ventromedial STN and anterior SNr regions
form additional components of the limbic BG circuit that most likely complement ventral striatal
and pallidal functions.

2.2.2.3 Dopaminergic influence on value-based decision-making

DANs of the midbrain, primarily located in the VTA and SN, play a central modulatory role in BG
circuits by encoding RPE signals that act as teaching signals to update value representations and
guide adaptive behavior. Several lines of evidence indicate that phasic dopamine activity adjusts
processing along the BG main axis by modulating the efficacy of cortico-striatal transmission
(Reynolds et al., 2001; Shen et al., 2008). Other neuromodulatory systems also contribute to this
regulation, including striatal cholinergic interneurons (Deffains & Bergman, 2015). Single-unit
recordings in NHP performing associative learning tasks have demonstrated these properties of
dopaminergic signaling. Indeed, Schultz and colleagues showed that an unexpected reward lead
to the increase of the DANSs activity, signaling a positive RPE as this reward was not anticipated
(i.e., outcome is better than expected) (Schultz et al., 1997). After learning, when the stimulus
became predictive of the reward, the increase in FR was shifted to the time of the stimulus,
signaling the expectation of the reward, and the phasic increase of activity was no longer
observable at the time of delivery. However, when the reward was omitted, DANs decreased
their FR at the time of the expected reward, signaling that the expectations were not met and
that the value of the predictive stimulus should be updated, consistent with a negative RPE (i.e.,
outcome is worse than expected). These modulatory signals are illustrated in Figure 2-11.
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Figure 2-11. Reward prediction error signaling by dopaminergic neurons.
Top: An unexpected reward (R) elicits a phasic increase in dopaminergic activity, corresponding to a positive reward

prediction error (RPE). Middle: After learning, the phasic response shifts from the time of reward delivery to the
conditioned stimulus (CS) that predicts the reward, reflecting reward expectation. No additional response is observed
at reward delivery when it is fully predicted. Bottom: When a predicted reward is omitted, a decrease in dopaminergic
activity occurs at the expected time of reward, corresponding to a negative RPE. Taken from (Schultz et al., 1997).

The theory that midbrain DANs encode signed RPEs is now widely accepted, and numerous
studies since 1997 have supported this framework. In particular, DANs have been shown to
encode information about expected reward magnitude and probability, key variables for
computing RPE signals (Fiorillo et al., 2003; Tobler et al., 2005). More recently, evidence suggests
that DANs encode subjective value by integrating nonlinear transformations of reward
magnitude and probability (Ferrari-Toniolo et al., 2025).

Interestingly, early studies reported that some DANs display small excitatory responses to stimuli
that do not predict reward (Tobler et al., 2003), despite the general RPE pattern of increased
activity for reward-predicting cues and decreased activity for reward omission or aversive events
(Tobler et al., 2003; Ungless et al., 2004; Matsumoto & Hikosaka, 2009). Although these
responses were not interpreted as attentional signals, they suggest that DANs may initially
respond to stimulus occurrence before its value is fully evaluated. Subsequent work further
showed that a subset of DANs respond with excitation to both rewarding and aversive predictive
cues, a pattern interpreted as signaling motivational salience (Matsumoto & Hikosaka, 2009).
Building on these observations, Schultz and colleagues proposed that dopaminergic responses
consist of two temporal components (Figure 2-12) (Schultz, 2016; Stauffer et al., 2016). The first
is a rapid, short-latency activation that detects salient environmental events regardless of their
eventual value, acting as a detection signal for potentially important stimuli. The second
component develops shortly afterward and reflects reward value by encoding an RPE signal,
increasing for outcomes better than expected and decreasing for outcomes worse than expected.
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Figure 2-12. Dopaminergic response to stimulus is divided into two components.
Dopaminergic responses to stimuli can be decomposed into two temporal components. An initial, short-latency

response reflects rapid detection of salient environmental events, independent of their reward value. This is followed
by a later component that encodes reward value through a reward prediction error (RPE) signal, increasing for better-
than-expected outcomes and decreasing for worse-than-expected outcomes. The left panel illustrates this conceptual
framework, whereas the right panel shows neuronal responses, with an early detection signal present for both
rewarding and non-rewarding stimuli and a later component that differentiates between rewarded and non-
rewarded outcomes. Taken from (Schultz, 2016; Stauffer et al., 2016).

While salience broadly refers to the attentional or behavioral significance of a stimulus regardless
of its valence, another form of salience was proposed by Berridge and colleagues, called the
incentive salience (Berridge et al., 1989; Robinson & Berridge, 1993). Incentive salience refers to
the motivational attractiveness of reward-predictive stimuli and the “wanting” of the anticipated
reward. In this framework, DA signaling is thought to confer motivational value to reward-
predictive cues and promote approach behavior. Consistent with this view, injection of DA
antagonist in the core of the NAc of rats lead to a reduced approach behavior toward reward-
predictive conditioned stimuli without affecting the cue-reward associations and goal-directed
conditioned responses (Saunders & Robinson, 2012).

Together, these findings indicate that dopaminergic signaling is multifaceted, conveying RPE,
value-related and salience signals that collectively shape learning, motivation, and value-based
DM. Accordingly, disruptions of dopaminergic transmission, such as the degeneration of
midbrain DANs observed in PD, are expected to profoundly impair these processes and
contribute to DM deficits.
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Chapter 3 Parkinson’s disease and value-based decision-making
dysfunction

Diverse BG pathologies have been associated with impairments in DM. These BG-related
disorders include psychiatric conditions such as obsessive-compulsive disorders, in which
hyperactivity within limbic and associative CBG circuits has been linked to maladaptive DM under
uncertainty (for a review of cognitive impairments in obsessive-compulsive disorders, see
(Benzina et al., 2016)). Neurological disorders, and more specifically neurodegenerative diseases,
have also been associated with DM impairments. For example, Huntington’s disease, is
characterized by the progressive and irreversible loss of SPNs, which severely disrupts BG
function and leads to impaired DM (for a review, see (Morris et al., 2022)). In Huntington’s
disease, dysfunction of the valuation system leads to impaired cost-benefit assessment, resulting
in apathetic and impulsive behaviors.

Another neurodegenerative disorder involving BG dysfunction is PD. PD is commonly
characterized by motor deficits including impaired movement initiation (akinesia), slowness and
reduced amplitude of movements (bradykinesia), abnormal postures, rigidity and resting tremor,
as originally described by James Parkinson in 1817 in An Essay on the Shaking Palsy (Parkinson,
1817). These symptoms are attributed to the progressive degeneration of midbrain DANs,
particularly in the SNc, likely due to the abnormal accumulation and aggregation of the protein
a-synuclein within these neurons (Emborg, 2007). This degeneration causes severe DA depletion
across several brain regions, including the striatum, with the DS typically more severely affected
during the early stages of the disease (Hornykiewicz, 1975; Spillantini et al., 1997; Emborg, 2007).
Beyond its motor symptoms, PD has also been associated with impairments in DM (Brand et al.,
2004; Herz et al., 2018). Importantly, a-synuclein pathology is not restricted to the dorsal regions
and can involve limbic and paralimbic structures early in the disease process, even when
midbrain dopaminergic loss remains relatively limited (Braak et al., 2003). This dissociation
between the progression of dopaminergic degeneration and the broader distribution of protein
pathology may explain why cognitive and motivational alterations can appear early in some
patients despite the predominance of motor symptoms arising from dorsal BG circuit dysfunction
(Ziemssen & Reichmann, 2007). PD therefore provides a valuable framework for examining how
differential alterations of dorsal and ventral BG circuits contribute to distinct components of
value-based DM. Accordingly, the following sections examine how impairments of dorsal circuit
disrupts action selection and action value learning, and how alterations of the ventral circuit
affect reward valuation and motivational decision processes.

3.1 Dorsal circuit : impaired action selection and action-value learning

Because dopaminergic degeneration in PD initially predominates within nigrostriatal projections

targeting dorsal striatal territories, many of the behavioral alterations observed in patients can

be interpreted as consequences of dysfunction within dorsal CBG circuits. In line with this view,

DA depletion affects multiple components of action control, including the invigoration of actions,
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RL from outcomes, the flexible updating of action policies, and the regulation of decision
thresholds during conflict. Together, these findings indicate that Parkinsonian impairments in
DM largely reflect disruption of dorsal BG mechanisms involved in the selection, learning, and
control of goal-directed actions.

3.1.1 Dopamine depletion disrupts action selection, initiation and motor flexibility

The loss of midbrain DANs in PD causes striatal DA depletion that leads to a cascade of
physiological changes along the BG network, affecting neuronal FRs, patterns and
synchronization (Wichmann & Delong, 2003; Hammond et al., 2007; Galvan et al., 2015; Nambu
et al., 2015; Deffains et al., 2018; McGregor & Nelson, 2019). According to the classical model of
BG function, DA loss reduces excitation of D1-MSNs, weakening inhibition of BG output nuclei,
while enhancing the inhibitory influence of D2-MSNs on the GPe, disinhibiting the BG output
nuclei (Albin et al., 1989; Alexander & Crutcher, 1990; Bergman et al., 1990; Gerfen et al., 1990).
This imbalance results in increased inhibitory output from the BG to the thalamus, disrupting the
thalamocortical drive required for normal action selection, initiation, and execution.
Concurrently, the loss of dopaminergic inhibition of striatal cholinergic interneurons leads to
increased acetylcholine tone, which amplifies the activity of the D2 indirect pathway and
contributes to the suppression of motor responses. These changes have been observed across
the BG network in both parkinsonian animal models (rodent and NHP) and patients. In particular,
electrophysiological recordings in monkeys intoxicated with the dopaminergic neurotoxin 1-
methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) revealed decreased FRs in the GPe and
increased FRs in the GPi/SNr and STN (Miller & DelLong, 1987; Filion & Tremblay, 1991; Wichmann
& Delong, 2003). The MPTP-treated monkey is considered as the gold-standard experimental
model of PD because it reproduces key features of the disease, including degeneration of the
nigrostriatal dopaminergic pathway and the emergence of both motor and non-motor
symptoms, as well as a-synuclein aggregation (Emborg, 2007, 2017; Deffains et al., 2021). Similar
FR patterns have been reported in PD patients (Hutchison et al., 1994, 1998; Benazzouz et al.,
2002). Beyond changes in FRs, PD is also characterized by the emergence of abnormal
synchronized oscillatory activity throughout the BG network in both animal models and patients
(Figure 3-1) (Hutchison et al., 1994, 1998; Benazzouz et al., 2002; Deffains et al., 2016, 2018). It
is commonly assumed that low-frequency oscillations (4-7 Hz) are associated with tremor,
whereas exaggerated beta-band oscillations (~8-35 Hz) are linked to bradykinesia and akinesia
(Brown, 2003; Neumann et al., 2023). The association between oscillatory activity and
parkinsonian motor symptoms is supported by the effects of DA replacement therapy (DRT) and
deep brain stimulation (DBS), particularly when targeting the STN. Both interventions have been
shown to reduce pathological beta oscillatory activity while improving motor impairments in
patients with PD and in animal models (Heimer et al., 2002; Kiihn et al., 2004, 2008; Meissner et
al., 2005). Under physiological conditions, beta oscillatory activity is known to play an important
functional role in maintaining the current motor state, or “status quo” (Engel & Fries, 2010;
Brittain & Brown, 2014). Supporting this hypothesis, enhanced cortical beta synchrony in healthy
individuals has been associated with posture maintenance and suppression of new motor
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programs (Gilbertson et al., 2005). Moreover, beta oscillatory activity has been observed in the
CBG-thalamo-cortical network of healthy monkeys during post-performance or hold periods,
when behavioral state changes are unlikely (Courtemanche et al., 2003; Feingold et al., 2015).
Accordingly, the exaggerated beta oscillatory activity observed in PD is thought to reflect an
abnormally stable network state that impairs movement initiation and reduces behavioral
flexibility, thereby contributing to akinesia and bradykinesia (Engel & Fries, 2010; Brittain &
Brown, 2014).
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Figure 3-1. Abnormal oscillatory spiking activity across the monkey basal ganglia network following MPTP
treatment.
Representative traces of single-unit activity (SUA) recorded from striatal medium spiny neurons (MSNSs), tonically

active neurons (TANs), subthalamic nucleus (STN), external globus pallidus (GPe), and substantia nigra pars reticulata
(SNr) are shown before (left) and after (right) MPTP treatment. Corresponding power spectral densities of nearby
multi-unit activity (MUA) are displayed alongside each trace. After MPTP treatment, neuronal activity exhibits
increased oscillatory synchronization, with a prominent peak in the low beta range (8—15 Hz), centered around ~10
Hz, across multiple basal ganglia structures. Taken from (Deffains et al., 2016).

3.1.2 Dopamine regulates the vigor of selected actions

In addition to impairments in action initiation and motor flexibility, bradykinesia may also reflect
reduced engagement in executing the chosen action. While motivational signals partly arise from
ventral circuits, their translation into the vigor with which actions are executed depends critically
on dopaminergic modulation of dorsal motor loops. Consistent with this idea, although
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bradykinesia is traditionally viewed as a motor deficit, evidence from Mazzoni and colleagues
suggests that it reflects altered valuation of movement vigor within the nigrostriatal motor loop,
rather than impaired motor execution per se (Mazzoni et al., 2007). In their study, participants
moved a cursor from a start circle to a target in a single self-initiated movement while satisfying
imposed peak-velocity constraints of varying difficulty. Task difficulty was manipulated by
changing both target distance and required speed, and participants were required to produce 20
valid trials per condition. Among the PD participants, half were receiving DRT. By comparing early
PD patients with healthy controls, the authors showed that, PD patients were able to generate
fast and accurate movements when explicitly instructed, indicating preserved motor execution
abilities. However, as task difficulty and energetic demands increased, PD patients were less
likely to select movements with sufficient speed (vigorous movements) to meet the required
peak-velocity threshold, resulting in a greater number of trials rejected for being too slow (below
threshold trials) and more attempts needed to reach criterion. This increased sensitivity to
movement energetic cost, observed despite heterogeneity in treatment status, led the authors
to propose a role for DA in signaling implicit “motor motivation,” regulating the willingness to
expend energy to move quickly.

Extending this concept, Le Bouc and colleagues further dissociated the motor and motivational
contributions of DA to effortful behavior using two complementary tasks: an incentive force task
and a binary choice task (Le Bouc et al., 2016). In the incentive force task, participants exerted
force on a handgrip to obtain monetary rewards proportional to the produced force, whereas in
the binary choice task they selected between options combining different levels of reward and
effort before generating the required force. PD patients were tested ON and OFF dopaminergic
medication and compared with healthy controls. During the force production in both tasks, the
authors measured not only the peak force generated by participants but also the rate of force
change (“yank”), which reflects the speed at which movements are produced. PD patients tested
OFF medication generated force with slower contraction dynamics, even when achieving similar
force levels. This deficit appeared as a downward shift in the normal relationship between force
and yank, indicating that equivalent motor outputs were produced more slowly, consistent with
bradykinesia. Computational modeling further showed that this effect was best explained by a
reduction in a motor activation rate parameter, which determines how efficiently motor
commands are translated into movement dynamics. Importantly, dopaminergic medication
selectively increased this parameter, and its change predicted improvements in clinical motor
symptoms, including bradykinesia. These findings indicate that DA depletion impairs the
invigoration of executed movements by altering the computation of movement vigor.

In addition, Shiner and colleagues demonstrated that DA depletion affects movement
invigoration in a valence-specific manner (Shiner, Seymour, Symmonds, et al., 2012). In their
study, PD patients tested OFF dopaminergic medication and healthy controls performed a
movement task requiring two sequential button presses executed as quickly as possible following
a cue signaling the opportunity to obtain a monetary reward or avoid a painful electric shock.
The interval between the two button presses was used as an index of MT and thus movement
vigor. The authors showed that although PD patients were overall slower than controls, they
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moved significantly faster in the aversive (shock-avoidance) condition than in the appetitive
(monetary reward) condition. Compared with controls, patients exhibited prolonged MTs
primarily in reward contexts. These results suggest that DA depletion disrupts the normal
modulation of movement vigor by action outcomes rather than producing a uniform motor
slowing.

3.1.3 Dopamine depletion biases reinforcement learning

Consistent with the reduced impact of reward signals on action vigor, DA depletion also biases
RL mechanisms toward negative outcomes. Indeed, PD patients exhibit selective impairments in
associative learning during DM tasks, as demonstrated by Frank and colleagues (Frank et al.,
2004). In this study, healthy older adults and non-demented PD patients OFF medication
performed a probabilistic DM task in which they repeatedly chose between pairs of stimuli
associated with different probabilities of positive (“correct”) or negative (“incorrect”) feedback.
Although the task did not involve explicit punishment, negative feedback signaled that the
chosen option was less likely to yield reward, allowing participants to learn which stimuli should
be avoided. The authors showed that PD patients OFF dopaminergic medication learned more
effectively to avoid options associated with negative feedback than to select those associated
with positive outcomes compared with healthy controls, indicating a bias toward learning driven
by negative feedback. This pattern can be explained by the effects of DA depletion on RL
mechanisms. Indeed, in computational models of BG learning, phasic increases in DA encode
positive RPEs that reinforce recently selected actions via the direct (“Go”) pathway, whereas
decreases in DA promote learning to suppress actions through the indirect (“NoGo”) pathway. In
PD, reduced dopaminergic signaling diminishes the impact of positive prediction errors while
biasing striatal processing toward indirect pathway dominance, resulting in relatively enhanced
learning from negative outcomes. Consistent with this framework, DRT reverses this bias. Indeed,
PD patients ON medication were shown to exhibit impaired learning from negative feedback but
improved learning from positive outcomes, reflecting reduced influence of indirect (“NoGo”)
pathway-mediated learning (Frank et al.,, 2004). Converging neuroimaging evidence further
supports selective dysfunction of the dorsal associative striatum. In an fMRI study, Schonberg
and colleagues compared striatal activity in PD patients ON dopaminergic medication and healthy
controls during a probabilistic monetary DM task (Schonberg et al., 2010). Although behavioral
performance was comparable between groups, PD patients exhibited significantly reduced
prediction-error related activity in the DS, whereas prediction-error signals in the VS were
preserved. This dissociation mirrors the known pattern of dopaminergic degeneration in PD,
which preferentially affects the nigrostriatal pathway innervating the DS.

Importantly, because those dorsal striatal territories impairments are also involved in stimulus-
response learning, the gradual transfer of behavioral control from goal-directed to habits is
disrupted in PD (Redgrave et al., 2010). As a result, patients may rely more heavily on cognitively
controlled goal-directed processes for routine actions, increasing the computational demands of
action selection during everyday behavior.
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3.1.4 Dysfunction of the subthalamic nucleus alters decision thresholds and
impulsivity

As part of the dorsal CBG circuit, dysfunction of the STN alters decision-threshold regulation,
thereby affecting how competing options are evaluated and when value-based choices are
committed, particularly under conditions of conflict or uncertainty. By inducing response conflict,
task-set switching paradigms engage competing action representations that require dynamic
regulation of the speed-accuracy trade-off during action selection. Because the STN exerts a
global inhibitory influence on BG output via the hyperdirect pathway, its activation is
hypothesized to adjust decision thresholds, thereby delaying responses under conflict (Frank,
2006; Frank et al., 2007).

Beyond the role of the STN in reactive inhibition during conflict, recent electrophysiological
recordings in PD patients indicate that STN activity is also associated with proactive inhibitory
control during uncertain decision contexts, reflecting cognitive control mechanisms engaged in
anticipation of action inhibition (Damiani et al., 2025). Using a Go/NoGo task designed to
dissociate proactive from reactive inhibition by manipulating response uncertainty, Damiani and
colleagues showed that low-frequency STN activity (2-7 Hz) increased during proactive slowing
under uncertainty, whereas beta-band activity (12-30 Hz) was associated with motor inhibition
and slower responding. Importantly, these neural signatures of proactive control (i.e., low-
frequency STN activity (2-7 Hz)) were largely independent of dopaminergic medication,
suggesting that STN-mediated regulation of proactive control and response timing reflects
disease-related circuit dysfunction rather than DA depletion alone.

Further support for the role of the STN in response inhibition comes from studies examining the
effects of STN DBS on conflict-driven DM. Frank and colleagues compared non-demented
patients tested ON and OFF DBS with healthy participants during a probabilistic DM task (Frank
et al., 2007). In this task, participants chose between stimulus pairs associated with different
reward probabilities (80/20, 70/30, and 60/40). When faced with high-conflict combinations,
such as win-win or lose-lose pairs with similar reinforcement values (e.g., 80% vs 70%) both
healthy participants and PD patients tested OFF DBS showed increased RTs under high-conflict
conditions relative to low-conflict choices. In contrast, when DBS was ON, PD patients failed to
exhibit conflict-related slowing and instead showed reduced RTs during high-conflict decisions,
leading to more impulsive and suboptimal choices, as reflected by faster responses on error trials.
More recent work suggests that these effects do not reflect a continuous disruption of a global
inhibitory “braking” mechanism, but rather interference with temporally specific processes that
set decision thresholds. Using temporally patterned STN stimulation, Herz and colleagues
showed that DBS affected behavior only when applied within a brief window early during
deliberation (Herz et al., 2018). This indicates that the STN does not continuously inhibit motor
output but instead contributes to the early regulation of response caution, a process that is
disrupted in PD and leads to impaired, and often excessive, adjustments of decision thresholds.
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3.2 Ventral circuit: impaired valuation and motivational decision processes

3.2.1 Early limbic pathology and ventral circuit dysfunction

Although the ventral (limbic) striatum is relatively preserved from DA depletion during early
stages of PD, Braak and colleagues demonstrated that limbic regions are already affected by a-
synuclein pathology at the time motor symptoms emerge (Braak et al.,, 2003). Based on
postmortem analyses of brains from patients at different disease stages, the authors showed
that a-synuclein pathology is already present in limbic structures such as the amygdala,
transentorhinal cortex, and hippocampal formation at the onset of motor symptoms, and
subsequently spreads to additional limbic and paralimbic areas including the ACC and insular
cortex. Consistent with this broader distribution of pathology, studies in the MPTP-treated NHP
model of PD have also reported a-synuclein accumulation beyond the nigrostriatal motor system,
extending to limbic and cortical regions such as the hippocampus and temporal cortex (Deffains
etal., 2021). Because the model can rapidly reproduce degeneration of the nigrostriatal pathway,
it is often used to study late-stage motor symptoms. However, the broader anatomical
distribution of a-synuclein pathology indicates that it also captures key features of PD beyond
the motor domain and supports its relevance for investigating early non-motor
pathophysiological mechanisms, particularly those involving limbic circuits that partly underlie
DM processes. Evidence for early mesolimbic dysfunction in PD also comes from neuroimaging
studies. Using PET with a high-affinity DA transporter ligand in unmedicated early-stage PD
patients, Ouchi and colleagues reported reduced dopaminergic innervation not only in the DS,
where it correlated with motor severity, but also in limbic regions such as the amygdala and OFC
(Ouchi et al., 1999). Although the VS itself was not directly assessed, these findings suggest early
alterations within the mesolimbic and mesocortical dopaminergic systems. Given that the VS
receives major afferent inputs from limbic regions including the OFC and amygdala, dysfunction
in these structures is likely to influence ventral BG processing at the circuit level.

Further support for early limbic circuit dysfunction comes from functional imaging studies of
value-based DM. Thiel and colleagues investigated CBG loop activity in early-stage PD patients
tested OFF medication while performing the lowa Gambling Task, a paradigm that engages both
associative and limbic circuits (Thiel et al., 2003). This task requires participants to repeatedly
choose between card decks associated with different reward-penalty contingencies and to
progressively learn which options yield higher long-term EV. Using PET imaging, the authors
showed that, despite preserved behavioral performance, PD patients exhibited reduced
activation of the limbic CBG circuit during task execution, whereas activity within the associative
loop was relatively preserved. Consistent with early limbic system dysfunction, Kobayakawa and
colleagues also reported impaired emotional feedback processing in PD patients during the lowa
Gambling Task (Kobayakawa et al., 2008). Using skin conductance responses as an index of
autonomic emotional reactivity, the authors showed that early-stage PD patients failed to exhibit
the typical increase in anticipatory and outcome-related responses when selecting
disadvantageous decks and displayed overall reduced emotional reactivity (i.e., lower skin
conductance responses) compared with control participants. Together, these findings indicate
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that limbic circuit dysfunction emerges early in PD and contributes to altered value-based DM,
reflecting intrinsic disease-related network alterations rather than acute effects of DRT.

3.2.2 Apathy and motivational symptoms linked to the ventral circuit

PD is associated with a wide range of neuropsychiatric symptoms that affect the majority of
patients within a few years after diagnosis. Among these, apathy, commonly defined as a loss of
motivation, is one of the most frequent and severe manifestations. In a population-based study,
Aarsland and colleagues reported that apathy displayed the highest severity scores among
neuropsychiatric symptoms when present, highlighting its clinical relevance in PD (Aarsland et
al., 1999). At the network level, Baggio and colleagues conducted a resting-state fMRI
connectivity study and showed that apathy in treated PD patients was associated with reduced
connectivity within the limbic CBG loop, compared with non-apathetic patients and healthy
controls (Baggio et al., 2015). Reduced connectivity were notably found between the limbic
striatum and vmPFC but also between limbic striatum and the rest of the striatum. Importantly,
these findings were obtained in patients receiving dopaminergic treatment, suggesting that
apathy reflects persistent dysfunction of the limbic CBG network that is only partially
compensated by DRT. Further insight into the neurochemical basis of apathy was provided by
Thobois and colleagues, who examined PD patients developing apathy following STN DBS and a
marked reduction in dopaminergic medication (Thobois et al., 2010). Using PET imaging with the
D2/D3 receptor ligand ['C]-raclopride, the authors showed that apathetic patients exhibited
higher raclopride binding across a distributed set of limbic and paralimbic regions, including the
OFC, ACC, and VS, compared with non-apathetic patients. Dopaminergic dysfunction was more
pronounced in cortical regions than in the VS, indicating reduced baseline DA tone within cortical
valuation systems (see section “The different substrates of decision-making / Cortical structures”,
pages 48-56). Following pharmacological stimulation of DA release with methylphenidate,
raclopride binding remained relatively elevated in these structures in apathetic patients,
reflecting a reduced capacity for DA release. Together, these findings support a role for
dopaminergic dysfunction within limbic circuits in the emergence of apathy in PD.

Importantly, apathy obviously reflects a broader motivational syndrome that can affect multiple
cognitive processes beyond DM and therefore should not be considered a deficit in value-based
DM per se. Nevertheless it may indirectly influence decision-related behavior by reducing
motivation, task engagement and the willingness to exert effort to obtain potential rewards or
benefits.

3.2.3 Effort-based decision-making and motivational control

Converging evidence indicates that dysfunction of the ventral CBG circuit in PD critically impairs

effort-based DM and motivated behavior. As described earlier (see section “The different

substrates of decision-making / Basal ganglia / Ventral circuit”, pages 62-67), selective DA

depletion in the rat NAc was examined using an effort-based choice task in which animals could

either press a lever under a fixed-ratio schedule to obtain preferred food pellets (high-
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effort/high-value option) or freely consume standard lab chow (low-effort/low-value option)
(Cousins & Salamone, 1994). The authors showed that DA depletion lead to a reduced
engagement in high-effort, high-value option in favor of low-effort, low-value alternatives.
Consistent with an altered cost-benefit valuation, PD patients displayed a reduced willingness to
exert effort for low rewards compared with healthy controls, even in the absence of clinically
defined apathy and regardless of dopaminergic medication status (Chong et al., 2015). By
estimating the effort indifference point corresponding to the level of effort at which participants
accepted the offer on 50% of trials, the authors showed that both ON and OFF medication PD
patients exhibited lower indifference points than controls for low reward magnitudes. In
contrast, while effort indifference points for high rewards were comparable between controls
and PD patients OFF medication, PD patients ON medication selectively increased their
willingness to exert effort for high rewards, shifting indifference points upward following DRT.

3.2.4 Dopamine, reward sensitivity and action invigoration

DA depletion in PD has been shown to alter cost-benefit valuation by reducing sensitivity to
reward, rather than by increasing the perceived effort costs. Le Bouc and colleagues combined
an incentive force task with a binary choice task paradigm to dissociate the contribution of
reward valuation from effort cost processing (Le Bouc et al., 2016). In the incentive force task,
participants produced force on a handgrip to obtain a monetary reward proportional to the
exerted force, while reward magnitude varied across trials. This paradigm allowed the authors to
examine whether increasing reward magnitude energizes effort production, independently of
explicit cost-benefit choices. In the binary choice task, participants repeatedly chose between
options combining different levels of reward and effort before exerting the required force,
allowing assessment of how individuals trade reward benefits against effort costs when making
effort-based decisions. Across both tasks, PD patients tested OFF dopaminergic medication
showed a reduced increase in effort as reward magnitude increased and were less likely to select
high-effort/high-reward options compared with healthy controls and with patients tested ON
dopaminergic treatment. Computational modeling demonstrated that these behavioral changes
were best explained by a reduction in reward sensitivity, rather than by an increase in perceived
effort cost. Importantly, this motivational parameter predicted the severity of apathy symptoms,
indicating that DA depletion diminishes the motivational impact of expected rewards and
reduces the effort individuals are willing to invest in goal-directed actions.

Le Heron and colleagues showed that DA depletion alone does not fully account for motivational
deficits in PD (Le Heron et al.,, 2018). By comparing apathetic and non-apathetic patients
performing an effort-based DM task ON and OFF dopaminergic medication, the authors
demonstrated that DA increased willingness to engage in high-effort/high-reward actions
regardless of apathy status, as reflected by increased acceptance of such offers in both groups.
However, apathetic patients both ON and OFF medication, consistently exhibited reduced
sensitivity to reward, leading to lower acceptance rates particularly for low-reward offers even
when effort costs were minimal. Importantly, although dopaminergic treatment increased the
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force output during action execution in both groups, the apathy status did not affect movement
vigor. These findings indicate that, although DA depletion can reduce reward-driven motivation,
apathy reflects an additional impairment in motivational valuation (particularly for low value
options) that is not fully restored by DRT. Further evidence for impaired reward valuation in
apathy comes from a neuroimaging study by Lawrence and colleagues showing that apathetic PD
patients exhibit reduced neural responses to monetary reward in the vmPFC, amygdala, striatum,
and midbrain compared with non-apathetic patients, indicating dysfunction of limbic reward-
valuation circuits (Lawrence et al., 2011). Consistent with this interpretation and as discussed
earlier, apathy has also been associated with reduced resting-state functional connectivity within
limbic CBG networks in treated PD patients (Baggio et al., 2015). All together, these results show
that DA acts as a gain modulator of subjective reward value, thereby increasing the amount of
effort individuals are willing to invest and invigorating action execution. These effects become
most apparent under high effort demands, whereas apathy reflects a more fundamental
impairment of reward valuation that leads to disengagement even when effort costs are minimal.
At the circuit level, these processes rely on partially dissociable BG circuits, with ventral circuits
primarily supporting reward-driven motivation and effort allocation, and dorsal motor circuits
contributing more strongly to the invigoration of movement, that is, the speed and force with
which movements are executed once an action has been selected. Overall, dysfunction in both
systems may therefore largely contribute to value-based DM alterations in PD.
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Part 2 Problematic and objectives

Problematic

Value-based DM relies on the transformation of value-related information into appropriate
actions through coordinated activity within the CBG network. This computation depends on
partially dissociable CBG circuits organized along a dorsoventral axis. Ventral BG circuits primarily
support reward-driven motivation and effort allocation, whereas dorsal BG circuits contribute
more strongly to action selection, initiation, and movement invigoration. As highlighted in the
literature reviewed above, the CBG network participates in multiple stages of DM through this
dorsoventral functional organization, and dysfunction at these different stages leads to impaired
value-based DM. Nevertheless, how value and action representations are organized and
integrated across these circuits during choice remains poorly understood and does not fully
capture the anatomical, connectivity, and physiological complexity of the CBG network.

Importantly, value-based DM involves multiple decision variables that coexist and often covary
during choice. Reported value-related neural signals therefore cannot be unambiguously
interpreted, and conclusions regarding which variable is encoded strongly depend on the
decision variables included in the analysis. As a result, the precise nature of value representations
within CBG circuits and their integration with action signals during choice remains unresolved.
Overcoming this limitation represents a central challenge for understanding the neuronal
substrate of value-based DM along the CBG circuits.

This issue becomes even more critical in pathological conditions such as PD. Beyond motor
symptoms, DA depletion disrupts value-based DM by differentially affecting ventral and dorsal
CBG circuits. Ventral circuit dysfunction reduces reward valuation and motivational drive,
diminishing willingness to exert effort, whereas dorsal circuit impairment disrupts action
selection, movement vigor, RL, cognitive flexibility, and decision-threshold regulation. However,
the variability and task-dependence of these impairments indicate that the circuit-level
mechanisms underlying value-based DM deficits in PD remain unclear. Although
electrophysiological studies in parkinsonian animal models have extensively characterized DA
depletion-induced alterations in FRs, patterns, synchronization, and network dynamics within
CBG circuits, little is known about how DA loss affects the neuronal encoding of decision variables
such as value, action, or engagement during value-based DM. Direct circuit-level
electrophysiological evidence linking DA depletion to disrupted value-action representations, as
well as reduced neural responsiveness (i.e., reduced neural gain) and disengagement-related
activity states, remains limited. Addressing this gap is essential for understanding the neural
computations underlying DM in both healthy and pathological states.
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Objectives

The overall objective of this project was to elucidate the neuronal computations underlying
value-based DM across the dorsoventral functional organization of the CBG network in both
healthy and parkinsonian states.

More specifically, we aimed at:

(1) Characterizing the spatiotemporal encoding of value- and action-related signals across dorsal
and ventral BG territories during DM:

This aim sought to determine where and when value and action signals are represented along
the dorsoventral axis of the BG, and how these representations relate to behavioral performance
and engagement during choice.

(2) Defining the computational organization of value-action representations within BG circuits:

Beyond identifying where signals are encoded, this aim addressed how value and action
information are weighted and integrated (i.e., computational organization) within BG circuits.
Specifically, we sought to dissociate value-dominant, action-dominant, and integrative (i.e., their
interaction) representations in order to clarify how value-related information is transformed into
action selection along the dorsoventral axis.

(3) Determining how DA depletion reshapes this computational organization and neural
engagement states in the parkinsonian state:

This aim examined how DA loss alters value-action representations across BG circuits. In parallel,
we assessed whether DA depletion is associated with reductions in neural responsiveness (i.e.,
neural gain) and disengagement-related activity states, and how these alterations relate to DM
impairments.

Together, these three complementary objectives were designed to provide a comprehensive
characterization of value-action computations across the dorsoventral BG network in healthy
conditions and to determine how DA depletion reorganizes these computations. Overall, we
aimed to bridge the gap between circuit-level physiology and the DM impairments observed in
PD.
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Part3 Experimental approach

To address these objectives, we used a multidisciplinary approach in NHPs, combining behavior
(value-based DM task), electrophysiology (large-scale neuronal recordings), pharmacological
lesioning (MPTP intoxication), and multivariate neural population analyses, including MLR,
principal component analysis (PCA), neural trajectory analysis, and linear discriminant analysis
(LDA) decoding. The methods are described in detail in the following study by Simic et al. (in
preparation). Here, only a brief overview of the experimental and analytical procedures is
provided.

Non-human primates

Two female rhesus monkeys (Macaca mulatta), Havane (Monkey H) and Chouros (Monkey C),
weighing approximately 5-6 kg, were included in this study. Animals were pair-housed with a
conspecific under standard housing conditions (12 h light/dark cycle, ~60% humidity, ~22 °C).

Behavior

Animals performed a value-based DM task in which they selected between two visual targets
associated with different reward magnitudes and probabilities. The task included both potential
gains and losses relative to a fixed reference point, allowing assessment of valuation and choice
under different decision contexts. Behavioral performance was assessed using RT, MT, success
rate and omission rate.

Electrophysiology

Large-scale multisite electrophysiological recordings were performed in several BG subregions,
including the CD, NAc, GPe, and VP, while animals performed the task. Neural activity was
analyzed in direct relation to behavioral measures of choice, engagement, and performance.
Recordings were obtained longitudinally in the same animals across healthy and parkinsonian
states.

Parkinsonian lesion model

A parkinsonian syndrome was progressively induced by repeated low-dose administration of the
MPTP neurotoxin. This longitudinal within-subject design allowed each animal to serve as its own
control, thereby reducing inter-individual variability and enabling a causal evaluation of DA-
dependent changes in neuronal computations. Post-mortem tyrosine hydroxylase
immunohistochemistry was used to verify the extent of DA depletion after completion of
recordings.

Multivariate neuronal population analyses
Neural data were analyzed using complementary approaches at both the single-unit and
population levels.
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MLR was used to quantify the encoding of value-, action-, and interaction-related signals at the
single-neuron level. To overcome the collinearity inherent to multi-option tasks, we adopted a
minimal yet informative encoding framework centered on the value of the best available option
as a proxy for state value, capturing the dominant valuation component shared across correlated
value variables. By reducing the model to this core valuation signal, we avoided unstable
parameter estimation and arbitrary allocation of shared variance among correlated predictors.
Importantly, because both the value and spatial position of the best available option are defined
prior to commitment, this framework enabled the isolation of pre-choice evaluative signals
independently of the animal’s final choice. This value regressor was combined with a action
variable corresponding to the position of the best available option and with an interaction term
between value and position to quantify their respective and joint contributions across dorsal and
ventral BG circuits. Neural encoding was quantified using generalized linear modeling, with
standardized regression coefficients (B) and partial R? used to assess the strength, and unique
variance explained by each predictor. This approach allowed us to dissociate value-dominant,
action-dominant, and integrative value-action representations at the single-neuron level while
ensuring robustness to collinearity.

At the population level, PCA, neuronal population trajectory analyses, and LDA decoding were
used to examine low-dimensional structure, collective dynamics, and discriminability of
population activity associated with the value and spatial position of the best available option,
consistent with our adopted framework.
e PCA to identify low-dimensional structure and dominant population axes underlying
value-action representations.
e Neuronal trajectory analysis to characterize the temporal evolution of population activity
during the decision process.
e LDA decoding to assess the discriminability of value and action information at the
population level.

Together, these approaches provided a quantitative description of how value and action signals
are represented, weighted, and dynamically organized across striatal and pallidal circuits, as well
as across the broader BG network.

Finally, using this framework, we examined how DA depletion alters value-related, action-
related, and integrative representations in the BG, and whether these changes are associated
with reductions in neural responsiveness (i.e., neural gain) and with disengagement-related
activity states.
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Part 4 Experimental study

Dopamine Depletion Dissociates Engagement from the Dorsoventral Organization of Value-
and Action-Related Signals in the Basal Ganglia
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Abstract

Value-based decision-making (DM) relies on transforming value into action through coordinated
activity of dorsal and ventral basal ganglia (BG) circuits, yet their respective contributions in
health and parkinsonism remain unclear. Here, we performed multisite electrophysiological
recordings in non-human primates performing a probabilistic DM task involving gains and losses,
before and after induction of a parkinsonian state. Ventral regions encoded value nonlinearly,
with maximal sensitivity at the loss-gain transition, whereas dorsal regions preferentially
represented action-related signals. Dopaminergic depletion increased omissions and slowed
responses, while selectively reducing value encoding in the nucleus accumbens despite
preserved choice accuracy. These changes were accompanied by a shift toward low-gain neural
states associated with disengagement. Together, our findings indicate that dopamine depletion
may biases the network toward a state that is less likely to generate action, rather than abolishing
value representation.

Introduction

Value-based decision-making (DM) is a higher-order brain function that enables organisms to
select actions by evaluating the potential rewards and costs of available options. It relies on
several core computations, including the valuation of available options, the transformation of
value information into actions (action selection and execution), the evaluation of action
outcomes, and the updating of option values (Ernst & Paulus, 2005; Rangel et al., 2008). These
processes are supported by the coordinated activity of distributed cortical and subcortical circuits
innervated by midbrain dopaminergic neurons (Schultz et al., 1997; Reynolds et al., 2001; Joel et
al., 2002; Shen et al., 2008). Within this network, the basal ganglia (BG) play a central role through
partially dissociable circuits organized along a dorsoventral axis.

Indeed, at least two partially overlapping functional circuits exist within the cortico-BG (CBG)
network, in which dorsal and ventral regions integrate motor/cognitive and limbic information,
respectively (Alexander et al., 1986; Yin & Knowlton, 2006; Krack et al., 2010; Redgrave et al.,
2010). This topographical and functional organization of the BG network arises in particular from
the great diversity of cortical projections (both motor and non-motor), converging onto the
striatum and is preserved at the different levels of the network (input, central, and output levels)
(Parent & Hazrati, 1995a, 1995b). Accordingly, the dorsal CBG circuit is primarily involved in

action selection, whereas the ventral circuit is more closely associated with valuation,
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motivation, and outcome evaluation (Graybiel et al., 1994; Mink, 1996; Balleine et al., 2007; Kim
et al., 2009; Haber & Knutson, 2010; Ito & Doya, 2015; Rich & Wallis, 2016; Shin et al., 2021,
Balewski et al., 2022, 2023). Moreover, several electrophysiological studies in both rodents and
non-human primates (NHPs) have reported that BG neurons encode a range of decision-related
variables - including action value, chosen value, state value, policy, reward expectation, and
engagement signals - identified using multiple linear regression (MLR) models with different
combinations of predictors (Samejima et al., 2005; Pasquereau et al., 2007; Lau & Glimcher,
2008; Kim et al., 2009; Ito & Doya, 2015; Shin et al., 2021; Balewski et al., 2023). However, many
of these decision variables are inherently collinear and often covary during choice, making it
difficult to isolate neural representations of any single value-related variable (Klein-Flligge et al.,
2011; Padoa-Schioppa, 2013; Elber-Dorozko & Loewenstein, 2018; Shin et al., 2021).
Consequently, value-related neural signals cannot be unambiguously interpreted, and
conclusions regarding which variable is encoded strongly depend on the specific set of predictors
included in the analysis. As a result, the precise nature of value representations in the dorsal and
ventral CBG circuits, and how decision variables are organized and integrated across these
distinct territories during the choice process remains incompletely understood.

This issue becomes even more critical in pathological conditions such as Parkinson’s disease (PD).
Beyond motor symptoms, dopamine (DA) depletion disrupts value-based DM by differentially
affecting ventral and dorsal CBG circuits. Dorsal circuit impairment disrupts notably action
selection, movement vigor (Mazzoni et al., 2007; Shiner, Seymour, Symmonds, et al., 2012; Le
Bouc et al., 2016) and reinforcement learning (Frank et al., 2004; Schonberg et al., 2010). In
contrast, dysfunction within ventral CBG circuits compromises reward valuation and motivational
drive, reducing willingness to exert effort for reward (Cousins & Salamone, 1994; Lawrence et al.,
2011; Chong et al., 2015; Le Bouc et al., 2016) and contributing to motivational deficits such as
apathy, which has been associated with reduced reward sensitivity during effort-based DM (Le
Heron et al., 2018). Together, alterations in value-to-action implementation and motivational
valuation contribute to value-based DM deficits in PD (Brand et al., 2004; Herz et al., 2018) with
their expression depending on task demands and dopaminergic state (Ryterska et al., 2013; Kjeer
etal., 2018). Electrophysiological studies in animal models of PD and PD patients have extensively
characterized DA depletion-induced alterations in firing rates (FRs), patterns, synchronization,
and network dynamics within CBG circuits (Miller & DelLong, 1987; Filion & Tremblay, 1991;
Hutchison et al., 1994, 1998; Benazzouz et al., 2002; Brown, 2003; Wichmann & Delong, 2003;
Hammond et al., 2007; Deffains et al.,, 2016, 2018), that contribute to the emergence of
synchronized oscillatory activity along the CBG network. These exaggerated synchronous neural
oscillations are known to disturb information flow through the CBG network and significantly
reduce the coding capacity of the CBG neurons (Bar-Gad et al., 2003; Gatev et al., 2006; Mallet
et al., 2008). However, how DA loss affects the neuronal encoding of decision variables during
value-based DM remains largely unknown. Direct circuit-level electrophysiological evidence
linking DA depletion to disrupted value-action representations, as well as reduced neural
responsiveness (i.e., reduced neural gain) and disengagement-related activity states, remains
limited. Addressing this gap is essential for understanding the neural computations underlying

DM in both healthy and pathological states.
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Here, we first characterized the spatiotemporal encoding and computational organization of
value and action representations along the dorsoventral BG axis and related these signals to
behavioral performance and engagement. We then tested how DA depletion reshapes these
representations in a parkinsonian state and alters neural responsiveness (i.e., neural gain) and
disengagement-related activity states, and whether these changes are associated with DM
impairments. To this end, we performed multi-site, multi-electrode recordings in the caudate
nucleus (CD), nucleus accumbens (NAc), external globus pallidus (GPe), and ventral pallidum (VP)
while monkeys performed a value-based DM task involving both gains and losses (Figure 4-1a,b),
enabling neural activity to be directly linked to behavioral measures of choice and engagement.
A parkinsonian syndrome was induced through progressive 1-methyl-4-phenyl-1,2,3,6-
tetrahydropyridine (MPTP) intoxication, and recordings were obtained longitudinally in the same
animals before and after DA depletion, enabling within-subject comparisons.

Results

Neuronal database

Data were collected from two monkeys performing a DM task (Nioche et al., 2019), in which
animals made an arm-reaching movement toward one of two visual cues displayed on a
touchscreen to select the option with higher expected value (EV; Figure 4-1a,b). Neuronal activity
was obtained in both healthy and pathological parkinsonian states from the CD, NAc, GPe and
VP. Because the ventral portions of the anterior CD and GPe receive massive limbic inputs (Haber
et al., 2006; Haber & Knutson, 2010), recording sites within these structures were further
subdivided into dorsal (dCD, dGPe) and ventral (vCD, vGPe) regions. Ventral regions were defined
as the most ventral third of the dorsoventral extent of each structure.

The NHP striatum is composed predominantly of striatal projection neurons (SPNs; ~85-95%)
(Graveland & Difiglia, 1985; Yelnik et al., 1991; Del Rey et al., 2022), and thus the vast majority
of recorded striatal units in CD were SPNs. Neuronal heterogeneity has been described in the
NHP GPe (DelLong, 1971; Nougaret & Ravel, 2018; Katabi et al., 2023), but it remains unclear
whether it also exists in the NHP VP. Therefore, neuronal subtypes were not distinguished in
either structure. All recorded units were sorted offline and assessed for FR stability, isolation
quality, recording duration and sufficient task trials (see methods). A total number of 1341
neurons were recorded in the CD and the NAc (1172 in the healthy state and 169 in the
parkinsonian state), including 881 in the dCD (823/58), 153 in the vCD (149/4) and 307 in the NAc
(200/107). In the pallidum, 866 neurons were recorded (549 in the healthy state and 317 in the
parkinsonian state), including 387 in the dGPe (305/82), 198 in the vGPe (119/79) and 281 in the
VP (125/156). Neuronal recording sites in the healthy state are shown separately for each animal
in Figure 4-2a, and neuronal database details are given in Table 1.
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Table 1. Recording database summary across structures and disease stages.

dcb vCD NAc dGPe vGPe VP
N H 823 149 200 305 119 125
E 29 4 78 58 43 88
L 29 - 29 24 36 68
SNR H 6.36 £ 1.54 6.69 + 4.07 6.05 + 1.57 419+1.21 4.30+1.56 4.72+1.47

E 5.73+1.42 7.55+1.34 5.86 +1.05 4.38+1.38 4.02+0.89 4.18+1.18

L 6.03+1.41 - 6.06 £1.05 414 +1.01 5.03+1.71 4.60+2.30
RPV ratio H 6.0x103 + 6.6x103 + 6.7x103 % 1.9x107%+ 2.0x107%+ 1.6x107%+
1.0x102 1.2x107 1.3x107? 1.4x10? 1.5x1072 1.5x1072
£ 7.2x103 + 1.9x103 + 3.3x103%+ 1.5x1072+ 2.1x102%+ 2.1x102%+
1.2x10? 3.7x103 5.2x1073 1.3x10? 1.2x1072 1.4x1072
L 3.5x103 + 7.5x103+ 1.7x102+ 1.7x102+ 1.8x102+
8.3x103 1.2x1072 1.5x10? 1.4x107? 1.4x1072
Duration H 369 38+9 39+10 39+10 39+8 41+9
E 35+9 269 38+ 10 41+8 33+6 43 +9
L 41+12 - 38+13 39+12 36 +11 41 +£11

N indicates the number of isolated neurons. SNR represents the signal-to-noise ratio; RPV, the refractory
period violation ratio. The recording duration is given in minutes. H, indicates information for the healthy
condition; E and L, represent the early and late stages of the disease, respectively. Values are shown as
mean * SD.
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Figure 4-1. Task design and behavioral performance.

a, Representation of outcomes and probabilities. Top: outcome magnitude (Quantity, Q) for gains and losses is
encoded by the orientation of the lines within each slice. Bottom: outcome probability (Proba., P) is encoded by the
arc length (relative size) of each slice. b, Trial structure. Monkeys initiated each trial by holding a joystick and were
then presented with two lotteries (Cue) on the left and right sides of the screen. They indicated their choice by
touching one target (Contact), leading to the disappearance of the non-chosen one. After the choice, they returned
to the joystick and held it until the outcome associated with the chosen target was determined probabilistically
(Result) and displayed using a token gauge that was incremented (gain) or decremented (loss). The number of tokens
obtained was converted into applesauce reward at the end of the trial (Delivery). Reaction time (RT) was defined as
the interval between cue onset and joystick release and movement time (MT) as the interval between joystick release
and contact with the screen c, Success rate (mean + SEM) represents the proportion of correct trials in which the
animal selected the option with the highest expected value (EV), averaged across sessions and monkeys. d, RT (mean
+ SEM). e, MT (mean * SEM). f, Omission rate (mean + SEM) represents the proportion of trials in which the animal
failed to initiate or complete its choice within the allotted time. c-f, Behavioral performance is shown as a function
of the EV of the best option, grouped into four categories: EV1 (low), EV2 (mid-low), EV3 (mid-high), and EV4 (high).
Data were pooled across monkeys. In all panels, blue denotes trials in which the best option was a loss, and red
denotes trials in which it was a gain. Bars indicate statistically significant differences.

Behavioral results

EVs were grouped into four categories (EV1-EV4) to ensure sufficient trials per condition and
approximately even spacing across the EV range: low (EV1), medium-low (EV2), medium-high
(EV3), and high (EV4). Analyses used the EV category of the higher-EV lottery in each trial (see
methods). Behavioral metrics were analyzed across 300 healthy recording sessions, comprising
79 352 trials pooled from both monkeys. Overall, monkeys performed the task accurately,
selecting the higher-EV option in the majority of trials (~74-90%, depending on the EV category).
Success rates differed significantly across EV categories (Kruskal-Wallis test, p < 0.001, Figure 4-
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1c). All pairwise comparisons revealed significant differences between all EV categories (Holm-
corrected, all p < 0.05), with the largest contrast observed between EV2 and EV3 at the loss-gain
transition. Reaction times (RTs) also differed significantly across EV categories (Kruskal-Wallis
test, p < 0.001, Figure 4-1d) and decreased monotonically as EV increased, thus indicating faster
responses for higher EVs. All pairwise comparisons were significant (Holm-corrected, all p < 0.05),
with the largest difference again observed between EV2 and EV3. In contrast, movement times
(MTs) were still significantly influenced by EV category (Kruskal-Wallis test, p < 0.001, Figure 4-
le), but the modulation was less systematic, with a significant contrast remaining between EV2
and EV3 (Holm-corrected, p < 0.05). Finally, omission rates did not exceed 20% across EV
categories and showed a pattern similar to RTs (Kruskal-Wallis test, p < 0.01, Figure 4-1f). Taken
together, these results indicate that monkeys’ behavior was strongly modulated by EV. Higher
EVs were associated with increased success rates, faster responses, fewer omissions, notably
reflecting greater task engagement and behavioral vigor. The largest behavioral changes
occurred between EV2 and EV3, at the transition from loss to gain, suggesting a non-linear
influence of EV that may reflect an additional contribution of outcome valence.

Value and action encoding during DM

Variance inflation factor (VIF) analysis revealed collinearity among value-derived predictors
based on the same two offer values (e.g., EV Left, EV Right, EV Sum, EV Ch, EV Unch, EV Max, and
EV Diff; see methods; Figure 4-2b), and indicated that some variables capture distinct task
dimensions (e.g., EV Diff reflects choice difficulty rather than value magnitude). Because monkeys
reliably selected the higher-EV option, the EV of the best option (EV Max) provides a direct and
behaviorally meaningful proxy that captures the dominant value signal on each trial. Indeed, EV
Max encompasses information otherwise captured by the value of the chosen option (EV Ch; VIF
= 20.48) and the overall state value (EV Sum; VIF = 5.65), while avoiding redundancy among
predictors. Combined with the position of the best option, EV Max also enables assessment of
action value encoding through their interaction in the MLR model (Figure 4-2c), effectively
capturing value signals associated with each action (Left vs Right). The impact of each regressor
on neuronal FR was assessed across consecutive time bins using the corresponding absolute
coefficients and partial R?, allowing us to track value-related, action-related, and action value-
related activity over time (see methods). Population heatmaps (neurons x time) of absolute
coefficients and partial R? revealed time-locked modulation of neuronal firing related to value,
action and their interaction (action value) following cue and release onset in both striatal (dCD,
vCD and NAc) and pallidal (dGPe, vGPe and VP) subregions (Figure 4-2d-g). When pooling striatal
and pallidal structures separately, the temporal distribution of significant and maximal
coefficients and partial R? values revealed that value encoding emerged earlier in the trial,
preceding both action and action value encoding in the striatal regions and only action in the
pallidal regions (Kruskal-Wallis test; B coefficients: p < 0.05 in striatum and GPe; partial R values:
p <0.01 in striatum and p < 0.05 in GPe ; Figure 4-2h,i).
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Figure 4-2. Time-resolved encoding of value and action during decision-making.
a, Three-dimensional spatial distribution of the recording sites in the caudate nucleus (CD; blue, N = 972 neurons),

nucleus accumbens (NAc; red, N = 200), external globus pallidus (GPe; cyan, N = 424) and ventral pallidum (VP;
magenta, N = 125), plotted as a function of the depth, the anteroposterior position relative to ear bars and

mediolateral position relative to the midline for monkey H (left) and monkey C (right). b, Variance inflation factors
(VIFs) assessing collinearity between predictors in the regression model. Left and Right denote the EVs of the left and
right options; Ch and Unch denote the EVs of the chosen and unchosen options; Sum corresponds to the sum of both
options; Max to the higher EV of the two options; and Diff to the difference between left and right options. c,
Schematic of the multiple linear regression model used to analyze the contributions of decision variables on individual
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firing rates. Predictors included EV as a continuous variable of the value of the best option (1-4), position as a binary
variable for the position of the best option (0, Left; 1, Right), EV x Position (the interaction term) and reaction time
(RT) and movement time (MT) as additional continuous covariates. d-g, Time-resolved neuronal encoding in striatum
(d,e) and pallidum (f,g). d,f, Heatmaps of absolute 8 coefficients for value (left), action (middle) and action value
activity (right). e,g, Heatmaps of partial R? for the same activity categories. Each row corresponds to one neuron and
each column to one time bin. Green and red vertical lines indicate cue onset (C) and joystick release (R), respectively.
h,i, Relative fraction of value (purple), action (blue), and action-value (yellow) neurons as a function of the time bin
corresponding to the maximal absolute 8 coefficient (left) and maximal partial R? (right), relative to cue onset. Data
are pooled across CD/NAc (h) and GPe/VP (i). For each neuron, the time of peak encoding was defined as the bin in
which the absolute 8 coefficient or partial R? reached its maximum value. Histograms are normalized to represent
the relative fraction of neurons per time bin. Vertical lines indicate the median peak bin for each neuronal type.
Asterisks denote statistically significant differences in peak timing across neuronal types.

We next examined coding properties within each structure and compared them separately across
striatal and pallidal subregions. To do so, we first focused on striatal subregions (dCD, vCD, and
NAc) and analyzed the fraction of neurons significantly modulated by the EV of the best option,
its spatial position, and their interaction during the decision time (DT, from cue onset to screen
contact - i.e., RT+MT period). Value-encoding neurons were more frequent in the NAc followed
by the vCD and the dCD (61%, 51% and 49%, respectively; permutation-based x? test, Holm-
corrected, p < 0.05, Cramér’s V2 = 0.008; Figure 4-3a). Value encoding also persisted longer in the
ventral striatum (VS) covering 30 + 15% of the DT in the NAc and 30 + 10% in the vCD, compared
to 20 * 10% in the dCD (permutation-based Kruskal-Wallis test, Holm-corrected, p < 0.001, n? =
0.034; Figure 4-3b). While the strength of value encoding (absolute B coefficients) did not differ
across regions (Figure 4-3c), the variance explained by value (partial R?) differed significantly and
was slightly higher in the NAc than in the dCD and vCD (0.039 + 0.015, 0.032 + 0.010, and 0.031
+ 0.011, respectively; permutation-based Kruskal-Wallis test, Holm-corrected, p < 0.01, n? =
0.016; Figure 4-3d). In contrast, action encoding showed a distinct dorsal bias. Indeed, action-
encoding neurons were more prevalent in the dCD compared to the vCD and NAc (48%, 42% and
42%, respectively; Figure 4-3a), although this increase did not reach significance. Moreover,
action encoding persisted significantly longer in the dCD than in the vCD and NAc (20 + 10%, 15
+ 5% and 10 * 5%, respectively; permutation-based Kruskal-Wallis test, Holm-corrected, p <
0.001, n% = 0.04; Figure 4-3b). While no differences in absolute B coefficients were observed
between sub-regions (Figure 4-3c), the variance explained by the position of the best option
differed significantly and appeared to be greater in the dCD than in the vCD, but not in the NAc
(0.029 £ 0.008, 0.026 + 0.005 and 0.030 + 0.008, respectively; permutation-based Kruskal-Wallis
test, Holm-corrected, p < 0.05, n? = 0.01; Figure 4-3d). Action value neurons were also more
frequently observed in the dCD and vCD than in the NAc (38%, 35% and 28%, respectively;
permutation-based x? test, Holm-corrected, p < 0.05, Cramér’s V2 = 0.007; Figure 4-3a). However,
no regional differences were observed in encoding duration, encoding strength, or variance
explained for this coding type.

In the pallidum, value-encoding activity was highly prevalent across subregions with no
significant differences in the fraction of responsive neurons (VP: 73%; vGPe: 71%; dGPe: 67%,
Figure 4-3e) or in encoding duration (VP: 35 £ 25%; vGPe: 30 + 20%, dGPe: 30 + 15%; Figure 4-
3f). Although the strength of value encoding (absolute B coefficients) differed significantly across
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pallidal subregions (permutation-based Kruskal-Wallis test, Holm-corrected, p < 0.001, n? =
0.039; Figure 4-3g), with lower values in the VP (VP: 2.71 + 1.34; vGPe: 3.71 + 1.10; dGPe: 3.73
1.42), the variance explained by value (partial R?) also showed a significant regional effect
(permutation-based Kruskal-Wallis test, Holm-Bonferroni corrected, p < 0.05, n?> = 0.017; Figure
4-3h), with higher values observed in ventral pallidal regions (VP: 0.050 + 0.025; vGPe: 0.039 +
0.016; dGPe: 0.037 = 0.013), still indicating a relative ventral bias in value-related signals. In
contrast, action-encoding was more strongly represented in the more dorsal pallidal regions. The
proportion of action-encoding neurons was significantly different across regions with higher
fractions in dGPe and vGPe compared to VP (60%, 59% and 40%, respectively; permutation-based
x? test, Holm-corrected, p < 0.01, Cramér’s V2 = 0.028, Figure 4-3e). Moreover, despite similar
encoding durations (Figure 4-3f), action encoding in the dGPe and vGPe was characterized by
both larger encoding strength (dGPe: 3.46 +1.26; vGPe: 3.57 £ 0.90; VP: 2.18 + 0.67; permutation-
based Kruskal-Wallis test, Holm-corrected, p < 0.001, n?>=0.013, Figure 4-3g) and greater variance
explained (dGPe: 0.031 + 0.010; vGPe: 0.030 + 0.007; VP: 0.025 + 0.005; permutation-based
Kruskal-Wallis test, Holm-corrected p < 0.001, n? = 0.066, Figure 4-3h). Action value neurons did
not differ across pallidal subregions in prevalence, encoding duration, or variance explained
(Figure 4-3e-f,h). However, their encoding strength were significantly modulated with larger
absolute B coefficients in the dGPe and vGPe compared to the VP (2.99 + 1.01, 3.01 + 0.76 and
1.78 £ 0.95, respectively; permutation-based Kruskal-Wallis test, Holm-corrected; p < 0.001, n? =
0.095; Figure 4-3g). Taken together, these results indicate that information related to both the
EV and the spatial position of the best option is broadly distributed across the recorded neuronal
populations, rather than confined to specific subregions. However, value encoding showed a
strong ventral bias in the striatum and a more limited ventral effect in the pallidum, whereas
action encoding exhibited a dorsal bias in both structures. Action value signals were less
structured, with modest regional differences and generally lower encoding in ventral regions.
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Figure 4-3. Single-neuron encoding of value-related information during decision time.
a-h, Regression results in the healthy state in the striatum (a-d; dCD: red, N = 823; vCD: green, N = 149; NAc: blue, N

= 200) and pallidum (e-h; dGPe: red, N = 305; vGPe: green, N = 119; VP: blue, N = 125). a,e, Fraction of neurons
significantly modulated by value, action or action value (median). b,f, Encoding duration (median). c,g, Absolute beta
coefficients (median). d,h, Partial R? (median). Neurons were classified as value, action, or action-value based on
significant effects of EV, position, or their interaction (EV x position), respectively. Neurons showing both EV and
position main effects (without interaction) were included in both value and action categories. For each neuron,
absolute 8 coefficients and partial R? were averaged across significant bins, and encoding duration was defined as
the percentage of significant bins. All analyses were restricted to the decision time (from cue onset to screen contact;
RT and MT). Asterisks indicate statistically significant differences across subpopulations i,j, Summary of tuning curve
analyses in the striatum (i) and pallidum (j), derived from Supplementary Figures 2 and 3. For each neuron, firing
rates were averaged across time bins with significant encoding during the decision period, separately for each EV
category, and normalized across EV levels by mean subtraction. Circles denote dCD/dGPe, squares vCD/vGPe, and
inverted triangles NAc/VP. Neurons are grouped as positively (left half) or negatively (right half) correlating with EV.
Left panels show median paired differences between successive EV levels (EV1/EV2, EV2/EV3, EV3/EVA4); right panels
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show corresponding Cliff’s 6 values (effect size quantifying the tendency for values in one condition to be greater or
smaller than those in another) for each neuronal type (value: purple; action: blue; action value: yellow).

Non-linear encoding of value during DM

To further characterize how EV is encoded during DM, we examined whether neuronal responses
varied linearly across EV levels by analyzing tuning profiles separately according to the spatial
position of the better option (Left versus Right), for each neuronal type. For each neuron, FRs
were first averaged across time bins showing a significant effect of EV, position, or their
interaction during the DT), separately for each EV x position condition, and normalized across
conditions by mean subtraction. Neuronal activity was thus summarized across four EV
categories in striatal (Supplementary Figure 1) and pallidal (Supplementary Figure 2) subregions.
For value neurons, we identified positively and negatively correlated profiles based on whether
FRs increased or decreased, respectively, as a function of EV. For action neurons, positively
correlated profiles showed higher normalized FRs for leftward compared to rightward choices,
irrespective of EV, whereas negatively correlated profiles showed the opposite preference. For
action value neurons, positively correlated profiles were characterized by increasing FRs for
leftward choices and decreasing FRs for rightward choices as a function of EV, with the reverse
pattern observed for negatively correlated profiles. Direct comparison of value-related activity
across the four EV levels revealed that FR modulation was not uniformly distributed across EV
categories. Instead, responses exhibited a steeper change between mid-low and mid-high EVs
(EV2 vs EV3) than between low and mid-low (EV1 vs EV2) or mid-high and high (EV3 vs EV4) as
reflected by median paired difference comparisons. Indeed, for positively correlated value
neurons, the largest median paired difference consistently occurred at the EV2-EV3 transition
across regions (Figure 4-3i,j). This effect was observed in the dCD (-0.84 vs -0.23 and -0.75 for
EV1/EV2 and EV3/EV4, respectively), as well as in pallidal regions, including the dGPe (-3.79 vs
-2.18 and -2.68) and the VP (-3.14 vs-0.38 and -2.32). Similarly, negatively correlated value
neurons showed their largest median paired differences at EV2/EV3 across all subregions (Figure
4-3i,j), including the dCD (0.99 vs 0.43 and 0.63), vCD (1.05 vs-0.09 and 0.78), NAc (0.99 vs 0.43
and 0.63), dGPe (4.81 vs 1.09 and 2.63), vGPe (5.45 vs 0.21 and 2.75) and VP (2.96 vs 1.21 and
2.08). To assess the consistency of these shifts across neurons, effect sizes were quantified using
Cliff’s 6 (i.e., a measure of the tendency for values in one condition to be greater or smaller than
those in another, Figure 4-3i,j). Cliff’s 6 values were largest for the EV2-EV3 transition across
regions, indicating that this transition was the most consistently represented across neurons. This
pattern was observed in the dCD (-0.61 and 0.62 for positively and negatively correlated neurons,
respectively), vCD (-0.69 and 0.53), NAc (-0.77 and 0.72), dGPe (-0.63 and 0.62), and VP (-0.74
and 0.71), as well as in the vGPe for negatively correlated neurons (0.77). Notably, even in regions
where the EV3/EV4 comparison yielded a numerically larger median paired difference (e.g., vCD
and NAc), the EV2-EV3 transition exhibited larger Cliff’s 6 values (vCD: -0.69 vs —-0.54; NAc: -0.77
vs —-0.47), indicating that this transition was more consistently represented across neurons.
Importantly, the transition from EV2 to EV3 corresponds to the shift from losses to gains, with
mid-low EVs (EV2) associated with losses and mid-high EVs (EV3) associated with gains. Thus,
neuronal sensitivity was greatest around the loss-gain transition. In contrast, this non-linear
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transition was less pronounced and less consistently observed in action and action value neurons.
For these neuronal types, median paired differences and Cliff’s § values were generally closer to
zero, indicating comparable modulation across EV transitions and reduced sensitivity to the loss-
gain transition (Figure 4-3i,j). Together, these findings demonstrate that EV encoding during DM
is characterized by a non-linear tuning profile, with enhanced EV-related modulation at the
transition from losses to gains. This pattern mirrors the behavioral results, in which the largest
changes occurred between EV2 and EV3, suggesting a non-linear influence of EV. Notably, this
effect at the loss-gain transition was particularly evident in value-encoding neurons, suggesting
that their activity may reflects sensitivity to outcome valence.

Population dynamics of value and action during DM

While the previous analyses focused on value-related encoding at the single-neuron level, we
next examined its representation across neuronal populations within each structure. To address
this question, we analyzed population dynamics using principal component analysis (PCA) applied
to trial-averaged neural activity to capture collective activity patterns across neurons and their
temporal evolution. For each neuron, trials were grouped according to either the EV category of
the best option (EV1-EV4) or its spatial position (Left or Right), and FRs were averaged within
each condition. These trial-averaged responses were then combined across neurons to form the
population activity used for PCA (see methods). PCA was then performed separately for each
structure and condition (EV category and spatial position), and the first three principal
components (PCs), were used to visualize low-dimensional neural trajectories over the course of
the trial in subspaces capturing the dominant variance of each neuronal population under each
condition (Figure 4-4a-f).

Across structures, population trajectories exhibited clear temporal structure aligned to task
events, reflecting the evolution of neural activity during the DM process. Importantly, trajectories
corresponding to different EV categories were structured during the DT, with EV1 and EV4
occupying extreme positions in the low-dimensional PCA space, indicating that population
activity carried information about the value of the best option. However, the geometry of these
trajectories differed markedly along the dorsal-ventral axis. In ventral regions, particularly the
NAc and VP, trajectories corresponding to EV2 and EV3 showed clear segregation (Figure 4-4e,f).
In contrast, EV-related differentiation was weaker in dorsal regions, with vCD and vGPe showing
an intermediate profile.
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Figure 4-4. Neuronal population trajectories during decision making.
a-f, Neuronal trajectories computed from trial-averaged population activity in PCA space (PC1-3), constructed

separately for EV (left panels: EV1, blue; EV2, cyan; EV3, magenta, EV4, red) and position (right panels: Right, blue;
Left; red) in the dCD (a), vCD (c), NAc (e), dGPe (b), vGPe (d) and VP (f). Dots indicate trial onset, triangles indicate
cue presentation and trajectory direction and thicker lines mark decision time.

These differences in geometry were reflected in the alignment of EV-related signals with the PCs.
In these regions, EV-related variance was already captured by the first PC (PC1), which explained
11.64% of the total variance in the NAc and 17.27% in the VP. The segregation between EV2 and
EV3 was especially pronounced along this component and further distributed across additional
PCs (Supplementary Figure 3c,f). In contrast, in dorsal regions EV information emerged only in
lower-variance components. In the dCD, EV-related segregation became apparent in PC3 (5.41%
variance) and more prominently in PC4 (5.01%), while in the dGPe it was primarily visible in PC4
(6.30%) (Supplementary Figure 3a,d). The vCD and vGPe exhibited an intermediate profile, with
EV-related differentiation observable starting in PC1 but less pronounced than in the NAc or VP
(Supplementary Figure 3b,e). These findings indicate that EV information is both more strongly
represented and more prominently aligned with dominant population axes in ventral regions,
whereas in dorsal regions it is embedded in lower-variance dimensions. To quantify trajectory
separation and divergence, we computed integrated Euclidean distances between adjacent EV
trajectories in reduced PCA space (see methods). The largest significant differences were for EV2-
EV3 in the NAc and VP (permutation-based test, Holm-corrected p < 0.001 for both structures;
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Figure 4-5), thus indicating this transition exhibits the most robust trajectory separation and
divergence in these BG structures.

We next examined trajectories associated with the spatial position of the best option and showed
an opposing dorsal-ventral organization. In the dCD and dGPe, left and right trajectories were
clearly segregated early in the trial (Figure 4-4a,b). This organization was already captured by
PC1, which explained 14.92% of the variance in the dCD and 19.72% in the dGPe (Supplementary
Figure 4-4a,d). In the more ventral regions (vCD, NAc, vGPe, VP), spatial segregation was less
pronounced (Supplementary Figure 4-4b,c,e,f). Indeed, distance analyses confirmed this
geometry, with the largest significant spatial trajectory separation and divergence in dCD and
dGPe (permutation-based test, Holm-corrected p < 0.001 for both structures; Figure 4-5).
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Figure 4-5. Geometric comparison of neuronal trajectories.
Geometric maps of pairwise trajectory comparisons in the striatum (a) and pallidum (b). Colored markers indicate EV

contrasts (EV1-EV2, blue; EV2-EV3, purple; EV3-EV4, red) and spatial position contrast (Left-Right, black). Each point
represents the standardized integrated Euclidean distance (separation, x-axis) and correlated distance (divergence,
y-axis) derived from their permutation null distributions. Bars represent the 95% central interval of the permutation
null distribution, expressed in standardized units. Colored asterisks mark statistically significant deviations from the
null distribution for separation (horizontal) and divergence (vertical).

PCA was performed separately for each structure and condition, comparisons of trajectory
metrics across structures and conditions therefore reflect deviations within condition-specific
subspaces rather than absolute differences in a common neural space. Direct comparison
revealed that spatial separation and divergence were strongest in dorsal regions, particularly dCD
and dGPe, whereas EV-related separation and divergence dominated in ventral regions,
especially NAc and VP with the largest effects observed for the EV2-EV3 transition.
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Together, these results demonstrate that value-related and spatial information are reflected not
only in single-neuron activity but also in the coordinated dynamics of neural populations,
revealing a structured dorsal-ventral gradient in DM-related information representation within
the BG. While encoding at the single-neuron level was sparse and heterogeneous, population-
level analyses revealed robust and structured representations of both EV and spatial information,
indicating that these signals are distributed across neuronal populations. Moreover, the distinct
geometry of trajectories associated with EV and spatial position indicates that these variables are
represented by distinct patterns of population activity over time. Consistent with this, ventral
regions preferentially encode EV information along dominant population axes, with robust EV2-
EV3 separation and divergence reflecting loss-gain transition, whereas dorsal regions more
strongly represent spatial (action-related) information.

Population decoding of value and action

To further characterize the temporal evolution of information at the population level, we used
linear discriminant analysis (LDA) to decode the EV and the spatial position of the best option
from neural population activity. In contrast to the trial-averaged population activity used for
population dynamics, decoding was performed on pseudo-population activity constructed
separately for each structure and each condition (EV category or spatial position) by randomly
subsampling trials for each neuron and concatenating them across neurons (see methods).
Decoding was performed over time using the first three PC scores for each trial (Figure 4-6a,c)
and decoding accuracy for EV and spatial position was evaluated separately for striatal and
pallidal regions during the DT. Chance performance corresponded to 25% for EV decoding (four
categories) and 50% for spatial position decoding (Left vs Right). In the striatum, EV decoding was
highest in the NAc with accuracies comprised between 52-75% depending of the EV category
(Figure 4-6b). Decoding performance was also above chance in the vCD (33-44%) and dCD (34-
59%). A similar dorsal-ventral pattern was observed in the pallidum: EV decoding was strongest
in the VP (48-62%), compared to the vGPe (28-59%) and dGPe (33-53%), all exceeding chance
level (Figure 4-6d). In contrast, decoding of the spatial position of the best option showed an
opposite organization along the dorsal-ventral axis. In the striatum, spatial decoding accuracy
was highest in the dCD (79-85%), and reduced in the vCD (60-69%) and NAc (61-64%) (Figure 4-
6b). A comparable pattern was observed in the pallidum, where spatial decoding reached 79-
80% in the dGPe but declined to 62-63% in the vGPe and 58-59% in the VP (Figure 4-6d). This
decoding profile is consistent with the dorsal-ventral dissociation between value and action
representations observed in the population dynamics and demonstrates that these distributed
population signals are sufficiently robust to support reliable single-trial decoding, enabling
prediction of both EV and action (spatial position).
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Figure 4-6. Decoding of value and position from population activity.
Population activity was used to decode EV and spatial position using pseudo-populations constructed by trial

subsampling and concatenation across neurons. In each region, left panels show EV decoding (EV1, blue; EV2, cyan;
EV3, magenta; EV4, red), and right panels show position decoding (Right, blue; Left, red). a,b, Striatum (dCD, left;
vCD, middle; NAc, right). c,d, Pallidum (dGPe, left; vGPe, middle; VP, right). a,c, Neuronal trajectories in PCA space
(PC1-3) used for decoding. Each line represents the neuronal trajectory of a single trial (12 trials per EV category and
24 trials per position). b,d, Decoding accuracy as a function of time. Green and red vertical lines indicate cue onset
(C) and joystick release (R), respectively. Chance performance corresponds to 25% for EV decoding (four categories)
and 50% for spatial position decoding (left vs right).

Dissociation between preserved value-based choice and impaired engagement following
parkinsonism

Following MPTP intoxication, tyrosine hydroxylase (TH)-positive neurons were markedly reduced
in the ventral tier of the substantia nigra pars compacta (SNc), while relatively preserved in the
ventral tegmental area (VTA) (Figure 4-7a, top panels). TH staining was largely absent in the
dorsal striatum (CD and Put) but relatively preserved in the VS (NAc) (Figure 4-7a, middle panels).
TH-positive staining in pallidal regions (GPe and VP) was weak even in the healthy state (Figure
4-7¢c, bottom panels), indicating that these regions receive comparatively sparse dopaminergic
innervation from midbrain dopaminergic neurons relative to the striatum which is the primary
site of dopaminergic depletion in parkinsonism.
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To assess the consequences of DA depletion on behavior, we analyzed behavioral data during the
early stage of the disease and during the late stage, when motor symptoms (including
bradykinesia/akinesia, rigidity, abnormal flexed posture and low-frequency tremor) were more
pronounced (Figure 4-7b-d). Analyses were performed across 56 sessions (13,410 trials) in the
early stage and across 74 sessions (11,059 trials) in the late stage. At the behavioral level, DM
abilities remained largely preserved following the induction of parkinsonism. Monkeys continued
to select the option with the higher EV in the majority of trials (Figure 4-7e). Success rates
increased monotonically with EV, with a more pronounced contrast at the transition between
loss and gain conditions (Figure 4-7e). Still, disease stage was associated with a reduction in
success rates, particularly during the late stages. A significant effect of disease stage was
observed for low and high EV categories (EV1 and EV4) (Kruskal-Wallis test, Holm-corrected p <
0.05; Figure 4-7e). In contrast to the relatively modest impact on DM performance per se (i.e.,
the propensity to choose the best option), disease stage had a systematic effect on task
engagement measures. RT, MT, and omission rates were significantly affected across most EV
categories (Kruskal-Wallis test, Holm-corrected p < 0.001; Figure 4-7f-h). Specifically, RT, MT and
omission rates increased across EV conditions as the disease progressed. Moreover, although the
monotonic decrease in omission rates with increasing EV was preserved across disease stages,
the monotonic relationship between RT and EV, observed in the healthy and early stages, was
disrupted and no longer present at the late stage. Together, these results indicate that following
parkinsonism induction, monkeys exhibit a marked reduction in task engagement, accompanied
by impaired behavioral vigor and a progressive loss of EV-dependent response initiation, despite
largely preserved choice accuracy.
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Figure 4-7. Dopamine depletion, parkinsonism assessment and behavioral performance after MPTP
treatment.
a, Photomicrographs of tyrosine hydroxylase (TH) immunostaining illustrating dopaminergic neuron loss in the

ventral tier of the substantia nigra pars compacta (SNc) following MPTP treatment. Images from MPTP-treated
monkeys (H and C; middle and right panels) are compared with a healthy control (left panels). Top, middle, and
bottom rows correspond to midbrain, rostral striatal, and pallidal levels, respectively. CD, caudate nucleus; GPe,
external globus pallidus; NAc, nucleus accumbens; Put, putamen; SN, substantia nigra; VP, ventral pallidum; VTA,
ventral tegmental area. b,c, Clinical assessment scores across days for monkey H (b) and monkey C (c), including
tremor, bradykinesia, postural deficit, rigidity and total score. Red crosses indicate days of MPTP injection. The level
of parkinsonism was assessed by using a primate parkinsonism scale that rates each motor parkinsonian symptom
(bradykinesia, rigidity, posture and tremor) from 0 (normal) to 3 (severe). Hence, the minimum score is 0 and the
maximum is 12. d, Clinical scores (mean + SEM) for each symptom, computed separately for early and late disease
stages and pooled across monkeys. The early stage (blue) corresponds to the period before the fourth series of MPTP
injections, and the late stage (red) to the period after. e, Success rate (mean + SEM), defined as the proportion of
correct trials in which the animal selected the option with the highest EV, averaged across sessions and monkeys. f,
Reaction time (RT; mean + SEM). g, Movement time (MT; mean + SEM). h, Omission rate (mean * SEM), defined as
the proportion of trials in which the animal failed to initiate or complete its choice within the allotted time. e,h, Same
conventions as in Figure 4-1c-f, except that color intensity reflects disease progression (lighter shades indicate late
stage).
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Parkinsonism-related changes in neuronal encoding across striatal and pallidal regions

To assess how parkinsonism alters neural encoding during DM, we applied the same MLR analysis
as in the healthy condition, comparing encoding metrics across disease stages (healthy, early PD,
late PD) within each subregion. To account for differences in neuron and trial courts across
stages, analyses were repeated using a downsampling procedure matched to the smallest
dataset (late PD; see methods). Robustness of significant effects was evaluated based on the
stability of effect sizes (median and IQR) and the consistency of directional effects across
resampling iterations.

In the striatum, significant effects were limited to fractions. In dCD, disease stage significantly
modulated the fraction of neurons encoding action (48%, 38%, and 17% for healthy, early PD,
and late PD stages, respectively; permutation-based x? test, Holm-corrected p < 0.01, Cramér’s
V2 = 0.01, Figure 4-8a and Table 2) and action value (38%, 38%, and 10% for healthy, early PD,
and late PD stages, respectively; permutation-based x? test, Holm-corrected p < 0.05, Cramér’s
V2 = 0.01, Figure 4-8a and Table 2). For action, there was a tendency for higher fractions in the
healthy condition compared to both early and late PD, with weaker separation between early
and late stages, whereas action value did not show a consistent ordering across stages. However,
these effects were very small and not robust, with effect sizes close to zero, strong sampling
sensitivity, and inconsistent directionality across subsamples, indicating that these differences
are not reliably preserved under resampling (Table 2).

In contrast, the most pronounced striatal effect was observed in the NAc for value encoding,
where disease stage significantly modulated the fraction of neurons encoding value (61%, 64%,
and 28% for healthy, early PD, and late PD stages, respectively; permutation-based x? test, Holm-
corrected p < 0.01, Cramér’s V2 = 0.04, Figure 4-8e and Table 2). Although small, this effect
showed a clear directional pattern (late < early and late < healthy, with no difference between
healthy and early), indicating a selective late-stage reduction in value encoding. Median effect
sizes were stable across resampling with small IQRs shifted away from zero, supporting a
relatively robust effect compared to the other striatal effects (Table 2).

In the pallidum, disease-stage effects were more widespread and involved both absolute B
coefficient and partial R?, as well as fraction in vGPe. In dGPe, disease stage significantly
modulated value, action and action value encoding as reflected in absolute B coefficient and/or
partial R? (permutation-based Kruskal-Wallis test, Holm-corrected p < 0.05, n? = 0.03-0.05, Figure
4-8k,| and Table 3). However, these effects did not follow a consistent decrease with disease
progression and instead often showed increases in the late stage. Robustness analyses further
indicated that these effects were highly sampling-sensitive as shown by median effect sizes close
to zero, small IQRs centered near zero, and/or inconsistent directionality across subsamples
(Table 3).

In vGPe, disease stage significantly modulated the fraction of neurons encoding value (71%, 53%,
and 56% for healthy, early PD, and late PD stages, respectively; permutation-based x? test, Holm-
corrected p < 0.05, Cramér’s V2 = 0.03, Figure 4-8m and Table 3), action (59%, 40%, and 22%;
permutation-based x? test, Holm-corrected p < 0.001, Cramér’s V2 = 0.08, Figure 4-8m and Table
3), and action value (50%, 23%, and 33%; permutation-based x? test, Holm-corrected p < 0.05,

Cramér’s V2 = 0.05, Figure 4-8m and Table 3). In addition, disease stage also significantly
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modulated regression-based metrics in vGPe. Partial R? increased with disease for value encoding
(permutation-based Kruskal-Wallis test, Holm-corrected p < 0.05, n? =0.05, Figure 4-8p and Table
3), as well as for action and action value encoding (permutation-based Kruskal-Wallis test, Holm-
corrected p < 0.001, n? = 0.22-0.24, Figure 4-8p and Table 3). Thus, vGPe exhibited significant
disease-stage effects across both fraction-based and regression-based (partial R?) metrics.
However, only fractions showed a coherent and interpretable pattern, with a late-stage
reduction in value (healthy > early PD and healthy > late PD) and action (healthy > late PD and
early PD > late PD), while action value showed no clear pattern. In contrast, partial R? results
were not robust, with median effect sizes close to zero, small IQRs centered near zero, and/or
inconsistent directionality across subsamples (Table 3). Still, value-related partial R?> showed an
opposite directional pattern (healthy > early = late), suggesting that value encoding among the
remaining neurons may be relatively preserved or even increased despite a reduction in the
proportion of encoding neurons.

In VP, disease stage significantly modulated value, action and action value encoding as reflected
in absolute B coefficient and/or partial R* (permutation-based Kruskal-Wallis test, Holm-
corrected p <0.01, n?=0.04-23, Figure 4-8s,t and Table 3). However, robustness analyses showed
that median effect sizes were consistently close to zero with IQRs overlapping zero, even for the
largest effects, and directionality was inconsistent across disease stages, indicating a lack of
stable structure (Table 3).

Taken together, across striatal and pallidal regions, coherent disease-stage effects were
restricted to the fraction of encoding neurons, with fewer neurons encoding value in the NAc and
a broader reduction across value and action in vGPe at the late stage. For value encoding, both
subregions showed a consistent directional pattern (late < healthy), indicating a shared late-stage
reduction in value-related signals. Notably, effect sizes - including median estimates across
resampling - were similarly stable in both regions, indicating comparable robustness of the value-
related effect. However, the structure of this effect differed between them. In the NAc, the effect
showed a clearer stage-dependent organization, with additional evidence for late < early,
supporting a well-defined late-stage alteration. In contrast, in vGPe, although the reduction in
value-related fraction was comparable in magnitude and consistently observed relative to the
healthy condition, stage disease differentiation was less complete, with weaker separation
between early and late stages. Thus, while value encoding is reduced at the late stage in both
regions, the effect is more clearly structured in the NAc, whereas in vGPe it reflects a broader
but less precisely organized pattern of reduction across encoding variables, including value
encoding.
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Figure 4-8. Single-neuron encoding of value-related information during decision time after dopamine
depletion and induction of parkinsonism.
a-t, Regression results across disease stages in dCD (a-d; healthy: red, N = 823; early PD: green, N = 29; late PD: blue,

N = 29), NAc (e-h; healthy: red, N = 200; early PD: green, N = 78; late PD: blue, N = 29), dGPe (i-I; healthy: red, N =
305; early PD: green, N = 58; late PD: blue, N = 24), vGPe (m-p; healthy: red, N = 119, early PD: green, N = 43; late
PD: blue, N = 36), and VP (g-t; healthy: red, N = 125; early PD: green, N = 88; late PD: blue, N = 68). a,e,i,m,q, Fraction
of neurons significantly modulated by value, action, or action value (median). b,f,j,n,r, Encoding duration (median).
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¢,g,k,0,s, Absolute 8 coefficients (median). d,h,l,p,t, Partial R? (median). Same conventions as in Figure 4-3, except
that asterisks indicate statistically significant differences across disease stages.

Table 2. Robustness of encoding metric magnitude and direction under downsampling in the striatum across

disease states.
Subregion Encoding variable Fraction (V?3) Duration (n?) B (n?) Partial R? (n?)
dcp Value 0 0 0 0.01
0.02 [0.01-0.04] 0 [0-0.06] 0.01 [0-0.07] 0[0-0.05]
(68/58/28) (59/46/23) (77/87/65) (67/61/36)
Action 0.01 0 0 0.01
0.03 [0.01-0.05] 0[0-0.04] 0.06 [0-0.16] 0[0-0.07]
(75/87/60) (35/54/51) (70/88/78) (66/77/64)
Action value 0.01 0.01 0.01 0.01
0.02 [0.01-0.03] 0[0-0.03] 0.01 [0-0.11] 0[0-0.03]
(56/47/41) (37/39/34) (76/87/66) (54/46/42)
NAc Value 0.04 0 0 0
0.04 [0.02-0.07) 0[0-0.06] 0[0-0.07] 0[0-0.04]
(52/94/92) (55/73/60) (65/81/78) (66/76/62)
Action 0.02 0 0 0.03
0.01 [0.01-0.03] 0[0-0.05] 0[0-0.06] 0[0-0.05]
(56/54/33) (35/31/36) (54/74/63) (51/68/70)
Action value 0 0 0 0.03
0.02 [0.01-0.03] 0[0-0.08] 0[0-0] 0 [0-0.06]
(54/59/40) (37/19/29) (56/45/45) (52/37/38)
(54/59/40) (37/19/29) (56/45/45) (52/37/38)

The first value in each cell (bold) indicates the effect size computed from the full dataset. The second line
reports the median and interquartile range (IQR) across 100 random downsampling iterations with
matched neuron counts and trial numbers. The third line shows the percentage of iterations satisfying the
expected ordering (healthy > early PD / healthy > late PD / early PD > late PD). Effect sizes were computed
using Cramér’s V2 for fractions of significant neurons and n? for encoding duration, standardized B
coefficients, and partial R%.. Cramér’s V? quantifies the strength of association between categorical
variables, whereas n? represents the proportion of variance explained by the variable of interest. Effect
sizes were interpreted using conventional thresholds (small = 0.01, medium = 0.06, large > 0.14) following
Cohen (Cohen, 1988). Red indicates significant effects detected on the full dataset.
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Table 3. Robustness of encoding metric magnitude and direction under downsampling in the pallidum across

disease states.
Subregion Encoding variable Fraction (V?) Duration (n?) B (n?) Partial R? (n?)
dGPe Value 0 0 0.05 0.05
0.03 [0.01-0.05] 0.04 [0-0.10] 0.08 [0.03-0.20] 0[0-0.04]
(46/18/19) (58/14/9) (62/7/3) (57/36/27)
Action 0.02 0.03 0 0.03
0.03 [0.01-0.06] 0[0-0.03] 0[0-0.02] 0[0-0.05]
(24/66/80) (46/54/51) (60/43/32) (46/73/77)
Action value 0.02 0 0.04 0.04
0.03 [0.01-0.04] 0 [0-0.06] 0[0-0.08] 0[0-0.05]
(39/56/59) (49/43/45) (62/23/16) (52/58/56)
vGPe Value 0.03 0.02 0 0.05
0.02 [0.01-0.03] 0[0-0.04] 0.05 [0.02-0.10] 0.01 [0-0.06]
(81/73/40) (71/56/22) (87/100/84) (88/82/45)
Action 0.08 0.02 0.04 0.22
0.02 [0.01-0.04] 0[0-0.03] 0[0-0.03] 0[0-0.03]
(51/86/76) (34/42/46) (52/81/82) (63/68/64)
Action value 0.05 0 0.01 0.24
0.01 [0.01-0.02] 0[0-0.01] 0[0-0.02] 0[0-0.02]
(59/57/43) (40/35/30) (48/79/71) (63/50/38)
VP Value 0.01 0 0.02 0.04
0[0-0.01] 0[0-0.01] 0.02 [0-0.03] 0[0-0.02]
(42/53/64) (52/28/13) (4/32/94) (69/32/22)
Action 0.02 0 0.10 0.22
0.01 [0-0.02] 0[0-0.02] 0.02 [0-0.04] 0[0-0.01]
(49/20/15) (27/22/20) (9/38/88) (53/41/34)
Action value 0 0 0.04 0.23
0.01 [0-0.01] 0[0-0.02] 0.04 [0.01-0.07] 0[0-0]
(45/47/42) (29/30/30) (7/55/100) (60/50/45)

Same conventions as in Table 2.

Impact of dopamine depletion on neural gain and disengagement-related activity states.

For each unit, gain was defined as the absolute change in activity relative to baseline (see
methods) and was computed separately for performed (touched; T) and omitted (not-touched;
N) trials within each structure, disease stage, and task epoch (RT and MT). The number of units
ranged from N = 29-823 (touched) and N = 2-123 (not-touched). Gain during not-touched trials
was consistently reduced relative to touched trials, indicating preserved trial outcome selectivity
in neuronal gain (Figure 4-9a).

In dCD, differences between touched and not-touched trials depended on stage and epoch.
During RT, reductions were 84.0% and 73.9% in the healthy and late PD stages, respectively
(permutation-based Kruskal-Wallis tests, Holm-corrected p < 0.01 to 0.001, n? = 0.07 and 0.16),
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whereas the early PD stage was not significant. During MT, a significant reduction was observed
only in the healthy stage (77.9%, permutation-based Kruskal-Wallis test, Holm-corrected p <
0.001, n®> = 0.06). In NAc, differences were smaller overall. A significant effect was observed only
in the healthy stage during MT (49.3%, permutation-based Kruskal-Wallis test, Holm-corrected p
< 0.01, n?> = 0.04), whereas all other stages were not significant. In dGPe, differences were large
and consistently significant across all stages and epochs. During RT, reductions were 69.2%,
92.7%, and 65.7% in the healthy, early PD, and late PD stages, respectively (all permutation-based
Kruskal-Wallis tests, Holm-corrected p < 0.001; n? = 0.07, 0.22, and 0.33). During MT, reductions
were 79.3%, 91.5%, and 85.9%, respectively (all permutation-based Kruskal-Wallis tests, Holm-
corrected p < 0.001; n? = 0.09, 0.28, and 0.27), indicating robust preservation of trial outcome
selectivity. In vGPe and VP, differences were substantial and followed a similar pattern, with
significant effects emerging only in PD stages. During RT, reductions were 53.9% and 72.1% in
vGPe, and 72.4% and 87.9% in VP, in the early PD and late PD stages, respectively (permutation-
based Kruskal-Wallis tests, Holm-corrected p < 0.01 to 0.001; n? = 0.08-0.30). In the healthy stage,
a significant effect was observed only in VP (82,1%, permutation-based Kruskal-Wallis test, Holm-
corrected p < 0.05 n? = 0.03). During MT, reductions were 85.0% and 84.9% in vGPe, and 80.8%
and 91.3% in VP, in the early PD and late PD stages, respectively (all permutation-based Kruskal-
Wallis tests, Holm-corrected p < 0.001; n? = 0.16-0.33), whereas the healthy stage was not
significant in either structure.

Importantly, although the magnitude and statistical significance of these effects varied across
structures and disease stages, touched trials consistently exhibited higher gain than not-touched
trials. Thus, neuronal gain continues to differentiate successful from unsuccessful trials across
disease progression, even in conditions where this contrast does not reach statistical significance.
This indicates that DA depletion does not abolish the neural distinction between trial outcomes,
and that the absence of disease effects should not be interpreted as a loss of outcome selectivity.
To assess whether neural trial outcome selectivity changed across disease stages, we examined
the distribution of AGain(T-N) contributions (see methods). This analysis directly tests whether
the strength of neural differentiation between touched and not-touched trials (trial outcome
selectivity) varies with disease state (Figure 4-9b). Significant stage effects were observed in dCD
and VP in both RT and MT (permutation-based Kruskal-Wallis tests, Holm-corrected p < 0.001; n?
=0.03 for dCD, and p < 0.05; n? = 0.02 for VP in both epochs). Additional stage-dependent effects
were observed depending on the structure and the epoch, including in NAc during MT
(permutation-based Kruskal-Wallis test, Holm-corrected p < 0.05; n? = 0.02), in dGPe during MT
(permutation-based Kruskal-Wallis test, Holm-corrected p < 0.001; n2 = 0.03), and in vGPe during
RT (permutation-based Kruskal-Wallis test, Holm-corrected p < 0.001; n? = 0.12). These effects
were not consistently observed across structures and epochs, were small to moderate in
magnitude (n?=0.02-0.12), and did not reflect a systematic decrease in AGain(T-N) contributions
with disease progression (i.e., neural trial outcome selectivity is not systematically reduced as
disease progresses). Instead, values remained broadly stable across disease stages, indicating
that the strength of neural differentiation between trial outcomes was not uniformly altered by
DA depletion. Moreover, even when no significant stage effect was detected, AGain(T-N)
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contributions remained positive, reflecting preserved differentiation between touched and not-
touched trials.

Finally, to assess whether neural gain and omission rate co-varied across global behavioral states,
we examined relationships between AGain(T-N) contributions and omission rates across disease
stages (Figure 4-9c). At the stage level, where median AGain(T-N) contributions and omission
rates were computed separately for each disease stage and compared across stages,
relationships were heterogeneous and non-systematic. In RT, slopes were weakly negative (dCD:
-0.024; NAc: -0.022; dGPe: -0.286; vGPe: -2.70), except for VP (+1.16). In MT, slopes were
predominantly positive (NAc: +0.21; dGPe: +6.99; vGPe: +0.33; VP: +1.15), with only dCD
remaining negative (-0.33). Similar results were obtained when omission rates were recomputed
using only sessions with recorded neurons (Supplementary Figure 5c), indicating that these
findings were robust to differences in how omission rate was estimated. Although omission rate
increased from healthy to late PD stages, AGain(T-N) did not show a consistent monotonic change
across disease stages (Figure 4-9c), explaining the absence of a consistent relationship at the
stage level.

In contrast, pooled unit-level analyses, in which data from all disease stages were combined at
the single-unit level, revealed negative relationships between AGain(T-N) contributions and
omission rates (Supplementary Figure 5a). In RT, all structures showed significant negative slopes
(dCD: -1.52; NAc: -1.68; dGPe: -5.43; vGPe: -4.36; VP: -1.56; permutation-based tests, Holm-
corrected p <0.01 to 0.001; Supplementary Figure 5b). In MT, the effect was weaker and reached
significance only in dCD and vGPe (-1.24 and -2.49; permutation-based tests, Holm-corrected p <
0.05 to 0.001), although all remaining structures also showed negative slopes that did not reach
significance. Because omission rate increased from healthy to late PD, and the healthy stage was
characterized by lower omission rates and a greater number of units with high AGain(T-N) values,
these pooled relationships likely reflect differences between disease stages (i.e., distinct ranges
of omission rate and AGain contribution) rather than reflecting a consistent pattern across stages
(i.e., a uniform increase or decrease across healthy, early, and late PD). Indeed, linear regression
analyses performed at the unit level within each structure, epoch, and disease stage revealed
heterogeneous relationships, with slopes varying in both direction and magnitude depending on
the structure, stage, and epoch (data not shown). This heterogeneity also explains the
bidirectional relationships observed at the population level between omission rate and AGain(T—
N) contributions.

Together, these findings reveal two complementary mechanisms underlying task disengagement.
First, trial outcome selectivity, captured by AGain(T-N) contribution, did not exhibit a consistent
and robust monotonic change across disease stages and remained positive across all conditions,
indicating preserved neural differentiation between touched (correct) and not-touched
(omission) trials. Second, omission rates increased markedly across disease stages. Because
omissions are associated with lower gain, this shift led the network to spend more time in a low-
gain regime. As a result, overall neural engagement decreased even in the absence of systematic
changes in AGain(T-N) contribution. These findings reveal a dissociation between engagement
and selectivity: DA depletion shifts the network toward a disengaged, low-gain regime, increasing

the prevalence of omission-related states while largely preserving trial outcome selectivity.
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Figure 4-9. Neuronal gain and task engagement across disease stages and structures.
a, Distributions of neuronal gain during touched (correct, red) and not-touched (omission, blue) trials are shown for

each structure (dCD, NAc, dGPe, vGPe and VP) during RT (Top) and MT (Bottom) epochs. Gain was computed for each
unit as the absolute change in activity relative to baseline. Within each disease stage - healthy (H), early MPTP (E)
and late MPTP (L) -, groups are displayed side by side. Shaded violin-like profiles represent distribution density.
Central lines indicate the median and interquartile range (IQR). The dashed horizontal line denotes zero gain. Bars
indicate statistically significant differences. b, Distributions of AGain(T-N) contribution (T, touched; N, not-touched)
are shown across disease stages for each structure and epoch. Gain values for touched (gT) and not-touched (gN)
units were summarized by their medians (mT and mN, respectively), and individual contributions were computed
relative to the median of the opposite trial type (touched: gT-mN, ; not-touched: mT-gN). Shaded violin-like profiles
represent distribution density. Central lines indicate the median and IQR. The dashed horizontal line denotes zero.
Bars indicate statistically significant differences. ¢, Relationship between omission rate and AGain(T-N) contribution
across structures. Median omission rate computed across all sessions (and not only the sessions with recorded
neurons) is plotted against median AGain(T-N) contribution for each structure and epoch (RT and MT) across disease
stages. Each marker represents one stage (healthy, circle; early MPTP, square; late MPTP, triangle), with colors
indicating structures (dCD, blue; NAc, red; dGPe, yellow; vGPe, purple; VP, green). Ellipses are centered on the median
and extend by the MAD along each axis. Solid lines indicate linear fits across stage-specific points, with slope values

shown in each panel.
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Discussion

The present study investigated how value, action value and action representations are
functionally organized along the dorsoventral axis of key BG structures during healthy value-
based DM and how they are reorganized after DA depletion as observed in PD. Our results show
that value-related signals are preferentially encoded in ventral regions, with dynamics reflecting
the set of available options. These signals differentiate more strongly between gains and losses
than between values within the same domain, although differences within domains (gains or
losses) remain detectable. In contrast, dorsal regions preferentially encode the action to be
performed, with neuronal activity segregating according to the spatial positions available for
choice. Importantly, we find that action value neurons do not constitute the dominant population
in either circuit and are present in similar proportions across dorsal and ventral pathways,
suggesting a more distributed and heterogeneous coding scheme than classical models
emphasizing action value representations in BG. Additionally, we show that following DA
depletion, the fraction of neurons encoding value decreases selectively in the VS (NAc) and to a
lesser extent in the vGPe, while no comparable reduction is observed in the VP, despite relatively
preserved DM accuracy. This modest decrease in the vGPe is accompanied by an increase in
partial R?, indicating a greater contribution of value to neural activity in the remaining value-
encoding neurons. We also show that engaged and disengaged neuronal states remain
dissociable across structures regardless of disease stage. However, as the disease progresses, a
low-gain neuronal state resembling omission-related activity becomes more frequent and is
associated with reduced behavioral engagement. Notably, when monkeys remain engaged in the
task, the value signals and decision variables preserved in pallidal regions appear sufficient to
support near-optimal choice.

Representation of decision variables along the dorsoventral axis of the BG

Our dorsoventral encoding analysis aligns with previous studies suggesting a functional
dissociation between ventral and dorsal BG circuits, with ventral regions contributing primarily
to valuation and dorsal regions contributing to action selection and implementation (Graybiel et
al., 1994; Mink, 1996; Balleine et al., 2007; Kim et al., 2009; Haber & Knutson, 2010; Ito & Doya,
2015; Rich & Wallis, 2016; Shin et al., 2021; Balewski et al., 2022, 2023). However, comparisons
across studies remain challenging because different tasks and modeling approaches rely on
different combinations of predictors. Many of these predictors covary, making it difficult to
isolate neuronal representations of specific decision variables and leading to conclusions that
depend strongly on the predictor set used. Moreover, the design of the task varies across studies,
making results difficult to compare. Different task structures can emphasize different decision
variables, and if these variables covary or are not properly accounted for, they may lead to
misleading interpretations. For example, VS BOLD signal in human that was initially interpreted
as encoding RPEs was later shown to reflect task-relevant timing information when reward timing
was manipulated experimentally (Klein-Flligge et al., 2011). More generally, because DM involves
multiple interrelated variables (e.g., offer value, chosen value, and state value etc.), neural
activity may appear to encode different signals depending on the predictors included in the

model and how the task is structured (Padoa-Schioppa, 2011, 2013), consistent with evidence for
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distributed and heterogeneous representations of decision variables in the striatum (Kim et al.,
2009; Ito & Doya, 2015; Shin et al., 2021). Similarly, studies using block-based designs where
action values are temporally correlated, such as Samejima and colleagues (Samejima et al., 2005),
may detect apparent action value signals that partly reflect the representation of other decision
variables or temporal correlations rather than genuine value coding (Elber-Dorozko &
Loewenstein, 2018). In contrast, our task design minimized such correlations by presenting
randomized lottery pairs, with the best option appearing equally often on the left or right and
reward probabilities and magnitudes varying independently across trials. This design ensures that
key decision variables are largely free from temporal correlations. Furthermore, we incorporated
an integrative representation of action and value signals through an interaction term, allowing
us to examine how value-related information is transformed into action selection while reducing
collinearity among predictors. Our results indicate that action value signals are represented in
similar proportions along the dorsoventral axis, suggesting that their role may be less dominant
than previously proposed. This observation is consistent with recent work suggesting that some
earlier studies may have overestimated the prevalence of action value neurons due to
methodological confounds (Elber-Dorozko & Loewenstein, 2018; Shin et al., 2021). Finally, we
used the EV of the higher-value option (EV Max) as a proxy for value in our analyses. This choice
reduces collinearity among value-related predictors that the brain might use during DM. In
principle, the brain computes the EVs of the available options (e.g., EV Left and EV Right) and
compares them to guide choice, which is reflected in the chosen value. The decision context can
also be represented by the sum of the option values, corresponding to a form of state value.
Because the higher-value option alternates equally between spatial positions in our task, EV Max
captures information contained in EV Left, EV Right, and their combination while avoiding
redundancy across predictors. Including EV Max in our interaction-based analysis therefore helps
ensure that neurons classified as encoding action value are less likely to reflect correlated
variables such as state value or policy signals.

Non-linear value encoding and gain-loss asymmetry

Beyond the dorsoventral organization of value- and action-related signals in BG circuits, explicitly
incorporating both gain and loss outcomes within the same task reveals that value encoding is
not linear but depends on the context of the choice. In particular, careful examination of the
tuning curves of value-, action- and action value-encoding neurons revealed a steeper encoding
of value around the gain-loss transition than within either the gain or loss. Consistent with this
pattern the dynamics of neuronal population trajectories showed greater segregation and
divergence at the gain-loss boundary (see also section entitled “Distributed representation of
decision variables in population dynamic”). Behavior similarly exhibited an asymmetry in gain-
loss integration, with stronger effects at the loss-gain transition, consistent with the Prospect
Theory. This framework actually proposes that decision-makers evaluate outcomes relative to a
reference point and weight gains and losses asymmetrically depending on the decision context
(Kahneman & Tversky, 1979). Rather than behaving as perfectly rational agents maximizing
expected utility, individuals tend to evaluate outcomes differently across gain and loss domains.

Beyond previous behavioral demonstrations of asymmetric processing of gain and loss lotteries
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in monkeys using the same paradigm (Nioche et al., 2019), our results extend these observations
to the neuronal level. Specifically, we show that neurons within BG structures, including the NAc
and the VP, encode value differently across gain and loss domains, with a larger change in activity
at the transition between gains and losses. This differential encoding suggests that ventral BG
circuits represent not only EV but also the valence of outcomes, highlighting a contextual
representation of decision variables within these circuits. Similar asymmetries between gains and
losses have been reported previously in neural studies of DM. For example, activity in the VS and
prefrontal cortex has been shown to reflect behavioral loss aversion during risky DM (Tom et al.,
2007). In addition, previous work has demonstrated that the striatum encodes both gains and
losses, with different patterns of neural activity within overlapping and interacting circuits
(Seymour et al., 2007). However, other studies have suggested that the VS primarily represents
gain-related EV, whereas loss-related prediction signals may involve additional structures such
as the amygdala (Knutson et al., 2005; Yacubian et al., 2006). Importantly, these apparent
discrepancies across studies may partly reflect differences in task structure. Many previous
paradigms relied on mixed gain-loss gambles or gain vs no gain and loss vs no loss contrasts,
which may limit the ability to dissociate gain and loss representations (Knutson et al., 2005;
Yacubian et al., 2006). In contrast, our task included gain-only lotteries, loss-only lotteries, and
mixed gain-loss lotteries within the same session. This design allowed us to dissociate value and
valence effects more clearly and demonstrates that value encoding is enhanced at the loss—gain
transition, suggesting that neuronal activity may encode value together with information related
to outcome valence. Task structure may also influence the reference point used by subjects when
evaluating outcomes. In many monetary incentive tasks, cumulative rewards are displayed across
the session, potentially shifting the reference point over time and influencing subsequent
decisions. Consistent with this idea, previous work has shown that activity in the VS reflects
reference-dependent value computations, whereas dorsal striatum is less sensitive to such
reference effects and is more closely associated with action-related processing (De Martino et
al., 2009). In our paradigm, rewards were delivered after each trial with a fixed reference point
across trials, thereby reducing the influence of previous trials on subsequent decisions. This
design also ensured that individual trials were largely independent, although gradual satiation
across the session could potentially influence reward encoding. However, this effect is unlikely
to account for our results, as monkeys showed similar levels of engagement and comparable RTs
when sessions were divided into early and late halves (data not shown).

Distributed representation of decision variables in population dynamic

Population dynamics analysis allows neural activity within a given structure to be represented in
a high-dimensional space defined by the activity of all recorded neurons and reduced to a lower-
dimensional representation capturing the dominant patterns of population activity. In this
framework, decision variables are not encoded by individual neurons but emerge from patterns
of activity across the population (Shenoy et al., 2013; Ebitz & Hayden, 2021). This approach is
particularly important because individual neurons often exhibit mixed selectivity, responding to
multiple decision variables simultaneously (Rigotti et al., 2013; Fusi et al., 2016). As a result,

assigning a single functional label to individual neurons may be misleading and fails to capture
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how information is represented at the population level during value-based DM. By performing
population analyses on condition-averaged activity separately for EV and spatial position, we
isolated how neural populations within each structure differentiate value and action variables,
respectively. This approach reveals that both value and action representations are distributed
across neurons, through shared patterns of activity rather than neuron-specific tuning.
Moreover, it highlights that ventral BG regions, including the NAc and VP, do not simply encode
the values of individual options but appear to represent the broader context of the decision (gain
vs loss) which was not as structure-specific at the single-unit level. Such contextual (valence)
representations may play an important role in guiding decision strategies, for example by
influencing whether it is worth engaging in a given choice based on a cost-benefit evaluation.
This interpretation is consistent with the idea that ventral BG circuits contribute to motivational
and state-related aspects of DM rather than directly specifying actions (Haber & Knutson, 2010;
Ito & Doya, 2015; Shin et al., 2021). However, because value and action were analyzed separately,
the present approach does not directly address how value information is transformed into action
selection. Future analyses examining population dynamics with value and spatial variables jointly
included would be necessary to characterize this transformation. Performing such analyses
within individual structures would clarify the contribution of each region to this process, while
analyses across structures could reveal how value-to-action transformations are distributed
within the BG network. Still, although the observed population-level structure supports
distributed coding, it does not exclude the possibility that specific subpopulations contribute
preferentially to particular computations under different task conditions or behavioral states.
This view is supported by studies showing that neurons within the CBG form coactive assemblies
comprising individual neurons with diverse coding properties (Yuste, 2015; Harmson et al., 2025).

Value encoding and choice accuracy are not abolished after dopaminergic depletion

Previous studies have suggested that DM impairments in PD may arise from dysfunction within
fronto-striatal circuits, including limbic BG loops, as well as deficits in feedback processing and
executive control, which together impair the ability to appropriately use value information to
guide behavior (Thiel et al., 2003; Brand et al., 2004). However, whether these deficits reflect a
primary impairment in value encoding itself remains unclear. Our results indicate that DA
depletion does not abolish value-related information across BG circuits. Although the fraction of
value-encoding neurons was selectively reduced in the NAc, and to a lesser extent in the vGPe,
value encoding remained detectable in downstream ventral pallidal structures including the VP
and in dorsal regions. Importantly, success rates were relatively preserved when monkeys
engaged in the task, indicating that value information remained sufficiently available to support
near-optimal choice. Thus, the parkinsonian deficit in our task is better characterized as a partial
degradation of ventral value representations rather than a complete impairment of value
encoding or comparison. This is consistent with previous work suggesting that dopaminergic
dysfunction primarily affects the expression or utilization of learned value representations rather
than value learning per se (Shiner, Seymour, Wunderlich, et al., 2012; Smittenaar et al., 2012).
Consistent with this view, converging evidence indicates that value-related signals in VP are

robust and not only originate from NAc. In rodents, VP neurons encode relative reward value
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earlier and more prominently than NAc neurons (Ottenheimer et al., 2018). Moreover, a subset
of VP neurons encodes RPE signals more robustly than those observed in the NAc, and these
signals predict subsequent changes in task engagement and causally influence reward-seeking
behavior (Ottenheimer, Bari, et al., 2020). Together, these findings challenge a strictly serial
model in which value is computed in the NAc and passively relayed to the VP, and instead suggest
that the VP can contribute independently to value computation within ventral BG circuits. In this
framework, the persistence of value signals in the VP may help explain why animals can still
choose appropriately when they remain engaged despite a selective reduction of NAc value
coding.

Motivational invigoration and motor motivation

Our results indicate that DM impairments in the parkinsonian state was not a collapse of value-
based choice accuracy, but a marked reduction in task engagement, reflected by increased RTs,
MT, and omissions, especially for low-EV options. Although monkeys remained able to perform
the task after MPTP treatment, and omission rates continued to reflect EVs, with more omissions
for low-EV trials, EV-dependent modulation of RTs progressively diminished, along with a loss of
gain-loss asymmetry. The fact that omissions remained sensitive to EV, and were most frequent
for low-value options, indicates that disengagement was linked to the motivational significance
of the available options rather than to a purely motor inability to respond. This pattern is
consistent with evidence that PD alters reward sensitivity and cost-benefit evaluation, reducing
the impact of incentive value on behavior rather than abolishing value representation (Le Bouc
et al., 2016). Together, these findings suggest that dopamine depletion weakens the recruitment
and behavioral impact of ventral value signals, particularly those related to incentive motivation,
while preserving sufficient value information to support accurate choice when action is initiated.
At the neural level, engaged and disengaged trials remained dissociable across disease stages, as
shown by persistent differences in neural gain between touched and omitted trials. Here, neural
gain refers to changes in neuronal responsiveness or response amplitude without altering
selectivity (Salinas & Thier, 2000; Salinas & Sejnowski, 2001), indicating that these states differ
primarily in the strength of task-related activity rather than in the type of information encoded.
However, our results indicates that the balance between these states appears altered with DA
depletion.

The system occupies more often a low-gain, omission-like state, and this shift correlates with
increased disengagement. This suggests that the DA depletion in parkinsonian state does not
abolish the neural capacity to engage, but biases the network toward a state that is less likely to
generate action. Accordingly, the deficit may reflect a reduced probability of entering or
sustaining an engaged state rather than a total loss of task-related coding. This interpretation is
consistent with theoretical and experimental works proposing that DA regulates the willingness
to expend effort and the vigor of movements (Niv et al., 2007; Salamone et al., 2016; Berke,
2018). In PD, bradykinesia has been interpreted not as a primary motor impairment leading to
slow movements, but as an reduced willingness to move fast as vigorous movements are selected
less often (Mazzoni et al., 2007). In addition, movement speed in PD appears to be modulated by
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motivational valence. Patients exhibit longer MTs overall, but this slowing is more pronounced
in reward contexts than in aversive contexts, consistent with a diminished impact of reward-
related signals on behavior (Shiner, Seymour, Symmonds, et al., 2012). In line with this, our
results show that MTs are particularly increased for higher-value rewards (gains), whereas low-
value conditions (losses) are less affected, suggesting a selective impairment in reward-driven
motor motivation.

From a mechanistic perspective, one possible interpretation is that weakened ventral value
signals are less effectively propagated to circuits involved in action initiation and invigoration. In
this framework, reduced value encoding in the NAc may limit the transmission of incentive
motivational signals within BG networks. According to the striato-nigro-striatal ascending spiral
organization described by Haber and colleagues, ventral striatal regions can influence more
dorsal circuits involved in action selection and motor output (Haber et al., 2000). A disruption of
this ventral-to-dorsal transfer of information following dopaminergic depletion could therefore
impair the recruitment of action-related processes despite preserved value information
elsewhere. This framework provides a potential mechanism linking the selective reduction of
ventral value encoding to the observed deficits in engagement and movement vigor.

Taken together, these results are consistent with a role of the BG in driving task engagement
during value-based DM by regulating the vigor with which actions are executed according to the
decision context. Following DA depletion, the BG circuits may become less effective at promoting
engagement and modulating vigor, leading to a bias toward low-gain states despite the
persistence of value encoding within ventral circuits. In this sense, the parkinsonian deficit
observed in our task may arise less from a failure to identify the best option than from a failure
to be in an engaged state and respond with sufficient vigor.

Methods

Animals

This study was performed on two female rhesus monkeys (Macaca mulatta), Monkey H (born in
2012) and Monkey C (born in 2009), weighing ~ 5-6kg. The monkeys were housed in the animal
facility of the Institute of Neurodegenerative Diseases (CNRS UMR 5293, Bordeaux, France -
agreement number: E33063268) under standard conditions (12/12h light/dark cycle, ~ 60%
humidity and ~ 22°C). All experimental procedures were performed in accordance with the
Council Directive of 2010 (2010/63/EU) of the European Community and the National Institute
of Health Guide for the Care and Use of Laboratory Animals. The protocol received agreement
from the Ethical Committee for Animal Research CE50 and authorized by the French Ministry of
Research and Education.

Behavioral task and analysis

Monkeys performed a two-alternative lottery DM task as previously described in (Nioche et al.,
2019). In each trial, monkeys selected between two probabilistic options associated with
potential gains or losses of reward. Each option was represented by a pie chart indicating the EV
of the lottery. A total of 96 lottery pairs were used, with one lottery having a higher EV than the
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other within each pair. The EV of the lotteries ranged from 0 to 6 (16 discrete values), but did not
include EV = 3, which served as the reference point separating gains from losses. Thus, lotteries
with EV < 3 predicted an expected loss, whereas lotteries with EV > 3 predicted an expected gain.
The position of the two lotteries was counterbalanced such that each option appeared equally
often on the left and right sides and all lottery pairs were presented with equal frequency across
trials. During the task, monkeys were seated in a primate chair equipped with a joystick
positioned at waist level and facing a touchscreen. The sequence of major task events is
illustrated in Figure 4-1b. Trials were initiated by grasping the joystick, followed by presentation
of the two lottery cues (Cue). Monkeys selected one option by touching the corresponding cue
on the touchscreen (Contact). After the choice, monkeys returned their hand to the joystick and
held it until the outcome was revealed. The outcome of the selected lottery was then determined
probabilistically (Result) and displayed using a token gauge that was incremented (gain) or
decremented (loss). Finally, the number of tokens obtained was converted into applesauce
reward at the end of the trial (Delivery). Trials were separated by a variable inter-trial interval.
Failure to complete any trial step within the allotted time resulted in an error trial followed by a
brief timeout. Monkeys were extensively trained on the task prior to electrophysiological
recordings. Assessment of the monkeys’ behavior was made by monitoring RTs, MTs, success
rates, and omission rates. RT was defined as the interval between cue presentation onset and
joystick release, whereas MT corresponded to the interval between joystick release and contact
with the touchscreen. Success rate corresponds to the proportion of correct trials in which the
animal selected the option with the highest EV and omission rate to the proportion of trials in
which the animal failed to initiate or complete its choice within the allotted time, averaged across
sessions and monkeys.

EVs were grouped into four categories (EV1 - EV4) to ensure sufficient trial numbers per condition
while maintaining approximately evenly spaced mean EVs across the EV range: low (0 < EV < 1.5),
medium-low (1.5 < EV < 3), medium-high (3 < EV < 4.5), and high (4.5 < EV < 6). For each trial,
analyses were based on the EV category of the higher-EV lottery within the pair. The higher-EV
option was determined from the original EV values prior to grouping, such that even when both
lotteries in a pair belonged to the same category (e.g., EV1), one option could still be identified
as having the higher EV. Because several value-related variables derived from the two options
are inherently correlated, the higher EV reflects the EV of the best option which was used as a
proxy for the overall value of the decision context while reducing multicollinearity (see MLR
analysis).

Brain imaging

Anatomical magnetic resonance imaging (MRI) and computed tomography (CT) scans were
performed prior to surgery. High-resolution T2-weighted MRI images were acquired on a 3T
Siemens Prisma scanner (Siemens Healthineers, Erlangen, Germany) operated with syngo MR
E11 software and using a 3D SPACE (Sampling Perfection with Application-optimized Contrasts
using different flip angle Evolutions) sequence. Acquisition parameters were as follows: TR = 3200
ms, TE = 384 ms, flip angle = 120°, voxel size = 0.5 x 0.5 x 0.5 mm?, matrix = 320 x 320, field of
view = 160 x 160 mm?, slice thickness = 0.5 mm, echo train length = 181, and 4 signal averages.
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In addition, CT imaging of the monkey skull was performed using a Planmeca ProMax cone-beam
CT scanner (Planmeca Oy, Helsinki, Finland) operated with Romexis 6.4.3.33 / 3.9.14.89 software
at 90 kVp and 10 mA. The acquisition produced 534 axial slices with a slice thickness and isotropic
voxel size of 0.15 mm. Images were reconstructed in Hounsfield units using the manufacturer’s
standard reconstruction algorithm. Preoperative MRI and CT scans were co-registered using 3D
Slicer (www.slicer.org) to allow for accurate segmentation of the targeted BG nuclei and to

stereotaxically estimate both the optimal placement of the recording chamber and the intended
electrode trajectories. Additional CT scans were acquired and co-registered to the preoperative
MRI on a monthly basis to monitor electrode positioning over time. These follow-up registrations
allowed us to re-validate and, when necessary, re-evaluate the precise location of the electrodes
within the targeted BG nuclei relative to the planned trajectories.

Surgery

Implantation of the titanium 32-channel, form-fitting titanium microdrive and recording chamber
system (Gray Matter research, Bozeman, MT, USA) was performed in a two-stage delayed
surgical procedure (Dotson et al., 2017) on the contralateral side to the acting hand. Surgeries
were performed under aseptic conditions using isoflurane and O2 deep anesthesia, following
induction with ketamine (10mg/kg IM) and atropine (0.05mg/kg IM). The head of the animal was
fixed in a stereotaxic frame (M2e-Unimécanique, Eaubonne, Val-d'Oise, France) and body
temperature, heart rate, blood pressure and SpO2 were monitored throughout the entire
surgical procedure. During the first surgery, the chamber was positioned above the targeted BG
nuclei in the left hemisphere - the CD, NAc, GPe, and VP - and sealed around its perimeter with a
thin bead of C&B Metabond quick adhesive cement (Parkell, Edgewood, NY, USA). It was then
fixed to the skull using titanium bone screws and acrylic bone cement. The cranial bone was left
intact, and a silicone gasket together with a short plug were mounted onto the chamber and
covered with a protective cap. The animals were allowed a 3-4 weeks recovery period before the
next stage. During the second surgery, a craniotomy was performed within the interior of the
chamber while leaving the dura intact. The interior of the chamber was rinsed and the dura was
punctured at the putative electrode entry points using a puncture grid kit to facilitate subsequent
electrode penetration. The microdrive was then positioned in its predefined location within the
chamber and secured using machine screws, after which it was covered with a protective
aluminum cap. The animals were given an additional 3-4 weeks recovery period during which the
electrodes were gradually lowered to the targeted BG nuclei. Once mounted, the microdrive
remained in place for the duration of the experiment. The chamber also provided a distributed
ground and reference via a ground wire connection to the PCB.

Parkinsonism induction and assessment

After completion of the neuronal recordings in the healthy state, animals underwent multiple
courses of injections of MPTP (MPTP hydrochloride, Sigma, St Louis, MO, USA). Each course
consisted of daily intramuscular injections of low doses of MPTP (0.125 to 0.25 mg/kg) for five
consecutive days. The courses were spaced 1-2 weeks apart, and a total of 5-6 courses were

administered to gradually induce a moderate parkinsonian state while preserving the animals'
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ability to perform operant tasks (Slovin et al., 1999). Neurophysiological recordings were
conducted between the courses of MPTP injection following a mandatory 72-h biohazard
isolation period during which recordings were not possible. Severity of the parkinsonian motor
symptoms (bradykinesia, rigidity, posture and tremor) was assessed daily using a modified
Benazzouz primate parkinsonism scale (Benazzouz et al., 1995). Following completion of the
neuronal recordings in the parkinsonian state, post-mortem TH immunohistochemistry was
performed to assess the extent of DA depletion induced by MPTP treatment.

Data collection and physiological recording

Electrical signals were recorded from the 32 independently movable, glass-coated tungsten
microelectrodes of the microdrive (impedance range at 1 kHz: 0.3-2.0 MQ), which were slightly
advanced through CD, NAc, GPe and VP after each daily recording session (5-7 sessions per week
over a period of 10-12 months totalizing 227 days for Monkey H and 208 days for Monkey C) in
healthy and parkinsonian states. The signals were amplified by 100, band-pass filtered between
1 and 5000 Hz (using a hardware two-pole Butterworth filter) and sampled at 20 kHz prior to
digitization via a wireless recording system (WS-16, Multichannel Systems, Reutlingen, BW,
Germany). The band-pass filtered signal (1-5000 Hz) contained both local field potential (LFP; 1-
250 Hz), which is thought to reflect global synaptic input and dendritic processing, and multi-unit
activity (MUA; 250-5000 Hz), which represents the efferent activity of local neuronal populations.
LFPs and MUAs were further processed offline using digital band-pass filters. Single-unit activity
(SUA) was extracted from the MUA by applying automated offline spike detection and sorting
pipeline. Spikes were detected using a threshold-crossing method, waveform features were
extracted using principal PCA, and units were identified using K-means clustering following
classical spike-sorting approaches (Lewicki, 1998; Rey et al., 2015). Finally, SUAs were subjected
to offline quality analysis, including assessments of FR stability, signal-to-noise ratio (SNR),
refractory period violation (RPV) ratio and recording duration to ensure quantitative and
objective measures of spike isolation. SNR was defined as the ratio between the absolute
amplitude of the spike waveform and an estimate of background noise, computed from the MAD
of the MUA. The RPV ratio was defined as the proportion of inter-spike intervals < 2 ms relative
to the total number of inter-spike intervals. Units were included if they met the following criteria:
SNR = 3, RPV £ 0.05, and recording duration 2 15 min. To examine ventral subregions of the CD
and GPe, the dorsoventral extent of each structure was defined as the difference between the
most dorsal and most ventral recording depths at which neuronal activity was detected. This
extent was divided into three equal segments, and neurons located in the most ventral third were
classified as belonging to the ventral subregion.

Tyrosine hydroxylase immunohistochemistry

Following completion of the neuronal recordings in the parkinsonian state, monkeys were deeply
anesthetized with an overdose of sodium pentobarbital (100 mg/kg i.v.). Exsanguination was
performed by intracardiac perfusion with 1-2L of 0.9% NaCl containing 1% heparin. After
confirmation of death, brains were removed, divided into two hemispheres and post-fixed for

one week in 4% formaldehyde in 0.1 M phosphate-buffered saline (PBS) at 4 °C. Tissue was then
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cryoprotected in 20% followed by 30% sucrose in PBS. Brains were frozen by fast immersion in
isopentane at -55 °C, and serial 50 um-thick cryostat-cut sections were collected from the CD to
the posterior extent of the substantia nigra (coronal plane - antero-posterior axis, free floating
sections in 0.2% sodium azide-PBS).

DA depletion was assessed by TH immunohistochemistry on striatal sections encompassing
anterior, middle and posterior regions of the striatum (Bregma -00,45mm / -03,15mm / -
06,30mm (Paxinos et al., 2024)), as well as on substantia nigra sections from one hemisphere per
animal. Free-floating sections were first thoroughly rinsed in PBS, and endogenous peroxidase
activity was quenched using a peroxidase-blocking solution (Dako REAL, S2023) for 10 min. After
PBS washes, non-specific binding was reduced by blocking antigenic sites for 30 minutes in PBS
containing 2% bovine serum albumin (BSA), 0.3% Triton X-100, and 0.01% thimerosal. Sections
were then incubated overnight at room temperature with a primary antibody against TH
(monoclonal rabbit anti-TH, [EP1532Y], ab137869, Abcam) diluted 1:5000 in PBS containing 0.2%
BSA, 0.3% Triton X-100, and 0.01% thimerosal. The following day, sections were rinsed in PBS and
incubated for 30 min with a polymer-based horseradish peroxidase (HRP)-conjugated anti-rabbit
secondary antibody (Dako EnVision+™ Kit, K4011). Following further PBS washes, TH staining was
revealed with 3,3'-diaminobenzidine (DAB) (Dako DAB Kit, K3468) for 45 seconds, and the
reaction was stopped with multiple PBS rinses. Sections were mounted onto gelatin-coated
slides. Substantia nigra sections were additionally counterstained with Nissl stain. Finally,
sections were dehydrated, cleared in xylene, and coverslipped with a permanent mounting
medium.

Task period segmentation and neural data preprocessing

For each neuron, SUA was segmented for each correct trial into distinct task periods (grasping,
RT, MT, return time, holding, outcome display, and reward delivery). Because several task periods
had variable durations, spikes within each period were binned into a fixed number of bins,
resulting in variable bin durations across trials. Each task period was divided into 10 bins, except
for the outcome and reward delivery periods, which were longer and therefore divided into 30
bins. Baseline activity was defined as the last 500ms of the inter-trial interval preceding grasping,
which was also divided into 10 bins. Spike counts within each bin were converted to FRs by
dividing by the bin duration. FR time series were smoothed using a Gaussian kernel (o = 1 bin)
and baseline-subtracted relative to the mean baseline activity.

Multiple linear regression analysis

To assess potential multicollinearity among value-related predictors, we computed the VIF for
EV-related variables used in the task: EV Left and EV Right (offer/option/action values), EV Ch
and EV Unch (chosen and unchosen values), EV Sum (EV Left + EV Right; state value), EV Diff
(EVleft - Evright; value contrast) and EV Max (higher value). Based on this analysis, the higher EV
which reflect the EV of the best option was considered to capture the overall value of the decision
context.
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Only neurons recorded during at least 48 correct trials were included in the analysis. For each
neuron and each time, an MLR (MATLAB fitglm function) model was used to quantify the
influence of task variables on FR:

FR = B0+ B1 X EV + B2 X Position + 83 X (EV X Position) + 4 X RT + B5 X MT + ¢

where EV is a continuous predictor representing the EV category of the best option (coded 1-4,
as described above), Position is a binary variable indicating the spatial position of the best option
(0 = left, 1 = right), EV x Position is the interaction term, RT and MT are continuous covariates
and € denotes the residual error. All regressors were z-scored to reduce collinearity, particularly
for the interaction term, and to facilitate comparison of the B coefficients. To quantify the
contribution of each predictor, partial correlations between FR and each regressor were
computed while controlling for the other regressors in the model (MATLAB partialcorr function),
and the corresponding partial R? values were calculated. Standardized B coefficients reflected
the relative strength of FR modulation by each predictor, whereas partial R?> quantified the
unique variance in FR explained by that predictor. Together, these measures provided a
comprehensive characterization of neural encoding.

Neuronal classification

Time bins showing a significant EV x Position interaction were classified as interaction bins and
excluded from analyses of the main effects. Neuronal classification and coding characterization
of neural encoding were restricted to the DT, defined as the interval from cue onset to screen
contact (including RT and MT). Because classification relied on the presence of significant bins, a
neuron could belong to multiple categories across different time bins within the DT. Neurons
exhibiting at least one significant bin for the main effect of EV were classified as value neurons
(indicating value encoding independent of spatial position). Neurons exhibiting at least one
significant bin for the main effect of Position were classified as action neurons (indicating spatial
encoding independent of value). Neurons exhibiting at least one significant bin for the EV x
Position interaction were classified as action value neurons (indicating value encoding that
depended on spatial position). Neurons exhibiting both EV and Position main effects (without
interaction) were included in both the value and action categories. For each value, action, and
action value neuron, the standardized B coefficient and partial R? were averaged across
significant bins, and coding duration was defined as the percentage of significant bins. For the
calculation of standardized B coefficients and partial R? during the decision period, using the
median and the peak bin value across significant bins, rather than the mean, yielded similar
results (data not shown).

Under healthy conditions, the fraction of significant neurons, regression coefficients
(standardized B), partial R?, and encoding duration during the DT were compared across striatal
subregions (dCD, vCD, and NAc) and pallidal subregions (dGPe, vGPe, and VP). The same metrics
were also compared across disease stages (healthy, early PD, and late PD) within each subregion
(dCD, NAc, dGPe, vGPe, and VP). These analyses were performed separately for each encoded
variable (value, action, and action value) using permutation-based tests. Because of the limited
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number of recorded neurons in the vCD after MPTP treatment, this structure was excluded from
comparison across disease stages.

To assess robustness to differences in neuron and trial sample sizes across disease stages, the
full MLR analysis was repeated 100 times after random downsampling without replacement, with
neuron counts matched to the smallest dataset (late PD) and 48 trials selected per disease stage.
For each iteration, all encoding metrics were recomputed. Robustness was evaluated by
examining the stability of effect size magnitude across iterations and the consistency of effect
direction across pairwise contrasts.

Neural Trajectory Geometry and Dynamics

PCA was used to characterize population-level neural dynamics. Analyses were performed
separately for each BG region (dCD, vCD, NAc, dGPe, vGPe and VP). For each neuron, trials were
grouped either according to the EV category of the best option (EV1 - EV4) or according to the
spatial position of the best option (Left or Right).

Binned and smoothed FR - computed using the fixed-bin approach described above but without
baseline normalization - were averaged across trials within each group. Only neurons recorded
in at least 48 trials and with activity available in all condition groups were included. For each
group, a matrix of size 120 x N was constructed, where rows corresponded to time bins and
columns to individual neurons (N). Group-specific matrices were then concatenated along the
temporal dimension, yielding a 480 x N matrix for the EV analysis and a 240 x N matrix for the
position analysis.

Prior to PCA, neuronal activity was z-scored across time for each neuron and PCA was performed
on the z-scored data without additional centering (MATLAB pca function, with centering
disabled). For each structure and condition (EV or Position), the first ten PCs were retained, and
analyses focused on the top five PCs explaining the largest fraction of population variance. Neural
population trajectories were visualized using the first three PCs, which capture the dominant
dynamics of neural activity and define a condition-specific optimal low-dimensional subspace of
population activity.

To quantify differences between neural population trajectories across conditions, we measured
both their spatial separation and dynamic divergence within condition-specific optimal low-
dimensional subspace during the DT. Spatial separation was quantified as the Euclidean distance
between trajectories in the three-dimensional PCA subspace (PC1 - PC3) and summarized by the
integrated Euclidean distance across the decision period. Dynamic divergence was quantified
using correlation distance, defined as d=1-r, where r is the Pearson correlation between
vectorized trajectories in the PC1-PC3 subspace across the decision period. Larger Euclidean
distances indicate greater spatial separation between trajectories and larger correlation
distances indicate greater divergence in the temporal evolution of population activity. Trajectory
differences was assessed using permutation-based tests. Comparisons were performed between
adjacent EV categories (EV1-EV2, EV2-EV3, EV3-EV4) and between spatial positions (Left vs
Right). Condition-averaged population activity was then recomputed and projected onto the
original PCs used for trajectory visualization and for computing the observed metrics, yielding

surrogate trajectories in the same/fixed three-dimensional PCA subspace. Trajectory metrics
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were subsequently computed from these trajectories to generate empirical null distributions.
This ensured that trajectory comparisons and statistical inference were performed within a
consistent neural geometry across conditions. To facilitate comparisons across conditions and
brain structures, trajectory metrics were standardized (z-scored) relative to their permutation
null distributions. The 95% central null interval was computed in metric units and expressed in
standardized units for visualization. Because PCA was performed separately for each condition,
standardized metrics reflect deviations from the corresponding null distributions within their
optimal low-dimensional subspaces rather than absolute differences in a common neural state
space.

Trial-Level Decoding of Value and Position

Analyses were conducted separately for each BG regions. Neuron inclusion was determined
separately for decoding the EV and position of the best option. Neurons were required to have
at least 12 trials in each EV category (EV1-EV4) for EV decoding, and at least 24 trials in each
position (Left and Right) for position decoding. For each neuron, we randomly subsampled 12
trials per EV category or 24 trials per position and binned smoothed and non-normalized activity
(120 bins per trial) were concatenated across trials and vectorized (yielding 12 x 120 = 1440
samples per EV category or 24 x 120 = 2880 samples per position). Vectorized activity was then
concatenated across neurons to form a population matrix. Matrices from each EV category or
position were subsequently concatenated and transposed to obtain a samples x neurons matrix
(5760 x N for both EV and position analyses). Neural activity was z-scored across time for each
neuron prior to PCA, and PCA was performed on the z-scored data without additional centering
(MATLAB pca function, with centering disabled). Population activity was projected onto the first
three PCs, and the resulting PC scores were segmented into 120-bin trajectories corresponding
to individual trials and their associated EV categories or positions.

Decoding was performed independently at each time bin using an LDA classifier (MATLAB
fitcdiscr function, pseudo-linear, Gamma = 0.8) trained on the three-dimensional PC
representation of population activity. Decoder performance was evaluated using a repeated
random subsampling cross-validation procedure. For EV decoding, classifiers were trained on 8
trials per category (32 total) and tested on 4 trials per category (16 total); for position decoding,
classifiers were trained on 16 trials per position (32 total) and tested on 8 trials per position (16
total). Decoder performance was quantified using classification accuracy returned by the
classifier. The procedure was repeated 100 times, with trials randomly subsampled from the
available trials for each neuron and a new train-test partition generated at each iteration.
Decoding metrics were averaged across iterations to obtain accuracy traces over time for each
EV category or position.

Neural gain and omission-related analyses

Neural gain was defined as the magnitude of task event-induced modulation relative to baseline
activity, independent of response sign. For each unit, peri-event activity (i.e., baseline-centered,
binned, and smoothed FRs) was averaged across trials and rectified using the absolute operator

to capture task-related response regardless of excitation or suppression. The mean absolute
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baseline activity was subsequently subtracted from the rectified task event-induced (cue/bar
release) response to establish a natural baseline, and gain was quantified as the mean
modulation amplitude following cue/bar release presentation. Touched (performed) and not-
touched (omission) trials were analyzed separately. During touched trials, RT and MT were
defined from the animal’s behavioral performance and normalized into 10 bins. For not-touched
trials - where these epochs could not be defined - two fixed 500 ms windows were used and
similarly divided into 10 bins to allow comparable measurements across trial types. Units were
selected independently for each trial type (> 48 trials), resulting in generally unpaired populations
contributing to touched and not-touched gain. Unit counts were therefore reported separately
for touched and not-touched trials and individual neurons could contribute to both groups and
were not mutually exclusive. Gain differences between touched and not-touched trials were first
assessed by comparing the gain distributions of these unpaired unit populations for each
structure, disease stage and epoch. To further quantify trial-type differences without requiring
unit pairing, we then computed a AGain(T-N) contribution measure (where T denotes touched
trials and N denotes not-touched trials). For each structure, disease stage and epoch, the median
gain of touched units (mT) and not-touched units (mN) was computed independently. Individual
unit contributions were defined relative to the median gain of the opposite trial type (touched
units: GainT - mN; not-touched units: mT - GainN), yielding a distribution whose central tendency
reflects the population-level difference in gain between touched and not-touched trials.
Relationships between AGain(T-N) contributions and omission rate were examined at two levels.
At the population level, values were compared descriptively across disease stages to assess
whether neural gain and omission rate co-varied across global behavioral states. At the single-
unit level, relationship between individual AGain(T-N) contributions and omission rate were
evaluated separately for each disease stage and for the pooled dataset across all stages. Omission
rates at the population level were computed both across entire sessions and across sessions
containing the recorded units, whereas at the single-unit level, omission rates were computed
only from sessions containing the recorded units.

Software and statistics

Data from the two monkeys were pooled for analysis. Given the limited number of subjects (n =
2), statistical comparisons at the animal level were not performed, although the results were
qualitatively similar across animals. Instead, analyses were conducted at the level of neurons or
recording sessions, consistent with common practice in single-unit neurophysiology where
inference relies on large numbers of observations obtained within subjects (Asaad & Sheth, 2024)
and where pooling observations allows inference about the sampled neuronal population rather
than a population of animals (Fries & Maris, 2022).

Behavioral comparisons across EV categories were performed using non-parametric Kruskal-
Wallis tests. When a significant main effect was detected, post hoc pairwise comparisons were
conducted using the Holm-Bonferroni correction to account for multiple comparisons.

For neural analyses, permutation-based tests was used with 10,000 permutations. Differences in
the fraction of responsive neurons were assessed using permutation-based x? tests, in which

labels (BG subregion or disease stage) were randomly reassigned across observations to generate
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empirical null distributions. Effect sizes were quantified using Cramér’s V2. Differences in
continuous neural metrics (e.g., regression coefficients, partial R?, encoding duration, and neural
gain measures) were assessed using permutation-based non-parametric omnibus tests (Kruskal-
Wallis type) by randomly permuting group labels across observations, with effect sizes reported
as eta squared (n?).

Trajectory differences were evaluated using permutation-based tests, in which condition labels
(EV category or position) were randomly permuted and neural trajectories recomputed within
the same PCA subspace to generate empirical null distributions. Observed trajectory metrics
(Euclidean distance and correlation distance) were compared with these distributions using one-
sided permutation tests.

Relationships between individual AGain(T-N) contributions and omission rate were assessed
using simple linear regression. For each structure and epoch, permutation tests were used to
evaluate the significance of the regression slope by randomly permuting omission rate values
relative to AGain(T—-N) contributions and recomputing the regression slope to generate a null
distribution of slope estimates.

When multiple comparisons were performed, p-values were adjusted using the Holm-Bonferroni
correction, and statistical significance was defined as p < 0.05. Data are presented as median +
MAD, unless specified otherwise.

Large language model (LLM) declaration

We used ChatGPT 5.0 to assist in improving the clarity and academic style of the English language
in our already-written manuscript. The scientific content, analyses, and conclusions were entirely
developed by the authors.
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Supplementary Figures
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Supplementary Figure 1. Striatal tuning curves. a,c, Firing rates as a function of the expected value (EV)
of the best option (EV1-EV4) in dCD (a), vCD (b), and NAc (c), shown separately depending on whether
the best option was on the right (blue) or left (red). Panels are organized by neuronal type: value (left),
action (middle), and action value (right). For each type, left subpanels show neurons positively correlated
with EV and right subpanels show neurons negatively correlated with EV. For each neuron, firing rates
were averaged across time bins with significant encoding during the decision period for each EV x position
condition, and normalized across conditions by mean subtraction. Dark curves indicate the median + MAD

across units; light traces show individual unit activities.
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Supplementary Figure 2. Pallidal tuning curves. Same conventions as in Supplementary Figure 1, for
dGPe (a), vGPe (b), and VP (c).
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Supplementary Figure 3. Principal component analysis of value-related population activity. Principal
component analysis (PCA) of trial-averaged population activity used to construct neuronal trajectories in
Figure 4-4. a-f, Time courses of the scores for PC1-PC5 and cumulative percentage of variance explained
by the first 10 PCs in dCD (a), vCD (b), NAc (c), dGPe (d), vGPe (e), and VP (f). Colors indicate EV levels: EV1
(blue), EV2 (cyan), EV3 (magenta), and EV4 (red). Green and red vertical dashed lines indicate cue onset
(C) and joystick release (R), respectively.
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Supplementary Figure 4. Principal component analysis of position-related population
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Left (red).
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Supplementary Figure 5. Unit-level coupling between neuronal gain and task engagement across
structures. a, Relationship between task engagement and AGain(T-N) contribution at the unit level during
RT (left) and MT (right). Unit-specific omission rate (computed across trials for each recorded unit) was
plotted against unit-level AGain(T-N) contribution, with data pooled across disease stages and each point
representing paired values from the same unit. AGain(T-N) was computed relative to the median gain of
the opposite trial type (touched: gT-mN; not-touched: mT-gN). Regression lines were fitted using the full
pooled dataset for each structure, whereas only a random subset of points is shown for visualization.
Marker shape denotes disease stage (Healthy, circle; early MPTP, square; late MPTP, triangle), and color
denotes structure (dCD, NAc, dGPe, vGPe and VP). Solid lines indicate significant slopes and dashed lines
indicate non-significant slopes. b, Summary of regression slopes across structures. For each structure,
slopes from the RT and MT relationships (shown in a) are plotted separately. RT and MT are shown as
darker and lighter shades of the same structure color. Vertical bars indicate the IQR of the permuted slope
distribution, and the dashed horizontal line marks zero. Filled markers indicate significant slopes. c,
Relationship between omission rate and AGain(T-N) contribution across structures. Same conventions as
in Figure 4-9¢, except that the median omission rate was computed from sessions containing the recorded
units, rather than across all sessions.
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Part 5 General conclusion

The present work aimed to characterize how value and action representations are organized and
integrated across the dorsoventral BG network during value-based DM, and how this
organization is reshaped following DA depletion. By combining electrophysiological recordings
with behavioral analyses in the same animals before and after induction of a parkinsonian state,
this study provides novel insights into the circuit-level computations underlying DM in both
healthy and pathological conditions.

By explicitly dissociating value, action, and their interaction while minimizing collinearity
between predictors, our results reveal a clear functional organization of decision variables along
the dorsoventral axis of the BG. Ventral regions preferentially encode value-related information,
with dynamics reflecting both the EV and valence of available options, whereas dorsal regions
primarily represent action-related variables such as their spatial position. At the single-neuron
level, value encoding is enhanced at the loss-gain transition in most structures, suggesting that
value encoding is non-linear, depends on the context of the choice and could account for both
EV and outcome valence. At the population level, neural trajectories show stronger separation
between EVs at this transition, particularly in ventral BG regions, including NAc and VP. This
indicates that valence-related modulation is especially prominent in ventral circuits and largely
emerges in a distributed manner across neuronal populations. Together, these findings suggest
that value representations in ventral BG circuit are shaped by both value and outcome valence,
and may relate to the motivational significance of available options. Importantly, while selective
neurons encoding value and action are present, population-level analyses indicate that these
signals are not confined to specialized units but are also represented in distributed neural
dynamics. Surprisingly, it appears that action value-related signals, represented in similar
proportions along the dorsoventral axis, were less prominent than value or action signals,
challenging classical models that emphasize action-value coding in BG circuits. Still, given their
hypothesized role in guiding behavior toward higher-value actions and the distributed encoding
of decision parameters, action value signals may be more effectively captured at the population
level. Future work integrating value and action variables within a unified population dynamics
framework will be essential to determine how these signals interact to guide behavior and reveal
the degree of implication of each structure in the decision process over time. Extending these
analyses across structures, including cortical areas such as OFC, ACC, dIPFC, and premotor cortex,
as well as subcortical regions such as the STN and amygdala, will be critical to capture the full
spatiotemporal dynamics of DM and assess the contribution of each structure in the process.

Most importantly, our results clarify how dopaminergic depletion reshapes these computations
in the parkinsonian state. Contrary to the view that DA depletion notably impairs value-related
signals, we show that value representations are not abolished but selectively reduced within the
NAc, while remaining present in downstream structures such as the VP. Behaviorally, animals
retain the ability to choose optimally when engaged, indicating that value information remains
functionally available. These findings indicate that DM deficits in the parkinsonian state do not
primarily result from an inability to represent or compare value. Instead, dopaminergic depletion
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profoundly alters engagement, motivational invigoration, and motor motivation. This is
evidenced by increased omission rates, prolonged RTs and MTs, and a loss of gain-loss
asymmetry. At the neuronal level, these behavioral impairments are associated with a shift of
the network toward a disengaged, low-gain regime, despite the persistence of distinct engaged
and disengaged neural states. This suggests that DA depletion characterized in PD does not
eliminate task-relevant representations, but may bias the system toward states that are less
likely to generate action. In this framework, DM deficits may arise not from a failure to compute
value, but from an impaired ability to recruit and translate value signals into motivated behavior.
Additional population dynamics analyses following dopaminergic depletion will be essential to
determine how the integration of decision variables is disrupted at the network level, and how
action value representations emerge (or fail to emerge) within population activity. In addition,
the origin and regulation of these low-gain states remain to be elucidated. The potential
contribution of other neuromodulatory systems, such as serotonin, in regulating engagement
and neural gain also represents an important avenue for future research.

Mechanistically, our findings support the idea that DA plays a critical role in enabling the
propagation and effective use of ventral value signals within the BG network. In line with the
striato-nigro-striatal ascending spiral organization, weakened value encoding in the VS may
reduce the influence of motivational signals on dorsal circuits involved in action initiation and
vigor. At the same time, our results also challenge a strictly serial model in which value is
computed in the NAc and passively relayed to VP, and instead suggest that the VP can contribute
independently to value computation within ventral BG circuits. However, how these
computations are implemented with BG circuits remains to be determined. Future studies
combining electrophysiology with pathway-specific manipulations (e.g., opto and/or
chemogenetic stimulation or inactivation) will be necessary to test how activity in the VS
influences dorsal BG circuits during DM and to identify the sources of value-related signals in the
VP, which may arise independently of striatal and dopaminergic inputs.

Taken together, this work provides a unified framework in which value-based DM is implemented
through distributed and interacting representations across the dorsoventral CBG network.
Within this framework, dopamine depletion primarily affects motivation and task engagement
through shifts in global neural states and the selective vulnerability of ventral striatal circuits,
while pallidal populations may help sustain accurate decision performance by maintaining
representations of task-relevant decision variables. By bridging circuit-level physiology with
behavioral impairments within the same subjects, these findings offer new insights into the
neuronal basis of DM in both healthy and pathological states. Importantly, they highlight
motivational and engagement-related processes as key contributors to DM deficits in PD,
suggesting that therapeutic approaches targeting these processes, beyond motor function alone,
may improve patient outcomes. Future work should investigate whether low-gain neural states
can serve as biomarkers of motivational deficits in PD and guide the optimization of dopaminergic
and neuromodulatory treatments.
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