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A decision-space model explains context-
specific decision-making

Dirk W. Beck1, Cory N. Heaton 2, Luis D. Davila1,3,11, Lara I. Rakocevic1,3,11,
Sabrina M. Drammis4,11, Danil Tyulmankov5,11, Atanu Giri1,
Shreeya Umashankar Beck2, Qingyang Zhang6, Michael Pokojovy 7,
Kenichiro Negishi 8, Alexis A. Salcido 2, Neftali F. Reyes2, Andrea Y. Macias2,
Serina A. Batson2, Paulina Vara2, Raquel J. Ibáñez Alcalá 2, Safa B. Hossain2,
Graham L. Waller2, Laura E. O’Dell9, Travis M. Moschak2, Ki A. Goosens 3,10 &
Alexander Friedman 1,2

Optimal decision-making requires consideration of internal and external
contexts. Biased decision-making is a transdiagnostic symptom of neu-
ropsychiatric disorders. We created a computational model demonstrating
how the striosome compartment of the striatum constructs a context-
dependent mathematical space for decision-making computations, and how
the matrix compartment uses this space to define action value. The model
explains multiple experimental results and unifies other theories like reward
prediction error, roles of the direct versus indirect pathways, and roles of the
striosome versus matrix, under one framework. We also found, through new
analyses, that striosome and matrix neurons increase their synchrony during
difficult tasks, caused by a necessary increase in dimensionality of the space.
Themodelmakes testable predictions about individual differences in disorder
susceptibility, decision-making symptoms shared among neuropsychiatric
disorders, and differences in neuropsychiatric disorder symptom presenta-
tion. The model provides evidence for the central role that striosomes play in
neuroeconomic and disorder-affected decision-making.

Decision-making is altered in neuropsychiatric disorders affecting the
basal ganglia1. A range of experimental evidence links balances
between the striatal compartments and connected brain regions to
decision-making function and dysfunction2–6. Understanding these
intricate interactions will be crucial for designing next-generation
treatments.

Striatal neurons can be categorized into groups via neurochemistry
and connectivity, including the striosome and matrix compartments4,7.
Striosomal spiny projection neurons (sSPNs) make up ~10–15% of the
striatum and matrix spiny projection neurons (mSPNs) the remaining
~85–90%8,9 (for acronyms, see Table 1). New technologies, including
recording, targeting methods, and genetically engineered mice, have
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enabled important new discoveries about differential roles for strio-
somes and matrix in decision-making3,10–19, including in disorders2,4.
Further, both sSPNs and mSPNs belong to either the direct pathway
(dsSPNs and dmSPNs), identified by D1 receptor expression, or the
indirect pathway (isSPNs and imSPNs) identified by D2 receptor
expression4,20. Notably, dsSPNs, to a greater extent than dmSPNs, pro-
ject to regions which influence midbrain dopamine release via a sub-
circuit conserved across species8,16,21–24 (Fig. 1, Supplementary Table 1).
Thus, dsSPNs, isSPNs, dmSPNs, and imSPNs appear to have different

circuit roles16,20, raising the possibility they eachplay a distinct functional
role during decision-making (see Supplementary Note 1).

Models of cortico-striatal-basal ganglia-thalamic regions often
examine the direct, indirect, and, more recently, the hyperdirect
pathways25,26 to elucidate how they interact during different cognitive
processes like decision-making, action selection, and learning. These
models explore potential circuit functionality in a variety of ways
including: exploring how cortico-striatal neurons may utilize general
features to facilitate adaptable/flexible decision-making27, examining
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Fig. 1 | A striosome-centered circuit model regulating dopamine release to the
striatum. a The circuit of the cortex, striosomes (sSPN), globus pallidus externus
(GPe), globus pallidus internus (GPi), lateral habenula (LHb), rostromedial teg-
mental nucleus (RMTg), dopaminergic neurons of the substantia nigra compacta
(daSNC), and matrix neurons (mSPN). Numbers show the order of connection for
the three subcircuits (1→ 2→ 3→ 4, 1→ 2→ 3→ 3B→ 4→ 5, 1→ 2→ 3C.1→ 3.C.2→
3.C.3→ 4→ 5). b Circuit architecture. Cortical activity is processed by several sSPN
and mSPN subpopulations corresponding to “decision-dimensions.” The sSPN
subpopulations, together with GPi, LHB, and RMTg (in the direct pathway) and GPe
(in the indirectpathway), control the activity of subpopulations of daSNC, each also
corresponding to a decision-dimension. When these subpopulations release
dopamine to the corresponding mSPN subpopulations, a “decision-space” is
formed (gray arrows). Basedon the decision-space,mSPNs determine action values

(dark gray rectangles). c The circuit is modeled over the period of time of a deci-
sion. In each of threemodel instances, an assumption ismade that leads to a simple
mathematical formulation (Analyzed Instances of the Model, Methods). After
these assumptions, Instance 1 simplifies to a feedforward network with either one
element per decision-dimension per neuron type (for cortex, sSPN, daSNC, and
mSPN) or one element per neuron type (for GPi, LHb, RMTg, GPe). Instance
2 simplifies to a feedforward network with multiple sSPNs and mSPNs corre-
sponding to each decision dimension. Instance 3 simplifies to a recurrent network
with an architecture similar to Instance 1. Thus, Instance 1 is used tomodel the basic
relationships between circuit elements, Instance 2 to model the behavior of
populations of sSPNs and mSPNs, and Instance 3 to model interactions between
circuit elements over time.
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how this circuit shifts reward-seeking based on internal states28,
explaining how basal ganglia structures exercise nuanced control over
action selection despite subsequent regions containing fewer neurons29,
and exploring the role of direct and indirect pathway competition
during action selection30,31. Another approach taken when modeling the
basal ganglia is to explore how dopamine and basal ganglia corticos-
triatal loops influence basal ganglia functions like decision-making,
learning, and action selection. One example is where corticostriatal
loops modulate dopaminergic activity/plasticity where dopamine sig-
nals vector-based error signals associated with different task-related
factors32. Many of these models, while exploring important ideas for
cortico-basal ganglia-thalamic interactions/functions during decision-
making, learning, and action selection, do not account for differences
between the striatal matrix and striosomal compartments. Without the
striosome versus matrix distinction, they do not capture the interplay
between dopamine and the striatum in a precise way. The dopaminergic
interplay is especially important for the study of neuropsychiatric dis-
orders, because disorders that differentially affect the direct versus
indirect pathways33 have been found to also affect striosomes versus
matrix differently2, suggesting that attention to all four dsSPN/isSPN/
dmSPN/imSPN compartments is necessary for an accurate under-
standing of decision-making in normal and disordered states.

To close this gap, we formed amodel that accounts for striosome
versus matrix subdivisions, including the selective modulation of
midbrain dopamine by striosomes (Fig. 1, Supplementary Fig. 1). From
our physiological model arises the concept of a “decision-dimension”,
our term for an axis alongwhich themodeled circuit encodes decision-
related information (Fig. 2, Supplementary Fig. 2; for terminology, see
Table 1). During a decision, decision-dimensions are prioritized in a
context-dependentmanner, forming amathematical “decision-space.”

We present evidence, via our analysis of neural recordings and
our models of findings from experimental literature, for the core
tenets of our model: that subpopulations of SPNs encode information
along decision-dimensions, that a decision-space is formed, and that
the decision-space changes across contexts (Figs. 3,4, Supplementary
Figs. 3–6). Then we demonstrate the power of the model to explain
a range of physiological and behavioral phenomena, including
the roles of the indirect/direct pathway and reward prediction
error (RPE) (Fig. 5, Supplementary Fig. 7). Finally, we speculate how the
model might explain behavioral phenomena observed in psychiatry
(Figs. 6, 7, Supplementary Figs. 8, 9) and suggest future experiments
(Supplementary Fig. 10).

Results
Model description
Ourmodel describes howphysiological interactions between elements
of a striosome-centered circuit inform decision-making (Fig. 1a, b, for
extended reasoning behind our choice of circuit elements, see Sup-
plementary Note 2; for extended documentation of the model, see
Analyzed instances of the model, Methods). Depending on the
purpose of our analysis, we either consider the dynamics of the circuit
over the span of the decision or assume, for simplicity, that the circuit
elements express constant activities across the short decision period
(Fig. 1c, Supplementary Fig. 1).

In the model, striatum-projecting cortical neurons that encode
mixed information serve as the input to the modeled circuit. We
assume for the purpose of ourmodel that the informationpassed from
the cortex to each striatal compartment is roughly similar (in actuality,
there is much overlap with some differences, see Supplementary
Table 1 and Supplementary Note 3). The cortical neurons synapse on

Table 1 | Terminology

Term Definition

GPi Globus pallidus internus

GPe Globus pallidus externus

LHb Lateral habenula

RMTg Rostromedial tegmental nucleus

daSNC Dopaminergic neurons of the substantia nigra compacta

FSI Striatal fast-spiking Interneuron

SPN Striatal projection neuron

sSPN Striosomal striatal projection neuron

mSPN Matrix striatal projection neuron

dsSPN Direct pathway striosomal striatal projection neuron

isSPN Indirect pathway striosomal striatal projection neuron

dmSPN Direct pathway matrix striatal projection neuron

imSPN Indirect pathway matrix striatal projection neuron

BG Basal ganglia

Decision-dimension An axis of the coordinate system with which SPNs (dsSPNs, isPSNs, dmSPNs, imSPNs) process cortical activity. Subpopulations of SPNs (for
each dsSPNs, isSPNs, dmSPNs, imSPNs) encode data along different decision-dimensions. Cortical activity is linearly mapped to this basis of
decision-dimensions such that the activity of a single cortical neuron is no longer encodedbya single SPN.Certaindecision-dimensionsmight
correspond more predominantly, for instance, to reward level, cost level, or novelty level, as encoded across multiple cortical neurons.
Decision-dimensions are modeled as the principal components of cortical activity. For additional details, see Decision-dimensions and
decision-space, Methods.

Decision-space The subspace produced by the decision-dimensions which are selected by the circuit to be used during a decision. Decision-space is formed
whendopamine releases tomatrix striatal projection neurons (dmSPNs and imSPNs), signaling that certain decision-dimensions are important
and others are unimportant, and therefore can be excluded from the subspace.

Action value Value assigned by the circuit to an action

Inaction value Value assigned by the circuit for refraining from an action

Prediction error The difference between expected and observed information along a data axis (for instance, reward prediction error, punishment prediction
error, or novelty prediction error)

Circuit activity The set of average activities of each circuit element during a decision

Advantage The degree to which a circuit activity is preferred. Used in our analysis of the change in circuit activity between trials.
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subpopulations of proximate SPNs which have been found to each
encode distinct information34. During this process, fast spiking inter-
neurons (FSIs) perform a normalization operation (Supplementary
Fig. 2a). Mathematically, we represent this as a matrix WP dictating
cortex-SPN connection weights for each pathway P (direct or indirect)
mapping cortical activity xP to the coordinate space of sSPNs, where it
undergoes divisive normalization by FSI activity cP and a shift in
activity bsSPN to form sSPN activity ssSPN,P:

ssSPN,P =
1
cP

WT
PxP +bsSPN ð1Þ

Information from sSPNs is then passed to dopaminergic neu-
rons of the substantia nigra compacta (daSNC). daSNC neurons,
like sSPNs, have been shown to be organized topologically into
subpopulations that each encode distinct information35. Experi-
mental evidence suggests that signals are passed from sSPN sub-
populations to daSNC neurons in three ways (see Supplementary
Table 1): A (dsSPN→daSNC). Subpopulations of dsSPNs inhibit
daSNC subpopulations directly via dendrite bouquets36. Thus, in
our model, each dsSPN subpopulation inhibits a corresponding
daSNC subpopulation. B (isSPN →GPe→daSNC). isSPNs send sig-
nals to daSNC neurons via GPe16, which inhibit daSNC subpopula-
tions. Thus, in our model, each isSPN subpopulation disinhibits a
corresponding daSNC subpopulation. C (dsSPN →GPi → LHb →
RMTg→daSNC). GPi integrates signals from many sSPN sub-
populations through synapses that release both GABA and
glutamate37, and the LHb, when activated by GPi, powerfully inhi-
bits multiple of the dopaminergic subpopulations via RMTg38,39.
So, in our model, shifts in this pathway lead to a shift across all
daSNC subpopulations. Mathematically, we represent the three
circuits as daSNC combining activity from sSPNs SsSPN,P (with
connection weights wsSPN!daSNC, i,P corresponding to each
decision-dimension i and pathway P) with RMTg activity, GPe
activity zGPe,P (only for the indirect pathway), and an additive shift
zdaSNC, i,P :

daSNCi,P =
1

1 + expðwsSPN!daSNC, i,P � ðssSPN, i,P + zGPe,PÞ+RMTg� zdaSNC, i,PÞ
ð2Þ

In addition to sSPNs, there are subpopulations ofmSPNs, termed
matrisomes4, that densely surround sSPN subpopulations. In our
model, we hypothesize that these sSPN and mSPN subpopulations
communicate with one another via dopamine release from the corre-
sponding daSNC subpopulation (there are other sSPN→mSPN con-
nections that we do not model that play more local roles, see
Supplementary Note 4). There are multiple groups of these function-
ally connected sSPNs, daSNCs, and mSPNs. In the model, when a
daSNC subpopulation is active, dopamine is released to the corre-
sponding sSPN and mSPN subpopulations, resulting in enhanced or
inhibitedmSPN reception of cortical signal among the subpopulations,
as shown in experimental work40. Mathematically, mSPN activity is
defined similarly to sSPN activity, but for a diagonal matrix SP corre-
sponding to the dopamine release that probabilistically defines the
decision-space, with PðSP, ii = 1Þ = daSNCi, P :

smSPN, P =
1
cP
SPWP

TxP ð3Þ

mSPNs have been found to be primarily involved in motor functions,
projecting to regions including the GPi, SNr, and then to brainstem
motor programs41. SPN activity (which is predominantly mSPN) has
been shown to contribute to action selection and initiation42. The
directpathwayhas generally been implicated inpromoting actions and
the indirect pathway in preventing actions43. So, in our model, the

output of the mSPN circuit is the definition of action values (the value
of performing various actions, encoded by the direct pathway) and
inaction values (the value of refraining from those actions, encoded by
the indirect pathway) by mSPN signals on route to downstream
regions.Mathematically, values vj,P (for each action/inaction j, pathway
P) are defined based on mSPN activity, internal coefficients βj,P, and
priors αj,P (which are set to arbitrary values that are constant across
analyses, see Common parameters, Rationale behind parameter
choices, Methods):

vj,P =
1

1 + expð�βj,P smSPN, P � αj,P Þ
, ð4Þ

Based on these values, actions are either performed or refrained
from over time. We model this using a Merton process model44 where
the first process to hit a threshold is enacted (direct pathway) or
refrained from (indirect pathway). This model functions similarly to a
drift-diffusion model45, which has been used to model decisions
including in the basal ganglia46, but is scaled to the case where more
than two actions can be taken. See Defining choice, Methods.

Thus, our model is constructed based on the anatomy and phy-
siology of the striosome-centered circuit. The physiological descrip-
tion also produces a simple and convenient geometric interpretation
(Fig. 2a, b). If we let each SPN and daSNC subpopulation encode the
principal components of cortical activity, suchas couldbe learned via a
modified Oja’s rule47, then the columns ofwP become orthogonal. So,
each SPN subpopulation can be thought of as encoding information
along an axis of Euclidean space. We term these axes “decision-
dimensions” and have evidence that they correspond to constructs
such as reward, cost, or novelty (discussed in more detail below).
Because, in the model, dsSPNs and isSPNs form subpopulations
separately, there is one set of decision-dimensions corresponding to
the direct pathway and another set corresponding to the indirect
pathway. We suggest that when dopamine is released to SPNs, selec-
tively enhancing the reception of the cortical signal, decision-
dimensions are effectively prioritized. Therefore, cortex, striosomes,
and dopaminework together to form a “decision-space”, only focusing
on decision-dimensions that are necessary to solve the task at hand. In
this light, sSPN and daSNC, via pairs of connected subpopulations that
process information in parallel, serve the functional role of selecting
precisely which decision-dimensions should receive high priority. In
particular, dsSPNs select which direct pathway decision-dimensions to
use, and isSPNs select which indirect pathway decision-dimensions to
use (Fig. 2c, d, discussed in detail in Functional roles of dsSPNs,
isSPNs, dmSPNs, and imSPNs). On the other hand, GPi, LHb, and
RMTg, by prioritizing or deprioritizing all daSNC subpopulations
together, determine precisely how many decision-dimensions should
be used (Fig. 2e–g, Supplementary Fig. 2b–i).

Importantly, the advantage of this formation is not only con-
ceptual, but practical for linking physiology to decision-making
(Fig. 2h, Supplementary Fig. 2j–p). Distinct sSPN and/or daSNC sub-
populations have been found to encode, for instance, reward12,14,15,35,
cost12,14,15,35, or novelty48. Thus, we might imagine that decision-
dimensions could correspond loosely to reward level, cost level, or
novelty level. If this is the case, a logical prediction of themodel arises:
we would expect a low-dimensional decision-space to be formed
during a simple choice (e.g. between two rewards) and a high-
dimensional decision-space to be formed during a more difficult
choice (e.g. between offers which each have benefits and costs that
must be weighed in order to solve the problem). This hypothesis, if
proven, would allow us to infer the decision-spaces of behaving
rodents or humans simply by regressing sSPN activity on experimental
parameters (for example, temperature or music volume), as we
demonstrate using synthetic data (Supplementary Fig. 2q, r). For
example, a significant correlation between sSPN activity and novelty
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level would indicate the existence of a decision-dimension that cor-
responds roughly to novelty (Inferring decision-space from SPN
activity and choice, Methods). We sought to determine if this
hypothesis is supported by experimental physiological data collected
during decision-making.

Support for the model: context-dependent sSPN physiology
matches model predictions
We began by asking whether the results of the physiological sSPN
literature support a link between the decision-space (which ourmodel
postulates is driven by sSPN activity) and task difficulty (inferred from
experimental inputs, for instance, a simple task with reward only ver-
sus a difficult task with conflicting rewards and costs). We began with
the experimental literature on sSPNs. In one experiment11, sSPNs were
optogenetically stimulated (or inhibited) during a rodent conflict
decision-making task. Per our model, this should cause inhibition
(or disinhibition) of daSNC neurons, leading to reduced (or enhanced)
dopamine release to SPNs, producing a lower- (or higher-) dimensional
decision-space. Indeed, the stimulation led to choices indicative
of decision-making using few informational dimensions, while inhibi-
tion led to choices indicative of decision-making using multiple
informational dimensions (Fig. 3a, b, Supplementary Fig. 3a, Effect of
sSPN activity on decision-space and Effect of decision-space on
choice,Methods). A second experiment11 tested, reversely, the activity
of striosomes during simple versus difficult tasks. As the model
expects, striosomal activity during simple tasks resembled the
levels observed during optogenetic excitation, whereas striosomal
activity during difficult tasks resembled the levels observed during
optogenetic inhibition (Fig. 3c, Supplementary Fig. 3b–d). In
another study, striosome activity was lower among rodents that
learned a difficult reversal learning task than among rodents that
did not10. Thus, there appears to be a relationship between sSPN
physiology and task difficulty in the direction expected by
our model.

Support for the model: context-dependent sSPN-mSPN syn-
chrony matches model predictions
Importantly, the result above does not distinguish our model from
the alternative, simpler explanation that sSPNs might collectively
encode task difficulty. We could term such a model a “conflict
model”, where sSPN activity tracks the overall conflict present in a
task (see Supplementary Table 2). To determine whether it was
changes to sSPN subpopulations driving the overall change in sSPN
activity (i.e. decision-space), rather than a general effect, we analyzed
the paired activities of sSPNs during simple versus difficult tasks
using the Corticostriosomal Circuit Stress Experimental database3.
We hypothesized that a greater number of sSPNs and mSPNs would
be functionally connected during difficult tasks. This prediction
arises from the circuit connectivity in our model, where sSPNs are
functionally connected to mSPNs via daSNC, and each additional
prioritized subpopulation causes more sSPN→daSNC→mSPN mod-
ulation (Fig. 3d). This could be observed, for instance, as an increase
in striosome and matrix correlation as decision-space increases. This
hypothesis is also inspired by the observation that striosome and
matrix activity has been found to roughly track one another over
time in a difficult task13.

To test this, we analyzed the synchrony between striosome
neurons and matrix neurons during simple decisions (that forced
choice between either two rewards or two costs) and during diffi-
cult decisions (that forced choice between offers that contained
both rewards and costs together; see Supplementary Note 5). We
measured synchrony as the cross-correlation between sSPN activity
and mSPN activity over the period of the task. To control for pos-
sible physiological differences across the phases of the rats’
movements, we also developed a custom tool that uses Granger

causality tomeasure how neurons interact over the span of the task
(see Connected SPNs through Granger causality, Methods). Per
both metrics, synchrony was significantly higher in the difficult
task. Further, synchrony scaled with the difficulty with which the
rats treated the difficult task, as measured based on deliberation
time; that is, given different deliberation times for individual rats,
given the same difficult decisions, longer deliberation times cor-
related with greater synchrony (Fig. 3e, Supplementary Fig. 3e–n,
Connected SPNs through cross-correlation, Methods). Thus,
rather than sSPNs encoding conflict in their general level of activity,
there appears to be an important relationship between sSPN and
mSPN subpopulations during high-conflict tasks. Our analysis does
not confirm that sSPNs have a causal effect on mSPNs. However, if
this is assumed, the evidence suggests enhanced modulation of
mSPN subpopulations by sSPN subpopulations during the difficult
tasks, that is, a formation of a higher-dimensional decision-space.

Support for the model: Dimensionality reduction from the cor-
tex to SPNs
Notably, the synchrony analysis above demonstrates the use of
subpopulations during context-dependent decision-making, but it
does not test whether those subpopulations correspond to
decision-dimensions. There is, however, evidence that SPNs
encode what we term decision-dimensions. Experimental work has
demonstrated that distinct SPN subpopulations encode different
information, and that these subpopulations persist across days34.
Further, our analysis suggests that dimensionality reduction occurs
from the cortex to SPNs, as it does in ourmodel during themapping
of information to a basis of decision-dimensions. Cortical neurons
had the most coordinated activities over time (measured as effec-
tive correlation49), then FSIs, followed by sSPNs and mSPNs (Fig. 3f,
Analyzing neural dimensionality reduction, Methods). This
would suggest a higher-dimensional representation in cortex,
where neurons encode similar information over time, than in the
downstream regions, where information is compactly encoded in
neurons that behave differently over time. Thus, it seems that
cortex→SPN dimensionality reduction occurred during the tasks,
like in our model the mapping from high-dimensional cortical
information to a basis of SPN decision-dimensions.

Support for the model: Strong alignment to the experimental
literature on SPNs compared to alternative models
Up until this point, the analysis is based on a selection of experimental
literature relating sSPN activity to mSPN activity and choice. We
wished to test the model more broadly using a range of experimental
results. To this end, we devised five tests that link sSPN activity to
choice, each verifiablewith experimental literature, thatmight support
or reject the decision-space model (Supplementary Fig. 3o–x, Sup-
plementary Table 2). As benchmarks, we also constructed, from roles
commonly assigned to sSPNs, four alternative models in which sSPNs
only encode 1) conflict, 2) subjective value, 3) prediction error, or 4)
actions. We found that while the alternative models each can be used
to interpret a subset of the experimental evidence, only the decision-
space model aligned to the breadth of it (Supplementary Table 3). A
selection of experimental studies on GPi, LHb, and daSNC also align
with the decision-space model (see Supplementary Tables 4–7), thus
offering a new lens through which to interpret their functions.

Inability to form a high-dimensional decision-space in disorders
We next applied our model to the experimental literature on neu-
ropsychiatric disorders, wondering if it could offer insight into dis-
orders associated with sSPN changes. Interestingly, in an experimental
studyon chronic stress3, sSPNswere hyperactive compared to controls
during themost difficult task but less affected during the simpler tasks
(Fig. 4a). Meanwhile, the rodents were less adherent to reward level
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only in the difficult task, suggesting dysfunction in processing reward
and cost together (Fig. 4b, c, Effect of decision-space on choice,
Methods). Thus, we wondered if post-stress sSPN hyperactivity could
cause altered choices due to a reduction in the dimensionality of the

decision-space, similar to the model in Fig. 3b where optogenetic
excitation reduced the decision-space in controls.

Our analysis supports this. Animals made decisions in the cost-
benefit conflict task more quickly after stress, as if the task were less
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difficult (Supplementary Fig. 4a–d, Defining decision difficulty by
task, Methods). Meanwhile, after stress, choices involving
both reward and cost no longer had more functionally connected
sSPNs and mSPNs than the simple tasks, suggesting a change to the
decision-space as well as a general shift in activity. In fact, synchrony
was similar across tasks and to the simple tasks for controls (Supple-
mentary Fig. 4e–i). Thus, after stress, the rodents both showed both
neural signatures aligned with a low-dimensional decision-space
and choices aligned with processing of information in a low-
dimensional way.

The inability to form a high-dimensional decision-space can also
explain a counterintuitive finding that stress causes rodents to prefer a
reward-cost combination over a reward presented without cost (Sup-
plementary Fig. 4j, Changes to choice after adding cost to a reward
offer, Methods). In classic economic theory, the addition of cost to a
reward typically makes a commodity less attractive50 and thus our
observation cannot be readily explained. In contrast, the decision-
space model offers a simple explanation: cost can increase offer
attractiveness in instances where cost level causes a transition from a
default low-dimensional decision-space to a higher-dimensional

d fe

low sSPN activity

high sSPN activity

reward-
predominant
decision-dim.

cost-
predominant
decision-dim.

novelty-
predominant
decision-dim.

simple task

difficult task

c

0 1Modeled % choosing 
high cost, high reward

0

60

Si
m

. c
ou

nt

      Opto excitation of sSPN
(decision-space not formed)
              

     Control (1D)              

ba

−1 1sSPN activity (arb. u.)
0

1

Pr
ob

ab
ilit

y

decision-space not formed
1D decision-space formed
2D   "   "   formed
3D   "   "   formed
4D   "   "   formed

optogenetic
excitation

optogenetic
inhibition

Difficulty
(skewness of deliberation 

time distribution, dimensionless)

Fu
nc

tio
na

l s
SP

N
-m

SP
N

 c
on

ne
ct

iv
ity

(M
ot

ifs
 p

er
 tr

ia
l)

1.2

0
0 16

BB

CBC

NCB

CC

      Opto inhibition of sSPN
(multi-D decision-space)

along decision-dim. 1
(e.g. reward-predominant)

along decision-dim. 2
(e.g. cost-predominant)

along decision-dim. 3
(e.g. novelty-predominant)

0 4Decision-space
dimensionality

0

1

Pe
ar

so
n 

co
rre

la
tio

n,
 s

SP
N

-m
sS

PN
 (r

²)

0

4
sSPN

0

4

Ac
tiv

ity
 (a

rb
. u

.) mSPN, 1D decision-space

0 1Time (arb. u.)

0

4
mSPN, 2D decision-space

total activity

PL
FSI

mSPN
sSPN

Neuron type

4

0

        1

Eff
ec

tiv
e 

co
rr

el
at

io
n

n=
19

3

n=
10

6

n=
60

n=
36

Δ sSPN activity ↔ Δ choice

Δ decision-space ↔  Δ sSPN - mSPN synchrony Cortex to SPN 
dim. reduction

sSPN exc. mSPN exc.
sSPN exc. mSPN inh.

sSPN inh. mSPN exc.
sSPN inh. mSPN inh.

Fig. 3 | Evidence of decision-space formation in sSPNs andmSPNs. a Changes to
striosome (sSPN) activity, for instance during optogenetic manipulation, cause
changes in the modeled number of decision-dimensions used to form decision-
space. In the analysis, bsSPN in eq. 1 is incremented from −1 (low activity) to 1 (high
activity).bMore consistent choices aremade at lower sSPNactivity. 100choices are
simulated for each of the three decision-space scenarios. Modeled choices are
made between a high-cost, high-reward option and a low-cost, low-reward option.
Themulti-D decision-space applies rules for both reward and cost, the 1D decision-
space rules about only reward, and the “decision-space not formed” case applies
neither. Then action values and choice are derived. c An sSPN subpopulation has
reduced activity when it is used to form decision-space. Therefore, mean sSPN
activity is different in simple tasks requiring low-dimensional decision-space versus
difficult tasks requiring high-dimensional decision-space. d When a one-
dimensional decision-space is formed, sSPN (top-left panel) and matrix (mSPN;
middle-left) activities have low correlation over time. Asmore decision-dimensions
are used to form the decision-space, sSPN and mSPN activities increasingly corre-
late (bottom-left). Pearson’s correlation between sSPN and mSPN activities (right

panel). e Experimental data showing that task difficulty (measured through skew-
ness of the deliberation time distribution, (dimensionless units) increases with
functional sSPN-mSPN connectivity (measured through Granger causality) during a
decision. Tasks: NCB = non-conflict cost-benefit (14 sSPNs, 260 mSPNs), CC = cost-
cost (46 sSPNs, 400 mSPNs), BB = benefit-benefit (83 sSPNs, 1246 mSPNs), CBC =
cost-benefit conflict (84 sSPNs, 717 mSPNs). The CBC task has significantly more
motif counts per trial (p < 0.003, significance assessed via a permutation test
comparing actual motif counts to those derived from repeatedly shuffling the trial
data). Source data are provided as a Source Data file. f Experimental data show that
simultaneously recorded striatal projection neurons (SPNs) have less correlation
(measured as effective correlation) than fast-spiking interneurons (FSIs) or pre-
limbic cortical neurons. This indicates dimensionality reduction from cortical
neurons to SPNs. Significances of difference from cortical neurons: FSI p < 10-18,
mSPN p < 10-45, sSPN p < 10-63 (two-sided two-sample t-test for each comparison). ‘n’
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decision-space, as we hypothesized is the case after stress in Fig. 4b, c.
In these cases, the rules encoded bymSPNs canassign a higher value to
accepting versus avoiding an offer when reward and cost are con-
sidered rather than only reward (Fig. 4d, e). In other cases, decisions
are predicted to resemble those predicted by classic theory, for
example in cases where either a one-dimensional (as in Fig. 4d) or two-
dimensional (Fig. 4e) decision-space is used across cost levels.

Cortex→FSI connectivity is impacted by chronic stress3 (Supple-
mentary Fig. 4k–r, Analyzed cortex-FSI connectivity and Modeled
cortex-FSI connectivity after stress, Methods), leading to hyper-
active sSPNs. Our model suggests that this causes the formation of a
lower-dimensional decision-space (Fig. 4f, g), which would lead to
lower variance and higher mean activity of SPN subpopulations (Sup-
plementary Fig. 5). Notably, the cortex→FSI connection is also impac-
ted in Huntington’s disease and aged rodents10, raising the possibility
that an inability to form a high-dimensional decision-space during
difficult decisions is a feature of multiple health conditions. Support-
ing this hypothesis, a model where Huntington’s disease and aged
subjects use a lower-dimensional decision-space produces action
values that follow the trend of experimental choice (Fig. 4h, Effect of
decision-space on choice, Methods).

Interestingly, our model expects a low dimensional decision-
space to be beneficial in disorder conditions. A feature of chronic
stress3 and schizophrenia51 is reduced cortical signal-to-noise ratio
(SNR) and disrupted cortical signaling. In these conditions, a low
dimensional decision-space is theoretically optimal because only
the highest-priority decision-dimensions carry enough signal to
outweigh the drawback of noise (Supplementary Fig. 6, Effect of
cortical SNR on choice, Methods). Our analysis raises the possi-
bility that FSIs help steer the circuit towards a helpful decision-
space in disorders.

Functional roles of dsSPNs, isSPNs, dmSPNs, and imSPNs
sSPNs and mSPNs have been found to be distributed between the
direct and indirect pathways of the striatum24,52,53, with dopamine
release differently affecting sSPNs versus mSPNs and also dSPNs ver-
sus iSPNs20,40,54. Various neuropsychiatric disorders are associatedwith
disturbed sSPN versus mSPN2 and direct versus indirect pathway
balances33. Thus, the compartments likely play distinct functional roles
in decision-making, including in disorders.

Because dsSPNs connect to dmSPNs through daSNC in our
model, and isSPNs to imSPNs through GPe and daSNC, two
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decision-spaces are formed in parallel, one related to each pathway
(Fig. 5a, Supplementary Note 6). Thus, based on the functional
roles we assign to the pathways, the circuit uses a direct pathway
decision-space to determine whether to perform an action and an
indirect pathway decision-space to determine whether to refrain
from it. dsSPNs influence the direct pathway decision-space while
isSPNs influence the indirect pathway decision-space, and dmSPNs
promote actions while imSPNs discourage actions (Fig. 5b–e,
Modeling time-variant input, Methods). The circuit uses these
compartment-specific mechanisms to calculate which actions
should be performed with one set of decision-dimensions and
calculate which actions should not be performed with another.

The answers to these questions might overlap. For instance, the
direct-pathway and indirect-pathway space should provide diver-
gent answers to the value of consuming cocaine based on
the dimensions they prioritized; the former, focusing on reward,
might assign it great value while the latter, focusing on cost, might
assign great value to not consuming it. When balances between
the direct versus indirect pathways and striosome versus
matrix changes, this calculus changes. For example, it has been
found that dopamine release is enhanced to sSPNs versus mSPNs
after cocaine administration55 and simultaneously dSPNs are
enhanced in the short-term and iSPNs over longer-term scales of
time56. This might lead to a high-dimensional direct-pathway
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f, g SPNs signal prediction errors. Cortical input (e.g., a bell) predicts a reward, and
the actual reward (e.g., chocolate milk) at 2.5 s is higher (f, positive error) or lower
(g, negative error) than predicted. Specific dsSPN, isSPN, dmSPN, and imSPN
subpopulations related to reward reflect this error.h Simulations varying expected
versus observed reward (−1 to +1) show these SPN populations change activity
roughly proportionally to the prediction error. i 1.25 s pulses of input from the
cortex (bottom panel) are applied along the four decision-dimensions in succes-
sion, testing the circuit’s ability to rapidly prioritize or deprioritize decision-
dimensions. A dynamic dsSPN→daSNC connection allows rapid de-prioritization of
unneeded dimensions via a “rebound” effect, where daSNC activity surges above
baseline after dsSPN inhibition. This rebound is absent in a “no rebound” scenario.
The mechanism involves the weakening with prolonged sSPN inhibition. Then,
when sSPN finally signals a dimension’s unimportance, daSNC’s reception of this
signal is enhanced.
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decision-space but pruning of ordinarily important decision-
dimensions from the indirect pathway decision-space, producing
a reduction of nuance in determining when to avoid actions and
heightened impulsivity.

Indeed, the model’s interpretation of the two parallel decision-
spaces offers an intuitive explanation for a range of experimental
observations on the direct versus indirect pathway. For example, our
model replicates the experimental observations that increased dopa-
mine leads to riskier and quicker decisions and preference for nearby
offers, in time or physical proximity, compared to distant offers
(Supplementary Fig. 7, Supplementary Table 7, Effect of dopamine on
action/inactionvalues and Effect of decision-dimensionson choice,
Methods).

Prediction error encoding is an emergent property of themodel
A range of experimental studies have shown that SPN activities track
prediction errors12,57. This observation has led to hypotheses that SPNs
encode a function related to prediction errors in a reinforcement
learning framework12. The decision-space model offers a different
explanation. In our model, the weights from cortical neurons to SPNs
naturally separate cortical information by their associations. For
instance, if a bell tends to sound when a subject drinks chocolatemilk,
both stimuli, even if they arrive from different cortical sources, will
likely be mapped to the same reward-related decision-dimension as
synapses adjust per Oja’s rule. Less reliable cues are expected to
develop mappings with smaller weights. Therefore, the activities of
reward-related SPNs may rise when cues predicting rewards appear
and fall when cues predicting less reward appear. A sudden change to
reward information, for instance a predictive cue, should thus lead to a
sudden change in the activity of an SPN subpopulation related to
reward, and this change in activity should resemble a prediction error
(Fig. 5f–h). Thus, in contrast with the more traditional interpretation
whereSPNs internally encode a temporaldifference value function, the
decision-space model suggests that the mapping of cortical activity to
the basis of striatal decision-dimensions is sufficient to track predic-
tion error in many cases, without additional computational work per-
formed by the SPNs.

Both interpretations can be used to explain much of the experi-
mental evidence, although the interpretation of the decision-space
model may more closely align to recent experimental data (Supple-
mentary Tables 2, 3). Ourmodel alsomay provide a functional rational
for the observation that separate SPNs encode data along different
informational axes12,14. In fact, ourmodel expectsmore of these axes to
be uncovered by future work. We might expect, for instance, a cue
predictive of the novelty of an object to produce an immediate change
in activity of an SPN subpopulation related to novelty.

How might the circuit respond in cases where new information
diverges sharply from expectations? Our model predicts that in these
cases, sSPNs will signal to daSNC that a decision-dimension should be
reprioritized, effectively adding or removing the dimension from the
decision-space. Interestingly, the circuit has an inherent physiological
mechanism to quickly transition away from a decision-space that is no
longer optimal. Experimental evidence has identified rebounds in
daSNC activity21 and striatal dopamine release18 after sSPNoptogenetic
stimulation. Our model suggests that these observations are part of a
system by which the circuit can rapidly de-prioritize a decision-
dimension after a negative prediction error (e.g. less reward than
expected). Thus, the circuit is able to quickly shift to a more helpful
decision-space (Fig. 5i). During learning, these shifts between decision-
spaceswill occurwhen the subject is surprised to encounter adecision-
dimension that does not align with their experience. For instance,
during a reinforcement learning T-maze task, the decision-space will
shift when the two options are suddenly reversed (Supplementary
Fig. 7j–l). These shifts occur during the trials where there are the

largest RPE. So, shifts in the decision-space might not only align with
RPEs in magnitude, but might be coordinated with RPEs over time.

Discussion
We found evidence, through experimental literature and our analysis
of neural recordings, to support our hypothesis that modeled phy-
siological patterns in SPN activity (the decision-space) can be used to
predict patterns in decision-making, and vice versa. This supports our
model of the roles of striosomes and matrix neurons of the direct and
indirect pathways in context-dependent decision-making.

Due to the circuit’s important role in decision-making processes,
including in neuropsychiatric disorders, our model provides a frame-
work with which to study decision-making phenomena commonly
observed in psychiatry. An important prediction of our model is var-
iance in context-dependent decisions, between individuals and over
time (Fig. 6a–d, Supplementary Fig. 8a–e, Effects of sSPN, LHb, and
daSNC activity on choice profiles, Methods). Individual differences in
decision-making as a function of disorders, as seen in the experimental
literature58–60, could arise in cases where there are slight differences in
activity of the circuit we model, leading to similar decision-making
phenotypes only when a similar decision-space is formed. Daily variance
in decision-making, a common observation in pscyhology61, could arise
from daily variance in circuit activity, causing day-to-day variability in
the decision-spaces formed most often. Further, differences in circuit
activity may explain the established inter-individual differences in the
severity of psychiatric disorder symptoms observed during decision-
making62,63. Individual differences in disorder susceptibility could arise
from reliance upon or avoidance of a decision-space that leads to
extreme decision-making tendencies (e.g. extremely action-heavy,
extremely risk-averse) when combined with abnormal action value rules
in mSPNs (Fig. 6e and Supplementary Fig. 8f).

Our model serves as a framework for forming hypotheses about
changes to the circuit across days and weeks, including during neu-
ropsychiatric disorder progression. Our model expects the circuit to
adapt between trials as it adjusts to more frequently form a preferred
decision-space (Fig. 7a–f, Effect of initial circuit activity on future
trials, Methods). So, vulnerability or resilience to disorders can be
framed as an adaptation that is favorable (e.g., to adeptly form a high-
dimensional decision-space) or maladaptive (e.g., to only form a low-
dimensional decision-space, regardless of decision context). Depend-
ing on its initial activity, a modeled circuit can adapt to reach very
different activity, leading to disposition to either a high- or low-
dimensional decision-space (Fig. 7g and Supplementary Fig. 9a). Thus,
differences in the circuit before exposure to a traumatic event, for
instance, may explain why two subjects that encounter the same
traumatic event do not always develop the aberrant decision-making
symptoms of post-traumatic stress disorder (PTSD)64. It may also
shed light on the neural processes underlying incubation of fear65

and incubation of craving66, where disorders progress over the
span of weeks or months, even when the traumatic event or
addictive substance does not reappear (Supplementary Fig. 9b–d,
Effect of altered advantage score on future trials, Methods). By
representing the role of SPNs in a compartment-specific way, our
model facilitates understanding of disorders that affect striosomes
and matrix differentially.

Our model carries several limitations, including its limited focus
on a dorsomedial striosomal circuit and certain physiological
assumptions (Supplementary Notes 1-4). We limit our focus to a spe-
cific circuit that has been implicated in decision-making, rather than
attempting a unifying theory of basal ganglia function or decision-
making encoding across the brain (Supplementary Note 2). While we
demonstrate alignment to the existing experimental evidence in
Figs. 2 and 3 and Supplementary Tables 2–7, future experiments
(outlined in Supplementary Fig. 10) will be required to confirm the
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assumptions we make. Despite these limitations, our model has
demonstrated success in relating neural activity to decision-making
across a range of behavioral tasks and has the power to explain a range
of phenomena, from neural processes to psychiatric observations.
Additionally, we expect it to serve as a foundation for future work on
other brain regions like substantia nigra and other pathways such as
are formedby arkypallidal neurons of theGPe (SupplementaryNote 7).
Finally, it adds precision to other models (Supplementary Note 8),
including reinforcement learning models of the basal ganglia (Sup-
plementary Note 9).

Methods
Outline

• Decision-dimensions and decision-space. Explanation of the
foundational concept of the model.

• Analyzed instances of themodel.We conduct our analysis using
three instances of the conceptualmodel. In the following sections,
we formally define the model in each instance, then detail the
methods behind our related analyses.

Instance 1: full connectivity and feedforward. Related to
Figs. 2–4, 7, Supplementary Figs. 2–4, 7, 8. Used to link neural
activity, the decision-space, and choice.

Modeled circuit manipulation using Instance 1.
Instance 2: sparse connectivity and feedforward. Related to
Supplementary Fig. 5. Used to demonstrate how a large network
might encode the decision-space.
Modeling SPN encoding of data, using Instance 2.
Instance 3: full connectivity and dynamics. Related to Fig. 5.
Used to demonstrate how the decision-space might form
over time.
Modeling time-variant input, using Instance 3.

• Shifts in the decision-space in a reinforcement learning
task. Reinforcement learning simulations to analyze the differ-
ences between the decision-space model and the classical
reinforcement learning model of the basal ganglia. Related to
Supplementary Fig. 6j–l.

• Movement of circuit activity across multiple trials. An exten-
sion of the model to view possible changes of the circuit between
trials in the context of decision-space. Related to Fig. 7,
Supplementary Fig. 9.

• Reasoning behind the FSImodel.Mathematical choicesmade in
the model of fast-spiking interneurons (FSIs).

• Inferring decision-space from SPN activity and choice. A
methodwedesigned inwhich decision-space canbe inferred from
experimental data. Related to Supplementary Fig. 2q, r.
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Fig. 6 | Differences in the decision space could explain comorbidity, individual
differences, and daily variations. a A decision-space is simulated for various
striosome (sSPN), dopaminergic neurons of the substantia nigra compacta
(daSNC), and lateral habenula (LHb) activities. The circuit forms a bias towards
certain decision-spaces over others, but different decision-spaces can form at the
same circuit activity. b Summaries of overall decision-making profiles across trials
in a T-maze task, scored in six ways, showing that transitions between decision-
spaces can lead to very different decisions. A disorder could produce a bias, for
instance, towards low-dimensional decision-spaces, which would in turn alter the
decision-making profile. Scores are formed by quantifying the trend of action
values across reward and cost levels. Riskiness/safety: treatment of high-reward,
high-cost (or low-cost, low-reward) levels; high/low action: tendency towards high

(or low) action values; exploit/explore: tendency to focus on one action versus
many (see Supplementary Fig. 8c). c, d Differences in circuit activity between
individuals could lead to decision strategies observed at different rates, as is the
case in individuals with disorder comorbidity (c). Further, day-to-day shifts in cir-
cuit activity shifts could cause stark differences in decision strategies betweendays
(d). Cartoon shows the hypothetical use of different decision-spaces for depression
and substance use disorders. e Certain decision-spaces more often lead to action
values that are extreme (ratio formed over 1000 simulations, as scored using the
metrics in c), a feature of disorders. Vector length corresponds to outlier rate
(proportion of scores for each group that fall within the top 10% of observations
across all groups).
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• Testing the model through analysis of neural data. Analysis of
neural data which supports our model. Related to Fig. 3e, f, Sup-
plementary Figs. 3a–n, 4a–p.

Decision-dimensions and decision-space
The physiologies of the circuit elements produce two abstractions
which we use, for convenience, throughout our work:

• A decision-dimension is an axis of the coordinate system with
which SPNs (dsSPNs, isSPNs, dmSPNs, imSPNs; see Table 1 for
anatomical definitions) encode data projected from the cortex. A
decision-dimension is equivalent to a principal component of
cortical activity. In our analysis, separate groups of SPNs encode
data along the first, second, third, and fourth principal compo-
nents. (Arbitrarily, we do not consider principal components
beyond the first four). Each of the dsSPN/isSPN/dmSPN/imSPN
subgroups have neurons corresponding to each of the four
principal components.

• The decision-space is the mathematical space formed by mSPNs
(both dmSPNs and imSPNs) after dopamine signaling from
daSNC. Modeled dopamine signaling determines whether to
include or exclude neurons encoding each decision-dimension

during a decision. Thus, from the mathematical space formed by
all decision-dimensions, a mathematical subspace (i.e. the
“decision-space”) is formed with which to define action values.

We use the prefix “decision” because the circuit uses decision-
space, formed from a basis of decision-dimensions, to define action
values during decision-making.

In our analysis, we give “reward,” “cost”, “novelty”, and “location”
as examples of informational axes that might roughly correspond to
decision-dimensions. These examples follow from the intuition that: 1)
these axes seem to be roughly orthogonal, as are decision-dimensions;
2) these axes are continuous, making representation in decision-
dimensions intuitive. Additionally, the experimental evidence suggests
that some striosomes or daSNC selectively encode reward12,14,15,35,
cost12,14,15,35, or novelty48. Finally, a location-predominant decision-
dimension could explain the experimental observations modeled in
Supplementary Fig. 7i.

In reality, we would not expect any informational axes to align
perfectly with any decision-dimension, although some axes should
logically align with certain decision-dimensions better than others.
(For instance, there must exist a decision-dimension that aligns with
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reward level the most out of any decision-dimension.) Also, note that
while we refer to, for instance, a “reward-predominant” decision-
dimension, this does notmean that it is expected to track only reward.
Instead, many other axes of data might roughly align with it, including
reward level. For example, a decision-dimension that roughly corre-
sponds to reward might also be found to track information about the
color green, or the pleasantness of a smell, or the sound of a bell. We
can imagine that a variety of other information might also map to
decision-dimensions. For example, information about social dom-
inance, the desire to replicate, exploration, and morality might be
found along different decision-dimensions.

In our equations (e.g. eq. 2), we use the index i to refer to the sSPN,
daSNC, or mSPN population corresponding to a certain decision-
dimension (out of q total decision-dimensions in eachof the direct and
indirect pathways). Meanwhile, we use the index j to refer to a certain
action (out of k total actions).

Analyzed instances of the model
Thegeneral caseof themodel (althoughnot formally used for analysis)
is a dynamic network of cortical neurons, FSIs, dsSPNs, isSPNs, GPi,
LHb, daSNCs, dmSPNs, imSPNs, and mSPN-projecting neurons which
encode action values.

We conduct our analyses using three instances of this general
case, which are each equivalent to the general case under the specific
conditions we outline. The three instances, tailored to our various
analyses, each allow for a different mathematical simplification. This
allowsus to conceptually and formally define the instances individually
in a way that is intuitive and relates directly to our analyses.
1) Instance 1 has full cortex→FSI→ SPN connectivity and constant

activity in each circuit element throughout the decision. In this
instance, the model can be defined equivalently using a smaller
set of network elements and a feedforward network. See Instance
1: full connectivity and feedforward.

2) Instance 2 has constant activity in each circuit element through-
out the decision. In this instance, the model can be defined
equivalently using a feedforward network. See Instance 2: sparse
connectivity and feedforward.

3) Instance 3 has full cortex→FSI→ SPN connectivity. In this instance,
the model can be defined equivalently using a smaller set of net-
work elements. See Instance 3: full connectivity and dynamics.

Instance 1: full connectivity and feedforward
In this section, we describe the instance of the model where each
cortical neuron projects to each FSI, each FSI projects to each SPN (for
dsSPN, isSPN, dmSPN, imSPN), and each cortical neuron projects to
each SPN. Additionally, cortical input to the system does not change
over time, and the activities of other circuit elements do not decay
over time.

This instance of the model leads to a convenient formation of the
model as a circuit of fewer elements (one FSI, one dsSPN, isSPN,
dmSPN, and imSPN per the four decision-dimensions), and no
time component. In this section, we frame this instance mathemati-
cally and then describe our related analysis. See Fig. 1c for a circuit
diagram.

Input: cortical activity. During a decision, a vector of cortical input
xP 2 Rp× 1 enters each pathway P in the network (xdirect to direct
pathway SPNs and xindirect to indirect pathway SPNs). The elements of
xP are the activities of p cortical neurons. Each neuron encodes a dif-
ferent sensory input.

Outputs. We use this instanceof themodel to examine: 1) the activities
of the circuit elements depending on the activities of other circuit
elements (Fig. 2, Supplementary Fig. 2a–i); 2) themodulation ofmSPNs
by dopamine (i.e. decision-space, Fig. 2a, b); 3) action values given

decision-space (Supplementary Fig. 2j–l), and 4) choice given action
values (Supplementary Fig. 2m–p).
1) The activities of circuit elements during a decision are related

to each other based on anatomically realistic connections
(eqs. 1–3, 5, 7).

2) A decision-space is formed probabilistically. The probability of a
given decision-dimension i being used during a decision is
equivalent to the activity of daSNC (see eq. 2), which ranges from
0 to 1. Probabilities are realized in the connection from daSNC to
mSPN (see eq. 3), when each decision-dimension is probabilisti-
cally assigned a weight (in most analyses, either 0 or 1). Decision-
space is defined as the space formed from the basis of decision-
dimensions that were not assigned a weight of 0.

3) Action value is derived based onmSPN activity during a decision.
4) Choice is derived from action values. Action values are treated as

Merton processes44 using eq. 12. Several possible actions are
assigned action values and the corresponding process that hits
the threshold first is enacted.

Defining FSI activity. FSI activity, cP, is set to the magnitude of xP for
each pathway, multiplied by a weight of cortex→FSI connection aFSI,
plus an additive shift bFSI:

cP =aFSI � jjxP jj+bFSI ð5Þ

where:
• cP is relative activities of FSIs that project to SPNs of pathway P
(activity arb. u.)

• aFSI is the weight of cortex→FSI connection. Similar for both P.
(dimensionless)

• xP is the activities of cortical neurons that project to SPNs of
pathway P. (activity arb. u.)

• bFSI affects the relative activity of all sSPN neurons. Similar for
both P. (activity arb. u.)

In the current instance of the model, there are 2 FSIs, one that
receives input fromxdirect andprojects to dsSPNs anddmSPNs, and the
other that receives input from xindirect and projects to isSPNs and
imSPNs.

For use in our analysis, see https://github.com/dirkbeck/DM_
space_model/blob/main/algorithmic_model.m.

Defining sSPN activity. To get the activities of sSPNs in each pathway,
xP is normalized via division by cP andmultiplied byWP 2 Rp×q, which
linearly transforms and reduces cortical input from the p-dimensional
coordinate space of cortex to the smaller q-dimensional coordinate
space of sSPN. In the sSPN coordinate space, each coordinate is a
principal component of a training set of historical cortical input across
n time steps XP 2 Rn ×p (uncorrelated, for simplicity). For each path-
way,WP contains the truncated first q columns (corresponding to the
first q principal components) of Wfull,P 2 Rp×p after the decomposi-
tion XPX

T
P =Wfull,PΛW

T
full,P is made to obtain the full principal com-

ponent matrix. There is dimensionality reduction on the order of ~100
times from cortex to SPNs (Supplementary Note 3), so q≪p. Note that
in our analysis using the current instance of our model, XP is not
explicitly generated because we specify the inputs to the system in
terms of the coordinate space of decision-dimensions.

For each pathway, the components of an sSPN activity vector
ssSPN,P 2 Rq× 1 each correspond to the activity of an sSPN circuit ele-
ment. A constant bsSPN, used in analyses where modeled sSPN activity
is stimulated or inhibited, adjusts overall sSPN activity:

ssSPN,P =
1
cP

WT
PxP +bsSPN ð6Þ
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where:
• cP is the relative activity of the FSI projecting to SPNs of pathway P
(activity arb. u.)

• WP is a matrix of weights from cortical neurons to SPNs of path-
way P. Each column is equivalent to a principal component of
cortical activity. (dimensionless)

• xP is the activities of cortical neurons that project to SPNs of
pathway P. (activity arb. u.)

• bsSPN affects the relative activity of all sSPN neurons (activ-
ity arb. u.)

In the current instance of the model, activities are defined based
on a feedforward network, so the simplification is made that sSPN
activities are not affected by daSNC activities.

In the current instance, there is one sSPN per decision-dimension
per pathway. So, there are q dsSPNs and q isSPNs. The dsSPNs receive
input from xdirect and cdirect. The isSPNs receive input from xindirect and
cindirect.

For use in our analysis, see https://github.com/dirkbeck/DM_
space_model/blob/main/algorithmic_model.m.

DefiningGPi, LHb, andRMTgactivities. TheGPi→LHb→RMTg→daSNC
pathwayperforms a series of operationswhich influenceRMTg activity
RMTg, which is an input to daSNC activity in eq. 2. Weights
wGPi,P 2 R2q× 1, not necessarily positive, are combined with the activ-
ities of the q dsSPNs and q isSPNs, forming scalar representations of
dsSPN or isSPN activity. zGPi, zLHb, and zRMTg terms reflecting the
activities of those circuit elements are combined with this scalar
representation:

RMTg= zRMTg + zLHb + zGPi � wGPi � ssSPN, direct
ssSPN, indirect

� �
ð7Þ

where:
• zRMTg is an additive shift that affects relative RMTg activity
(activity arb. u.)

• zLHb is an additive shift that affects relative LHb activity (activ-
ity arb. u.)

• zGPi is a coefficient that affects relative GPi activity (activity arb. u.)
• wGPi is the weights of connection from sSPNs of pathway P to the
GPi neuron (dimensionless)

• ssSPN,P is the activity of sSPNs corresponding to decision-
dimension i and pathway P (activity arb. u.)

This pathway contains one GPi element, one LHb element, and
oneRMTg element, as visualized in Fig. 1c. All sSPNelements project to
GPi. GPi activity is an input to LHb, which after the zLHb addition, is an
input to RMTg, which itself has a zRMTg addition. For simplicity, these
series of operations are presented together in eq. 7.

For use in our analysis, see https://github.com/dirkbeck/DM_
space_model/blob/main/algorithmic_model.m.

Defining daSNC activity. daSNC neurons incorporate the output of
the GPi→LHb→RMTg→daSNC pathway with direct inputs from sSPN
elements. There are q sSPN elements of each pathway and q daSNC
elements corresponding to each pathway. For each pathway, the ith
sSPN element connects to the ith daSNC element, but not to other
daSNC elements (see Fig. 1c). These connections have weights
wsSPN!daSNC, i, P for i = 1, 2,…, q. RMTg, on the other hand, connects to
each daSNC element. Only for the indirect pathway, sSPNs connect to
daSNC through GPe. (That is, zGPe, direct = 0). The output of the ith
daSNC element, constrained to between 0 and 1 via a logistic function,

captures the importance of a single decision-dimension:

daSNCi,P =
1

1 + expðwsSPN!daSNC, i,P � ðssSPN, i,P + zGPe,PÞ +RMTg� zdaSNC, i,PÞ
ð8Þ

where:
• wsSPN!daSNC, i, P is the weight of connection from the sSPN corre-
sponding to decision-dimension i and pathway P to the daSNC
corresponding to decision-dimension i andpathwayP. Theweight
is fixed in this instance of the model. (dimensionless)

• ssSPN,i,P is the activity of sSPNs corresponding to decision-
dimension i and pathway P (activity arb. u.)

• zGPe,P is the activity of GPe (activity arb. u.)
• zdaSNC, i, P is an additive shift applied to the daSNC neuron corre-
sponding to decision-dimension i and pathway P (activity arb. u.)

• RMTg is RMTg activity, as defined in eq. 7. (activity arb. u.)

This pathway is modeled using one neuron per decision-
dimension per pathway. So, there are q daSNC neurons that each
receive projection from a dsSPN, and q daSNC neurons that each
receive projection from an isSPN. daSNC elements also receive input
from RMTg.

For use in our analysis, see https://github.com/dirkbeck/DM_
space_model/blob/main/algorithmic_model.m.

DefiningmSPNactivity and the decision-space. In eachpathway, the
decision-space is formedprobabilistically. The conversion fromdaSNC
activity to realization of the decision-space occurs in the connections
from daSNC to mSPN. There are q daSNC elements corresponding to
each pathway and q mSPN elements, and, in each pathway, the ith
daSNC element connects to the ith mSPN element, but not to other
mSPN elements (see Fig. 1c).

Like sSPNs, mSPNs encodes the cortical input normalized by an
FSI and is transformed to a coordinate space of the first q principal
components. The difference is that for each of dmSPNs and imSPNs, a
diagonal matrix SP 2 Rq×q is multiplied by the cortical input after
transformation:

smSPN, P =
1
cP
SPWP

TxP ð9Þ

where:
• cp is the relative activity of the FSI projecting to SPNs of pathway P
(activity arb. u.)

• SP is a diagonal matrix that applies dopamine release (via daSNC
activity) to mSPN activity in pathway P. (dimensionless)

• WP is a matrix of weights from cortical neurons to SPNs of path-
way P. Each column is equivalent to a principal component of
cortical activity. (dimensionless)

• xP is the activities of cortical neurons that project to SPNs of
pathway P. (activity arb. u.)

In the current instance, there is onemSPNper decision-dimension
per pathway. So, there are q dmSPNs and q imSPNs. The dmSPNs
receive input from xdirect and cdirect. The imSPNs receive input from
xindirect and cindirect.

The diagonal elements of SP are set probabilistically to either 1
(dimension in decision-space) or 0 (dimension not in decision-space)
such that P

�
SP, ii = 1

�
= daSNCi,P .

Thus, in the portions of our analysis where we set the activities of
the q daSNC elements to be equal, the decision-dimensions each have
the same probability of being included in decision-space, i.e.
daSNC1 =daSNC2 = :::=daSPNq =d. In this case, we treat the prob-
ability of a certain decision-spacedimensionality forming as a binomial
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distribution:

P
�
mdecision-dimensionsused to formdecision-space

�
=

q
m

� �
dm ð1� dÞq�m form=0, 1, . . . , q:

ð10Þ

where:
• q is the number of possible decision-dimensions
• d is the (equal) probability that eachdecision-dimension is used to
form decision-space

Defining action value. Action value (or, in the indirect pathway,
inaction value) vj,P for each of k potential actions is defined based on
the activities of dmSPNs (or imSPNs). During this process, elements of
a coefficientmatrixβP 2 Rk ×q are applied tomSPNactivities for each
decision-dimension, action, andpathway. Biasαj,P is subtracted. Below,
βj,P is used to indicate row j of βP.

vj,P =
1

1 + expð�βj,P smSPN, P � αj,P Þ
, ð11Þ

where:
• βj,P is a matrix of weights from dmSPNs to downstream action
value encoding neurons for the direct pathway, or imSPNs to
downstream inaction value encoding neurons for the indirect
pathway. (dimensionless)

• smSPN,P is the activity of sSPNs corresponding to decision-
dimension i and pathway P (activity arb. u.)

• αj,P is an additive shift corresponding to the neuron encoding
action j for the direct pathway or inaction j for the indirect path-
way. (activity arb. u.)

There is one neuron encoding each vj,P. So, there are k neurons
encoding action values and k neurons encoding inaction values. Each
of these neurons receives projections from all mSPNs of the corre-
sponding pathway.

Defining choice. k Merton processes44 are run to determine whether
each action should be taken, and another k to determine whether each
action should be refrained from. Progress to choice for each action (or
inaction), Yj,P, is related to its corresponding action (or inaction) value
vj,P and an uncorrelated Brownian component dWj,P scaled by a coef-
ficient σ.

dYj, P = vj, P dt + σ dWj,P , Yj, Pð0Þ=0, where Wj, P is a standard Wiener process:

ð12Þ

where:
• Yj,P is the progress to enaction of action j in the direct pathway,
and progress to refraining from action j in the indirect pathway.

• vj,P is the action (or inaction) value corresponding to action j and
pathway P. (activity arb. u.)

• σ is the coefficient of noise.

The time it would take to enact action j, taction, j, is defined as the
first hit time of a threshold h for process j of the direct pathway:

taction, j = min
t

�
t j Yj, direct ≥h

	 ð13Þ

The time it takes to exclude action j from consideration, tinaction, j ,
is calculated similarly using the indirect pathway:

tinaction, j = min
t

�
t j Yj, indirect ≥h

	 ð14Þ

The enacted action is the first to reach h, given that the corre-
sponding inaction process has not first reached h:

action= argminj2JðY jðtaction, jÞÞ, where J is the subset of actions s:t: taction, j < t inaction, j
ð15Þ

where:
• Yj,P is the progress to enaction of action j in the direct pathway,
and progress to refraining from action j in the indirect pathway.

• t is time (s)
• h is a threshold atwhich an action is considered taken (progress to
decision arb. u.)

In our analysis, we run simulations using a constant time step
discretization of eq. 12.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/weiner_process_model.m.

Modeled circuit manipulation using Instance 1
To get a sense of the functional role of the circuit elements, we con-
ducted sensitivity analyses by changing parameters in the model
individually and determining their effect on the activities of other
circuit elements, the decision-space and/or choice.

Common parameters. The values specified here, arbitrarily chosen,
are used in the analyses in Instance 1 unless otherwise indicated:

• throughout, k = 4
• in eq. 1: bsSPN = 0
• in eq. 2: wsSPN!daSNC, i, P = 1 for all i and P
• in eq. 2: zdaSNC, i, P = 1 for all i and P

• in eq. 4:, βdirect =

1 �1 0 0
�1 1 0 0
0 0 0 0
0 0 0 0

0
BB@

1
CCA

• in eq. 4: αj,P = −3 for all j and P
• in eq. 5: aFSI = 1
• in eq. 5: bFSI = 0.5
• in eq. 7: zLHb =0:5
• in eq. 7: zRMTg =0:5
• in eq. 7: zGPi = 1
• in the inputs to eq. 10, q = 4
• in eq. 12: σ = 1
• in eq. 13, 14: h = 2

whose rows correspond to, for example: turning left, turning right,
turning around, wandering; and whose columns correspond to, for
example: a reward-predominant decision-dimension 1, a cost-
predominant decision-dimension 2, a novelty-predominant decision-
dimension 3, and a location-predominant decision-dimension 4. The
coefficientsmodel a T-mazewhere a choice ismade to turn right or left
based on relative values of cost and reward.

Rationale behind parameter choices. The parameters chosen above
are set to these default values in order to probe the selective effects of
different circuit elements on the decision-space, action values, and
choice, whose units are often arbitrary. Thus, we make our parameter
choices arbitrarily, but with an emphasis on computational simplicity.

We can think of the free parameters as falling into three groups.
This is because the circuit operates in a three-step process: first the
decision-space is formed, then action values are defined, then choices
are made by downstream neural circuits. So, parameter choices in a
Group 1 affect the decision-space, parameter choices in a Group 2
affect action values, and parameter choices in a Group 3 affect choice.
More precisely,
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1) Group 1 affects the decision-space, and action values and choice
only via the decision-space. The parameters in eqs. 1, 2, 5, 7, fall in
Group 1.

2) Group 2 affects action values and choice via action values but not
the decision-space. The parameters in eq. 4 fall in Group 2.

3) Group 3 affects choice, but not action values nor the decision-
space. The parameters in eqs. 12, 13, and 14 fall in Group 3.

We chose the common free parameters in Group 1 with the goal in
mind of probing the relative effects of circuit elements on the decision-
space. That is, we use themodel to gain intuition about how each circuit
element will affect daSNC activity, given their physiological relation-
ships. For instance, zLHb and zRMTg in eq. 7 are mathematically redun-
dant, but are included because the effect of the brain regions
individually is important to our analysis (see Supplementary Table 5). In
all cases in our fitting to data involving Group 1 free parameters, we
analyze relative rather thanabsolute effects of changes toneural activity.
For instance, we examine differences between high versus medium
versus low striosomeactivity in Figs. 3 and4 andSupplementary Table 3.
Note that the activities are given in arbitrary units, so other combina-
tions of parameter values with the same net effect would reproduce our
results exactly (for instance, zLHb = 1, zRMTg =0). The current choices of
common parameters were arbitrary, but selected so that the eq. 2 sim-
plifies to a logistic function with a bias term f ðxÞ= 1

1 + ex +b when the
activities of all circuit elements are set to their defaults. So, absent any
change to the defaults among the circuit elements, and absent any
inputs from cortex above or below baseline, each decision-dimension
has 50% probability of being used to form the decision-space.

In Group 2, βdirect and αj,P are constructed as an example of a
scenario often used during our analysis, where there are two decision-
dimensions that convey opposite information (e.g., the first reward-
predominant, the second cost-predominant) that affect whether to
take two actions (e.g. turning right or left). Thus, the signs of the
numbers in βdirect aremodeled from the task, but it could be scaled by
any coefficient greater than 0 and achieve similar results to our ana-
lysis.We chose a negative value for αj,P to reflect its functional role as a
prior. So, a given action is assigned low value unless there is significant
evidence that it is valuable. αj,P is assigned arbitrarily, although very
low αj,Pwould lead to action values near0 and very high αj,Pwould lead
to action values near 1.

In Group 3, we chose parameters that roughly reproduced
experimental deliberation time distributions (see Supplementary
Fig. 3b, c).

Effect of reward/costs on LHb/RMTg/daSNC activity. In Supple-
mentary Fig. 2e, f, we modeled the effect of incrementing reward or
cost on the activities of LHb, RMTg, and daSNC.

The inputs enter themodel circuit in two ways: 1) reward and cost
aremapped to decision-dimensions; and 2) cost level leads to changes
in LHb and RMTg activities, similar to what has been demonstrated in
the experimental literature (described in Supplementary Note 12). The
modeled LHb and RMTg responses to cost are proportional to cost
level with an arbitrary coefficient (set to 1 for LHb and0.9 for RMTg for
the purposes of plotting).

The modeled results show that the mean activity of a daSNC sub-
population encoding reward-predominant data responds positively to
increases in reward and negatively to decreases in reward, similar to
what has beendemonstrated in the experimental literature (described in
Supplementary Note 12). LHb and RMTg respond negatively linearly to
reward level and positive linearly to cost level, similar to trends in the
experimental evidence (see Supplementary Information). Sudden
changes in reward or cost level, therefore, lead to shifts in activities
that track changes to expectations of future reward or cost value,
including reward or cost currently received, i.e. reward or cost
prediction error.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/model_overview/GPi_LHb_RMTg_DA_model.m.

Effect of LHb/RMTg/daSNC activity on the decision-space. In Sup-
plementary Fig. 2g-i, we modeled the effect of incrementing GPi, LHb,
RMTg, or daSNCactivity on the type of decision-space formedduring a
decision.

In the plotted analysis, we altered zGPi in eq. 7, zLHb in eq. 7, zRMTg

in eq. 7, and zdaSNC, i, P (uniform change for all i, a single pathway is
considered) in eq. 7 such that they took 10 values incremented from 0
to 1. Parameters not altered took default values (see Common
parameters).

We also examined the role of each component in decision-space
formation through the perspective of a series of steps, each carried out
by a different circuit element. For this analysis, we substituted eq. 7
into eq. 2 and altered each parameter in turn. The plots illustrate the
value of daSNCi,P if the other parameterswere set to 1 (zGPi) or 0 (zRMTg,
zdaSNC, i,P). bLHb is set to 0.5 (control), −5 (lesioned LHb), or 5
(stimulated LHb).

See Supplementary Tables 5,6 for alignment to the experimental
literature.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/model_overview/GPi_LHb_RMTg_DA_model.m.

Effect of sSPN and mSPN activity on the decision-space and
action values. In the analysis plotted in Fig. 2c, we incremented bsSPN
in eq. 1 from 0 to 1 arbitrary units and recorded the value of daSNCi in
eq. 2. Similarly, we incremented an addition to mSPN activity in eq. 3
from 0 to 1 arbitrary units, and note that this does not affect daSNCi.

In the analysis plotted in Fig. 2d, we again incremented bsSPN and a
similar constant for anmSPN activity addition from0 to 1 arbitrary units.
Here, we computed action values as a multiple of mSPN activity, passed
through an activation function, per eqs. 3, 4. The unspecified inputs to
the equation (βdirect, cortical input, αj,P) are randomly assigned.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/model_overview/sSPN_versus_mSPN_effect_on_decision_
space_and_action_values.m

Effect of GPi, LHb, RMTg, andGPe activity on the decision-space. In
the analyses plotted in Fig. 2e, f, the activities of the circuit elements
are incremented from 0 to 1 arbitrary units in eqs. 2 and 7 and daSNCi

in eq. 2 is recorded.
For code, see https://github.com/dirkbeck/DM_space_model/

blob/main/model_overview/GPi_LHb_RMTg_DA_model.m.

Effect of sSPN activity on the decision-space. In the analysis plotted
in Fig. 3a, we incremented bsSPN in eq. 1 and, for each increment,
recorded daSNCi in eq. 2. Then, using the approach in eq. 10, we
converted the probability that one decision-dimension is used in the
formation of decision-space to the probability that a decision-spaces
of a certain dimensionality is formed.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/model_tests/friedman2015optogeneticmanipulation.m.

Effect of the decision-space on choice. In the analysis plotted in
Fig. 3b, we changed which decision-space was formed by mSPNs and
measured choice.

The excitation group was modeled using a zero-dimensional
decision-space (dopamine→mSPN weights of 0 reward-predominant
decision-dimension, 0 cost-predominant dimension). The control
group was modeled using a 1D direct pathway decision-space (dopa-
mine→mSPN weights of 0.5 reward-predominant dimension, 0 cost-
predominant dimension). The inhibition group was modeled using a
2D direct pathway decision-space (dopamine→mSPN weights of 1
reward-predominant dimension, 1 cost-predominant dimension). The
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modeled T-maze task was a choice between reward=2, cost=1 (high
reward, high cost) and reward=1, cost=0.5 (low reward, low cost).
20 simulations were run per modeled subject for 100 subjects. Other
parameters for forming the decision-space and calculating action
value are set to their defaults (see Common parameters). For sim-
plicity, the indirect pathway is not modeled in this analysis.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/model_tests/friedman2015optogeneticmanipulation.m.

In the analysis in Fig. 4b,c, wemodeled changes to decision-space
and choice after stress.

Here, modeled control rodents made decisions using a 2D direct
pathway decision-space formed from reward-predominant and cost-
predominant decision-dimensions. This corresponds mathematically to
a truncation of βdirect (see eq. 4 and Common parameters) to two col-
umns. The first subset of modeled stress-group rodents made decisions
without forming direct pathway decision-space. This corresponds to an
elimination of βdirect such that action value is defined purely based on
priors (αj,direct in eq. 4). The second subset made decisions without
forming direct pathway decision-space until they reached a critical
threshold, beyond which they formed a 1D direct pathway decision-
space with a reward-predominant dimension. Action values are derived
for the three groups across multiple reward and cost combinations
(Fig. 4c) via eqs. 3 and 4. Then choices aremodeled using eqs. 12, 13, and
15 across 2000 simulations per group for each reward concentration
(each incremented from 0 to 1 arbitrary units, 7 increments). Cost con-
centration is set to 0.5 arbitrary units (set at this level to resemble the
steepness of increase in the experimental psychometric function).
Default parameters are used for action value formation and the Merton
process model. For simplicity, the indirect pathway is not modeled in
this analysis. Figure 4b plots the averages of the simulations.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/disorder_hypotheses/Friedman2017_lowD_space.m.

In the analysis plotted in Fig. 4d,e, we modeled the effect on
choice of shifts in decision-space after a small cost is added to a reward
(experimental data is plotted in Supplementary Fig. 4j).

Rodents in the only-reward taskweremodeled as forming a lower-
dimensional direct pathway decision-space (decision-dimension 1
weight = 0.5, decision-dimension 2 weight = 0.2) while animals in the
reward-and-cost task formed a higher-dimensional direct pathway
decision-space (decision-dimension 1 weight = 1, decision-dimension 2
weight = 0.5).

To do this, we truncated βdirect (see eq. 4 and Common para-
meters) to two columns or derived action value purely based on priors
(αj,direct in eq. 4). A cortical input of reward = 0.7, cost = 0.3 is shown in
the plots. For simplicity, the indirect pathway is not modeled in this
analysis.

For code, see https://github.com/dirkbeck/DM_space_model/blob/
main/disorder_hypotheses/altered_choice_after_space_transition.m.

In the analysis plotted in Fig. 4h, we modeled changes to choice
after aging in young and old groups.

Here, we truncated βdirect (see eq. 4 and Common parameters)
to two decision-dimensions, the first corresponding to a reward-
predominant decision-dimension and the second corresponding to a
cost-predominant decision-dimension. In the current analysis, the
first row of βdirect corresponded to licking, while the second row
corresponds to performing a different action, e.g. movement. The
licking action was assigned a larger prior, α1, direct = 0, α2, direct = � 3,
due to the strong association developed in the rodents between the
experimental apparatus and licking. For the modeled “learned,
young” group, no decision-space is formed during the reward-cue
task and a decision-space using only a cost-predominant decision-
dimension is formed during the cost-cue task (i.e.

smSPN, reward, direct =
0
0

� �
, smSPN, cost, direct =

0
1

� �
in eq. 3). For the

modeled “learned, old” group, no decision-space is formed during
the reward-cue task and a decision-space involving a cost-
predominant decision-dimension is partially formed during the

cost task smSPN, reward, direct =
0
0

� �
, smSPN, cost, direct =

0
0:5

� �
 �
. For the

“not learned” group, a decision-space involving a cost-predominant
decision-dimension is partially formed during both tasks

smSPN, reward, direct =
0
0:5

� �
, smSPN, cost, direct =

0
0:5

� �
 �
. For simplicity,

the indirect pathway is not modeled in this analysis.
For code, see https://github.com/dirkbeck/DM_space_model/

blob/main/disorder_hypotheses/Friedman2020_lowD_space.m.

Effect of the decision-space on sSPN-mSPN correlation. In the
analysis plotted in Fig. 3d, sSPN-mSPN correlation is compared across
decision-spaces with different dimensionality.

It is assumed in the plotted examples that a 1D decision-space is
only formed from the first decision-dimension, a 2D decision-space
is only formed from the first and the second, and a 3Ddecision-space is
only formed from the first, second, and third. The analysis assumes a
comparison of SPNs of the samepathway (that is, either dsSPN-dmSPN
or isSPN-imSPN). For this analysis, eigenvalues of cortical activity are
set to 2, 1, 0.5, 0.2, and0.1, respectively.Weighted averages of example
signals (left panel) and correlation for different decision-spaces (right
panel) are formed using the identity that eigenvalues of principal
components are equivalent to their variances.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/model_tests/ctx_sSPN_mSPN_coordinated_activity.m.

Effect of FSI activity on decision-space. In the analysis plotted in
Fig. 4f, we incremented FSI activity aFSI in eq. 5 and determined the
response of daSNCi in eq. 2 (a single pathway is considered). The
activity parameters related to other circuit elements were held con-
stant (see Common parameters).

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/disorder_hypotheses/space_dimensionality_vs_FSI.m.

Effect of cortical SNR on choice. In the analysis plotted in Supple-
mentary Fig. 6a-e, cortical signal to noise ratio (SNR) is altered and the
effect on choice is simulated.

Merton process simulations (see Defining choice) are run across
ten increments of reward and cost from −1 to 1 arbitrary units for a
modeled cost-benefit conflict task. Parameters related to action value
are set to their defaults and the T-maze task is used (see Common
parameters). Here, “turn right” corresponds to receiving the reward
and cost combination, while other actions correspond to receiving no
reward and no cost. For simplicity, only the direct pathway is used to
influence choice. 100 simulations are run for each of 100 reward and
cost combinations, and for each combination, choice is averaged.

The above process is replicated with changes to two sets of
parameters. First, the effect of changes to decision-space were con-
sidered. A different S in eq. 3 was used depending on specified deci-

sion-space: S=
1 0 0

0 0 ..
.

0 � � � 0

2
4

3
5 for 1D decision-spaces, and

S= I2
0
..
.

0 � � � 0

2
4

3
5 for 2D decision-spaces. Second, changes to cortical

noise were considered by adding i.i.d. Gaussian noise to xdirect (with
mean0 and standarddeviationσ) at every time step, then recalculating
action values in eq. 4 based on the mSPN activities calculated at
that time step. Simulations were run for σ = 1,2,…,10. Default para-
meters were used for calculating action value (see Common
parameters).
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Examples of single simulations at each level of reward and cost are
shown for the σ = 1 (high cortical SNR) and σ = 5 (low cortical SNR)
cases in Supplementary Fig. 6a–d. In Supplementary Fig. 6e, expected
value is averaged across the 100 simulations for each noise level.
Expected value here is defined as reward minus 0:75 � cost (to add
preference for reward compared to cost, coefficient is arbitrary)
achieved across reward and cost levels. In the plot, SNR is set to the
inverse of σ.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/dynamic_model_and_neural_net/cortical_snr.m.

Effect of dopamineon action/inaction values. In the analyses plotted
in Supplementary Fig. 7c–f, we measured the effect of high versus low
dopamine on action and inaction values across a range of cortical
inputs to the system.

We modeled a cost-benefit conflict task with increasing reward
(scale of 0 to 1 arbitrary units, 100 increments) and constant cost (set to
0.25 arbitrary units). Experimental work has shown that dopamine
increases direct pathway activity while decreasing indirect pathway
activity and vice versa53. Therefore, we set coefficients relating to overall
activity of the pathways oppositely: in the low dopamine case, the direct
pathway coefficient was 0.1 arbitrary unit and the indirect pathway
coefficient 5 arbitrary units; and in the high dopamine case, the indirect
pathway coefficient was 5 arbitrary units and the direct pathway coeffi-
cient 0.1 arbitrary unit. These coefficients were multiplied by βdirect or
βindirect in eq. 4, increasing or decreasing the overall sensitivity of action
value on data along cortical principal components. In the model, chan-
ges to dopamine also involved a change in decision-space: due to their
opposite effects on mSPN activity, dopamine biases the direct pathway
towards forming higher-dimensional decision-spaces and the indirect
pathway towards forming lower-dimensional decision-spaces. For the
purpose of this analysis, eq. 4 is reframed to incorporate the effects of
dopamine in scaling action value score (A, set to either 5 or 0.1 arbitrary
units in our analysis) and changing decision-space (B, set to 1 arbitrary
unit when dopamine is high and 0 when dopamine is low). Here, indi-
vidual elements are referenced through subscripts basedon their jth row
and column corresponding to the reward or cost dimension.

vj, direct =
1

1 + expð�A�ðβj, reward, direct +B�βj, cost, directÞ�αj, directÞ ð16Þ

vj, indirect =
1

1 + expð�A�ðð1�BÞ�βj, reward, indirect +βj, cost, indirectÞ�αj, indirectÞ ð17Þ

where:
• A is the multiplicative effect of dopamine released to mSPNs
(dimensionless)

• B is the effect of dopamine on decision-space (dimensionless)
• βj is the connection weight frommSPN to an action value neuron.
Each βj,reward or βj,cost corresponds to an element of the connec-
tion weight matrix βP.

• priorj is an additive shift corresponding to the neuron encoding
action j (activity arb. u.)

The plot in Supplementary Fig. 7c compares the high-dopamine
and low-dopamine cases. The plot in Supplementary Fig. 7d shows a
similar analysis but for changes in parameters: cost is fixed at 0.5
arbitrary units, andA is set to either 2 arbitrary units (corresponding to
the pathway not disconnected) or 0 (corresponding to the pathway
disconnected). The plots in Supplementary Fig. 7e, f show progress to
action in the case where reward = 1 arbitrary unit and cost = 0.25
arbitrary unit for low versus high dopamine. Deliberation time dis-
tributions are formed by aggregating the deliberation times across the
100 simulations. For parameters used for subjective valuation and
deliberation time simulation, see Common parameters.

For code, see https://github.com/dirkbeck/DM_space_model/blob/
main/dynamic_model_and_neural_net/direct_vs_indirect_pathway_SV.m.

Effect of decision-dimensions on choice. In the analysis plotted in
Supplementary Fig. 7i, we altered the connections between mSPN and
action/inaction encoding neurons on choice.

A modeled approach/avoid experiment is conducted by offering
an option with reward = 1 arbitrary unit, cost = 1 arbitrary unit, and
varying (10 values incremented from [0, 2] arbitrary units) physical
proximity to another reward. An additional column is added to βdirect

and βindirect in eq. 4 to reflect the fact that additional proximity to the
other reward increases approach rate: βdirect =βindirect =

1 �1 1
�1 1 �1

� �
, where the upper row corresponds to approaching,

the bottom row corresponds to not approaching, and the columns cor-
respond to, from left to right, a reward-predominant decision-dimension,
a cost-predominant decision-dimension, and a location-predominant
decision-dimension. Reward is assigned a greater relative importance
than cost or location (score of 3 arbitrary units versus 1 versus 1) in
sSPNs, while cost is assigned a greater relative importance than reward or
location (score of 3 arbitrary units versus 1 versus 1). daSNC activity is
incremented by changing zdaSNC, i,P in eq. 2 for all i and both pathways.
Action and inaction values are calculated, and then choice is formed by
averaging the results of 1000 Merton process simulations.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/dynamic_model_and_neural_net/direct_vs_indirect_pathway_
proximity_theory.m.

Effects of sSPN, LHb, and daSNC activity on decision-space. In
Fig. 6a, bsSPN (eq. 1), zLHb (eq. 7), and zdaSNC, i, P (for all i and a single
pathway, eq. 2) are incremented from0 to 5 arbitrary units with 20 evenly
spaced increments along each axis. Each of the 20×20×20 points are
used to derive daSNCi in eq. 2 and converted to decision-spaces via eq. 10.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/day_to_day_space_sampling/decision_space_sampling.py.

Effect of decision-space on choice profiles. In Fig. 6b,e, Supple-
mentary Fig. 8d,f, we form decision-spaces using various decision-
dimensions across incremented cortical reward and cost inputs, then
classified the action values formed across those reward/cost inputs
using a scoring system.

The scoring system, visualized in Supplementary Fig. 8c, is as follows:
Scores for “explore”, “riskiness”, “high action”, “exploit”, “safety”,

“low action” are calculated by incrementing reward and cost on [−1 1]
(arbitrary units) scales (9 increments are used for each of reward and
cost in Fig. 6b, Supplementary Fig. 8d, 6 increments in Fig. 5e, Sup-
plementary Fig. 8f). The notation used here treats vr,c,j as the action
value of the jth action at a certain reward and cost increment and vr,c as
the set of those action values. In the plotted analysis, k = 4 actions are
assigned action values.

To keep with the indexing conventions of the other equations (for
instance, eq. 4), we use the index j here to refer to one of the k actions. In
the caseof eq. 19,where theactions are iteratedover twice,weuse j1 and j2.

• Explore. The tendency to pursuemultiple actions simultaneously.
Scored as the area of the region of reward and cost combinations
with a Gini coefficient less than 0.25.

explore =
X1
r =�1

X1
c=�1

½giniðvr, cÞ<0:25� ð18Þ

giniðvr, cÞ =
Pk

j1 = 1

Pk
j2 = 1

jvr, c, j1 � vr, c, j2 j
2k
Pk

j = 1vr, c, j
ð19Þ
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• Exploit. The tendency to pursue only one action. Scored at the
area of the region of reward and cost combinations with a Gini
coefficient greater than 0.5.

exploit =
X1
r =�1

X1
c=�1

½giniðvr, cÞ>0:5� ð20Þ

• Riskiness. The combined value of actions when reward and cost
are high. Scored by examining the combinations where both
reward and cost are greater than 0.

riskiness =
X1
r =0

X1
c =0

Xk
j = 1

vr, c, j ð21Þ

• Safety. The combined value of actions when reward and cost are
low. Scored by examining the combinations where both reward
and cost are less than 0.

safety =
X0
r =�1

X0
c=�1

Xk
j = 1

vr, c, j ð22Þ

• High action. How often actions will have high action values.
Scored as the area of the region of reward and cost combinations
that have combined action value greater than 0.5.

high action =
X1
r =�1

X1
c =�1

Xk
j = 1

vr, c, j >0:5

" #
ð23Þ

• Low action. How often actions will have low action values. Scored
as the area of the region of reward and cost combinations that
have combined action value less than 0.2.

high action =
X1
r =�1

X1
c =�1

Xk
j = 1

vr, c, j <0:2

" #
ð24Þ

In the analyses plotted in Fig. 6b and Supplementary Fig. 8d
and the examples in Fig. 6c, action value scores, as measured
by the scoring definitions above, are compared when different
decision-spaces are constructed but cortical input and system
parameters are unchanged. The underlying action values across
reward and cost levels resembles those from other analyses (see
Common parameters) except for an addition of normal random
noise (mean = 0, standard deviation = 1) to every element of βdirect

(see eq. 4).
The analysis in Supplementary Fig. 8d is similar, except for here, a

weighted average is taken of action value scores, as measured by the
scoring definitions above, between scenarioswhere different decision-
spaces are constructed. A different S in eq. 3 is used depending on the
specified dimensionality of direct pathway decision-space:

S=
1 0 0

0 0 ..
.

0 � � � 0

2
4

3
5 for 1D, S= I2

0
..
.

0 � � � 0

2
4

3
5 for 2D, S= I3

0
..
.

0 � � � 0

2
4

3
5

for 3D, and S = I4 for 4D. Aweighted average of thefivedecision-spaces
is calculated for three levels of sSPN activity (−1, 0, and 1).

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/day_to_day_space_sampling/subjective_value_scores_by_
space.m.

In the analyses plotted in Fig. 6e, Supplementary Fig. 8f, for each
of 1000 simulations, uncorrelated Gaussian white noise (mean = 0,

standard deviation = 1) is added to every element of βdirect (see
eq. 4) and 6 by 6 grids of action values across reward and cost com-
binations are scored by the “explore”, “riskiness”, “high action”,
“exploit”, “safety”, and “low action” metrics. Scores for each metric
are compared across simulations and between decision-space
groups. Observations that score in the top 10% by a metric are con-
sidered outliers. Outlier proportion is plotted in Fig. 6e. The means
across the simulations of each score are plotted in Supplemen-
tary Fig. 8f.

For code, see https://github.com/dirkbeck/DM_space_model/blob/
main/day_to_day_space_sampling/subjective_value_score_extremes.m.

Instance 2: sparse connectivity and feedforward
In this section, we describe the instance of the model where cortex
input to the system does not change over time and the activities of
other circuit elements do not decay over time.

This instance of the model leads to a convenient formation of the
model as a circuit with no time component. In this section, we frame
this instancemathematically and then describe our related analysis. To
focus on the portions of the circuit we analyze using this instance, we
define here the subset of the circuit involving cortex, FSI, sSPN, daSNC,
and mSPN.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/dynamic_model_and_neural_net/neural_network_model.m.

Cortical input. A set of 4 cortical neurons, notated as C, is sampled at
random from a population of 50 cortical neurons. Each neuron in C
projects to one FSI and each of q SPNs, which each correspond to a
decision-dimension. In our analysis, q is set to 4. This process is
repeated 10,000 times per each pathway, forming 10,000 groups of 4
cortical neurons, 1 FSI, 4 dsSPNs (or isSPNs), and 4 dmSPNs (or
imSPNs) for each pathway.

Defining FSI activity. FSI activity is defined as a weighted sum of the
activities of connected cortical neurons:

FSIC =
X
q2C

wcortex!FSI cortexq +bFSI ð25Þ

where:
• C is a randomly sampled subset of cortical neurons.
• FSIC is the activity of the FSI which receives projection from the
cortical neurons in C (activity arb. u.)

• wcortex!FSI is the connection weight between cortical neurons and
FSIs (dimensionless)

• cortexq is the activity of cortical neuron q (activity arb. u.)
• bFSI affects the relative activity of all sSPN neurons (activity arb. u.)

In the current instance of themodel, there are 10,000 FSIs for the
direct pathway (projecting to dSPNs) and 10,000 FSIs for the indirect
pathway (projecting to iSPNs). Each cortical neuron in C projects
to FSIC.

Defining sSPN activity. sSPN activity is defined as a weighted sum of
the activities of connectedcortical neurons, dividedby aweighted sum
of the activities of connected FSIs, plus an additive shift bsSPN applied
to all sSPNs:

sSPNs,C =
1
jCj
X
q2C

wq!s cortexq
FSIC

+bsSPN ð26Þ

where:
• C is a randomly sampled subset of cortical neurons.
• sSPNs,C is the activity of an sSPN s that receives projection from
cortical neurons in C. (activity arb. u.)
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• wq!s is the connection weight between cortical neuron q and
sSPN s. The weight is equivalent to one of the first four principal
components of the cortical activity of the four connected cortical
neurons. sSPNs are separated into equal populations that corre-
spond to the first, second, third, or fourth principal component.
(dimensionless)

• FSIC is the activity of the FSI which receives projection from the
cortical neurons in C (activity arb. u.)

• cortexq is the activity of cortical neuron q (activity arb. u.)
• bsSPN represents the relative activity of all sSPN neurons (activ-
ity arb. u.)

In the current instance of themodel, there are 40,000neurons for
each of dsSPNs and isSPNs. Activities are defined based on a feedfor-
ward network, so the simplification ismade that sSPN activities are not
affected by daSNC activities. All cortical neurons inCproject to sSPNs,C

for all s, and similarly, FSIC projects to sSPNs,C for all s.

Defining daSNC activity. The activity of the daSNC element corre-
sponding to decision-dimension i and pathway P is defined by weigh-
ted inputs from sSPNs corresponding to decision-dimension i and
pathway P:

daSNCi,P =
1

1 + exp

 
1

nsSPN, i,P

P
s2i,P

ws!daSNCi, P
sSPNs +RMTg� zdaSNC, i,P

!
ð27Þ

where:
• daSNCi,P is the activity the daSNC neuron corresponding to
decision-dimension i and pathway P. (activity arb. u.)

• nsSPN,i,P is the count of sSPNs in each of the direct/indirect
pathways

• ws!daSNCi, P
is the connection weight from sSPN s to the daSNC

neuron corresponding to decision-dimension i and pathway P.
The weight is fixed in this instance of the model. (dimensionless)

• sSPNs is the activity of SPN s (activity arb. u.)
• RMTg is RMTg activity (activity arb. u.)
• zdaSNC, i, P is the bias in the activity of a daSNC neuron corre-
sponding to decision-dimension i and pathway P. (activity arb. u.)

In the current instance of the model, there are q daSNC neurons
that receive projection from the 10,000dsSPNs corresponding to each
decision-dimension, and likewise q daSNC neurons that receive pro-
jection from the 10,000 isSPNs corresponding to each decision-
dimension. RMTg also projects to all daSNC neurons.

In our analysis using this instance of the model, we arbitrarily set
wsSPN!daSNC, i = 1 arbitrary unit for both pathways and zdaSNC, i = �5
arbitrary units for all i for the direct pathway, and zdaSNC, i = 5 arbitrary
units for all i for the indirect pathway. For simplicity, RMTg is set to 0.

Defining mSPN activity and the decision-space. mSPN activity is
defined as a weighted sum of the activities of connected cortical
neurons, divided by aweighted sumof the activities of connected FSIs.
Here, unlike in the definition of sSPN activity in eq. 26, a di,P term is
multiplied to incorporate the weighting of mSPNs by dopamine:

mSPNm,C =
di,P

jCj
X
q2C

wq!m cortexq
FSIC

ð28Þ

where:
• C is a randomly sampled subset of cortical neurons
• mSPNm,C is the activity of mSPN m that receives projection from
cortical neurons in C (activity arb. u.)

• di,P, which takes the value 0 or 1, is dopamine signaling to mSPNs
corresponding to decision-dimension i and pathway P. di,P is the

realization of probabilistic weighting of decision-dimensions based
on daSNC activity (see Instance 1). (dimensionless)

• wq!m is the connection weight between cortical neuron q and
mSPNm. The weight is equivalent to one of the first four principal
components of the cortical activity of the four connected cortical
neurons. As described in Instance 1, sSPNs are separated into
equal populations that correspond to the first, second, third, or
fourth principal component. (dimensionless)

• FSIC is the activity of the FSI which receives projection from the
cortical neurons in C (activity arb. u.)

• cortexq is the activity of cortical neuron q (activity arb. u.)

In the current instance of themodel, there are 40,000neurons for
each of dmSPNs and imSPNs All cortical neurons in C project to
mSPNm,C for all m, and similarly, FSIC projects to mSPNm,C for all m.

Modeling SPN encoding of data, using Instance 2. To explore the
ability of SPNs to successfully encode data along decision-dimensions,
even when cortex and SPNs are sparsely connected, we constructed
networks with different degrees of dimensionality reduction (Supple-
mentary Fig. 5g). A single pathway is considered. One type of network
had 2 times dimensionality reduction (20 cortical neurons, 10 SPNs),
another had 10 times dimensionality reduction (100 cortical neurons,
10 SPNs), and another had 100 times dimensionality reduction (1000
cortical neurons, 10 SPNs), similar to what is found in the human
brain67,68.

For each type, we constructed modeled networks with cor-
tex→SPN connections equal to principal components of cortical
activity by simulating, for each analyzed pathway, a random sym-
metric positive definite matrix that is used as the cortical covariance
matrix ΣP (see Defining sSPN activity) via MATLAB’s sprandsym()
with density=1. Eigenvalues are arbitrarily specified as λ1 = 2, λ2 = 2,
λ3 = 0.5, λ4 = 0.2, and λ5 = λ6 =… = λP = 0, i.e. the first and second
principal components are very important, the third somewhat
important, the fourth slightly important, and the others unim-
portant. The weights WP from cortical neurons to the q SPN circuit
elements per pathway are then derived as the first q eigenvectors
of ΣP .

We incremented the number of cortical neurons that connected
to each SPN from 2 to 10. The network was connected sparsely based
on the specified number of connections from randomly selected cor-
tical neurons to each SPN. For simplicity in this analysis, we created a
cortical signal that resembled the first principal component of cortical
activity as a whole (regardless of connectivity to SPNs) and let the first
cortical principal component to have large eigenvalue compared to
the others (i.e. λ1 = 1, λ2 = 0.1, λ3 = λ4 =… = λP = 0).

For each of the modeled networks (3 network types by 9 incre-
ments from2 to 10),we simulated the process 1000 times. During each
simulation, we calculated the ability of the network to discriminate
between the large signal along the first cortical principal component
and the absence of signal along the second cortical principal compo-
nent, given its access to only a subset (2 to 10 cortical neurons) of the
complete signal.

Then the SPNs encoding data along the first versus second
decision-dimension were assessed in their ability to distinguish
between signals along the first cortical principal component versus
the second. This was quantified using the Bhattacharyya distance
of the activity among SPNs encoding data along the first decision-
dimension versus the second, assuming the subpopulations
have mean activities μ1 and μ2 and standard deviations σ1 and σ2,
respectively.

DB =
1
4
ðμ1 � μ2Þ2
σ2
1 + σ

2
2

+
1
2
lnðσ

2
1 + σ

2
2

2σ1σ2
Þ ð29Þ
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where:
• μ1 is the mean activity of activities in the first subpopulation
(activity arb. u.)

• μ2 is the mean activity of activities in the second subpopulation
(activity arb. u.)

• σ1 is the standard deviation of activities in the first subpopulation
(activity arb. u.)

• σ2 is the standard deviation of activities in the second sub-
population (activity arb. u.)

For the current analysis,aFSI is arbitrarily set to 1 arbitrary unit and
bFSI is arbitrarily set to 0.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/dynamic_model_and_neural_net/dimension_discrimination_
vs_sparsity.m.

Instance 3: full connectivity and dynamics
In this section, we describe the instance of the model where each
cortical neuron projects to each FSI, each FSI projects to each SPN (for
dsSPN, isSPN, dmSPN, imSPN), and each cortical neuron projects to
each SPN.

This instance of the model leads to a convenient formation of the
model as a circuit of fewer elements (one FSI, one dsSPN, isSPN,
dmSPN, and imSPN per the four decision-dimensions), with a time
component. In this section, we frame this instancemathematically and
then describe our related analysis.

To focus on the portions of the circuit we analyze using this
instance, we define here the subset of the circuit involving cortex,
sSPN, daSNC, and mSPN.

Defining SPN and daSNC activity. Here, the activities of SPN and
daSNC elements and the weights from sSPN to daSNC are represented
as a system of differential equations. Because FSI activity is not mea-
sured in the related analyses, cortical activity to pathway P after FSI
normalization xi,P(t) is used as input to the system in the
equations below.

For amodel diagram, see Fig. 5a.Note that daSNC activity of 0 (i.e.
average activity) leads to 0 change in SPN activity (due to the 1/2 terms
in eqs. 30 and 31. Changes to GPe activity are notmodeled here, so the
equations are simplified to exclude GPe.

τ � dssSPN, i, P ðtÞdt = � ssSPN, i,P ðtÞ+ xi,PðtÞ �wdaSNC!sSPN, i, P � ðysSPN, i, PðtÞ � 1
2Þ

ð30Þ

τ � dsmSPN, i, P ðtÞ
dt = � smSPN, i, PðtÞ+ xi,P ðtÞ+wdaSNC!mSPN, i, P � ðysSPN, i, PðtÞ � 1

2Þ
ð31Þ

d
dt wsSPN!daSNC, i, PðtÞ= κ � ssSPN, i,PðtÞ ð32Þ

where:

ysSPN, i, PðtÞ= 1
1 + expðwsSPN!daSNC, i, P ðtÞ�ssSPN, i, P ðtÞ+RMTg�zdaSNC, i, P Þ ð33Þ

• τ is the time constant related to the decay rate of activity
(dimensionless)

• Si,P(t) is the SPN activity (either dsSPN, isSPN, dmSPN, or imSPN)
corresponding to decision-dimension i and pathway P, as a
function of time. (activity arb. u.)

• t is time (seconds)
• xi,P(t) is the cortical activity input, after FSI normalization, to an
SPN corresponding to decision-dimension i and pathway P
(activity arb. u.)

• wdaSNC!sSPN, i, P is the connection weight from a daSNC neuron
corresponding to decision-dimension i and pathway P to an sSPN
(either dsSPN or isSPN) corresponding to decision-dimension i
and pathway P (dimensionless)

• yi,P(t) is the activity of the daSNC neuron corresponding to
decision-dimension i and pathway P, as a function of time
(activity arb. u.)

• wsSPN!daSNC, i, PðtÞ is the connection weight from an sSPN (either
dsSPN or isSPN) to a daSNC neuron corresponding to decision-
dimension i and pathway P, as a function of time (dimensionless)

• κ is a coefficient that determines the rate at which the connection
from sSPNs to daSNC neurons changes depending on sSPN
(dsSPN or isSPN) activity (dimensionless)

• zdaSNC, i, P is the bias in the activity of a daSNC neuron corre-
sponding to decision-dimension i and pathway P (activity arb. u.)

• RMTg is the output of RMTg, per eq. 7 (activity arb. u.)

In the current instance of themodel, there are q dsSPNs, q isSPNs,
q dmSPNs, q imSPNs, q daSNC neurons that each receive projection
from a dsSPN, and q daSNC neurons that each receive projection from
an isSPN. daSNC neurons corresponding to decision-dimension i and
pathway P project to sSPNs and mSPNs of the same i and P.

Defining the decision-space. A decision-dimension is used to form
the decision-space at times when daSNC activity corresponding to the
decision-dimension exceeds a threshold:

Si, PðtÞ=
0 yi, PðtÞ< threshold
1 yi, PðtÞ≥ threshold

(
ð34Þ

where:
• yi,P(t) is the activity of the daSNC neuron corresponding to
decision-dimension i and pathway P, as a function of time.
(activity arb. u.)

• Si,P(t) is the application of dopamine release (via daSNC activity)
to mSPN activity corresponding to decision-dimension i and
pathway P. The notation here is used to match the notation
in Instance 1; Si,P(t) is the (i,i) element of the diagonal matrix SP(t)
whose elements correspond to the weights assigned to the
decision-dimensions, similar to in eq. 3. (dimensionless)

Defining action value. Action value is defined here like in Instance 1,
except mSPN activity (for dmSPN and imSPN) is defined as a function
of time:

vj, P =
1

1 + expð�βj, P smSPN,PðtÞ � αj, PÞ
ð35Þ

where:
• βj,P is a matrix of weights from dmSPNs to downstream action
value encoding neurons for the direct pathway, or imSPNs to
downstream inaction value encoding neurons for the indirect
pathway (dimensionless)

• ssSPN,P is the activity of sSPNs corresponding to decision-
dimension i and pathway P (activity arb. u.)

• t is time (seconds)
• αj,P is an additive shift corresponding to the neuron encoding
action j for the direct pathway or inaction j for the indirect path-
way (activity arb. u.)

As in the other instances of the model, there is one neuron
encoding each vj,P. So, there are k neurons encoding action values and
k neurons encoding inaction values. Each of these neurons receives
projections from all mSPNs of the corresponding pathway.
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Modeling time-variant input, using Instance 3. In Fig. 5d-i, simulated
responses of dsSPN, isSPN, dmSPN, and imSPN are derived using the
forward Euler method with step size 0.001 s.

In Fig. 5d,e, the cortical input to sSPN elements corresponding to
each of four example direct pathway decision-dimensions is repre-
sented by a vector of length 5001 (corresponding to 0 s to 5 s with
increments 0.001 s). Four arbitrary input vectors are used, one corre-
sponding to each plotted decision-dimension:

2 + sinðtÞ, 1 + cosðtÞ, sinð2tÞ, cosð2tÞ ð36Þ

The first vector corresponds to a reward-predominant dimension
(shown in green in Fig. 5i). A relatively large positive average value
(2 arbitrary units) is assigned to it as an example of an important
decision-dimension to a decision. A cost-predominant decision-
dimension (second vector) is specified to be important, but less
so, and novelty-predominant and location-predominant decision-
dimensions (third and fourth vectors) are assigned to be relatively
unimportant. The number of decision-dimensions used to form
decision-space is averaged across time steps in the 5 s simulation. In d,
simulations are run across 100 evenly spaced increments of an addi-
tion to each vector at all timesteps. In e, simulations are run across 100
evenly spaced increments of zdaSNC, i (for each pathway, depending on
the simulation) in eq. 7 from −1 to 1 arbitrary units.

Figure 5f, g show examples of the response of dsSPN, isSPN,
dmSPN, and imSPN elements to different cortical inputs. In Fig. 5f, a
cortical input of 10 arbitrary units for 2.5 s is followed by an input of 20
arbitrary units for 2.5 s. In Fig. 5g, a cortical input of 10 arbitrary units
for 2.5 s is followed by an input of 0 for 2.5 s.

In the analysis shown in Fig. 5h, cortical inputs of 10 arbitrary units
for 2.5 s are followed by cortical inputs with prediction errors incre-
mented by 0.1 from −1 to arbitrary units. These prediction errors are
relative to the original cortical input of 10 arbitrary units. For example,
for the prediction error of −1, there is a signal of 0 for 2.5 s, and for the
prediction error of 1, there is a signal of 20 for 2.5 s. To find the change
in the activities of circuit elements, their activities at 2.5 s are sub-
tracted from their activities at 5 s.

Figure 5i shows simulations for an example input with κ =0 in
eq. 32 versus κ =0:1 arbitrary units. The cortical input is as follows: in
decision-dimension 1 (e.g. reward-predominant), a cortical signal of 10
arbitrary units for the 0-1.23 s timeframe and elsewhere a signal of 0; in
decision-dimension 2 (e.g. cost-predominant), a cortical signal of 10
arbitraryunits for the 1.25-2.43 s timeframeand elsewhere a signal of 0;
in decision-dimension 3, a cortical signal of 10 arbitrary units for the
2.5-3.73 s timeframe and elsewhere a signal of 0; and in decision-
dimension 4, a cortical signal of 10 arbitrary units for the 3.75-5 s
timeframe and elsewhere a signal of 0.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/dynamic_model_and_neural_net/sSPN_DA_mSPN_dynamic_
interaction.m.

Parameters are set to common values, chosen arbitrarily, with
physiologically accurate signs:

• in eqs. 30, 31: τ = 1
• in eq. 30: wdaSNC!sSPN, direct = � 1
• in eq. 30: wdaSNC!sSPN, indirect = 1
• in eq. 31: wdaSNC!mSPN, direct = 1
• in eq. 31: wdaSNC!mSPN, indirect = � 1
• in eq. 32: κ = � 0:01
• in eq. 33: RMTg =0
• in eq. 33: zdaSNC, i, P =0 for all i and P
• in eq. 34: threshold = 0.5

Additionally, the following initial conditions, also chosen arbi-
trarily, are used across analyses:

• ssSPN, i, directð0Þ= ssSPN, i, indirectð0Þ= smSPN, i, directð0Þ= smSPN, i,

indirectð0Þ=0
• wsSPN!daSNc, i, directð0Þ=wsSPN!daSNc, i, indirectð0Þ= 1

Shifts in the decision-space in a reinforcement learning task
Here, we run simulations in a Reinforcement Learning (RL) environ-
ment to compare the decision-spacemodel with a traditionalmodel of
reinforcement learning in the basal ganglia. In a traditional model,
dopamine signals RPEs, whereas in the decision-space model, it con-
veys the decision-space (Fig. 6b). To compare the models, we record
RPEs during a very simple RL task and compare it with times at which
the decision-space is likely to shift.

Constructing the RL task. In the task, an agent moves from a
starting position (referred to here as a “state” to align with standard
RL terminology) to an intermediate state where it can move left
or right to receive one of the two cost/reward outcomes, and then
moves to receive one of the outcomes. The agent learns over the
course of 20 episodes via a classical Q-learning algorithm (for rein-
forcement learning foundation, see Supplementary Note 9). Q-values
are updated based on the Bellman equation, simplified to exclude
the values of future states (because we examine values at outcome
state):

V ðstÞ=V ðstÞ+α � ½rt � V ðstÞ� ð37Þ

where:
• V(St) is the value of the current state St.
• α is the learning rate (set arbitrarily to 0.5).
• rt is the reward or cost received in St.

The exploration rate is arbitrarily set to 0.5, and otherwise the
strategy is epsilon-greedy. That is, the agent approaches left 25% of the
time, right 25%of the time, and 50%of the time chooses the direction it
has assigned to the highest Q-value to.

Using the samenotation, the RPE at timestep t, δt, is the difference
between the reward observed and the Q-value (note that similar to the
formula above, the values of future states have been excluded because
we measure RPEs at terminal states):

δt = rt � V ðstÞ ð38Þ
Recording choice over a T-maze RL simulation. In the simulation
plotted in Supplementary Fig. 7k, the agent moves through the sim-
ple RL-environment. When the agent reaches one of the two
terminal states (for either reward/cost outcome), the Q-value of the
outcome is updated per eq. 37. In the simulation, for the first 10 epi-
sodes, the agent receives +1 reward for approaching right and −1
reward for approaching left. Then for the final 10 episodes, the agent
receives −1 reward for approaching right and +1 reward for
approaching left.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/importance_and_RPEs/Tmaze_RL.py.

Comparing RPEs with episodes when a shift in the decision-space
might occur. In Supplementary Fig. 7l, RPEs are compared with shifts in
the decision-space that might occur were a rodent to perform the task.
The analysis is performed using the same simulation as in Supplemen-
tary Fig. 7k.

RPEs are calculated per eq. 38. The episodes corresponding to
likely sudden “shifts” in the decision-space, as plotted, follow the rules:
1) A reward decision-dimension is used, and only used, when a

reward appears.
2) A cost decision-dimension is used, and only used, when a cost

appears.
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3) If a reward (or cost) is expected, then there is no sudden “shift”
into using that decision-dimension because such a shift will have
occurred earlier than the outcome state.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/importance_and_RPEs/Tmaze_RL.py.

Movement of circuit activity across multiple trials
Here, we model changes in circuit activity between trials. We begin by
forming advantage and cost functions that guide the realignment of
the circuit. Using these, we explore how vulnerability versus resilience
in disorder formation could be interpreted through the lens of
the model.

Defining advantage and cost of circuit activity. ‘Advantage’ is
defined here as the ability of the circuit to produce beneficial
decision-spaces at a certain activity. The goal of the
sSPN→GPi→LHb→RMTg→daSNC circuit in the model is to produce
preferred decision-spaces for action valuation (Fig. 6a–d). For
instance, in a laboratory environment when an animal routinely
makes a choice to approach depending on reward level, a one-
dimensional direct pathway decision-space with a reward
dimension may be helpful. During a decision, it may make sense
for this animal to reach a circuit activity where forming a one-
dimensional direct pathway decision-space is probable.

We represent this logic mathematically as a function of an n-ele-
ment circuit fX 1,X2, . . . ,Xng. In our analysis, we focus on either FSI and
sSPN, holding the rest of the circuit elements fixed at default values
(seeCommonparameters); or sSPN, LHb, anddaSNC, holding the rest
of the circuit elements fixed at default values. The advantage of a
certain circuit activity is defined as a weighted sum of probabilities the
direct pathway decision-space occurs and the benefit of forming each
decision-space:

advantageðX 1 = x1, X2 = x2, . . . ,Xn = xnÞ=
X2q
l = 1

scorel �

Pðspacel jðX 1 = x1, X2 = x2, . . . ,Xn = xnÞÞ
ð39Þ

where:
• fX 1,X2, . . . ,Xng are elements of the circuit with activities
x1, x2, . . . , xn (activity arb. u.)

• q is the count of decision-dimensions

• scorel is a coefficient corresponding to the preference for a given
direct pathway decision-space (dimensionless)

The probability each decision-space forms is derived from
probability its decision-dimensions individually are used during
the decision (daSNCi in eq. 2, here notated as di):

P
�
formation of a decision-space l

�
=d1ð1� d1Þd2ð1� d2Þ � � � dmð1� dmÞ

ð40Þ

The rationale for this formation of advantage is theoretical.
Elsewhere, we show that direct pathway decision-spaces of dif-
ferent dimensionality are beneficial (and may be used by rodents)
for tasks of different difficulties (Fig. 3). We also show that certain
decision-spaces are beneficial with certain levels of cortical noise
(Supplementary Fig. 6) and for obtaining different types of action
values (Fig. 6c–f). We represent this as an assignment of greater
value to certain decision-spaces, given external and internal
contexts and the task at hand.

‘Cost’, here, is defined as the difference between the circuit
activity and a baseline activity. Formost scenarios, the circuitmight be
best served searching for the circuit activity with the highest advan-
tage. However, there is an obvious counterexample: it could be that it
is easiest to form preferred decision-spaces at extremely unusual cir-
cuit activity (e.g. very high sSPN, very high LHb, very high daSNC), and
only slightly more difficult to form that decision-space at closer to
average circuit activity (average sSPN, lowLHb, average daSNC). Itmay
be more advantageous for the circuit to shift to the latter activity.

Therefore, we introduce a cost function to form ‘net advantage’.
We then use net advantage to define the circuit activities that are the
most beneficial. The concept of baseline circuit activity is introduced
here in order to define cost. This can be interpreted as the circuit
activity outside of decision-making.

costðX1 = x1, X2 = x2, . . . , Xn = xnÞ=
��½ x1 x2 . . . xn �T

� ½ x1, baseline x2, baseline . . . xn, baseline �T
�� ð41Þ

where:
• fX 1,X2, . . . ,Xng are elements of the circuit with activities
x1, x2, . . . , xn (activity arb. u.)

• Outside of decision-making, fX 1,X2, . . . ,Xng have baseline activ-
ities x1, baseline, x2, baseline, . . . , xn, baseline (activity arb. u.)

Net advantage is defined as advantage minus cost multiplied by a
constant:

net advantageðX1 = x1, . . . ,Xn = xnÞ = advantageðX1 = x1, . . . ,Xn = xnÞ
� constant � costðX1 = x1, . . . ,Xn = xnÞ

ð42Þ

where:
• Functions for reward and cost are taken from eqs. 39 and 41,
respectively

• constant alters the weight given to cost compared to reward
(dimensionless)

Visualizing advantage, cost, and net advantage. Figure 7b shows an
example of how a circuit forms advantage per eq. 39. The advantage
scores scorei are randomly generated (normal distribution, mean 0,
standard deviation 1) for each of the 16 possible decision-spaces
formed from four decision-dimensions. sSPN and daSNC activity are
incremented across a 10×10 grid of sSPN and daSNC activities which
each range from 0 to 10 arbitrary units. The activities of other circuit
elements are set to default values in Instance 1 of the model (see
Common parameters).

Cost in Fig. 7c is formed using eq. 41. Distance from the circuit
baseline point is measured as Euclidean distance in the two plotted
decision-dimensions.

Net advantage in Fig. 7d is calculated per eq. 42. For this example,
the cost coefficient constant = 1 (dimensionless coefficient).

Figure 7f similarly shows net advantage but after incrementing
sSPN, LHb, and daSNC activities. Similar to in the example in Fig. 7d, a
set of scores are independently randomly generated and constant in
eq. 42 is set arbitrarily to 1 (dimensionless coefficient).

For code, see https://github.com/dirkbeck/DM_space_model/blob/
main/circuit_trajectories/advantage_cost_net_advantage_example.m.

Defining direction of circuit movement. The direction of movement
is defined as a search for the optimal circuit activity to produce
advantageous direct pathway decision-spaces. To understand how a
circuit governed by eq. 42 might adjust over the course of multiple
trials, we relate the adjustment of circuit activity to net advantage. We
specify that the circuit adjusts so that it can more easily reach
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advantageous decision-spaces. This constitutes a movement in the
baseline activity of eq. 42.

Thus, the circuit adapts in the direction of the gradient of net
advantage.

Δ ½x1, baselinex2, baseline . . . xn, baseline�T
trial

= rate � ∇net advantageðX 1 = x1, . . . ,Xn = xnÞ
ð43Þ

where:
• fX 1,X2, . . . ,Xng are elements of the circuit with activities
x1, x2, . . . , xn (activity arb. u.)

• Outside of decision-making, fX 1,X2, . . . ,Xng have baseline activ-
ities x1, baseline, x2, baseline, . . . , xn, baseline (activity arb. u.)

• rate is a coefficient that affects the speed of movement of the
circuit per trial (trial-1)

Effect of initial circuit activity on future trials. In Fig. 7e, g, Supple-
mentary Fig. 9a, several examples illustrate trajectories of circuit
movement, as defined in eq. 43.

In these analyses, we assume that decision-dimensions are
assigned equal importance by sSPN (i.e. in eq. 1, bsSPN = 0). The prob-
ability that an individual decision-dimension is used to form decision-
space is calculated using eq. 2. Advantage scores scorei are randomly
generated (normal distribution, mean = 0, standard deviation = 1
arbitrary unit) for each of the 16 possible decision-spaces created from
four dimensions. The value of constant in eq. 42 is set to 1 arbitrary
unit. For each increment of a 15 × 15 grid of sSPN and FSI (Fig. 7e) or
15 × 15 × 15 grid of sSPN, LHb, and daSNC (Fig. 7g, Supplementary
Fig. 9a), net advantage is calculated for the scenariowhere that activity
is the circuit baseline, i.e. X 1 = x1, baseline,X2 = x2, baseline, . . . ,
Xn = xn, baseline. The gradient of this grid is approximated via MATLAB’s
gradient() routine. Trajectories are integrated from the gradient via
MATLAB’s streamline(), which uses the forward Euler method.

In the upper panel of Fig. 7e, circuit baseline points are shown for
each increment of Euler’s method. The bottom panel shows the tra-
jectories of 20 randomly selected points on the [0, 5] arbitrary units
range for sSPN and FSI.

In Fig. 7g, starting points are selected to form a 5 × 5 × 5 grid
incremented along sSPN, LHb, and daSNC axes. At each point in a
trajectory line, the probability a dimension is used to form decision-
space is calculated via eq. 2. Then, during plotting, these calculated
probabilities are interpolated using MATLAB’s patch() routine.

In Supplementary Fig. 9a, the gradient is plotted using MATLAB’s
streamslice(). Then the trajectories of five randomly selected are
plotted.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/circuit_trajectories/sSPN_DA_LH_trajectories.m and
https://github.com/dirkbeck/DM_space_model/blob/main/circuit_
trajectories/sSNC_DA_LH_trajectories_examples2.m.

Effect of altered advantage score on future trials. In Supplementary
Fig. 9b, c, we examine the effect of a change to advantage scorel in
eq. 39 as a modeled task is being performed.

The circuit adjusts over 100 trials. At the beginning, advantage
score is set to 1 (dimensionless coefficient) for the non-D decision-
space and 0 for every other decision-space. Over the first 20 and the
last 10 time-steps (between the dashed lines on the plots), advantage
score is incremented for the 4D decision-space but not others. Over
time steps 21-90, advantage score is incremented for the non-D deci-
sion-space.

In the plot, the value of each decision-space is divided by the total
value of all decision-spaces to form a ratio.

For code, see https://github.com/dirkbeck/DM_space_model/blob/
main/circuit_trajectories/changing_space_value_between_trials.m.

Reasoning behind the FSI model
In eq. 1, scaling of cortical data serves the important functional role of
normalizing xP so that the circuit canmake sense of data coded across
the wide range of firing rates that might be observed in the cortex
(Supplementary Fig. 2a; for a discussion of the experimental literature,
see Supplementary Note 10). Per the experimental literature reviewed
in Supplementary Note 10, many cortical neurons synapse to one FSI
and the cortical to FSI connection is excitatory. Physiological analysis
of connected FSI and cortical neurons in the current work shows that
FSI activity scales linearly with cortical activity (Supplementary
Fig. 4k, l).

In the model, the parameter aFSI is related to the strength of
connection between cortex and FSI. The parameter bFSI is related to
firing rate of FSI when xP =0.

The algebraic operator that best represents this inhibition is less
clear: it could be thought of as a subtraction or as a division depending
on the experimental evidence used to model (for a discussion of the
experimental literature, see Supplementary Note 10).

A subtraction possibility:

ssSPNðaFSIÞ=xP � aFSI ð44Þ

A division possibility:

ssSPNðaFSIÞ=
xP

aFSI
ð45Þ

where:
• aFSI is the weight of cortex→FSI connection (dimensionless)
• xP is the activities of the cortical neurons in a given pathway P
(activity arb. u.)

The analytic relationship used here leads to a convenient inter-
pretation from the perspective of data processing. It can also be
thought of as approximating subtraction or division depending on the
scale of aFSI. Below, we show a series approximations of eq. 1 as a
function of connection strength from cortex, with input from cortex
and other parameters fixed.

Substitution in terms of aFSI:

ssSPNðaFSIÞ=
1

aFSI � kxPk2 + bFSI
xPW+bsSPN ð46Þ

Truncated Taylor series at aFSI = 0:

ssSPNðaFSIÞ=bsSPN + xPW
bFSI

� kxPk2 xPW

bFSI
2 � aFSI +OðaFSI

2Þ ð47Þ

Truncated Laurent series at aFSI =1:

ssSPNðaFSIÞ=bsSPN + xPW
kxPk2 �

1
aFSI

� Oð 1
aFSI

2Þ ð48Þ

Thus, when FSI is weakly connected to cortex, the formula
somewhat resembles a subtractive operation, and when FSI is strongly
connected to cortex, the formula somewhat resembles a division
operation. The ratio between the aFSI and bFSI parameters is important
here (the first series, before truncation, converges when jbFSI j

aFSI
> kxPk2

and the second, before truncation, when jbFSI j
aFSI

< kxPk2).

Inferring decision-space from SPN activity and choice
The decision-space can be inferred from environmental or experi-
mental inputs in conjunction with decision-making data (Supplemen-
tary Fig. 2q, r). The method here requires that many decision-making
experiments have been run with a similar apparatus but different
parameters (for instance, light level), and that average sSPN activity
has beenmeasured during the decisions. The parameter data is stored
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in a matrix X 2 Rn×p, where n here is a separate trial with separate
inputs (rather than different inputs across time steps, as in the
description of Instance 1) and P is the number of features of the
experiment that may be encoded by cortex, for instance temperature,
music volume, or light level (similar to the description in Instance 1).

The process involves three steps:

Labeling sessions. Recorded decisions are labeled using attributes of
the process bywhich the decisionwasmade. Thismight be achieved in
a rodent task thatmeasures response tomusic volume, for instance, by
clustering sessions based on heart rate and distance traveled.

Constraints based on SPN activity. The sessions are split by label.X is
standardized such that each column has a mean of 0 and standard
deviation 1. Then a linear regression is run on each labeled subsetXl to
find coefficients bl that map those observations to predicted SPN
activities (averaged across SPN decision-dimensions) ŷl for each ses-
sion in the subset (here, the subscript l is used to indicate all elements
of the subset):

ŷl =Xlbl +b0 ð49Þ

where:
• ŷl is predicted SPN activities
• Xl is a subset of experimental parameter data corresponding to
one label

• bl and b0 are the linear regression coefficients that map the
experimental parameters to sSPN activity

From the calculatedbl, we canguess the principal axis dimensions
that make up decision-space w1,w2, . . . ,wq and the presence of each
decision-dimension eli 2 f0, 1g in each labeled subset. During this
process, we considerbl as the sumof the dimensions in decision-space
in the subset:

bl =
Xq
i = 1

el, i wi ð50Þ

Using this framework, we can form a rule which we can use to
assign labels to decision-dimensions and hypothesize w1,w2, :::,wq:

If bA has high correlation with bB, then one of bA or bB must
correspond to a higher-dimensional decision-space that also
includes the dimensions of the other.

For example, we might have data with labels A, B, C, and D and
corresponding bA,bB,bC ,bD, where bA is correlated with bD, bB is
correlatedwithbD, and theother possiblepairs uncorrelated. It follows
from the rule above that bD is at least a two-dimensional decision-
space including dimensions from bA and bB, and that bA and bB are at
least one-dimensional decision-spaces. So, we would hypothesize that
there are two SPN-encoded decision-dimensions used during the
decision, w1 and w2, and that subsets A and D use w1, subsets B and D
use w2, and subset C does not use either.

The logic to construct these constraints are as follows. When
el1 = el2 = :::= elq =0 (i.e. a zero-dimensional decision-space), ŷl = b0.
The coefficients assigned to the zero-dimensional decision-space
bl:0D space should have low correlation with any of the axes
w1,w2, . . . ,wq. Therefore, it is expected that we find one bl that has
low correlation with the other bl, and we can label this bl:0D space.
Further, when eli for one i is equal to 1 and for all other i is equal to 0
(i.e. a 1D decision-space), ŷl =wi in space + b0. This decision-space will
have high correlation with wi in space but low correlation with other wi.
Therefore, it is expected that we find several bl:dim i space that are not

correlated with one another, or bl:0D space, but may be related through
the multi-dimensional decision-spaces in subset C. Finally, when eli is
equal to 1 for multiple i, bl is calculated as a sum per eq. 50. Therefore,
it is expected that some bl:dim i \ dim j space are linear combinations of
bl:dim i space and bl:dim j space.

The example shown in Supplementary Fig. 2r uses simulated data
with 2 experimentally observed features (for instance, temperature
and music volume) and 100 observations. X was constructed as a
matrixof i.i.d. Gaussianvariableswithmean0and standarddeviation 1.
The ground-truth principal component matrixWwas constructed as a
2 × 2 matrix of i.i.d. Gaussian variables with mean 0 and standard
deviation 1. Then, for each of the 100 observations, a decision-space
was randomly assigned in a reference dataset. Each decision-
dimension for each observation was treated as an i.i.d. uniform vari-
able, and if the variable corresponding to the observation and the
decision-dimension exceeded a value (here, 0.5), then the dimension
was considered as incorporated in decision-space. The randomly
generated decision-spaces were each assigned their own label. Then a
simulated SPN activity was created for each of the 100 observations
was created by multiplying the ground-truth W by the decision-space
used in each observation, similar to in eq. 1. i.i.d. Gaussian noise (mean
0, standard deviation 0.5) was then added to create simulated SPN
activity observations. Using this simulated data, we ran a linear
regression for each labeled subset via MATLAB’s fitlm() routine. The
linear regression fits are plotted as surfaces in Supplementary Fig. 2r.
The slopes, with respect to temperature and music volume, were, for
label A, −0.15 and 0.48, respectively; for label B, −437.90 and −9.72,
respectively; for label C, −9.01 and −274.51, respectively; and for label
D, −155.45 and −199.83. Slopes for label A are relatively small, so it is
assigned to “decision-space not formed” (matching the reference
dataset). Of the remaining labels, label D is closer to an additive
combination of labels B and C than other permutations, so label D is
assigned the “2D decision-space” (matching the reference dataset),
while labels B and C are each considered 1D decision-spaces (matching
the reference dataset).

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/model_overview/dimensionality_from_SPN_activity.m.

Tests using choice. We can then combine the constraints in Step 2,
developed using SPN activity, with an analysis of choice given the
hypothesized SPN-encoded decision-dimensions. In Step 2, a set of
w1,w2, . . . ,wq are hypothesized. Here, choice at different levels of
those wi are compared across the labeled subsets. The hypothesis in
Step 2 is supported if choice, for each labeled subset, is correlatedwith
the decision-dimensions hypothesized to be used to form decision-
space but not correlated with the decision-dimensions hypothesized
not to be used to form decision-space.

An example is shown in Supplementary Fig. 2r. For the case where
decision-space is not formed, choices do not correlate with any
hypothesized SPN-encoded decision-dimension. For a 1D decision-
space, choices correlatewith onehypothesized SPN-encodeddecision-
dimension. For a 2D decision-space, choices correlate with two hypo-
thesized SPN-encoded decision-dimensions.

In the plotted examples, we plot simulated choices in each of the
four decision-spaces used in the analysis. Choices are simulated from
reference dataset (i.e. absent noise added during simulation) average
sSPN activities by session y by treating Z = 1

1 + expð�y+ i:i:d:GaussiannoiseÞ as a
random variable, where Z < 0.5 corresponds to a “turn left” action and
Z ≥0:5 to a “turn right” action. The threshold of 0.5 is chosen because
it represents the expected value of Z at average sSPN activity (y =0). In
the plots, we interpolate possible subject values from choice at dif-
ferent combinations of the two decision-dimensions w1 and w2, as
derived in Step 2. For each action for each labeled subset, a logistic
regression is used to convert actions to the value of the action across
the grid. As expected, observations of label A, assigned to “decision-
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space not formed” have little correlation with either of the putative
decision-dimensions derived in Step 2; observations of labels B and C,
assigned to 1D decision-spaces, are correlated with one putative
decision-dimension but not the other; and observations of label D,
assigned to the “2D decision-space,” are correlated with both.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/model_overview/dimensionality_from_SPN_activity.m

Testing the model through analysis of neural data
As a further test of the decision-space model, we examined the rela-
tionships between behavior and neural activity in tasks that required
different reward versus cost dimensions. The analysis, new to the
current work, was performed using the Corticostriosomal Circuit
Stress Experiment database (published with Friedman et al., 2017). We
foundmore functionally connected sSPN andmSPN in tasks that were
difficult. We then analyzed cortex, FSI, sSPN, and mSPN during these
tasks and found evidence of dimensionality reduction from cortical
neurons to SPNs.

Defining decision difficulty by task. We defined decision difficulty
through deliberation time, calculated as the time between when the
door opened during the T-maze task and when the animal made a
movement between one end of the maze or the other. Deliberation
time distributions were analyzed for each trial group (for control and
stress: cost-benefit cost, benefit-benefit, cost-cost, non-conflict cost-
benefit). Skewness was calculated usingMATLAB’s skewness() routine.
Example distributions are shown in Supplementary Figs. 3b, 4a, b (6
animals, 35 sessions) and summaries across groups in Supplementary
Figs. 3d, 4c, d (14 rats, 249 sessions).

For instructions to run code, see https://github.com/dirkbeck/
DM_space_model/blob/main/Cross%20Correlation%20Pattern%
20Counts/createPaperFigures.m.

Fitting the modeled deliberation times. To replicate the deliberation
time distributions with a computational model, we leveraged a
diffusion model where two functions would both start at zero and
would continue towards either a positive or negative pre-defined
threshold that represented either performing an action (positive
threshold) or not performing an action (negative threshold). The
first threshold that was reached by either function was which decision
we considered as selected. The x-axis was the progression of time as
the functions ran. The deliberation time for thismodel was the amount
of time (in seconds) it took for the first function to reach its threshold.
To match the experimental distribution times analyzed in Supple-
mentary Fig. 3b, we ran the drift diffusion process adjusting drift rate,
the thresholds, and noise until the modeled deliberation time dis-
tribution had a similar median and skew to experimental data
from Supplementary Fig. 3c (https://doi.org/10.7910/DVN/SMKW0I).
An additional 1.5 seconds was uniformly added to modeled distribu-
tion times.

For instructions to run code, see https://github.com/dirkbeck/
DM_space_model/blob/main/Cross%20Correlation%20Pattern%
20Counts/createPaperFigures.m.

Connected SPNs through cross-correlation. We used the Corticos-
triosomal Circuit Stress Experiment database to identify sSPN and
mSPN among recorded neurons in the striatum. For details, see the
Supplemental Materials & Methods of Friedman et al. (2017). 14785
cells across 14 control animals were analyzed. The total number of
identified striosomal and matrix neurons per task: NCB = non-conflict
cost-benefit (14 sSPNs, 260 mSPNs), CC = cost-cost (46 sSPNs, 400
mSPNs), CBC = cost-benefit conflict (84 sSPNs, 717 mSPNs), BB =
benefit-benefit easy (50 sSPNs, 515 mSPNs, chocolate milk concentra-
tion <50), BB = benefit-benefit difficult (33 sSPNs, 731 mSPNs, choco-
late milk concentration >=50).

We binned the firing rates of sSPN andmSPN during the −3s to 3 s
window across all tasks into 1-5 bins. We used these firing rates to
determine cross-correlation (MATLAB’s xcorr()) between sSPN and
mSPN recorded in the same session. Correlated pairs were defined as
paired sSPN and mSPN that had a linear regression fit with correlation
squared (MATLAB’s corrcoef()) > 0.5 and significance p < 0.04. To
obtain the percentage of significantly correlated neurons, we counted
the number of pairs that met the threshold for correlation and divided
by the total number of identified pairs. Examples are plotted in Sup-
plementary Fig. 3e,f and counts in Supplementary Fig. 3g.

To determine the significance threshold for the counts of corre-
lated pairs, we shuffled the sSPN and mSPN pairs across the database.
We then performed the process above on the shuffled data. Using
these shuffled pairs, we formed a distribution of correlations that
might happen by chance. The threshold of significance was set to the
3 standard deviation mark among this distribution of shuffled pairs.

For instructions to run code, see https://github.com/dirkbeck/
DM_space_model/blob/main/Cross%20Correlation%20Pattern%
20Counts/runMe.m.

Connected SPNs through Granger causality. sSPN and mSPN pairs
were identified similarly to the previous section. 14785 cells across 14
control animals were analyzed, and 25758 cells across 9 stress animals.
The total identified number of striosomal and matrix cells for each of
the tasks is the following: Control CC = cost-cost (46 sSPNs, 400
mSPNs), Control BB = benefit-benefit (83 sSPNs, 1246mSPNs), Control
CBC = cost-benefit conflict (84 sSPNs, 717 mSPNs), Stress CBC = cost-
benefit conflict (41 sSPNs, 898 mSPNs, Stress BB = benefit-benefit
(156 sSPNs, 2813 mSPNs).

Then firing rates were determined over the span of the session by
binning each trial into bins of 100ms. Granger causality (MATLAB’s
gctest()) was run on these sSPN and mSPN firing rate pairs to deter-
mine whether each pair was functionally connected. In control ani-
mals, 92 connected pairs were identified for the cost-benefit conflict
task, 77 connected pairs for the cost-cost task, 1 connected pair for the
non-conflict cost-benefit task, and 116 pairs for the benefit-benefit task.
In stress animals, 110 connected pairs were identified for the cost-
benefit conflict task and 292 connected pairs for the benefit-
benefit task.

Next, for each of the trials with a functionally connected sSPN and
mSPN pair, the class of motif was determined as either sSPN excited /
mSPN excited, sSPN excited / mSPN inhibited, sSPN inhibited / mSPN
excited, or sSPN inhibited /mSPN inhibited. These classeswere formed
by identifying whether, separately, the neurons were excited, inhib-
ited, or neither in each of 5 blocks per each trial ([−15s, −3s], [−3s 0 s],
[0 s 2.5 s], [2.5 s, 4.5 s], [4.5 s 20 s]). A motif was counted if, in a certain
block, each neuron was either excited or inhibited.

Excited or inhibited classifications were determined through
inter-spike interval analysis, plotted in Supplementary Fig. 3h-j. The
median inter-spike interval for each neuron across the full trial was
calculated. A neuron was considered inhibited during the periods of
the trial when the inter-spike interval exceeded the median. Con-
versely, a neuron was considered excited during periods when the
inter-spike interval fell below median. Excited blocks were defined as
blocks where excitation time exceeded inhibition time by 10%. Inhib-
ited blocks were defined, oppositely, as blocks where inhibition time
exceeded excitation time by 10%. Blocks that reached neither thresh-
old were not classified.

For instructions to run code, see https://github.com/dirkbeck/
DM_space_model/blob/main/Cross%20Correlation%20Pattern%
20Counts/createPaperFigures.m.

Analyzing neural dimensionality reduction. In the analysis plotted in
Fig. 3f, using data from the Corticostriosomal Circuit Stress Experi-
ment database, we analyzed firing rates of 1) PL neurons that project to
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striatum (i.e. sSPN-projecting cortex, 221 sessions, 2-47 neurons
per session), 2) FSIs (96 sessions, 2-12 neurons per session), 3) sSPNs
(27 sessions, 2-9 neurons per session), and 4) mSPN (13 sessions, 2-6
neurons per session). Formethods of classification, see Friedman et al.
(2017). Spike data was converted to firing rates by separating the
spikes into 5-10 bins.

Covariance between the neurons was determined from the firing
rates of simultaneously recorded neurons over time. For each trial, the
effective correlation49 was calculated from the activities of the p neu-
rons over time:

effective correlation = 1� kCorrðX Þk1=p ð51Þ

Effective correlations were then averaged across trials. Con-
fidence intervals were determined from standard error between the
sessions. p-valueswere calculated using a two-sample t-test (MATLAB’s
ttest2 routine).

For instructions to run code, see https://github.com/dirkbeck/
DM_space_model/blob/main/neuron_pair_analysis/run_me.m.

Changes to choice after addingcost to a rewardoffer. In the analysis
plotted in Supplementary Fig. 4j, we sought to define choice patterns
before and after stress when a small cost was added to a reward offer.
To do this, we analyzed choice data from the CBC task before and after
stress (i.e. reward and a small cost) and in the BB task before and after
stress (i.e. only reward). We recorded the approach percentage across
sessions and then averaged these between groups. Data from 17
rodents across 38 sessions is used for Control CBC, data from 13
rodents across 24 tasks for Stress CBC, data from 23 rodents across 114
tasks for Control BB, and data from 14 rodents across 116 tasks for
Stress BB.

For data, see https://github.com/dirkbeck/DM_space_model/
blob/main/disorder_hypotheses/experimental_data_analysis_choice_
before_after_stress.xlsx.

Analyzed cortex-FSI connectivity. Using data from the Corticos-
triosomal Circuit Stress Experiment database (published with Fried-
man et al. (2017)), firing rates of striatum-projecting prelimbic cortex
neurons (i.e. sSPN-projecting cortex) and FSIs were analyzed. For
details regarding neuron classification, see Friedman et al. (2017).
Spike data was converted to firing rates by separating data into 5-10
bins. A linear regression of the form a x + b was fit through the firing
rates. Examples are plotted in Supplementary Fig. 4k, l and averages of
the square of Pearson correlation coefficient across neuron pairs and
the a slope parameter from the regression fit are plotted in Supple-
mentary Fig. 4o, p. 78 neuron pairs across 7 rodents were analyzed
before stress and 37 neuron pairs were analyzed across 4 rodents after
stress.

For instructions to run code, see https://github.com/dirkbeck/
DM_space_model/blob/main/neuron_pair_analysis/run_me.m.

Modeled cortex-FSI connectivity after stress. Connected cortical
neurons and FSI show increased correlation and reduced slopes
between their firing rates after stress (Supplementary Fig. 4k, l, o, p).
To understand how this impacts SPNs, wemodeled two changes to the
cortex→FSI connectivity that might produce the experimental results
(Supplementary Fig. 4q, r). A first factor, connection weight wq, mea-
sured the strength of connection between the qth connected cortical
neuron and the FSI, that is, how strongly FSI would respond to an
increase in activity in the connected cortical neuron. A second factor,
number of connections c, measured the number of connected cortical
neurons to the FSI.

We solved for correlation between the neurons and slope using
identities that link covariance, correlation, and slope. This process
assumes that FSI receives input only from the cortex.

Note that, to align with the indexing used in Instance 2 (e.g.
eq. 25), we use the index q for cortical neurons. In eq. 55, we use q1 and
q2 to refer to different cortical neurons.

correlationðcortex 1, FSIÞ= covðcortex 1, FSIÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðcortex 1Þ�varðFSIÞ

p ð52Þ

slopeðcortex 1, FSIÞ= covðcortex 1, FSIÞ
varðFSIÞ ð53Þ

covðcortex 1, FSIÞ=w1varðcortex 1Þ+
Xc
q= 2

wq � covðcortex 1, cortexqÞ

ð54Þ

varðFSIÞ =
Xc
q= 1

wq
2varðcortexqÞ+

Xc
q1 = 1

Xc
q2 = 1
q1≠q2

wq1
wq2

covðcortexq1, cortex q2Þ

ð55Þ

For simplicity, we assumed in our analysis that variance is equal
across cortical neurons projecting to the FSI (i.e. varðcortex 1Þ=
varðcortex 2Þ= . . . = varðcortex cÞ) and that the covariance between
those neurons is equal (i.e. covðcortex 1, cortex qÞ= covðcortex 1,
cortex 2Þ= covðcortex 1, cortex 3Þ= . . . = covðcortex 1, cortex cÞ). So, in
the analysis plotted in Supplementary Fig. 4q, r, we substitute uniform
variance and covariance to obtain:

correlationðcortex 1, FSIÞ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðcortex 1Þ+ ðc�1Þ�covðcortex 1, cortexqÞ

c�varðcortex 1Þ

q
ð56Þ

slopeðcortex 1, FSIÞ= 1
cw ð57Þ

where:
• c is the number of cortex neurons connected to each FSI
• w is the weight of each cortex→FSI connection

Thus, changes in strength of connection may be more likely to
affect slope, while changes in the quantity of connections, the covar-
iance between cortical neurons, and the variance of cortical neurons
may also affect the cortex to FSI correlation. In stress, correlation is
larger while slope is reduced, suggesting reduction in quantity of
cortex to FSI connections.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/disorder_hypotheses/ctx_to_FSI_synchrony_analysis.m.

Simulation illustrating the theoretical change. We then conducted a
simulation to examine the case where cortical data and cortex to FSI
connectivities were less uniform. To do this, we constructed a network
with random unit normal connection weights from cortex to FSI. Then
we randomly lesioned all but several of the connections to reflect the
sparsity of the brain. The connection from the first cortical neuron to
the FSI was always preserved.

In each of ten simulations, a cortical input to sSPN was generated
as a random unit normal 100 × 1 vector. Activity of the first cortical
neuron and the FSI was recorded. These are plotted in Supplementary
Fig. 4m, n along with a linear regression fit.

For code, see https://github.com/dirkbeck/DM_space_model/
blob/main/disorder_hypotheses/ctx_to_FSI_synchrony_analysis.m.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.
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Data availability
• Source data are provided with this paper. • This paper primarily
analyzes existing, publicly available data in the Corticostriosomal
Circuit Stress Experiment database69 (https://data.mendeley.com/
datasets/z9jd8xhj84/1). • This paper additionally analyzes data pub-
lished alongside the current paper in the Computational model of
striosomal circuit in normal and disordered decision-making
database70 (https://doi.org/10.7910/DVN/SMKW0I). • All original code
has been deposited in the DM_space model repository71 https://
zenodo.org/records/15433189 and is publicly available as of the date of
publication. • Any additional information required to reanalyze the
data reported in this paper is available from the lead contact upon
request. • See Instructions to run code, Supplementary Information
for instructions to run the code that analyzes the data. Source data are
provided with this paper.

Code availability
• All original code has been deposited in the DM_space_model
repository71 (https://zenodo.org/records/15433189). • See the
Instructions to run code, Supplementary Information for instruc-
tions to run the code.
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