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Abstract
Cognitive flexibility is essential for enabling an individual to respond adaptively to changes in their
environment. Evidence from human and animal research suggests that the control of cognitive
flexibility is dependent on an array of neural architecture. Cortico-basal ganglia circuits have long
been implicated in cognitive flexibility. In particular, the role of the striatum is pivotal, acting as
an integrative hub for inputs from the prefrontal cortex and thalamus, and modulation by dopamine
and acetylcholine. Striatal cholinergic modulation has been implicated in the flexible control of
behaviour, driven by input from the centromedian-parafascicular nuclei of the thalamus. However,
the role of this system in humans is not clearly defined as much of the current literature is based on
animal work. Here, we aim to investigate the roles corticostriatal and thalamostriatal connectivity
in serial reversal learning. Functional connectivity between the left centromedian-parafascicular
nuclei and the associative dorsal striatum was significantly increased for negative feedback
compared to positive feedback. Similar differences in functional connectivity were observed for
the right lateral orbitofrontal cortex, but these were localised to when participants switched to using
an alternate response strategy following reversal. These findings suggest that connectivity between
the centromedian-parafascicular nuclei and the striatum may be used to generally identify potential
changes in context based on negative outcomes, and the effect of this signal on striatal output may
be influenced by connectivity between the lateral orbitofrontal cortex and the striatum.
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Introduction
Flexible control over behaviour enables goal directed action by allowing an individual to respond
to changes in its environment. Being adaptive to change means an individual can adjust their
behaviour while maintaining their current goal, which is particularly important in ambiguous or
volatile environments where there is uncertainty around optimal behaviours. One common
behavioural assay is the reversal learning task (Izquierdo et al., 2017; Yaple & Yu, 2019). During
reversal learning participants learn associations between actions and outcomes, with the aim of
maximising reward. Some actions are more rewarding, while others are less so. These associations
between actions and outcomes change during the task and therefore participants need to alter how
they respond to continue maximising reward. Perseverative responding, the inability to effectively
switch to an alternate response strategy following reversal, is indicative of inflexibility, and
elevated in conditions characterised by repetitive behaviour including addiction (De Ruiter et al.,
2009; Ersche et al., 2011; Verdejo-Garcia et al., 2015), autism (Crawley et al., 2020; though also
see D’Cruz et al., 2016) and obsessive compulsive disorder (Remijnse et al., 2006).
Cognitive flexibility requires the orchestration of signals from across the cortical surface and
subcortical brain regions. Previous work has shown that the striatum, with its afferent projections
from the cerebral cortex, thalamus, amygdala, and hippocampus (among other regions) is well
positioned to act as an integrative information hub (Haber, 2016) and supports reversal learning
(Bradfield, Hart, et al., 2013; Cools et al., 2002; Ruge & Wolfensteller, 2016). One striatal afferent
consistently implicated in studies of reversal learning is the orbitofrontal cortex (Dalton et al., 2016;
Rudebeck & Murray, 2008; Rygula et al., 2010; Tsuchida et al., 2010). Reduced orbitofrontal
activation during reversal learning is associated with increased inflexibility in obsessive
compulsive disorder, (Remijnse et al., 2006), and with a reduced capacity to use negative outcomes
to guide behaviour (Groman et al., 2019). Within the context of reversal learning, the orbitofrontal
cortex is broadly thought to be involved in the shifting of behaviour following the reversal of
outcome contingencies (Izquierdo et al., 2017; Uddin, 2021). More specifically, the medial and
lateral portions of the orbitofrontal cortex are thought to have dissociable roles, with the former
involved in outcome evaluation, and the latter representing the current state of the task and its
associated contingencies (Hampshire et al., 2012; Hervig et al., 2020; Noonan et al., 2017).
Therefore, though the medial division of the orbitofrontal cortex is generally important for goal
directed learning, the lateral portion is specifically involved in reversal learning and changing
behaviour following the reversal of reward contingencies (Dalton et al., 2016; Hampshire et al.,
2012; Morris et al., 2016). Previous work from Bell, Langdon, et al. (2019) used a multi-alternative
reversal learning task with a single uninstructed reversal to investigate the neural mechanisms
underlying reversal learning. This task closely mimics the setup of animal studies of reversal
learning. It has a protracted period of initial and reversal learning where participants learn correct
and incorrect choices from experiencing trial-and-error. These protracted learning periods are like
learning in animal reversal learning task (e.g. in T-mazes Izquierdo et al, (2017)), where many trials
are required for learning stimulus-outcome contingencies. This is because participants are not
instructed about the reversal of reward contingencies. Instead, they rely on ongoing outcome
processing to signal a potential change in environmental contingencies. Increased functional
connectivity between the medial orbitofrontal cortex and ventral striatum was found after initial
learning, and before reversal; at this time participants should have a stable initial representation of
the task to guide goal-directed behaviour. This finding supports the proposed role of the medial
orbitofrontal cortex in outcome evaluation and goal directed behaviour. Conversely, increased
functional connectivity between the lateral orbitofrontal cortex and the dorsal striatum was found
during reversal learning. The strength of functional connectivity was inversely correlated with trials
to criterion during reversal learning and was found to be mediated by the learning rate for positive
prediction errors. This suggests lateral orbitofrontal connectivity with the dorsal striatum promotes
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changes in behaviour following reversal via learning from positive outcomes, reducing response
perseveration.
Another region important for cognitive flexibility is the thalamus. While traditionally viewed as a
relay for sensory and motor signals, there is an increasing appreciation for the role of the thalamus
in cognitive processes (Wolff & Vann, 2019). This includes cognitive flexibility and reversal
learning, where several thalamic nuclei are known to have an important role. For instance, animal
literature has shown that lesions to the mediodorsal nucleus of the thalamus does not impair initial
discrimination learning but does impair reversal learning (Chudasama et al., 2001). More
specifically, lesions to the mediodorsal thalamus are thought to impair reversal learning by
preventing the use of recent history to guide future choice, and thus choice behaviour is increasingly
stochastic following the reversal of reward contingencies (Chakraborty et al., 2016). In addition to
the mediodorsal thalamus, the centromedian-parafascicular nuclei are also important for flexibility.
However, while the mediodorsal projects primarily to the cortex with axon collaterals to the
striatum, the centromedian-parafascicular nuclei project primarily to the striatum, with afferents
that are preferentially connected with the striatal cholinergic system (Smith et al., 2009). Thalamic
connectivity between the parafascicular nucleus of the thalamus (the rodent homologue of the
primate centromedian-parafascicular (Smith et al., 2011)) and the striatal cholinergic system is
important for reversal learning (Bradfield, Hart, et al., 2013); disconnection of these circuits
impairs reversal learning by reducing striatal acetylcholine efflux, which in turn increases
interference between new and existing contingency encoding following reversal (Bradfield,
Bertran-Gonzalez, et al., 2013; Brown et al., 2010). Therefore, though both the mediodorsal and
centromedian-parafascicular nuclei support cognitive flexibility, they show distinct roles and
connectivity patterns.
Thalamostriatal connections between the centromedian-parafascicular nuclei and the striatal
cholinergic system are also thought to be important for flexibility in humans. For instance, magnetic
resonance spectroscopy has previously been used during uninstructed reversal learning, to
demonstrate functionally relevant changes in dorsal striatal choline that are specific to the reversal
of reward contingencies and are not present during initial learning (Bell et al., 2018). Moreover,
baseline striatal choline levels are also associated with reversal learning performance, and suggests
that the state of the striatal cholinergic system explains some variability in cognitive flexibility
(Bell, Lindner, et al., 2019). Additionally, changes in functional connectivity between the
centromedian-parafascicular nucleus in the thalamus and the dorsal striatum have been seen during
reversal, but not initial learning in the same task (Bell, Langdon, et al., 2019). Based on evidence
from animal and human literature we think the thalamostriatal connectivity between the
centromedian-parafascicular nuclei and the dorsal striatal system is important for producing
internal representations that are context dependent and support cognitive flexibility. More
specifically, thalamostriatal connections are believed to recruit cholinergic interneurons to support
new learning without “overwriting” prior knowledge (Bradfield, Bertran-Gonzalez, et al., 2013).
Cholinergic involvement, alongside dopaminergic prediction errors, enables behaviour that can
adaptively and efficiently respond to change by making the system sensitive to the broader
behavioural context, beyond simply outcome contingencies. Furthermore, the striatal cholinergic
system may enable the representation of context by modulating the output of striatal projection
neurons (Stayte et al., 2021). Therefore, the concurrent representation of context-dependent
contingencies in the striatum facilitates flexible behaviour that is responsive to change. Indeed, this
preposition is supported by computational work from Franklin & Frank (2015), who show the
inclusion of cholinergic interneurons in a model of the basal ganglia enables learning rates to
respond to environmental noise and uncertainty. Cholinergic interneurons are tonically active and
show a transient pause and rebound response to phasic activity. Changes in length of this transient
pause in Franklin & Frank's (2015) model were associated with balancing flexibility and stability,
with pause length inversely associated with learning rate during reversal. Shorter pauses facilitated
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faster updating of expected values but meant the system was more perturbed by noise, while the
inverse was true for longer pauses. Importantly, a pause length that was reciprocally modulated by
medium spiny neuron activity (compared to models with fixed pause lengths), enabled the system
to respond adaptively to change, minimising errors during probabilistic reversal. These dynamics
may ultimately regulate the effects of dopamine on the plasticity of corticostriatal synapses,
enabling the striatum to generate internal representations that are responsive to change and
uncertainty in the environment. Furthermore, these dynamics are in line with our understanding of
how variability in cholinergic transmission influences sensitivity to volatility and noise during
reversal learning.
In our previous work (Bell et al., 2018; Bell, Langdon, et al., 2019; Bell, Lindner, et al., 2019), we
aimed to bridge the gap between animal and human work. We used a task homologous with animal
studies to investigate how cortical, striatal, and thalamic systems interact during initial and reversal
learning in humans. However, most reversal learning tasks used in human neuroimaging work are
more like serial reversal learning than the multi-alternative task of the Bell et al. studies. Internal
representations of task context are readily acquired in serial reversal learning, and once an “if not
A, then B” heuristic for correct and incorrect choices exists, no additional information is relevant
for representing task structure. Therefore, task representation in serial reversal learning may be
considered as “saturated”. However, task representations for the multi-alternative task can be
considered as “unsaturated”, since participants are not instructed on the structure of the task and
only compile mature task representations following both the protracted initial and reversal learning
periods. Therefore, these differences in task representation may explain evidence suggesting
dissociable roles for choline in serial and multi-alternative reversal learning (Bell, Lindner, et al.,
2019; Williams & Christakou, 2021). We propose having a higher cholinergic “tone” at rest is
beneficial under a saturated task representation, by limiting learning disproportionately from
probabilistic and regressive errors, thereby promoting stability. By contrast, a lower tone is
beneficial for unsaturated task representations, by maximising contrast between periods of stability
and change, thereby promoting flexibility.
It is unclear how cortical and thalamic regions interact with the striatum and produce flexible
behaviour in a context with a saturated task representation. In such a context, there is no new
contextual information following initial discrimination and reversal learning, because the reversal
has been instructed. Therefore, connectivity specifically from the centromedian-parafascicular
nuclei to the striatum may not contribute to serial reversal learning in the same way as in the
uninstructed multi-alternative task, where the reversal needs to be discovered. Instead, behaviour
may be mediated via cortically driven mechanisms, using prior knowledge to guide action in line
with the known task representation. This is supported by evidence demonstrating that inputs from
the orbitofrontal cortex to striatal cholinergic interneurons are necessary for generating internal
representations in the striatum (Stalnaker et al., 2016). Alternatively, these thalamic connections
may continue to be important after initial and reversal learning. For instance, they signal
behaviourally relevant sensory events (Matsumoto et al., 2001; Schepers et al., 2017), and respond
to changes in context (Yamanaka et al., 2018). Therefore, thalamostriatal connectivity may be
relevant for identifying contextual change to promote flexibility in serial reversal as in the multialternative task.
To arbitrate between these possibilities, we use recent advances in parcellation approaches and
functional magnetic resonance acquisition optimised for spatial specificity to examine the roles of
orbitofrontal, striatal, and thalamic regions in producing cognitive flexibility in serial probabilistic
reversal learning (Iglesias et al., 2018; Volz et al., 2019). In our task we define two distinct phases
that appear consistently over successive reversal episodes. The “re-learning phase” is the period
between the reversal of outcome contingencies and participants reaching the learning criterion.
Once they reach criterion participants are in the “stability phase” until outcome contingencies
reverse again. We used psychophysiological interaction analysis to study the functional
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connectivity between regions of interest in subdivisions of the cortex, striatum, and thalamus during
re-learning and stability. Additionally, we conducted exploratory analyses investigating how
reward and error signals may be used to guide behaviour during re-learning and stability phases.

Methods
Participants
36 healthy adult participants (mean age = 24.38 years; SD = 6.51; range = 18-49; 23 female) were
recruited via opportunity sampling from the University of Reading community. Participants were
eligible for participation if they were right-handed, and did not self-report the use of cigarettes,
recreational drugs, or psychoactive medication or have a formal diagnosis of psychiatric or mental
health condition. Participants were reimbursed £15 for their time. Seven participants were excluded
from the final dataset. One participant had artifacts in MR data due to braces; one participant had
technical errors during scanning; one participant had registration issues; four participants
responded on less than 95% of trials during the task.

Materials
Magnetic resonance images were collected on a Siemens MAGNETOM Prisma 3T MRI Scanner
with a 32-channel receiver head coil at the Centre for Integrative Neuroscience and Neurodynamics
at the University of Reading. The probabilistic reversal learning task was programmed using
MATLAB (2017b, The Mathworks, Inc, Natick, MA, United States) and Psychtoolbox-3
(Brainard, 1997) on a Macintosh running macOS Sierra. The task was presented on a BOLDscreen
LCD (Cambridge Research Systems Ltd, Rochester, Kent, United Kingdom) during scanning and
displayed to the participant via a mirror placed above their eyes. Task presentation, synchronised
with functional volume acquisition, was controlled by a computer running Windows 7, MATLAB
2015b and Psychtoolbox-3.

Learning task
Two abstract images of fractal patterns were shown on the left and right hemifield of the visual
display. Participants had to choose one of the two images within 2000ms by pressing the
corresponding button on a button box, else a “too late” message was displayed. After selection, the
chosen stimulus was immediately highlighted (duration: min = 1500ms, max = 2500ms, x̅ =
2000ms, plus a jitter sampled from an exponential distribution (min = 500ms, max = 6000ms, x̅ =
1000ms)). The outcome of the participant’s choice was then presented for 1000ms. A jittered
fixation cross sampled from an exponential distribution (min = 500ms, max = 3000ms, x̅ = 1000ms)
followed and was presented in the centre of the display. The participant’s cumulative points total
was then presented for 500ms and the trial ended with a second jittered fixation cross in the centre
of the screen, sampled from a different exponential distribution to the first fixation cross (min =
500ms, max = 6000ms, x̅ = 1000ms). Delays and jitters were optimised to separate events of interest
without compromising the psychological features of the trial, desynchronise trial timings from the
fMRI acquisition repetition time, and to fully sample across the hemodynamic response function.
Figure 1 shows a schematic of the task trial structure and timings.
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Figure 1: Overview of a single trial. Participants are initially shown two abstract
fractal images and given two seconds to choose one image. Their choice is then
highlighted. The participant is then shown the outcome of their choice; this will
either be an increase or decrease of 50 points if they selected an image, or 0 points
if they made no choice. The outcome is followed by a fixation cross, their
cumulative total so far, and finally another fixation cross.

At the beginning of the task, one of the two images were randomly assigned as the correct image,
and the other as the incorrect image. The probability of winning points on the correct image was
0.8, and the probability of losing points was 0.2. The inverse was true for the incorrect image.
Outcomes were pseudo-randomised such that the assigned probabilities were true for blocks of 20
consecutive selections of the correct or incorrect choice. Additionally, no more than six of the same
outcomes (win or loss) would be consecutively presented for the correct or incorrect choice. If
participants won, their cumulative total increased by 50. If they lost, their cumulative total
decreased by 50. If they did not choose an image, their cumulative total did not change. For
outcome probabilities to reverse participants had to reach and maintain a predefined learning
criterion: the selection of the correct image on five of the previous six trials. After reaching criterion
participants entered a stability phase where the probability of reversal was equal to the number of
trials where criterion had been maintained, divided by 10 (adapted from (Hampton et al., 2006)).
If criterion was not maintained, then the probability of reversal was reset to 0 and restarted once
criterion was reached. This variable length was included to minimise identification of the learning
criterion and anticipation of the reversal event. The reversal event involved the switching of
outcome probabilities, with the correct image becoming incorrect and vice versa. On reversal,
participants had to re-reach and maintain the learning criterion for the reassigned outcome
probabilities (re-learning phase) before outcome probabilities would reverse again. Participants
completed 360 trials of the reversal learning task. There was no limit on the number of reversal
events a participant could experience. Left-right stimulus presentation was randomised across
trials. Before starting, participants were instructed that: their aim was to collect as many points as
possible; the outcome was dependent on the image they chose; one choice may be better than the
other; and the better choice could change during the task. Participants completed 20 practice trials
prior to entering the MRI scanner. Practice trials followed the same structure as trials in the scanner,
but participants did not receive any feedback for their choices. Instead, hashtags were presented in
place of outcome and cumulative total feedback.
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Figure 2 Trial and task phase overview of the serial reversal learning task. Dashed
vertical lines show when criterion was reached (C); thin vertical lines show where
outcome contingencies reversed (R) and a new learning event starts. Initial
learning is the first learning event. After each reversal (R) participants are in the
re-learning phase until they reach criterion (C). Participants are then in the
stability phase until outcome contingencies reverse (R). The learning criterion
must be maintained during the stability phase before reward contingencies
reverse. Incorrect choices during the re-learning phase are defined as reversal
errors, and the last reversal error of each re-learning phase is defined as the final
reversal error. Each participant completes a total of 360 trials.

fMRI acquisition
T2-weighted whole-brain blood oxygen level-dependent (BOLD) functional images were acquired
using a multi-band 2D-echo-planar imaging sequence with GeneRalized Autocalibrating Partially
Parallel Acquisitions (GRAPPA) (acceleration factor = 2) [TR = 2160ms; TE = 30ms; slices = 93;
voxel volume ≈ 1.6mm3; slice thickness = 1.6mm; distance factor = 0%; FOV = 205 x 205 mm;
matrix = 128 x 128; flip angle = 90°; multiband acceleration factor = 3; phase encoding direction
= A  P (negative polarity); interleaved acquisition; echo spacing = 0.75ms; fat suppression].
BOLD acquisition parameters were optimised for spatial resolution due to the scale of thalamic
nuclei relative to standard parameters used at 3T (2.5-3mm isotropic), and because smaller voxels
decreases signal loss in the orbitofrontal cortex as field inhomogeneities cause partial volume
distortions for fewer voxels (Volz et al., 2019; Weiskopf et al., 2007). Fieldmap images were
acquired to correct for distortions in the acquired data due to inhomogeneities in the magnetic field
[TR = 2900ms; TE = 53.8ms; slices = 93; voxel volume ≈ 1.6mm3; slice thickness = 1.6mm;
distance factor = 0%; FOV = 205 x 205 mm; matrix = 128 x 128; flip angle = 90°; multiband
acceleration factor = 3; phase encoding direction = A  P and P  A; interleaved acquisition;
echo spacing = 0.75ms; fat suppression; GRAPPA acceleration factor = 2]. High resolution T1weighted anatomical images were acquired with a magnetization-prepared rapid gradient-echo
(MP-RAGE) sequence with GRAPPA (acceleration factor = 2) [TR = 2300ms; TE = 2.29ms; TI =
900ms slices = 192; voxel volume ≈ 0.9mm3; slice thickness = 0.94mm; distance factor = 50%;
slice oversampling = 16.7%; FOV = 240 x 240mm; matrix = 256 x 256; flip angle = 8 °; phase
encoding direction = A  P; echo spacing = 7ms].

Analysis of fMRI data
fMRI image analysis was performed principally using the FSL (6.0.4) toolbox from the Oxford
Centre for Functional MRI of the Brain (FMRIB's Software Library, www.fmrib.ox.ac.uk/fsl), and
the FreeSurfer image analysis suite (version 6.0.0).
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Preprocessing
fMRI data pre-processing was carried out using FEAT (FMRI Expert Analysis Tool) Version 6.00.
Registration of high resolution structural, functional and standard space images was carried out
using FLIRT (Normal search, 12 DOF) (Jenkinson et al., 2002; Jenkinson & Smith, 2001);
structural registration to standard space was further refined using FNIRT nonlinear registration
(Normal search, 12 DOF, warp resolution = 10mm) (Andersson et al., 2007a, 2007b). MCFLIRT
was used to identify motion artefacts in functional data. Motion and distortion correction were
simultaneously applied to functional data using MCFLIRT parameters and B0 unwarping
parameters from fieldmap images respectively. Functional data were spatially smoothed using a
smoothing kernel (3.2 FWHM).

Anatomical segmentation
Cortical reconstruction and volumetric segmentation were performed with FreeSurfer. Firstly,
anatomical images were processed using the FreeSurfer recon-all pipeline, which included the
generation of subject specific parcellations of the medial and lateral orbitofrontal cortex. We then
used the ThalamicNuclei tool in FreeSurfer to perform thalamus segmentation. This tool performs
segmentation of the thalamus using Bayesian Inference, and is based on a probabilistic atlas
constructed from histological and ex vivo MRI data (Iglesias et al., 2018). Subject space masks for
the centromedian, parafascicular, mediodorsal (medial), and mediodorsal (lateral) nuclei of the
thalamus and the medial and lateral portions of the orbitofrontal cortex were generated from the
automated FreeSurfer parcellations. Masks were transposed from anatomical space to functional
space using FLIRT affine transformation parameters and re-binarised. Centromedian and
parafascicular nuclei masks were combined to create a single mask for the Centromedianparafascicular complex; mediodorsal (medial), and mediodorsal (lateral) masks were combined to
create a mask for the mediodorsal nucleus.

Statistical analysis
First level and higher-level statistical analyses for the fMRI data were performed using FEAT. At
the first level, two general linear models were run.

Model 1 – trial-wide modelling for activation comparison across task phases
The first modelled different trial types as separate regressors. These regressors were modelled as
boxcar functions, the onset coincided with the onset of choice stimuli (the start of the trial as
depicted in Figure 1) and the offset with the removal of the cumulative total (the start of the
intertrial fixation cross; Figure 1). Twelve regressors were used to model different trial types at the
subject level; Trial regressors are defined in Table 1, and are based on the phase of the task (initial
learning, re-learning, or stability), the choice made (correct or incorrect), and the outcome of the
choice (positive or negative feedback). A regressor to separate final reversal errors (Figure 2) from
other reversal errors was also included. Each regressor and its temporal derivative were convolved
with the canonical (double gamma) haemodynamic response function. Activation maps for each
regressor were generated at the subject level by creating contrast estimates relative to an implicit
baseline derived from fixation periods (Figure 1). Contrast estimates for this model were generated
at the whole-brain level.
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Win
Loss

Initial learning
Correct
Incorrect
CI
II

Abbreviation
CI
CRe
CSt
CR = (CI + CRe + CSt)
II
Re
Re_par
FRe
PESt
ISt

Re-learning
Correct
Incorrect
CRe
FRe
Re
Re_par

Stability
Correct
Incorrect
CSt
PESt
ISt

Description
Correct response and positive feedback during initial learning
Correct response and positive feedback during re-learning
Correct response and positive feedback during stability
All correct response and positive feedback trials
Incorrect response and negative feedback during initial learning
Reversal error – Incorrect response and negative feedback during relearning (excluding the last Re trial for each learning event)
Reversal error – As above, but with EV the parametrically modulated such
that activation decreases from 1 to (excluding) 0 in each learning event.
Final reversal error – The last incorrect response and negative feedback
during re-learning (for each learning event)
Probabilistic error - Correct response but negative feedback during
stability
Incorrect response and negative feedback during stability

Table 1 Definitions of trial types within the task used for the analysis of functional
magnetic resonance imaging data based on the task phase, the participant’s
choice, and the outcome of their choices. Task phases are described as based on
definitions in Figure 2; correct choices are choices of the option with the higher
probability of positive feedback, regardless of whether positive feedback was
received; incorrect choices are choices with the higher probability of negative
feedback. Positive feedback is the gain of 50 points irrespective of the
participant’s choice, negative feedback is the loss of 50 points irrespective of the
participant’s choice.

Model 2 – epoch-wide modelling across task phases for PPI analysis
The second general linear model modelled each epoch of the trial as a separate regressor and was
used as the basis for our psychophysiological interaction analyses (PPI). These epochs were the
decision-making phase, the anticipation phase, the outcome phase, and the cumulative total phase
for each trial (see Figure 1 for a schematic of the trial epochs). The decision-making phase was
subdivided into decision making during initial learning, re-learning and the stability phase. The
outcome phase was subdivided into positive, negative, and neutral (i.e. no choice on that given
trial) feedback during each of the initial learning, re-learning, and stability phases separately.
The purpose of the PPI analysis was to interrogate the functional connectivity of regions of interest
in the orbitofrontal cortex and the thalamus with specific subregions of the striatum (Friston et al.,
1997; O’Reilly et al., 2012).
Unilateral seed timeseries for the medial and lateral portions of the orbitofrontal cortex, and the
mediodorsal and centromedian-parafascicular nuclei of the thalamus were extracted using subjectspace masks generated using FreeSurfer, and subjects pre-processed BOLD data. Medial
orbitofrontal cortex was included as a control region for the lateral orbitofrontal cortex due to their
dissociable roles in reversal learning. The mediodorsal thalamus was included as a control region
as although it has some projections to the striatum (which do not project to cholinergic
interneurons), the cortex is its main target. Conversely, the centromedian-parafascicular nuclei

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

project preferentially to the striatal cholinergic interneurons, and these projections have been
implicated specifically in reversal learning (Bell, Langdon, et al., 2019). The centromedianparafascicular nuclei and the mediodorsal nucleus also appear to have distinct functional roles
during reversal learning. Previous evidence suggests the mediodorsal nucleus is important for using
recent reward history to guide behaviour and minimising perseveration (Chakraborty et al., 2016),
while the centromedian-parafascicular nuclei are important for generating multiple concurrent
representations of contingencies that are relevant in different contexts, signalling behaviourally
relevant sensory stimuli that signal a change in context, and minimising regressive error (Bradfield
& Balleine, 2017; Brown et al., 2010; Matsumoto et al., 2001; Schepers et al., 2017; Yamanaka et
al., 2018).
For each general linear model, the timeseries of a seed region was included as a regressor, and the
interaction between the psychological regressors and the seed timeseries was calculated. Therefore,
each general linear model contained sixteen regressors. Each permutation of psychological
regressor and seed timeseries was run as a separate model; these are summarised in Table 2. This
resulted in forty-eight PPI models for each subject. Contrast estimates were generated using the
interaction term from each PPI to identify differences in functional connectivity for positive and
negative feedback during the outcome epoch and differences in functional connectivity between
the re-learning and stability phases for the decision making and feedback epoch. Region of interest
analysis was used to restrict our PPI results to three functional subdivisions of the striatum
(associative, limbic and motor) that were defined a priori as target areas (Bell, Langdon, et al.,
2019; Choi et al., 2012). Regions of interest were ipsilateral to the seed region used for PPI analysis,
based on the predominant anatomical connectivity of corticostriatal and thalamostriatal circuits
(Bradfield, Bertran-Gonzalez, et al., 2013; Gourley et al., 2013).
Physiological regressors

Psychological regressors

Left-CM-Pf,
Left-MD,
Left-lOFC,
Left-mOFC,
Right-CM-Pf,
Right -MD,
Right -lOFC,
Right -mOFC

Decision making (Re-learning),
Decision making (Stability),
Positive feedback (Re-learning),
Positive feedback (Stability),
Negative feedback (Re-learning),
Negative feedback (Stability)

Table 2 Overview of physiological and psychological regressors used in the
general linear model for psychophysiological interaction analysis.

Group-level Estimates
Higher analysis was used to calculate group level activation for our contrast estimates. Age was
included as a covariate of no interest in our higher level analysis to control for maturational effects
on our results, given the age range of our participants (Boehme et al., 2017); the number of reversals
was also included to control for the number of learning events each participant completed. Group
estimates were calculated using FLAME 1 (FMRIB's Local Analysis of Mixed Effects) in FSL
using familywise error corrected (FWE) cluster thresholding (Z = 2.3, p < 0.05). For whole-brain
contrasts, global and local maxima within each cluster were identified using a custom python script
(https://github.com/bwilliams96/pyCL/blob/master/Label_copes.ipynb) that used atlasquery in
FSL to produce an html report of the most probable region using the Harvard-Oxford cortical
subcortical structural atlases. For each region, the coordinates, size, and p(FWE) corresponding to
the highest z-value are reported. Our results follow published reporting guidelines for functional
neuroimaging studies (Poldrack et al., 2008).

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Results
Behavioural summary
All subjects included in the analysis experienced an average of 24.62 (SD = 5.67; Range = 10 - 37)
reversals during the task and selected an image on >95% of trials. Correct responses, regardless of
outcome, were made at significantly greater than chance level (mean correct choices = 254.38, 95%
CI [248.66, ∞], 𝑡(28) = 22.13, 𝑝 < .001, SD = 18.10, Range = 193 - 290), and participants
experienced an average of 24.62 (SD = 5.77; Range = 10 - 37) reversals (Figure 3). The average
number of trials taken to reach criterion was 8.76 (SD = 4.33; Range = 5 - 40); an average of 3.07
(SD = 2.30; Range = 0 - 18) perseverative errors were made following the reversal of contingencies
before reaching criterion in each learning event. Participants did not respond on an average 2.79
trials (SD = 3.59; Range = 0 - 15) during the task. An average of 4,718.97 (SD = 1,065.31, Range
= 1200 - 6800) points were collected by the end of the task. The average reaction time of
participants to choose following the onset of the stimuli was 621.57 milliseconds (SD = 123.86,
Range = 367.07 - 917.30).

Figure 3 Mean (±95% confidence intervals) number of correct, incorrect, and
missed responses for each participant across the task. Mean (±95% confidence
intervals) number of trials (blue) and trials to criterion (orange) in each learning
event; grey bars are the number of participants who reached each learning event.

fMRI results
Task-related activations are in line with previous studies of probabilistic reversal
learning.
First, we wanted to understand whether our data was in line with previous reports of probabilistic
reversal learning. If results from these analyses are aligned with previous reports, then this suggests
our task is broadly comparable with other designs. Significant bilateral insula activation was found
when contrasting final reversal errors and correct responses (FRe > CR), in line with previous
findings (Table 3, Figure 4) (Cools et al., 2002; Dodds et al., 2008; Freyer et al., 2009; Waegeman
et al., 2014; Yaple & Yu, 2019; Zeuner et al., 2016). Reversal errors that did not lead to a change
in behaviour (Re > CR) showed activation consistent with past findings in the anterior
cingulate/paracingulate cortex (Kringelbach & Rolls, 2003), bilateral insular cortex and right
frontal operculum cortex/inferior frontal gyrus (Table 3) (Mitchell et al., 2008).
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Region
Frontal
cortex
Insula
Insula

operculum/orbitofrontal

L/R

𝒙

Final reversal error > Correct
𝒚
𝒛
Size 𝒛(𝒎𝒂𝒙) 𝒑(𝑭𝑾𝑬)

R

46

20

-4

297

4.24

< 0.001

L
R

-32
32

24
26

-2
2

158
297

3.75
3.62

< 0.001
< 0.001

Region
L/R
Anterior cingulate/paracingulate
R
cortex
Cerebellum
L
Frontal operculum cortex/inferior
R
frontal gyrus
Frontal pole
R
Insula
L
Insula
R
Superior frontal gyrus
R

𝒙

Reversal error > Correct
Size 𝒛(𝒎𝒂𝒙) 𝒑(𝑭𝑾𝑬)
𝒚
𝒛

8

22

40

275

3.84

< 0.001

-40

-50

-30

110

3.71

< 0.001

46

18

2

1811

3.77

< 0.001

36
-42
32
14

46
18
26
10

6
-4
2
62

162
202
1811
233

3.51
3.68
3.75
3.71

< 0.001
< 0.001
< 0.001
< 0.001

Table 3 Significant clusters from whole brain analysis of contrasts used in
previous studies of probabilistic reversal learning (see text for details and
citations).

Figure 4 Whole brain analysis shows similar activations for final reversal errors
versus correct response as in previous studies of reversal learning (see text for
details). Significant clusters were identified in bilateral insula (peak coordinates
were 𝑥 = −32, 𝑦 = 24, 𝑧 = −2, 𝑧(𝑚𝑎𝑥) = 3.75 for the left insula; 𝑥 = 32,
𝑦 = 26, 𝑧 = 2, 𝑧(𝑚𝑎𝑥) = 3.75 for the right insula) and in the right
orbitofrontal cortex (peak coordinates 𝑥 = 46, 𝑦 = 20, 𝑧 = −4, 𝑧(𝑚𝑎𝑥) =
4.24). A significance threshold of 𝑝(𝐹𝑊𝐸) < 0.05 and a cluster threshold of z
> 2.3 was used.

Centromedian-parafascicular nuclei and lateral orbitofrontal cortex show
increased functional connectivity with striatal regions during the processing of
negative feedback.
We were next interested in assessing functional connectivity between the orbitofrontal cortex and
striatum, and between the thalamus and the striatum. To do this we use psychophysiological
interaction analysis. We used unilateral seed regions in the medial and lateral orbitofrontal cortex,
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and in the centromedian-parafascicular and mediodorsal nuclei of the thalamus. We measured
ipsilateral functional connectivity with the striatum and restricted our analysis to regions of the
associative dorsal striatum, motor dorsal striatum, and limbic ventral striatum (Bell, Langdon, et
al., 2019; Choi et al., 2012). For the outcome epoch we assessed differences in functional
connectivity between the re-learning and stability phases, and between positive and negative
feedback. For the decision-making epoch we assessed differences in functional connectivity
between the re-learning and stability phases (Table 2).

Outcome valence
Functional connectivity between the left centromedian-parafascicular nucleus of the thalamus and
the associative dorsal striatum during the outcome epoch was significantly greater for negative
feedback than positive feedback (z(max) = 3.57, MNI coordinates = [-26, 4, -2], 38 voxels, p =
0.012, Figure 5B & C). We also found significantly greater functional connectivity for negative
feedback than positive feedback between the right lateral orbitofrontal cortex, and the associative
dorsal striatum (z(max) = 4.14, MNI coordinates = [18, 16, -4], 39 voxels, p = 0.008, Figure 5E).
Increased functional connectivity for negative feedback, relative to positive feedback suggests that
thalamostriatal and corticostriatal circuits may use negative outcomes to guide adaptive behaviour
during serial reversal learning.
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Figure 5 A: Left centromedian-parafascicular (CMPf) seed region. B: Functional
connectivity between the left centromedian-parafascicular and the left associative
striatum was significantly greater during the processing of negative feedback
versus positive feedback (peak coordinates 𝑥 = −26, 𝑦 = 4, 𝑧 = −2,
𝑧(𝑚𝑎𝑥) = 3.57). No significant differences in this contrast were seen when
comparing between phases of the task. C: Strength of functional connectivity
between left cortical (lOFC: lateral orbitofrontal cortex, mOFC: medial
orbitofrontal cortex) and thalamic (CMPf, MD: mediodorsal nucleus) seeds with
the associative dorsal striatum for negative feedback versus positive feedback.
Significant functional connectivity was observed between the left centromedianparafascicular nuclei and the striatum, but other regions did not show significant
functional connectivity. D: Right lOFC seed region. E: Functional connectivity
between the right lOFC and the right associative striatum was significantly
greater during the processing of negative feedback versus positive feedback (peak
coordinates 𝑥 = −18, 𝑦 = 16, 𝑧 = −4, 𝑧(𝑚𝑎𝑥) = 4.14). F: Significant
differences in functional connectivity were observed for negative versus positive
feedback during the stability phase, but not between other phases of the task. A
significance threshold of 𝑝(𝐹𝑊𝐸) < 0.05 and a cluster threshold of z >2.3 was
used.

To determine whether differences in functional connectivity between the centromedianparafascicular nucleus or the lateral orbitofrontal cortex and the associative striatum were localised
to a specific phase of the task we calculated differences in functional connectivity for negative and
positive feedback across the re-learning and stability phases of the task. Functional connectivity
between the lateral orbitofrontal cortex and the associative striatum was significantly greater for
negative feedback than positive feedback during the stability phase (z(max) = 3.21, MNI
coordinates = [14, 16, 0], 40 voxels, p = 0.006, Figure 5F). No differences were found between the
centromedian-parafascicular and the associative striatum for negative and positive feedback across
re-learning and stability. These findings are suggestive of a general error signal between the
centromedian-parafascicular and the associative striatum used to guide behaviour by signalling
potential changes in context based on negative feedback. Conversely, error signals between the
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lateral orbitofrontal cortex and associative striatum may be specifically used to implement a change
in response strategy, in line with previous literature (Hampshire et al., 2012; Rygula et al., 2010).
Importantly, no differences in functional connectivity between the medial orbitofrontal cortex and
mediodorsal thalamus with our striatal regions of interest was observed during the outcome epoch
of the task. These regions were included as control regions, and support the specificity of the
thalamus with the dorsal striatal cholinergic system, and the lateral orbitofrontal cortex during serial
reversal learning. The dorsal striatal cholinergic system is preferentially innervated by the
centromedian and parafascicular nuclei, while the mediodorsal nucleus has few projections to the
striatal cholinergic system (Smith et al., 2009). The striatal cholinergic system has an important
role during reversal learning, and is associated with the generation and flexible use of multiple
internal representations (Bell et al., 2018; Bradfield, Bertran-Gonzalez, et al., 2013; Bradfield &
Balleine, 2017; Brown et al., 2010; Ragozzino et al., 2009; Stalnaker et al., 2016). Therefore,
although we have not measured striatal cholinergic activity directly, the specificity of these results
suggests that functional connectivity between the centromedian-parafascicular nucleus and the
dorsal striatum might be associated with striatal cholinergic interneuron activity. Additionally,
while the medial orbitofrontal cortex is involved in outcome evaluation and goal-directed
behaviour, its inactivation is associated with general impairments in probabilistic learning (Dalton
et al., 2016). Conversely, lateral orbitofrontal inactivation preferentially impairs reversal learning
(Dalton et al., 2016), in line with other work suggesting the lateral orbitofrontal cortex is important
for initiating change and minimising perseveration after the reversal of outcome contingencies
(Bell, Langdon, et al., 2019; Hampshire et al., 2012; Hervig et al., 2020). Therefore, the specificity
of lateral orbitofrontal result suggests its functional connectivity with the dorsal striatum changed
as a function of reversal learning, while no differences in functional connectivity for the medial
orbitofrontal cortex suggests the strength of its connectivity was consistent across the task.

Decision-making
Next, we assessed functional connectivity between our seed regions in the orbitofrontal cortex and
thalamus with the striatum during decision making. Functional connectivity between the right
mediodorsal thalamus and the ventral striatum was significantly greater during the decision-making
epoch of the re-learning phase than the stability phase (z(max) = 3.03, MNI coordinates = [16, 6, 12], 8 voxels, p = 0.046).
Although the mediodorsal thalamus was included as control regions based on the specificity of
centromedian-parafascicular connectivity with the dorsal-striatal cholinergic system, there is prior
evidence from animal and human literature for a role for the mediodorsal thalamus and ventral
striatum in reversal learning. For instance the ventral striatopallidal circuit, which includes the
ventral striatum and mediodorsal thalamus, helps the inhibition of responding to previously
rewarded stimuli after contingency reversal, as lesions to the circuit impair reversal learning, but
not stimulus discrimination or simple stimulus-outcome association learning (Ferry et al., 2000;
Price, 2005).
In the present study, increased coherence between the mediosorsal thalamus and ventral striatum
during decision making may help prevent perseverative errors during re-learning, i.e. after the
reversal has been instigated. We ran supplementary analyses to test this hypothesis but found no
correlation between participant’s average number of perseverative errors and the difference in
functional connectivity between the re-learning and stability phases (r = -0.029, p = 0.881).
No differences in functional connectivity during decision making between the orbitofrontal cortex
or centromedian-parafascicular nucleus and the striatum were observed during re-learning and
stability phases.
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Cortical error signals are parametrically modulated by response perseveration.
Following our findings describing the role of thalamostriatal and corticostriatal connectivity in
reversal learning, we next ran a series of whole brain exploratory analyses. These analyses aimed
to investigate further how negative and positive feedback may guide adaptive behaviour during
serial reversal learning; we modelled different trial types as individual explanatory variables (Table
1).
We first tested for error signals that could relate to a change in behavioural strategy. To do this we
compared final reversal errors, as defined by Cools et al. (2002), with errors unrelated to reversal
learning. Specifically, we compared final reversal errors with incorrect choices during initial
learning (FRe > II) and found significant increases in activation in the orbitofrontal and insular
cortices and middle frontal, paracingulate, and superior frontal gyri (Table 4). However, these
differences do not provide causal evidence of activation resulting in behavioural change, since the
difference could merely be due to differences in responding to negative outcomes during initial and
reversal learning. Therefore, we compared error signals leading to a change in strategy with those
that did not (FRe > II) > (Re > II) to test whether these effects were specifically associated with
strategy change. None of our initial clusters survived thresholding. One potential explanation for
this lack of overall statistical effect is that evidence leading to a change in strategy is accumulated
gradually. Therefore, this gradient could be averaged out when grouping trial types.
To test this hypothesis, we parametrically modulated reversal errors not leading to a change in
strategy (Re_par), scaled descending from one to (excluding) zero. Re_par was then de-meaned,
allowing us to combine learning events of differing lengths. We used a descending parametric
modulator because we expect early reversal errors to produce greater responsivity than late reversal
errors, akin to a prediction error signal. Reversal errors showed significant parametric modulation
in regions involved in error processing, including the posterior insula, Heschl’s gyrus, and the
posterior cingulate cortex (Table 4). These findings suggest activation may be related to the
accumulation of evidence to determine when to reverse.
Region
L/R
Angular gyrus
R
Frontal operculum cortex
L
Frontal operculum/orbitofrontal
R
cortex
Inferior frontal gyrus
R
Insula
L
Insula
R
Lateral occipital cortex
R
Middle frontal gyrus
R
Orbitofrontal cortex
L
Paracingulate gyrus
R
Superior frontal gyrus
R
Supramarginal gyrus
R

Final reversal error > Incorrect Initial learning
Size 𝒛(𝒎𝒂𝒙) 𝒑(𝑭𝑾𝑬)
𝒙
𝒚
𝒛
52
-46
58
477
3.79
< 0.001
-40
18
0
163
3.68
0.001
44

20

-4

497

4.71

< 0.001

52
-34
32
42
46
-32
2
2
56

20
20
26
-58
24
24
14
28
-44

-4
-2
4
56
44
-4
52
52
50

497
163
497
477
122
163
464
464
477

3.78
3.36
3.85
3.74
3.23
3.86
4.32
3.91
4.12

< 0.001
0.001
< 0.001
< 0.001
0.013
0.001
< 0.001
< 0.001
< 0.001

Reversal error Parametric modulation > Incorrect Initial
learning

Region
Central opercular cortex
Central opercular cortex
Heschl's gyrus

L/R
L
R
L

𝒙
-58
56
-46

𝒚
-6
2
-24

𝒛
8
4
12

Size
162
375
120

𝒛(𝒎𝒂𝒙) 𝒑(𝑭𝑾𝑬)
3.43
< 0.001
3.70
< 0.001
3.47
0.003
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Heschl's gyrus
Insula
Lateral occipital cortex
Lingual gyrus
Paracingulate gyrus
Parietal operculum cortex
Parietal operculum cortex
Planum temporale
Postcentral gyrus
Posterior cingulate cortex
Precentral gyrus
Precentral gyrus
Precuneous
Subcallosal cortex
Supramarginal gyrus
Supramarginal gyrus

R
R
L
L
L
L
R
L
R
L
L
R
L
L
L
R

44
40
-52
-30
0
-52
56
-64
66
-4
-58
62
-8
0
-66
62

-26
-16
-70
-56
44
-26
-24
-24
-12
-52
6
4
-56
22
-24
-28

12
6
36
4
-8
12
18
14
14
14
2
6
26
-14
26
24

416
375
92
192
327
120
416
184
416
191
162
375
191
327
184
416

3.63
3.50
2.77
4.56
4.38
2.77
3.86
2.96
3.58
3.71
3.43
3.49
3.81
3.47
3.34
4.02

< 0.001
< 0.001
0.024
< 0.001
< 0.001
0.003
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

Table 4 Significant clusters from whole brain analysis of contrasts that describe
how perseverative error processing may be used to guide adaptive behaviour
following the reversal of outcome contingencies.

Prefrontal regions supporting the implementation of cognitive flexibility.
Considering our findings describing how errors may be used to guide behaviour, we next wanted
to explore differences in activation for choices made during the re-learning and stability phases.
We contrasted trials where participants made correct responses during the stability versus the relearning phase (CSt > CRe) and found a single significant cluster in the left frontal pole (Table 5,
Figure 6). During the stability phase, participants demonstrate behaviourally that they understand
which is the choice that is most likely to lead to a positive outcome. However, the relationship
between actions and outcomes may be more uncertainty during the re-learning phase, given the
recent reversal of reward contingencies. It has been suggested that the frontal polar cortex tracks
the relative advantage of alternative response strategies, and recruits prefrontal regions to shift
behaviour when the alternative strategy becomes advantageous (Mansouri et al., 2017). Therefore,
while participants use a single response strategy during stability to gain positive outcomes, they
may use the frontal polar cortex to track the relative advantage of the unchosen option.
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Figure 6 The frontal pole showed significantly increased activation when
participants made correct choices during the stability phase versus re-learning
(peak coordinates 𝑥 = −22, 𝑦 = 40, 𝑧 = 30, 𝑧(𝑚𝑎𝑥) = 3.28). This signal
may reflect tracking the reliability of the alternative task strategy during reversal
learning. Participants have demonstrated behaviourally that they understand the
currently correct action policy once they have reached the stability phase,
whereas the correct policy would be more ambiguous during re-learning, and
therefore there is not a clear correct and alternative action policy. A significance
threshold of 𝑝(𝐹𝑊𝐸) < 0.05 and a cluster threshold of z >2.3 was used.

Outcomes that deviate from expectations are also likely to guide behaviour given that correct and
incorrect choice are mutually exclusive in our task. Therefore, we next compared activation when
feedback was congruent or incongruent with a participant’s expectations by contrasting correct
choices during the stability phase that led to negative versus positive feedback (PESt > CSt). This
type of negative feedback, i.e. following a choice they considered correct, could indicate to the
participant that reward contingencies changed as they are incongruent with expectations. The
contrast showed increased activation across the cortex, including regions involved in feedback
monitoring such as the angular gyrus, anterior cingulate, inferior frontal gyrus, insula, and
orbitofrontal cortex (Table 5, Figure 7A). To confirm the specificity of this result we looked for
the effect over and above activation differences due to positive and negative feedback (PESt > CSt)
> (ISt > CSt). Activation in several regions discriminated between incongruent negative feedback
and congruent positive feedback for correct responses during the stability phase, over and above
responsivity to punishment (Table 5, Figure 7B). Most notably, significant activation was
consistently found in the anterior cingulate and paracingulate cortex for activation over and above
differences due to positive and negative feedback; significant activation in the lingual and
precentral gyri was also observed in both analyses ((PESt > CSt) > (ISt > CSt) and PESt > CSt).
Anterior cingulate has been found to support adaptive behaviour in macaques by using errors to
guide choice, while lesions to the anterior cingulate led to impairments in reversal learning
(Chudasama et al., 2013).
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Figure 7 A: Significantly greater activation for probabilistic loss errors than
correct choices during the stability phase was seen in the anterior cingulate,
orbitofrontal cortex, insula, and inferior frontal gyrus (full details on regions and
cluster statistics in Table 5). This contrast shows differences in activation when
actual outcomes are incongruent with expected outcomes and may indicate
regions that are involved in signalling unexpected outcomes that could lead to a
change in behaviour. B: Significant differences in activation for probabilistic loss
errors than correct choices, above activation for negative versus positive feedback
(Probabilistic loss error > correct) > (Incorrect > correct) (all stability). Several
regions, including the anterior cingulate cortex (see Table 5 for full details) show
increased activation to probabilistic loss errors specifically. These regions may
use probabilistic loss errors to signal a potential change in context that could lead
to the reversal of behaviour. A significance threshold of 𝑝(𝐹𝑊𝐸) < 0.05 and a
cluster threshold of z >2.3 was used.

Stability Correct > Re-learning Correct
Size 𝒛(𝒎𝒂𝒙) 𝒑(𝑭𝑾𝑬)
𝒚
𝒛
40
30
145
3.28
0.002

Region
Frontal pole

L/R
L

𝒙
-22

Region
Angular gyrus
Anterior cingulate cortex
Anterior cingulate cortex
Frontal operculum cortex
Frontal operculum cortex
Inferior frontal gyrus
Inferior frontal gyrus
Insula
Insula
Intracalcarine cortex
Intracalcarine cortex
Lingual gyrus
Middle frontal gyrus
Middle frontal gyrus
Orbitofrontal cortex

L/R
R
L
R
L
R
L
R
L
R
L
R
L
L
R
R

Stability Probabilistic loss error > Stability Correct
Size 𝒛(𝒎𝒂𝒙) 𝒑(𝑭𝑾𝑬)
𝒙
𝒚
𝒛
40
-48
44
198
3.21
< 0.001
-8
24
28
1356
4.21
< 0.001
6
12
42
1356
3.96
< 0.001
-42
14
-2
261
3.80
< 0.001
40
26
6
380
3.70
< 0.001
-48
18
2
261
3.28
< 0.001
44
22
8
380
3.43
< 0.001
-30
18
10
261
4.25
< 0.001
32
20
8
380
5.30
< 0.001
-16
-68
6
134
3.94
0.002
14
-60
6
118
3.95
0.005
-18
-56
2
134
3.15
0.002
-28
-2
58
307
3.65
< 0.001
42
18
28
94
2.70
0.027
34
28
2
380
3.14
< 0.001
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Paracingulate gyrus
Paracingulate gyrus
Precentral gyrus
Precentral gyrus
Precuneous
Superior frontal gyrus
Superior frontal gyrus
Superior parietal lobule
Superior parietal lobule
Supramarginal gyrus
Supramarginal gyrus

L
R
L
R
R
L
R
L
R
L
R

0
4
-30
54
22
-26
16
-36
32
-32
42

22
14
-6
10
-58
4
12
-54
-44
-46
-42

44
50
64
18
6
54
64
48
40
38
42

1356
1356
307
94
118
307
1356
183
198
183
198

4.17
4.21
3.50
3.79
3.16
3.54
4.18
3.62
3.59
3.51
3.46

< 0.001
< 0.001
< 0.001
0.027
0.005
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

Stability (Probabilistic loss error > Correct) > Stability (Incorrect >
Correct)

Region
Anterior cingulate cortex
Central Opercular cortex
Central Opercular cortex
Frontal pole
Lateral occipital cortex
Lingual gyrus
Middle temporal gyrus
Paracingulate gyrus
Planum temporale
Postcentral gyrus
Postcentral gyrus
Precentral gyrus
Precuneus
Precuneus
Posterior cingulate cortex
Superior temporal gyrus
Supplementary motor cortex

L/R
L
L
R
L
L
L
L
L
L
L
R
L
L
R
L
L
R

𝒙
0
-54
64
0
-46
-10
-48
0
-62
-6
58
-2
-6
12
-10
-62
10

𝒚
34
-16
-12
56
-76
-46
-48
48
-14
-36
-10
-32
-54
-54
-42
0
-2

𝒛
-2
10
10
4
28
-2
8
-4
8
66
20
56
14
14
32
-10
48

Size
827
943
105
827
189
1125
943
827
943
134
105
134
1125
1125
1125
943
193

𝒛(𝒎𝒂𝒙)
3.75
3.64
3.26
3.76
3.53
3.70
3.87
3.99
3.55
2.71
2.54
3.39
3.83
3.80
4.06
3.99
3.59

𝒑(𝑭𝑾𝑬)
< 0.001
< 0.001
0.033
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.006
0.033
0.006
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

Table 5 Significant clusters from whole brain analysis of contrasts showing
differences between making correct choices at during different phases of the task,
and how unexpected feedback may be used to prepare switching behaviour in
response to negative feedback.

Discussion
The present study aimed to investigate the influences of cortical and thalamic brain regions on
striatal activity during probabilistic reversal learning. We found that functional connectivity
between the centromedian-parafascicular nuclei of the thalamus and a portion of the associative
striatum was significantly greater during the processing of negative compared to positive feedback.
A similar pattern of functional connectivity was observed between the lateral orbitofrontal cortex
and the associative striatum. These results suggest the centromedian-parafascicular nuclei, and the
dorsal striatum use negative feedback as a general error signal to promote flexibility. Lateral
orbitofrontal cortex and dorsal striatum connectivity was specific to when participants were using
the alternative response strategy, suggesting connectivity may be involved in the implementation
of change to an alternate strategy. Additionally, we explored how cortical activity may influence
cognitive flexibility. Following the reversal of contingencies, parametric modulation of regions
involved in error processing, including the posterior cingulate and insula cortices, and Heschl's
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gyrus, was observed. This modulation may be related to the gradual accumulation of evidence that
contingencies have reversed from negative feedback in preparation for change. Orbitofrontal and
insular cortices and middle frontal, paracingulate, and superior frontal gyri showed significant
activation for probabilistic loss errors during the stability phase. These regions have previously
been reported to be important for error processing and change detection, and therefore activation
may be related to anticipating future reversals. Lastly, we provide evidence suggesting that the
frontal polar cortex is involved in monitoring the relative advantage of alternate response strategy,
and a set of regions including the inferior frontal gyrus, anterior cingulate and orbitofrontal cortices
that may signal when a reversal has occurred.
Connectivity between the centromedian-parafascicular nuclei and striatum has previously reported
to be involved in the expression of adaptive behaviour in rodents and humans (Bell, Langdon, et
al., 2019; Bradfield, Bertran-Gonzalez, et al., 2013; Bradfield, Hart, et al., 2013; Brown et al., 2010;
Yamanaka et al., 2018). Here we provide further evidence for the premise that thalamostriatal
circuits are important for adaptive behaviour by showing that functional connectivity is
significantly greater during the processing of negative versus positive feedback in a task where
behavioural adaptation relies on the reliable tracking of negative outcomes. This difference in
functional connectivity is in line with the purported role of the centromedian-parafascicular in
signalling contextual change (Bradfield, Bertran-Gonzalez, et al., 2013; Yamanaka et al., 2018). In
a simple, two-choice task, actual outcomes are likely to match expected outcomes; therefore,
incongruent feedback might suggest that outcome contingencies had reversed. Thus, in this task,
the centromedian-parafascicular may be involved in detecting changes in behavioural context by
tracking negative feedback. This information could then be used to infer that the current
behavioural policy needs to be changed.
Indeed, this suggestion is in line with previous research showing greater activation in the
centromedian-parafascicular nuclei when overcoming bias and responding to unexpected outcomes
(Matsumoto et al., 2001; Minamimoto et al., 2005, 2014). Centromedian-parafascicular activity
may indicate a general error signal that is used to guide behaviour by signalling a potential change
in context following negative outcomes. This may also explain why significant differences in
connectivity were not found during feedback in different phases of the task, i.e. thalamostriatal
connectivity did not discriminate between losses and wins during stability or re-learning. This is in
line with previous work showing that centromedian-parafascicular neurons habituate to non-reward
but not reward-related stimulation (Alloway et al., 2014; Matsumoto et al., 2001). If we did see
differences between phases of the task, then this would suggest the centromedian-parafascicular
nuclei, and the dorsal striatum have reduced connectivity during some phases compared to others.
Conversely, the lateral orbitofrontal cortex and the striatum show increased connectivity during
negative feedback, but only during the stability phase, suggesting this connectivity may support
changes in behaviour following reversal. This finding is in line with previous evidence that suggests
the lateral orbitofrontal cortex is involved in the implementation of changes in behaviour during
reversal learning (Hampshire et al., 2012; Rygula et al., 2010).
Thalamic and cortical connections may be integrated within the striatum to coordinate cognitive
flexibility. For instance, thalamostriatal connections have the potential to signal changes in context
to the cholinergic interneurons at any time, simply by virtue of a non-specific error signal.
Meanwhile, corticostriatal connections may either attenuate or enhance the influence of this
thalamostriatal input to the striatum. For instance, other external inputs to the orbitofrontal cortex
may signal that a change in behaviour is required, at which point connections from the orbitofrontal
cortex to the striatum will modulate the influence of cholinergic interneurons on the output of the
striatum.
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Previous studies using reversal learning have indicated that quantitative activation differences exist
between final reversal errors and errors not leading to a change in strategy (Cools et al., 2002;
Culbreth et al., 2016; Remijnse et al., 2006), although, we did not find such differences in our data.
One potential explanation is the differences in the design of our probabilistic learning task. For
instance, Cools et al. (2002) had participants complete thirty minutes of probabilistic discrimination
learning training, Culbreth et al. (2016) also had participants complete practice trials (though they
do not describe the extent of practice), and instructed them to stick with a response. Therefore,
participants in these studies received more training than our participants did. In terms of prior
experience, the participants of Remijnse et al. (2006) are closest to our own, as they completed
thirty trials of probabilistic discrimination learning without reversal. Yet, although Remijnse et al.
(2006) used probabilistic feedback for correct choices, incorrect choices were always deterministic,
and participants were told what stimulus would initially be correct. Therefore, discrimination of
correct and incorrect choices should require less effort from the participant. By contrast,
participants in our task were relatively naïve to probabilistic discrimination learning, and though
they received instruction about probabilistic feedback and the existence of reversals they were not
explicated instructed how to make choices in the task. We therefore cannot assume that reversal
errors and final reversal errors in our task are necessarily equivalent with those of Cools et al.
(2002), Culbreth et al. (2016) and Remijnse et al. (2006). Importantly, we also observe parametric
modulation of reversal error signals in regions involved in change detection such as the insula and
Heschl’s gyrus, and the posterior cingulate cortex. Furthermore, these differences in activation exist
over and above negative feedback during initial learning. This may explain why Cools et al. (2002)
did not see any modulatory effect of the number of preceding reversal errors on the final reversal
error; here, we find that the insula appears to be modulated by preceding perseverative errors.
Alternatively, the relatively small sample size of thirteen subjects used by Cools et al. (2002) could
mean parametric modulation could not be detected in their dataset due to insufficient statistical
power.
Model-based approaches to learning assume mental representations of an environment are used to
guide goal-directed behaviour. This representation could include multiple plausible environmental
contexts, with representation of the current context being driven by recent experience. The
orbitofrontal cortex is associated with the representation of the current context (Schuck et al., 2016;
Wilson et al., 2014); in particular medial orbitofrontal and ventromedial prefrontal activity is
thought to be related to the reliability of the inferred context (Domenech & Koechlin, 2015).
However, an environment with multiple contexts requires arbitration between them for an
individual to respond adaptively to change. The frontal polar cortex, found exclusively in primates,
is well placed to support such adaptive responding (Bunge, 2004; Bunge et al., 2005; Koechlin,
2014; Sakai & Passingham, 2006), and is associated with monitoring alternative strategies
(Boorman et al., 2009). Here, we find increased activation in the frontal polar cortex during correct
choices in stability compared to re-learning, and postulate that this is related to monitoring the
reliability of the alternative task context. Though this study was not specifically designed to test
this hypothesis, our reversal learning task is structured in such a way that once participants reach
the stability phase, they have demonstrated behaviourally that they understand the current context
of the task due to our stringent learning criterion. During the re-learning phase, the reversal of
contingencies increases the relative uncertainty around the currently correct choice, making the
likelihood for each choice more similar. Participants need to determine whether contingencies have
reversed or not. Because either choice could currently be correct, there is no alternative context
during re-learning. However, after reaching the stability phase participants have demonstrated
behaviourally that they understand the current task context. Therefore, the frontopolar cortex can
track the relative reliability of the alternative context, while the medial orbitofrontal cortex
implements the behavioural policy associated with the current context during the stability phase.
This proposition is supported by the error signals we found when participants received
probabilistically incorrect feedback to correct choices during stability as compared to rewarded
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correct choices. Here we see increased activation in regions often associated with error feedback,
such as the insula and inferior frontal gyrus, but we also see increased activation in the orbitofrontal
and anterior cingulate cortices. Error-dependent changes in activity within the orbitofrontal cortex
may indicate a decrease in the reliability of the current context, due to choice outcomes being
incongruent with the estimate of the current context (Ghahremani et al., 2010). Alternatively,
orbitofrontal cortex activity may indicate preparation to switch responding as is suggested by our
functional connectivity results. Anterior cingulate activation may signal outcomes that are
unexpected based on the current context and this salient event may increase attentional resources
for monitoring outcomes with a view to potentially change strategy (Behrens et al., 2007;
Chudasama et al., 2013; Liu et al., 2015).
There are several limitations with the current study which also provide possible avenues for future
research. The first is the spatial specificity of our functional signal within subregions of the
thalamus. In this study we aimed to minimise cross-contamination of our functional signal between
nuclei within the thalamus by reducing our voxel size and smoothing kernel during preprocessing.
Nevertheless, it is likely that signal blurring would still occur at the anatomical boundaries of nuclei
within the thalamus, meaning that our timeseries used for psychophysiological interaction analysis
may be influenced by more than one anatomical region. Therefore, it would be useful to validate
these findings using ultra-high field magnetic resonance imaging as this would allow for greater
spatial specificity and would provide further evidence that this signal is localised within the
centromedian-parafascicular nuclei. Secondly, despite efforts taken to optimise echo-planar image
acquisition to reduce dropout in the orbitofrontal cortex (Volz et al., 2019; Weiskopf et al., 2007),
we found that for some participants there was still partial signal loss in the most rostral portions of
the orbitofrontal cortex. Therefore, though we detected significant functional connectivity between
the lateral orbitofrontal cortex and the striatum, it would be worth undertaking further work
optimising signal within the orbitofrontal cortex to further investigate how it interacts with
thalamostriatal connections during reversal learning.
In summary, we show that functional connectivity between the centromedian-parafascicular nuclei
of the thalamus and the associative dorsal striatum contributes to adaptive behaviour. Functional
connectivity is increased when processing negative versus positive outcomes and points to a simple
system that utilises negative outcomes to detect potential changes in behavioural context and guide
adaptive behaviour. This information may be used by the striatum to signal potential changes in
context. Functional connectivity between the lateral orbitofrontal cortex and the associative dorsal
striatum was also increased, but only during the stability phase. We believe this specificity is related
to the role of the orbitofrontal cortex in flexibly implementing a change in behaviour when required.
We also describe how task context might be represented and tracked within the prefrontal cortex.
We suggest that activity within the frontal polar cortex is related to tracking the reliability of an
alternative context to determine when a change in behaviour is required. Furthermore, we suggest
that activity in the orbitofrontal cortex, anterior cingulate, insula, and inferior frontal gyrus may
prepare neural architecture for change after receiving evidence that is incongruent with current
expectations.

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

References
Alloway, K. D., Smith, J. B., & Watson, G. D. R. (2014). Thalamostriatal projections from the
medial posterior and parafascicular nuclei have distinct topographic and physiologic
properties.
Journal
of
Neurophysiology,
111(1),
36–50.
https://doi.org/10.1152/jn.00399.2013
Andersson, J. L. R., Jenkinson, M., & Smith, S. (2007a). Non-linear optimisation; FMRIB Technial
Report TR07JA1.
Andersson, J. L. R., Jenkinson, M., & Smith, S. (2007b). Non-linear registration aka spatial
normalisation; FMRIB Technical Report TR07JA2.
Behrens, T. E. J., Woolrich, M. W., Walton, M. E., & Rushworth, M. F. S. (2007). Learning the
value of information in an uncertain world. Nature Neuroscience, 10(9), 1214–1221.
https://doi.org/10.1038/nn1954
Bell, T., Langdon, A., Lindner, M., Lloyd, W., & Christakou, A. (2019). Orbitofrontal and
Thalamic Influences on Striatal Involvement in Human Reversal Learning (p. 246371).
https://doi.org/10.1101/246371
Bell, T., Lindner, M., Langdon, A., Mullins, P. G., & Christakou, A. (2019). Regional Striatal
Cholinergic Involvement in Human Behavioral Flexibility. The Journal of Neuroscience,
39(29), 5740–5749. https://doi.org/10.1523/JNEUROSCI.2110-18.2019
Bell, T., Lindner, M., Mullins, P. G., & Christakou, A. (2018). Functional neurochemical imaging
of the human striatal cholinergic system during reversal learning. European Journal of
Neuroscience, 47(10), 1184–1193. https://doi.org/10.1111/ejn.13803
Boehme, R., Lorenz, R. C., Gleich, T., Romund, L., Pelz, P., Golde, S., Flemming, E., Wold, A.,
Deserno, L., Behr, J., Raufelder, D., Heinz, A., & Beck, A. (2017). Reversal learning
strategy in adolescence is associated with prefrontal cortex activation. European Journal
of Neuroscience, 45(1), 129–137. https://doi.org/10.1111/ejn.13401
Boorman, E. D., Behrens, T. E. J., Woolrich, M. W., & Rushworth, M. F. S. (2009). How Green Is
the Grass on the Other Side? Frontopolar Cortex and the Evidence in Favor of Alternative
Courses of Action. Neuron, 62(5), 733–743. https://doi.org/10.1016/j.neuron.2009.05.014
Bradfield, L. A., & Balleine, B. W. (2017). Thalamic Control of Dorsomedial Striatum Regulates
Internal State to Guide Goal-Directed Action Selection. The Journal of Neuroscience,
37(13), 3721–3733. https://doi.org/10.1523/JNEUROSCI.3860-16.2017
Bradfield, L. A., Bertran-Gonzalez, J., Chieng, B., & Balleine, B. W. (2013). The thalamostriatal
pathway and cholinergic control of goal-directed action: Interlacing new with existing
learning
in
the
striatum.
Neuron,
79(1),
153–166.
https://doi.org/10.1016/j.neuron.2013.04.039
Bradfield, L. A., Hart, G., & Balleine, B. W. (2013). The role of the anterior, mediodorsal, and
parafascicular thalamus in instrumental conditioning. Frontiers in Systems Neuroscience,
7, 51. https://doi.org/10.3389/fnsys.2013.00051
Brainard, D. H. D. H. (1997). The Psychophysics Toolbox. Spatial Vision, 10(4), 433–436.
https://doi.org/10.1163/156856897X00357

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Brown, H. D., Baker, P. M., & Ragozzino, M. E. (2010). The Parafascicular Thalamic Nucleus
Concomitantly Influences Behavioral Flexibility and Dorsomedial Striatal Acetylcholine
Output
in
Rats.
Journal
of
Neuroscience,
30(43),
14390–14398.
https://doi.org/10.1523/JNEUROSCI.2167-10.2010
Bunge, S. A. (2004). How we use rules to select actions: A review of evidence from cognitive
neuroscience. Cognitive, Affective, & Behavioral Neuroscience, 4(4), 564–579.
https://doi.org/10.3758/CABN.4.4.564
Bunge, S. A., Wallis, J. D., Parker, A., Brass, M., Crone, E. A., Hoshi, E., & Sakai, K. (2005).
Neural Circuitry Underlying Rule Use in Humans and Nonhuman Primates. Journal of
Neuroscience, 25(45), 10347–10350. https://doi.org/10.1523/JNEUROSCI.2937-05.2005
Chakraborty, S., Kolling, N., Walton, M. E., & Mitchell, A. S. (2016). Critical role for the
mediodorsal thalamus in permitting rapid reward-guided updating in stochastic reward
environments. ELife, 5, e13588. https://doi.org/10.7554/eLife.13588
Choi, E. Y., Yeo, B. T. T., & Buckner, R. L. (2012). The organization of the human striatum
estimated by intrinsic functional connectivity. Journal of Neurophysiology, 108(8), 2242–
2263. https://doi.org/10.1152/jn.00270.2012
Chudasama, Y., Bussey, T. J., & Muir, J. L. (2001). Effects of selective thalamic and prelimbic
cortex lesions on two types of visual discrimination and reversal learning. European
Journal of Neuroscience, 14(6), 1009–1020. https://doi.org/10.1046/j.0953816x.2001.01607.x
Chudasama, Y., Daniels, T. E., Gorrin, D. P., Rhodes, S. E. V., Rudebeck, P. H., & Murray, E. A.
(2013). The Role of the Anterior Cingulate Cortex in Choices based on Reward Value and
Reward Contingency. Cerebral Cortex (New York, NY), 23(12), 2884–2898.
https://doi.org/10.1093/cercor/bhs266
Cools, R., Clark, L., Owen, A. M., & Robbins, T. W. (2002). Defining the neural mechanisms of
probabilistic reversal learning using event-related functional magnetic resonance imaging.
The Journal of Neuroscience : The Official Journal of the Society for Neuroscience, 22(11),
4563–4567. https://doi.org/20026435
Crawley, D., Zhang, L., Jones, E. J. H., Ahmad, J., Oakley, B., Cáceres, A. S. J., Charman, T.,
Buitelaar, J. K., Murphy, D. G. M., Chatham, C., Ouden, H. den, Loth, E., & Group, the
E.-A. L. (2020). Modeling flexible behavior in childhood to adulthood shows agedependent learning mechanisms and less optimal learning in autism in each age group.
PLOS Biology, 18(10), e3000908. https://doi.org/10.1371/journal.pbio.3000908
Culbreth, A. J., Gold, J. M., Cools, R., & Barch, D. M. (2016). Impaired activation in cognitive
control regions predicts reversal learning in schizophrenia. Schizophrenia Bulletin, 42(2),
484–493. https://doi.org/10.1093/schbul/sbv075
Dalton, G. L., Wang, X. N. Y., Phillips, X. A. G., Floresco, X. S. B., Wang, N. Y., Phillips, A. G.,
& Floresco, S. B. (2016). Multifaceted Contributions by Different Regions of the
Orbitofrontal and Medial Prefrontal Cortex to Probabilistic Reversal Learning. The Journal
of Neuroscience, 36(6), 1996–2006. https://doi.org/10.1523/JNEUROSCI.3366-15.2016
D’Cruz, A. M., Mosconi, M. W., Ragozzino, M. E., Cook, E. H., & Sweeney, J. A. (2016).
Alterations in the functional neural circuitry supporting flexible choice behavior in autism

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

spectrum
disorders.
Translational
https://doi.org/10.1038/tp.2016.161

Psychiatry,

6(10),

e916.

De Ruiter, M. B., Veltman, D. J., Goudriaan, A. E., Oosterlaan, J., Sjoerds, Z., & Van Den Brink,
W. (2009). Response perseveration and ventral prefrontal sensitivity to reward and
punishment in male problem gamblers and smokers. Neuropsychopharmacology, 34(4),
1027–1038. https://doi.org/10.1038/npp.2008.175
Dodds, C. M., Müller, U., Clark, L., van Loon, A., Cools, R., & Robbins, T. W. (2008).
Methylphenidate has differential effects on blood oxygenation level-dependent signal
related to cognitive subprocesses of reversal learning. The Journal of Neuroscience: The
Official Journal of the Society for Neuroscience, 28(23), 5976–5982.
https://doi.org/10.1523/JNEUROSCI.1153-08.2008
Domenech, P., & Koechlin, E. (2015). Executive control and decision-making in the prefrontal
cortex.
Current
Opinion
in
Behavioral
Sciences,
1,
101–106.
https://doi.org/10.1016/j.cobeha.2014.10.007
Ersche, K. D., Roiser, J. P., Abbott, S., Craig, K. J., Müller, U., Suckling, J., Ooi, C., Shabbir, S.
S., Clark, L., Sahakian, B. J., Fineberg, N. A., Merlo-Pich, E. V., Robbins, T. W., &
Bullmore, E. T. (2011). Response perseveration in stimulant dependence is associated with
striatal dysfunction and can be ameliorated by a D(2/3) receptor agonist. Biological
Psychiatry, 70(8), 754–762. https://doi.org/10.1016/j.biopsych.2011.06.033
Ferry, A. T., Lu, X.-C. M., & Price, J. L. (2000). Effects of excitotoxic lesions in the ventral
striatopallidal–thalamocortical pathway on odor reversal learning: Inability to extinguish
an incorrect response. Experimental Brain Research, 131(3), 320–335.
https://doi.org/10.1007/s002219900240
Franklin, N. T., & Frank, M. J. (2015). A cholinergic feedback circuit to regulate striatal population
uncertainty
and
optimize
reinforcement
learning.
ELife,
4,
e12029.
https://doi.org/10.7554/eLife.12029
Freyer, T., Valerius, G., Kuelz, A.-K., Speck, O., Glauche, V., Hull, M., & Voderholzer, U. (2009).
Test-retest reliability of event-related functional MRI in a probabilistic reversal learning
task.
Psychiatry
Research,
174(1),
40–46.
https://doi.org/10.1016/j.pscychresns.2009.03.003
Friston, K. J., Buechel, C., Fink, G. R., Morris, J., Rolls, E., & Dolan, R. J. (1997).
Psychophysiological and Modulatory Interactions in Neuroimaging. NeuroImage, 6(3),
218–229. https://doi.org/10.1006/nimg.1997.0291
Ghahremani, D. G., Monterosso, J., Jentsch, J. D., Bilder, R. M., & Poldrack, R. A. (2010). Neural
Components Underlying Behavioral Flexibility in Human Reversal Learning. Cerebral
Cortex, 20(8), 1843–1852. https://doi.org/10.1093/cercor/bhp247
Gourley, S. L., Olevska, A., Zimmermann, K. S., Ressler, K. J., DiLeone, R. J., & Taylor, J. R.
(2013). The orbitofrontal cortex regulates outcome-based decision-making via the lateral
striatum. The European Journal of Neuroscience, 38(3). https://doi.org/10.1111/ejn.12239
Groman, S. M., Keistler, C., Keip, A. J., Hammarlund, E., DiLeone, R. J., Pittenger, C., Lee, D., &
Taylor, J. R. (2019). Orbitofrontal Circuits Control Multiple Reinforcement-Learning
Processes. Neuron, 103(4), 734-746.e3. https://doi.org/10.1016/j.neuron.2019.05.042

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Haber, S. N. (2016). Corticostriatal circuitry. Dialogues in Clinical Neuroscience, 18(1), 7–21.
Hampshire, A., Chaudhry, A. M., Owen, A. M., & Roberts, A. C. (2012). Dissociable roles for
lateral orbitofrontal cortex and lateral prefrontal cortex during preference driven reversal
learning.
NeuroImage,
59(4),
4102–4112.
https://doi.org/10.1016/j.neuroimage.2011.10.072
Hampton, A. N., Bossaerts, P., & O’Doherty, J. P. (2006). The Role of the Ventromedial Prefrontal
Cortex in Abstract State-Based Inference during Decision Making in Humans. Journal of
Neuroscience. https://doi.org/10.1523/JNEUROSCI.1010-06.2006
Hervig, M. E., Fiddian, L., Piilgaard, L., Božič, T., Blanco-Pozo, M., Knudsen, C., Olesen, S. F.,
Alsiö, J., & Robbins, T. W. (2020). Dissociable and Paradoxical Roles of Rat Medial and
Lateral Orbitofrontal Cortex in Visual Serial Reversal Learning. Cerebral Cortex, 30(3),
1016–1029. https://doi.org/10.1093/cercor/bhz144
Iglesias, J. E., Insausti, R., Lerma-Usabiaga, G., Bocchetta, M., Van Leemput, K., Greve, D. N.,
van der Kouwe, A., Fischl, B., Caballero-Gaudes, C., & Paz-Alonso, P. M. (2018). A
probabilistic atlas of the human thalamic nuclei combining ex vivo MRI and histology.
NeuroImage, 183, 314–326. https://doi.org/10.1016/j.neuroimage.2018.08.012
Izquierdo, A., Brigman, J. L., Radke, A. K., Rudebeck, P. H., & Holmes, A. (2017). The neural
basis of reversal learning: An updated perspective. Neuroscience, 345, 12–26.
https://doi.org/10.1016/j.neuroscience.2016.03.021
Jenkinson, M., Bannister, P., Brady, M., & Smith, S. (2002). Improved optimization for the robust
and accurate linear registration and motion correction of brain images. NeuroImage, 17(2),
825–841. https://doi.org/10.1016/S1053-8119(02)91132-8
Jenkinson, M., & Smith, S. (2001). A global optimisation method for robust affine registration of
brain images. Medical Image Analysis, 5(2), 143–156. https://doi.org/10.1016/S13618415(01)00036-6
Koechlin, E. (2014). An evolutionary computational theory of prefrontal executive function in
decision-making. Philosophical Transactions of the Royal Society B: Biological Sciences,
369(1655), 20130474. https://doi.org/10.1098/rstb.2013.0474
Kringelbach, M. L., & Rolls, E. T. (2003). Neural correlates of rapid reversal learning in a simple
model
of
human
social
interaction.
NeuroImage,
20(2),
1371–1383.
https://doi.org/10.1016/S1053-8119(03)00393-8
Liu, Z., Braunlich, K., Wehe, H. S., & Seger, C. A. (2015). Neural networks supporting switching,
hypothesis testing, and rule application. Neuropsychologia, 77, 19–34.
https://doi.org/10.1016/j.neuropsychologia.2015.07.019
Mansouri, F. A., Koechlin, E., Rosa, M. G. P., & Buckley, M. J. (2017). Managing competing
goals—A key role for the frontopolar cortex. Nature Reviews Neuroscience, 18(11), 645–
657. https://doi.org/10.1038/nrn.2017.111
Matsumoto, N., Minamimoto, T., Graybiel, A. M., & Kimura, M. (2001). Neurons in the Thalamic
CM-Pf Complex Supply Striatal Neurons With Information About Behaviorally Significant
Sensory
Events.
Journal
of
Neurophysiology,
85(2),
960–976.
https://doi.org/10.1152/jn.2001.85.2.960

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Minamimoto, T., Hori, Y., & Kimura, M. (2005). Complementary Process to Response Bias in the
Centromedian Nucleus of the Thalamus. Science, 308(5729), 1798–1801.
https://doi.org/10.1126/science.1109154
Minamimoto, T., Hori, Y., Yamanaka, K., & Kimura, M. (2014). Neural signal for counteracting
pre-action bias in the centromedian thalamic nucleus. Frontiers in Systems Neuroscience,
8. https://doi.org/10.3389/fnsys.2014.00003
Mitchell, D. G. V., Rhodes, R. A., Pine, D. S., & Blair, R. J. R. (2008). The contribution of
ventrolateral and dorsolateral prefrontal cortex to response reversal. Behavioural Brain
Research, 187(1), 80–87. https://doi.org/10.1016/j.bbr.2007.08.034
Morris, L. S., Kundu, P., Dowell, N., Mechelmans, D. J., Favre, P., Irvine, M. A., Robbins, T. W.,
Daw, N., Bullmore, E. T., Harrison, N. A., & Voon, V. (2016). Fronto-striatal organization:
Defining functional and microstructural substrates of behavioural flexibility. Cortex, 74,
118–133. https://doi.org/10.1016/j.cortex.2015.11.004
Noonan, M. P., Chau, B. K. H., Rushworth, M. F. S., & Fellows, L. K. (2017). Contrasting effects
of medial and lateral orbitofrontal cortex lesions on credit assignment and decision-making
in
humans.
Journal
of
Neuroscience,
37(29),
7023–7035.
https://doi.org/10.1523/JNEUROSCI.0692-17.2017
O’Reilly, J. X., Woolrich, M. W., Behrens, T. E. J., Smith, S. M., & Johansen-Berg, H. (2012).
Tools of the trade: Psychophysiological interactions and functional connectivity. Social
Cognitive and Affective Neuroscience, 7(5), 604–609. https://doi.org/10.1093/scan/nss055
Poldrack, R. A., Fletcher, P. C., Henson, R. N., Worsley, K. J., Brett, M., & Nichols, T. E. (2008).
Guidelines for reporting an fMRI study. NeuroImage, 40(2), 409–414.
https://doi.org/10.1016/j.neuroimage.2007.11.048
Price, J. L. (2005). Free will versus survival: Brain systems that underlie intrinsic constraints on
behavior.
Journal
of
Comparative
Neurology,
493(1),
132–139.
https://doi.org/10.1002/cne.20750
Ragozzino, M. E., Mohler, E. G., Prior, M., Palencia, C. A., & Rozman, S. (2009). Acetylcholine
activity in selective striatal regions supports behavioral flexibility. Neurobiology of
Learning and Memory, 91(1), 13–22. https://doi.org/10.1016/j.nlm.2008.09.008
Remijnse, P. L., Nielen, M. M. A., van Balkom, A. J. L. M., Cath, D. C., van Oppen, P., Uylings,
H. B. M., & Veltman, D. J. (2006). Reduced orbitofrontal-striatal activity on a reversal
learning task in obsessive-compulsive disorder. Archives of General Psychiatry, 63(11),
1225–1236. https://doi.org/10.1001/archpsyc.63.11.1225
Rudebeck, P. H., & Murray, E. A. (2008). Amygdala and Orbitofrontal Cortex Lesions
Differentially Influence Choices during Object Reversal Learning. The Journal of
Neuroscience, 28(33), 8338–8343. https://doi.org/10.1523/JNEUROSCI.2272-08.2008
Ruge, H., & Wolfensteller, U. (2016). Distinct contributions of lateral orbito-frontal cortex,
striatum, and fronto-parietal network regions for rule encoding and control of memorybased implementation during instructed reversal learning. NeuroImage, 125, 1–12.
https://doi.org/10.1016/j.neuroimage.2015.10.005

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Rygula, R., Walker, S. C., Clarke, H. F., Robbins, T. W., & Roberts, A. C. (2010). Differential
Contributions of the Primate Ventrolateral Prefrontal and Orbitofrontal Cortex to Serial
Reversal
Learning.
Journal
of
Neuroscience,
30(43),
14552–14559.
https://doi.org/10.1523/JNEUROSCI.2631-10.2010
Sakai, K., & Passingham, R. E. (2006). Prefrontal Set Activity Predicts Rule-Specific Neural
Processing during Subsequent Cognitive Performance. Journal of Neuroscience, 26(4),
1211–1218. https://doi.org/10.1523/JNEUROSCI.3887-05.2006
Schepers, I. M., Beck, A. K., Bräuer, S., Schwabe, K., Abdallat, M., Sandmann, P., Dengler, R.,
Rieger, J. W., & Krauss, J. K. (2017). Human centromedian-parafascicular complex signals
sensory cues for goal-oriented behavior selection. NeuroImage, 152, 390–399.
https://doi.org/10.1016/j.neuroimage.2017.03.019
Schuck, N. W., Cai, M. B., Wilson, R. C., & Niv, Y. (2016). Human Orbitofrontal Cortex
Represents a Cognitive Map of State Space. Neuron, 91(6), 1402–1412.
https://doi.org/10.1016/j.neuron.2016.08.019
Smith, Y., Raju, D., Nanda, B., Pare, J.-F., Galvan, A., & Wichmann, T. (2009). The thalamostriatal
systems: Anatomical and functional organization in normal and parkinsonian states. Brain
Research Bulletin, 78(2), 60–68. https://doi.org/10.1016/j.brainresbull.2008.08.015
Smith, Y., Surmeier, D. J., Redgrave, P., & Kimura, M. (2011). Thalamic Contributions to Basal
Ganglia-Related Behavioral Switching and Reinforcement. Journal of Neuroscience,
31(45), 16102–16106. https://doi.org/10.1523/JNEUROSCI.4634-11.2011
Stalnaker, T. A., Berg, B., Aujla, N., & Schoenbaum, G. (2016). Cholinergic Interneurons Use
Orbitofrontal Input to Track Beliefs about Current State. The Journal of Neuroscience : The
Official Journal of the Society for Neuroscience, 36(23), 6242–6257.
https://doi.org/10.1523/JNEUROSCI.0157-16.2016
Stayte, S., Dhungana, A., Vissel, B., & Bradfield, L. A. (2021). Parafascicular Thalamic and
Orbitofrontal Cortical Inputs to Striatum Represent States for Goal-Directed Action
Selection.
Frontiers
in
Behavioral
Neuroscience,
15.
https://doi.org/10.3389/fnbeh.2021.655029
Tsuchida, A., Doll, B. B., & Fellows, L. K. (2010). Beyond reversal: A critical role for human
orbitofrontal cortex in flexible learning from probabilistic feedback. The Journal of
Neuroscience: The Official Journal of the Society for Neuroscience, 30(50), 16868–16875.
https://doi.org/10.1523/JNEUROSCI.1958-10.2010
Uddin, L. Q. (2021). Cognitive and behavioural flexibility: Neural mechanisms and clinical
considerations.
Nature
Reviews
Neuroscience,
22(3),
167–179.
https://doi.org/10.1038/s41583-021-00428-w
Verdejo-Garcia, A., Clark, L., Verdejo-Román, J., Albein-Urios, N., Martinez-Gonzalez, J. M.,
Gutierrez, B., & Soriano-Mas, C. (2015). Neural substrates of cognitive flexibility in
cocaine and gambling addictions. The British Journal of Psychiatry: The Journal of Mental
Science, 207(2), 158–164. https://doi.org/10.1192/bjp.bp.114.152223
Volz, S., Callaghan, M. F., Josephs, O., & Weiskopf, N. (2019). Maximising BOLD sensitivity
through automated EPI protocol optimisation. NeuroImage, 189, 159–170.
https://doi.org/10.1016/j.neuroimage.2018.12.052

bioRxiv preprint doi: https://doi.org/10.1101/2021.12.20.472804; this version posted December 21, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Waegeman, A., Declerck, C. H., Boone, C., Seurinck, R., & Parizel, P. M. (2014). Individual
differences in behavioral flexibility in a probabilistic reversal learning task: An fMRI study.
Journal of Neuroscience, Psychology, and Economics, 7(4), 203–218.
https://doi.org/10.1037/npe0000026
Weiskopf, N., Hutton, C., Josephs, O., Turner, R., & Deichmann, R. (2007). Optimized EPI for
fMRI studies of the orbitofrontal cortex: Compensation of susceptibility-induced gradients
in the readout direction. Magnetic Resonance Materials in Physics, Biology and Medicine,
20(1), 39. https://doi.org/10.1007/s10334-006-0067-6
Williams, B., & Christakou, A. (2021). Dissociable roles for the striatal cholinergic system in
different flexibility contexts. bioRxiv.
Wilson, R. C., Takahashi, Y. K., Schoenbaum, G., & Niv, Y. (2014). Orbitofrontal cortex as a
cognitive
map
of
task
space.
Neuron,
81(2),
267–279.
https://doi.org/10.1016/j.neuron.2013.11.005
Wolff, M., & Vann, S. D. (2019). The Cognitive Thalamus as a Gateway to Mental
Representations.
Journal
of
Neuroscience,
39(1),
3–14.
https://doi.org/10.1523/JNEUROSCI.0479-18.2018
Yamanaka, K., Hori, Y., Minamimoto, T., Yamada, H., Matsumoto, N., Enomoto, K., Aosaki, T.,
Graybiel, A. M., & Kimura, M. (2018). Roles of centromedian parafascicular nuclei of
thalamus and cholinergic interneurons in the dorsal striatum in associative learning of
environmental events. Journal of Neural Transmission, 125(3), 501–513.
https://doi.org/10.1007/s00702-017-1713-z
Yaple, Z. A., & Yu, R. (2019). Fractionating adaptive learning: A meta-analysis of the reversal
learning paradigm. Neuroscience & Biobehavioral Reviews, 102, 85–94.
https://doi.org/10.1016/j.neubiorev.2019.04.006
Zeuner, K. E., Knutzen, A., Granert, O., Sablowsky, S., Götz, J., Wolff, S., Jansen, O., Dressler,
D., Schneider, S. A., Klein, C., Deuschl, G., van Eimeren, T., & Witt, K. (2016). Altered
brain activation in a reversal learning task unmasks adaptive changes in cognitive control
in
writer’s
cramp.
NeuroImage.
Clinical,
10,
63–70.
https://doi.org/10.1016/j.nicl.2015.11.006

