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Abstract 

 

The ability to respond adaptively to an ever-changing environment relies on the 

orbitofrontal cortex (OFC). The OFC sends neuroanatomical projections to the primary 

sensory cortex - yet the contribution of this top-down feedback projection to behavioural 

flexibility in humans is unknown. Inspired from recent rodent studies, we here combined 

a probabilistic Go/No-Go tactile reversal learning task with functional magnetic 

resonance imaging (fMRI) in human participants to investigate how OFC interacts with 

the primary somatosensory cortex (S1) to promote flexible decision-making. We show a 

distinct task-dependent engagement of S1 and lateral OFC: while the lateral OFC 

responds saliently and transiently to rule-switches, activity in S1 reflects initial task 

learning and persistent engagement after each rule-switch event. Unlike the contralateral 

S1, which represents the sensory input, activity in ipsilateral S1 mirrors the outcome 

value during re-learning. Importantly, the implementation of this outcome-selectivity in 

ipsilateral S1 is dependent on top-down 'teaching' signals from lateral OFC. Overall, as in 

mice, we show comparable physiological and computational signatures of how dynamic 

interactions between OFC and sensory cortex support flexible decision-making in 

humans.  
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Introduction 

Humans and animals learn from experience to rapidly adapt their behaviour to new 

environmental challenges, which is critical for survival1. The unprecedented adaptations of 

habitual behaviour due to the COVID-19 pandemic, for example, social distancing, 

greetings without handshakes, mandatory mask-wearing on the train, dramatically 

illustrate how important necessary adaptations are to cope with an uncertain, rapidly 

evolving and potentially dangerous situation2. The flexibility in adjusting the decision 

strategy, based on the inference on the structure of the world, is a prerequisite for adaptive 

behaviour, and is severely compromised in many neurological and psychiatric disorders3.  

The prefrontal cortex (PFC), and more specifically the orbitofrontal cortex (OFC), has long 

been implicated in the ability to respond adaptively and flexibly to obtain reward4,5. We 

recently identified the OFC in humans as a critical brain region related to updating the 

decision strategy based on newly accumulated evidence6. Recent studies emphasize that 

OFC supports value-guided behaviour by representing the predictions about specific 

outcomes associated with sensory stimuli7,8. Associating sensory stimuli with their 

predicted outcomes is critical for successful learning and adaptive behaviour. One way the 

brain might perform this process is to convey a 'teaching' signal, based on rewarding 

outcomes, to sensory areas involved in stimulus processing9–11. Several studies provided 

evidence consistent with this assumption, showing responses in primary sensory cortices 

related to the expectation of a stimulus or reward12–15, which may be mediated by top-down 

signals from OFC. Studies in rodents have uncovered the distinct rules of how OFC exerts 

'teaching' signals to modulate sensory processing16,17. Recently, using reversal learning task 

in rodents, Banerjee et al. revealed that the top-down signal from lateral OFC (lOFC) 
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updated sensory representations in the primary somatosensory cortex (S1) by remapping 

responses of a subpopulation of neurons sensitive to the reward history18. In humans, it 

remains unclear whether top-down signals from the OFC to sensory cortices influence 

adaptive behaviour and whether the responses from OFC instruct sensory areas to remap 

stimulus-outcome associations.  

Inspired from recent rodent studies16,18, we implemented a modified probabilistic reversal 

learning task and deployed fMRI for functional measurements of human brain activity. We 

aimed at translating neural computations underlying flexible decision-making from mice 

to humans during learning and rule switches. To this end, we implemented a comparable 

analytical framework in humans as was used in mice to synergize insights about neural 

computations underlying adaptive behaviour in the mammalian brain.  

In agreement with observations in mice, human lOFC responded transiently to rule 

switches and presented decreased activity as participants re-learned the task. In contrast, 

S1 neural activity reflected initial learning of stimulus-outcome associations and persistent 

engagement upon re-learning. By leveraging multivariate representational similarity 

analysis (RSA) on fMRI data, we revealed that activity in lOFC was outcome-selective 

after the rule-switch and during re-learning, while activity in contralateral S1 was stimulus-

selective. Activity in ipsilateral S1, in turn, was outcome-selective during re-learning and 

dependent on rule switch related top-down signals from lOFC. These findings show that 

flexible decision-making in humans relies on the comparable computational foundation in 

OFC and sensory cortex as in mice. 
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Results 

Probabilistic tactile reversal learning task 

To match the task design used in mice18, we designed a probabilistic Go/No-Go reversal 

learning task for humans, in which the associations between two tactile cues and responses 

are initially learned over a series of trials and then reversed (Fig. 1a-c). Participants had to 

ascertain which response ('Go' or 'No-Go') to each tactile cue was the best to obtain a 

reward by trial and error. One of the two responses for each tactile cue had a higher reward 

probability than the other (p = 0.7 versus p = 0.3, Fig. 1c). Within each learning block, we 

switched the reward associations at a random trial dividing the block into two phases: (1) 

the initial learning phase, in which the participants learned the stimulus-outcome 

association for each stimulus, and (2) the reversal phase, in which they had to reverse their 

choice preference to maximize the received reward (Fig. 1c).  

We first analyzed the performance during both the initial and re-learning phases after the 

reversal of stimulus-outcome associations. We aligned the reversal phase using the reversal 

point and averaged the proportion of correct responses across blocks. At the beginning of 

the block, participants quickly learned the stimulus-outcome association (Fig. 1d). After 

the stimulus-reward contingencies were switched, the performance dramatically dropped 

and then gradually increased again while participants reversed their choice behaviour (Fig. 

1d). 

To investigate the dynamic changes along the learning process, we subdivided task 

performance into 'learning naïve' (LN) and 'learning expert' (LE) in the initial learning 

phase, and 'reversal naïve' (RN), 'reversal expert' (RE) in the reversal phase18. Based on the 
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group performance, we selected the first ten trials in both training periods, pre- and post-

reversal, as LN and RN, respectively, and the last ten trials immediately before the rule 

switch or task completion as LE and RE, respectively. For fMRI analyses, we only 

considered these respective trials. We compared the proportion of correct responses 

between the expert and naïve period and found a significantly higher proportion of correct 

responses in the expert period for both the initial learning and the reversal learning phase 

(p < 0.001, Fig. 1e).  
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Fig.1. Probabilistic Go/No-Go reversal learning task and behavioural performance in humans. a. 
Timeline of a single trial. In each trial, participants received one out of the two tactile stimulation patterns 
for 500ms on the index fingertip of the right (dominant) hand, delivered through an MRI-compatible piezo 
stimulator (see left upper corner). Following the tactile cue, the red fixation cross turned green, instructing 
the participant to press the button with the index finger of the left hand ('Go') or refrain from pressing the 
button ('No-Go'). After an interval of 500-1500 ms, the outcome was presented for 500 ms to indicate whether 
the choice was correct or wrong. b. Eight tactile patterns were used for the task. Each pattern was 
characterized by four raised pins, and four lowered pins. c. The illustration of the learning blocks. In each 
block, we randomly selected two tactile patterns from the eight patterns (B), which were presented to the 
participants on the screen at the beginning of each block. 70% of trials in which one of the two tactile patterns 
was presented were assigned to 'Go', whereas 70% of trials in which the alternative tactile pattern was 
presented were assigned to 'No-Go'. Within each block, the stimulus-outcome association was switched at a 
random trial within a window from trials 20 to 25. A novel pair of patterns were used on each new block. The 
first ten trials in both training periods, pre and post-reversal, were defined as the two relevant salient phases 
and categorized as 'learning naïve' (LN) and 'reversal naïve' (RN). The last ten trials, immediately before the 
rule switch or task completion, were defined as 'learning expert' (LE) and 'reversal expert' (RE), respectively. 
d. The group averaged proportion of correct responses along with the learning process across blocks. The red 
dashed line indicates the reversal time. The red shaded area indicates the standard error of the mean (SEM). 
e. The proportion of correct responses in the naïve period was plotted against correct responses in the expert 
period across participants in the initial learning and reversal phases, respectively (left and middle), and the 
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group comparison of the proportion of correct response between naïve and expert is also illustrated. ** 
indicates p < 0.001.  

 

Engagement of OFC after rule switches, but S1 during re-learning   

Based on the causal investigations in mice1, we studied the involvement of two brain areas 

engaged in the task: S1, important for tactile discrimination and sensory-outcome 

association learning17, and the lOFC, which is critical for the assignment of outcome 

value18. To examine whether these two regions were engaged in different phases of task 

learning in humans, we performed brain imaging in humans using fMRI to measure the 

blood oxygen level-dependent (BOLD) signal during the initial learning and reversal 

learning. We applied two independent analyses to reveal the immediate effect of the rule 

switch and the adaptation after re-learning. First, by comparing LE and RN trials, we 

observed significantly enhanced BOLD signals in lOFC immediately after switching the 

stimulus-outcome contingency (small-volume family-wise error (FWE) peak-level 

correction at p < 0.05) (Fig. 2a). Second, by comparing LE and RE trials, we identified 

bilateral S1, which showed a significantly higher BOLD signal after re-learning the task 

(small-volume FWE peak-level correction at p < 0.05); we did not find a comparable effect 

in lOFC (Fig. 2b). Notably, the bilateral S1 regions identified here are assigned to the 

Brodmann area 3b, based on the SPM Anatomy Toolbox20,21.  

Longitudinal recordings across all behavioural phases revealed that the lOFC presented 

modest activity during initial learning (LN) but diminished responses in the expert phase 

after learning the rule (LE) (Fig. 2c). This activity was transient for responses to 

unexpected rewards (RN) and decreased as participants re-learned the task (RE) (Fig. 2c), 

which is consistent with the idea that the lOFC is encoding deviations from expected 
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outcome values after a rule switch4. On the other hand, S1 was engaged in initial stimulus-

outcome association learning (LE) and this engagement persisted after the rule switch and 

over re-learning (RN and RE) (Fig. 2c). These results suggest the existence of distinct 

neural mechanisms between initial and reversal learning, with S1 activity reflecting initial 

task learning and persistent engagement after reversal, whereas lOFC responds robustly 

and transiently to the rule switch. These human results are in accordance with results 

obtained from mice18. Notably, only humans, and not mice, showed responses in lOFC 

during LN and in S1 during RN, which may be interpreted in the context of the task design, 

which was probabilistic for humans, but deterministic for mice (see Discussion for further 

details). Further mechanistic investigations in mice under probabilistic demands are 

required.  
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Fig.2. Distinct engagement of S1 and lateral OFC in re-learning and rule switches, respectively. a. 
Significantly enhanced BOLD signals in lateral OFC immediately after the rule switch (RN > LE, small-
volume FWE peak-level correction at p < 0.05). b. Significantly enhanced BOLD signals in bilateral S1 
during re-learning after the rule switch (RE > LE, small-volume FWE peak-level correction at p < 0.05). c. 
The longitudinal analysis of the activity in lateral OFC and S1 across the four learning phases (LN, LE, RN, 
RE). The error bars indicate SEM.  

 

Stimulus- and outcome-selective response pattern in OFC and S1 upon rule switches 

Next, we investigated the response selectivity of lOFC and S1 upon rule switches, namely 

whether they were more selective for the stimulus or the outcome (Fig. 3a-d). The 

representation of stimulus-selectivity should be similar for outcomes for the same tactile 

stimulus in the initial learning and reversal phase (i.e., HITlearning = CRreversal), whereas the 

representation of outcome-selectivity should be similar for the same outcomes in the initial 

learning and reversal phase (i.e., HITlearning = HITreversal). We asked whether lOFC and S1 

displayed these properties at the time of the outcome presentation. To this end, we 

leveraged representational similarity analysis (RSA) to representative voxels to test 

whether the multi-voxel response pattern in lOFC and S1 represents stimulus-selectivity or 

outcome-selectivity. 

Figure 3a and 3c schematically presents the two models and the similarity of response 

patterns before versus after the reversal. To assess both the immediate effect of the rule 

switch and the adaptation after re-learning, we applied each brain region (lOFC, S1_3b) to 
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each model twice: one analysis described the similarity of response pattern between LE 

and RN (LE→RN) and the other one between LE and RE (LE→→RE) (Fig. 3b and 3d). 

We found a significant stimulus-selective response pattern in S1 for the same tactile pattern 

after re-learning as during initial learning (LE→→RE, Fig. 3b). By contrast, response 

patterns in lOFC did not represent stimulus-selectivity, neither immediately after a rule 

switch nor during re-learning (Fig. 3b). However, the response patterns in lOFC were 

outcome-selective after reversal (LE→RN, Fig. 3d) and during re-learning (LE→→RE, 

Fig. 3d). Interestingly, response patterns in S1 during re-learning were outcome selective 

(LE→→RE, Fig. 3d), suggesting the translation of response pattern to the same outcomes 

from initial learning to re-learning after the reversal. These results suggest that lOFC 

activity represents a value-guided response immediately after a rule switch which persists 

over re-learning. By contrast, the S1 response pattern represents both the sensory stimulus 

and the outcome value only after re-learning.  
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Fig. 3. The stimulus- and outcome-selectivity of response patterns in S1 and lateral OFC, respectively. 
a. The schematic (top) and representational dissimilarity matrix (RDM) (below) of the stimulus-selective 
model. Black elements indicate similarity, white elements indicate dissimilarity between the response pattern 
obtained from lOFC or S1 before and after reversal. b. The response pattern in S1 and OFC during initial 
learning (LE) and after the reversal (RN, RE) were compared using representational similarity analysis (RSA) 
to establish two separate cross-phases RDMs (before vs after). One RDM represented the immediate effect 
of the rule switch (LE vs RN, see the left bar at the top of B and D), whereas the other RDM represented the 
adaptation after re-learning (LE vs RE, see the right bar at the top of B and D). Then the mean 'similar' (black 
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elements in model RDMs) and mean 'dissimilar' (white elements in model RDMs) were compared using 
Wilcoxon signed-rank test (left). The group mean was also compared against a null distribution generated by 
permuting the identity of trials in the RDM on each iteration (right). c. and d. Same with A and B, respectively, 
but for the outcome-selective model.  

 

To identify the distinct topography of stimulus- or outcome-selective response pattern in 

bilateral S1 and lOFC, we used an RSA searchlight to sweep through the activity in the 

entire S1_3b and lateral OFC mask (see Methods). While contralateral S1 selectively 

represented the stimulus (p < 0.005, uncorrected for multiple comparisons, Fig. 4a), the 

response pattern in ipsilateral S1 strongly and selectively represented the outcomes during 

re-learning (LE→→RE, peak MNI coordinates x/y/z =30/−36/58, p < 0.05, FWE corrected, 

Fig. 4a). This result suggests a disassociated function of bilateral S1 during tactile learning: 

contralateral S1 is important for stimulus discrimination, while ipsilateral S1 is critical for 

the learning of the stimulus-outcome association. Furthermore, we identified that the 

response patterns in right lOFC selectively represented outcomes after the reversal (LE→

RN, peak MNI coordinates x/y/z =38/36/-10, p < 0.05, FWE corrected, Fig. 4b) and 

bilateral lOFC during re-learning (LE→→RE, peak MNI coordinates x/y/z =50/34/-16, p 

< 0.05, FWE corrected, Fig. 4b).   
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Fig. 4. RSA searchlight results. a. The searchlight revealed that the contralateral S1 represented the tactile 
stimulus during re-learning (LE→→RE, uncorrected p < 0.005), while ipsilateral S1 selectively represented 
the outcomes during re-learning (LE→→RE, p < 0.05, FWE corrected). b. The searchlight revealed that the 
right lOFC selectively represented outcomes immediately after the reversal (LE→RN, p < 0.05, FWE 
corrected), while bilateral lOFC during re-learning (LE→→RE, p < 0.05, FWE corrected). Color coding 
indexes the t-scores in each voxel. 

 

The outcome-selectivity in S1 is dependent on OFC signals 

By leveraging RSA on fMRI data, we are able to demonstrate the encoding of outcome 

value by lOFC immediately after a rule switch and persistently during re-learning, while 

ipsilateral S1 exhibits outcome-selectivity after re-learning. To test the mechanism by 

which lOFC influences the selectivity of S1 activity, we performed a connectivity analysis: 

a psychophysiology interaction (PPI). The connectivity analysis is based on the reasoning 

that if the outcome-selective S1 activity is dependent on a top-down 'teaching' signal 
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generated in the lOFC, the lOFC, identified in the RSA searchlight analysis, must present 

enhanced connectivity with the S1 while encoding the outcome-value during re-learning 

(RE).  

We performed two PPI analyses to test task-related connectivity after the rule switch (RN) 

and during re-learning (RE) by using two seed regions separately. The first PPI used the 

outcome-selective lOFC subregion derived from the RSA searchlight analysis immediately 

after reversal (LE→RN, peak MNI coordinates = [38, 36, -10], Fig. 4b) as the seed region, 

and the second PPI used the outcome-selective lOFC subregions derived from the RSA 

searchlight analysis during re-learning (LE→→RE, peak MNI coordinates = [50, 34, -16], 

Fig. 4b) as the seed region. We found evidence for a significantly strengthened connectivity 

immediately after a rule switch (RN) between the outcome-selective lOFC subregion and 

ipsilateral S1 (peak MNI coordinates x/y/z =20/-34/64, small volume FWE peak-level 

correction at p < 0.05, Fig. 5a). This S1 subregion largely overlapped with the outcome-

selective S1 subregion derived from the RSA searchlight analysis during re-learning (Fig. 

4a). In the second PPI analysis, we found no significant changes in the connectivity 

between the outcome-selective lOFC subregion during re-learning and the S1 area (p > 

0.05). These findings support the notion that the outcome-selective lOFC conveys a 

teaching signal immediately after the rule switch, which drives the functional configuration 

of outcome-selectivity in ipsilateral S1 to support the adaptive behaviour during re-learning 

(Fig. 5b). 
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Fig. 5. Connectivity between outcome-selective lateral OFC and ipsilateral S1. a. Psychological-
physiological interaction (PPI) shows significantly strengthened connectivity between lateral OFC (seed 
region, MNI coordinates: [38, 36, -10]) and ipsilateral S1 (peak MNI coordinates: [20, -34, 64]) immediately 
after a rule switch (RN> LE, small volume FWE peak-level correction at p < 0.05). Color coding indexes the 
t-scores in each voxel. b. Schematic showing the dynamic interaction between lateral OFC and S1. While the 
stimulus-selective contralateral S1 (cS1) receives the sensory input from the right index finger (follow orange 
arrows), the lateral OFC (blue blob) sends a prediction-error related "teaching signal" (blue bow) to assign 
outcome values to sensory inputs in ipsilateral S1 (iS1). 

 

Discussion 

The brains of both humans and mice are capable of associating sensory stimuli with 

predicted outcomes and weighing accumulated past and current evidence to flexibly 

reconfigure themself in response to changing environmental demands. Studies 

investigating this scenario in the laboratory have predominantly used reversal learning 

tasks. In the reversal learning task, the associations between two cues and outcomes they 

predict are initially learned over a series of trials and then reversed. The ability to adapt 

behaviour after the reversal to the new rule is regarded as a measure of behavioural 

flexibility22,23. By using reversal learning Go/No-Go tasks across species, our study 

elucidated a comparable computational foundation underlying adaptive behaviour in mice 

and humans. Our findings revealed that, as in mice, the human lOFC plays a crucial role in 

encoding deviations from expected outcome-value after a rule switch, which is essential to 
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achieve behavioural flexibility. By contrast, S1 exhibits disassociated functions, with 

contralateral S1 being important for sensory detection and discrimination. In contrast, 

ipsilateral S1 represents the outcome value after re-learning of stimulus-outcome 

associations - characteristics generally expected in higher-order areas, but not in the 

primary sensory cortex. Critically, lOFC projections to ipsilateral S1 convey a teaching 

signal to implement this higher-order functionality during the re-learning phase (Fig. 5b), 

which is in line with observations in mice18.  

The contribution of lOFC to flexible decision-making has long been investigated24,25. 

Studies with lOFC lesions in monkeys and rodents have commonly found that orbitofrontal 

damage does not impair the initial learning of stimulus-outcome associations but instead 

impairs the learning of stimulus-reward reversals18,23. Similarly, in humans, using a simple 

deterministic reversal learning task, damage to lateral OFC was particularly associated with 

decreased adaptations during the reversal phase of the task26. However, in a more 

challenging and dynamic, probabilistic environment, lateral OFC damage disrupted both 

initial and reversal learning27. In our longitudinal analysis of human lOFC across all 

behavioural phases, we revealed its prominent engagement in both naive periods during 

initial learning (LN) and after the rule switch (RN). However, in mice, lOFC engagement 

was only observed after the rule switch (RN)18. This may be due to the probabilistic nature 

of the reversal learning task in humans, while a deterministic reversal learning task was 

applied to mice. In probabilistic contexts which need more cognitive demand, the accurate 

choice of actions requires integration of previous feedback history, titrated to the particular 

reinforcement structure of the task27. The OFC has been suggested to play a general role in 

using such feedback about the outcome history across trials to adjust behaviour. In this case, 
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reversal of the stimulus–outcome association is simply one instance of a general 

requirement for behavioural adjustment based on expectancy violation28.  

The outcome signals in the sensory cortex are considered as important for associating 

stimuli to their consequences and for modulating perceptual learning. Several studies have 

shown that rewarding feedback is associated with activity in sensory areas involved in 

stimulus processing, even in the absence of concurrent stimulation in that modality12,13,15,29. 

One way in which the brain might perform this process is to direct a 'teaching' signal, based 

on rewarding outcomes, to sensory regions involved in stimulus processing9,10. Several 

studies have suggested that the PFC maintains neuroanatomical connections with sensory 

cortices to support value-guided decision making30,31. In rodents, the cingulate cortex, often 

considered as part of the dorsal medial PFC, directly influences sensory processing in the 

primary visual cortex through long-range projections32. The activity in medial PFC was 

also demonstrated to be associated with attentional set-shifting, a test of cognitive 

flexibility, by encoding trial feedback information, which did not vary with their efferent 

projection targets33. Similarly, in primates, lesions of lateral PFC reduce attentional 

modulation, suggesting that the PFC is necessary for attention-related control of visual 

cortical responses34. The involvement of OFC in the modulation of sensory responses also 

draws support from animal studies. In rodents, studies have described the ways in which 

OFC exerts 'teaching' signals to modulate sensory processing16,17. Using the reversal 

learning task in rodents, our own work revealed that the encoding of outcome-value by the 

lOFC is essential to the functional remapping of S1 neurons in support of flexible decision-

making18. To our knowledge, this has rarely been tested in humans. One previous study 

used patients with lesions in the OFC, and suggested that the OFC exerts top-down 
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attentional control to modulate auditory sensory processing35. Here, we directly tested the 

notion that OFC has the capacity to exert top-down control to selectively regulate the 

sensory cortex in humans, which renders the OFC an essential player for assigning outcome 

values to sensory inputs. 

Importantly, instead of the functional remapping of S1 upon re-learning after the reversals 

in mice18, we provide evidence for distinct functional organizations of bilateral S1 in 

humans: contralateral S1 is primarily implicated in sensory processing, while ipsilateral S1 

is implicated in post-sensory, high-level cognitive processing. Specifically, ipsilateral S1 

is receiving the 'teaching' signal from OFC to represent the outcome value for the learned 

stimulus-outcome association. Ipsilateral S1 activity in response to unilateral tactile inputs 

has been shown in both humans36,37 and monkeys38,39. These studies have assumed different 

roles of bilateral S1 cortices in processing or modulating unilateral tactile inputs, but there 

is still considerable debate in the literature about the distinct roles of the contralateral and 

ipsilateral S140–43. Our present study provides new insights into the functional relevance of 

the ipsilateral S1, which implements computations through the dynamic interaction with 

prefrontal cortex to support flexible decision-making.  

Altogether, combining human fMRI with a comparable analytic framework as recently 

applied to neuronal population recordings from mice, we revealed a dynamic interaction 

of lateral OFC with sensory cortex for the implementation of computations critical for 

flexible sensory processing and adaptive decision-making. Given that a lack of behavioural 

flexibility is a hallmark of many mental illnesses, such as schizophrenia, autism and 

obsessive-compulsive disorder3, our findings have implications for targeting orbitofrontal 
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circuits with non-invasive or invasive neuromodulation to potentially provide a viable 

strategy for augmenting cognitive and behavioural abilities in brain disorders in the future.  

 

Methods 

	

Participants. Forty healthy participants (22 females, mean age ± SD: 24.5 ± 3.3 years) 

were recruited. All participants were right-handed and had normal or corrected to normal 

vision. Participants with a history of psychiatric or neurological disorders as well as any 

those taking regular medication were excluded. The study was approved by the local ethics 

committee of the Ruhr-University Bochum. All participants gave written informed consent 

prior to participation.  

Two participants were excluded because of technical problems with the fMRI scan, and 

two participants because of failed training. Thirty-six participants successfully performed 

the task during fMRI scanning. Data from four participants were excluded from further 

analyses due to failure to learn the task inside the MRI scanner. Therefore, the data from 

the remaining thirty-two participants was further analyzed (16 females, mean age ± SD: 

24.5 ± 3.5 years). 

Tactile stimuli. The tactile stimuli were generated and delivered using an MRI-compatible 

Braille device (Metec, Stuttgart, Germany). The device consists of eight plastic pins, 

aligned in two series of four pins (pin diameter 1.2 mm, rounded top, inter-pin spacing 2.45 

mm) (Fig. 1A, left upper corner). We created eight alternative tactile stimulation patterns 

(Fig. 1B), which always consisted of four raised pins and four lowered pins. Stimuli were 
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applied to the index fingertip of the right (dominant) hand. The Braille device was 

controlled using the Presentation software (version 20.1, Neurobehavioral Systems, 

Berkeley, CA, USA) through Metec Virtual Braille Device (MVBD) by TCP-IP commands. 

To ensure that all tactile stimulation patterns were correctly perceived, participants 

performed a tactile detection test prior to the task training and fMRI scan. During the test, 

participants had to report which pattern they received until they perceived and 

distinguished all tactile stimulation patterns 100% correctly. 

Experimental design. We employed a probabilistic reversal learning Go/No-Go task. The 

task was organized in blocks of 45 trials, and consisted of 3 runs, each included four blocks. 

In each block, two tactile patterns were randomly selected from the eight alternative 

patterns (one 'Go' pattern and one 'No-Go' pattern). In each trial, participants were 

instructed to maintain central fixation. Participants received one out of the two tactile 

stimulation patterns for 500ms on the index fingertip of the right (dominant) hand. A red 

fixation cross was simultaneously presented on a screen via fMRI-compatible LCD-

goggles (Visuastim Digital, Resonance Technology Inc., Northridge, CA, USA). Following 

the tactile cue, the red fixation cross turned green instructing the participants to press the 

button (LumiTouch keypads, Photon Control Inc., Burnaby, BC, Canada) with the index 

finger of the left hand ('Go'), or refrain from pressing the button ('No-Go'). Participants 

were instructed to press the button within 1000ms if action was needed. After the interval 

of 500-1500 ms, the outcomes were presented for 500 ms to indicate whether the choice 

was correct ('Win!') or wrong ('Lose!'). Trials were presented with randomized intertrial 

interval (ITI) ranging between 1500 and 3000 ms in 100 ms steps. A novel pair of tactile 
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patterns were used on each new block, which was presented to the participants at the 

beginning of each block. 

In each block, 70% of trials with one tactile pattern were assigned to 'Go', and 70% of trials 

with the alternative tactile pattern were assigned to 'No-Go'. By trial and error, participants 

had to learn which of the two available options ('Go' and 'No-Go' response) had the higher 

reward probability for each of the two tactile patterns. Importantly, in each individual block, 

the association between tactile stimuli and outcomes were switched at a random trial 

(reversal) within a window from trials 20 to 25. At that point, participants had to reverse 

their choice behaviour to maximize reward. Participants were told in advance that the 

association between tactile stimuli and outcomes is probabilistic and there would be a rule 

switch in each block, but they were not informed about the levels of probability or when 

the switch occurs.  

To enhance motivation throughout the experiment, we offered a monetary reward of 1€ 

added to the general reimbursement (5€/run) for a 5% increase in behavioural performance 

in each fMRI run. After each run, the participants were given visual feedback (10s) about 

their proportion of correct responses and how much money they made during the preceding 

run. 

Prior to the fMRI experiment, each subject completed a short and easy practice block with 

90% probability instead of 70% to make sure they were following the instructions. The 

fMRI experiment consisted of 540 trials overall, which we split into three runs, each lasting 

about	16 min, resulting in a total scanning time of ~ 50 min.  
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fMRI data acquisition. We collected the fMRI data on a Philips Achieva 3.0 T X-series 

scanner using a 32-channel head coil. Functional scans were collected using a multi-band 

echo-planar imaging (EPI) sequence with a multi-band acceleration factor of 2. Thirty-

eight transaxial slices parallel to the anterior-posterior commissure (AC-PC) covering the 

whole brain were acquired with a voxel size of 2 x 2 x 3 mm3, TR = 2,200 ms, TE = 24 ms, 

flip angle =90, the field of view 224 mm, and no interslice gap. For each participant, high-

resolution T1-weighted structural images were acquired, with 176 transversally oriented 

slices covering the whole brain, to correct for geometric distortions and perform co-

registration with the EPIs (isotropic T1 TFE sequence: voxel size: 1 x 1 x1 mm3, field of 

view 240 x 176 mm2).   

fMRI data preprocessing and GLMs. For each run, we acquired a total of 453 EPI 

volumes. To allow for T1-equilibration, five dummy scans preceded data acquisition in 

each run, which were removed before further processing. Each participant's EPI volumes 

were preprocessed and analyzed with the Statistical Parametric Mapping software SPM12 

(Wellcome Department of Imaging Neuroscience, University College London, UK; 

http://www.fil.ion.ucl.ac.uk/spm) implemented in Matlab R2017b (MathWorks Inc). For 

preprocessing, images were first applied to slice time correction using sinc interpolation to 

the middle slice. Then, the T1w image was normalized to the Montreal Neurological 

Institute (MNI) reference space using the unified segmentation approach 44. Subsequently, 

the resulting transformation was applied to the individual EPI volumes to transform the 

images into standard MNI space and resample them into 2 x 2 x 2 mm3 voxel space. Spatial 

smoothing with a 6-mm FWHM Gaussian kernel was applied to the fMRI images only for 

univariate general linear model (GLM) and psychophysiological interaction analysis (see 
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below) but not for RSA analyses. Data were high pass filtered at 1/128 Hz to remove low-

frequency signal drifts. For each participant, the preprocessed fMRI data was analyzed in 

an event-related manner in three GLMs, one designed for univariate analyses, a second 

designed for multivariate analyses (RSA), and a third designed for assessing functional 

connectivity using psychophysiological interaction (PPI). In all GLMs, six head-motion 

parameters as estimated during the realignment procedure were defined as regressors of no 

interest to account for motion-related artefacts during the task. 

The first GLM, used to analyze the univariate BOLD effect, included four regressors of 

interest per block, which accounted for trials in the four different phases of the task (LN, 

LE, RN, RE). The onset of events within these 4 regressors were locked to the onset of the 

outcome in each trial. Two additional regressors of no interest accounted for the 

presentation of the stimuli (all trials collapsed to a single regressor, time-locked to the onset 

of cue presentation) and invalid trials (i.e., late responses). All regressors were then 

convolved with the canonical hemodynamic response function in an event-related fashion. 

The second GLM, used to assess the representational similarity between different phases 

of learning using RSA, consisted of the unsmoothed fMRI data separated into 16 regressors 

of interest per block. These 16 regressors accounted for trials of the four different phases 

of the task (LN, LE, RN, RE), divided into the different outcomes (HIT, Correct Rejection 

or CR, False Alarm or FA, MISS). The onset of events within these 16 regressors was 

locked to the onset of the outcome in each trial. Same with the first GLM, two additional 

regressors of no interest were included (i.e., presentation of the stimuli and invalid trials). 

All regressors were then convolved with the canonical hemodynamic response function in 

an event-related fashion. 
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The third GLM, applied to assess functional connectivity using PPI, included five 

regressors of interest, consisting of physiological, psychological and PPI regressors. The 

physiological regressor was defined as the fMRI time-series extracted from a seed region. 

Two psychological regressors accounted for trials before and after the rule switch (i.e., 

LE&RN or LE&RE). Two PPI regressors accounted for the interactions between the 

physiological variable and psychological regressors by extracting and deconvolving the 

time-series from the seed region, multiplying it by the psychological regressor and then 

convolving the output with the hemodynamic response function. To account for additional 

unwanted variance, two regressors representing the presentation of the stimuli (all trials 

collapsed to a single regressor, time-locked to the onset of cue presentation) and invalid 

trials (i.e., late responses), as described for the first two GLMs, were also included. 

Univariate fMRI analysis. Using the first GLM for univariate analysis, two contrasts were 

assessed to reveal changes of BOLD responses after the reversal of stimulus-outcome 

association. First, to measure the BOLD response to the immediate effect of the rule switch, 

the fMRI BOLD signal during Reversal Naïve (RN) trials were contrasted with the fMRI 

BOLD signal during Learning Expert (LE) trials. Second, to measure the BOLD response 

to the adaptation after re-learning, Reversal Expert (RE) trials were contrasted with 

Learning Expert (LE) trials. The contrast images (i.e., "RN > LE" and "RE > LE") were 

next applied to the group-level one-sample t-test and thresholded at p=0.05, family-wise 

error (FWE)-corrected. Based on the study in mice18, we hypothesized that the immediate 

effect of the rule switch ("RN> LE") and the stable adaptation after re-learning ("RE > LE") 

is related to the lateral OFC and bilateral S1, respectively. Therefore, we performed small 

volume correction (SVC) by restricting the search volume to lateral OFC and entire S1 
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regions. To this end, we created lateral OFC and S1 masks, as implemented in the SPM 

Anatomy Toolbox 20,21.  

Representational similarity analysis (RSA). To further investigate whether the multi-

voxel response pattern in lateral OFC and S1 before the reversal is translated into a 

representation of the same tactile stimulus (stimulus-selective) or a representation of the 

same outcome (outcome-selective) after reversal, we performed a representational 

similarity analysis (RSA). Multi-voxel measures of neural activity are quantitatively 

related to each other and to computational theory and behaviour by comparing 

representational dissimilarity matrices (RDMs).  

Construction of model RDMs. Based on the predicted correlation distance for trials before 

and after reversal, two model RDMs were constructed to investigate whether the multi-

voxel response pattern in lateral OFC and S1 at the time of outcome presentation is 

stimulus-selective, or outcome-selective. The stimulus-selective model describes how the 

response pattern to a tactile stimulus before reversal shows higher representational 

similarity with the trials associated with the outcomes of the same tactile stimulus after 

reversal (i.e., HITlearning = CRreversal). The outcome-selective model describes how the 

response pattern to the outcomes before reversal shows higher representational similarity 

with the trials associated with the same outcomes after the reversal (i.e., HITlearning = 

HITreversal).  

Construction of ROI RDMs. Based on the univariate fMRI analysis, we defined two ROIs, 

lOFC and S1_3b respectively, as derived from the SPM Anatomy Toolbox. Using the 

output of t-statistic maps from the second GLM, activity patterns were extracted from lOFC 

and S1_3b mask. The relative similarity between the response patterns elicited in different 
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trials was assessed using Pearson correlation and expressed as a correlation coefficient. For 

each participant, the response patterns from trials before reversal were compared with the 

response patterns from trials after reversal. Note that unlike a distance or a correlation 

matrix, this matrix is not symmetric. To assess both the immediate effect of the rule switch 

and the stable adaptation after re-learning, we compared the trials after reversal with the 

trials during LE twice (immediate effect RDM: RN vs. LE; stable effect RDM: RE vs. LE), 

resulting in two RDMs for each participant and for each ROI.  

ROI analysis. The response pattern in S1 and lateral OFC during initial learning (LE) and 

after the reversal (RN, RE) were compared using RSA to establish a cross-phases 

representational dissimilarity matrix (RDM) as described above. We also estimated the 

mean 'similar' (black elements in model RDMs) versus mean 'dissimilar' (white elements 

in model RDMs) for both the immediate effect RDM and the stable effect RDM of each 

ROI separately. Summary statistics were tested at the group level using two approaches: 

(1) one-sided Wilcoxon signed-rank test across participants; (2) one-sided permutation test 

where the null distribution was generated by estimating the group average 10,000 times, 

after permuting the identity of trials in the RDM on each iteration. 

Searchlight analysis. We also conducted a searchlight analysis with a radius of 6mm within 

the entire OFC and S1 ROI using the RSA toolbox45. In this analysis, each participant's 

correlation maps with the model RDMs were spatially smoothed with a 6-mm FWHM 

Gaussian kernel and entered into the second-level random-effect analysis performed in 

SPM12. The statistical significance at group level was thresholded at p < 0.05 with a voxel-

level FWE small-volume correction within the lateral OFC and S1 ROIs.  
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Psychophysiological Interaction (PPI). PPI was used to assess context-related 

differences in functional connectivity between a given seed region and the rest of the brain 

46. We performed PPI analyses to assess changes in connectivity between trials before 

reversal (LE) and after the reversal (RN and RE) using the generalized PPI (gPPI) toolbox 

47. Since RSA results revealed that the response pattern of lateral OFC and ipsilateral S1 

were outcome-selective, we applied three PPIs, the first using the OFC as the seed to 

investigate the immediate effect after the reversal (RN vs. LE), and the second and third 

using either ipsilateral S1 or OFC as the seed region respectively to investigate the stable 

period after re-learning (RE vs. LE).  

Individual time series of each seed region were extracted from ROIs that were identified 

with the RSA searchlight analyses of the outcome-selective lateral OFC and ipsilateral S1 

within a radius of 12 mm from the group maximum. The first Eigenvariate was then 

calculated across all voxels surviving p = 0.05 uncorrected within a 6 mm sphere centered 

on the individual peak voxel. The resulting BOLD time series were adjusted for effects of 

no interest (e.g., invalid trials and movement parameters) and deconvolved to generate time 

series required for constructing first-level GLMs for the PPIs as described in the "fMRI 

data preprocessing and GLMs" section.  

First, we examined the immediate effect of the rule switch on lOFC connectivity. To this 

end, first-level contrast images were created using the PPI regressor of the interaction 

between the physiological variable and LE trials, as well as the interaction between the 

physiological variable and RN trials. Next, the contrast images (i.e., RN> LE) were next 

applied to the group-level one-sample t-test. We hypothesized that the immediate effect of 

reversal was related to interactions between the OFC and S1. Therefore, we performed 
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small volume correction (SVC) by restricting the search volume to the S1 mask. Second, 

to test the stable period of re-learning after the reversal, two PPIs were performed using 

either S1 or OFC as the seed region, respectively. For each ROI, the first-level contrast 

images were created using the PPI regressor of the interaction between the physiological 

variable and LE trials, as well as the interaction between the physiological variable and RE 

trials. The contrast images (i.e., RE > LE) were next applied to the group-level one-sample 

t-test. Small volume correction (SVC) was used by restricting the search volume to either 

the OFC or the S1 mask. All PPI analyses were thresholded with SVC for multiple 

comparison at FWE-corrected peak-level of p < 0.05.  
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The data and code that were applied to assess the findings of this study are available from 

the corresponding author upon reasonable request. 
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