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a b s t r a c t The dorsal striatum is crucial for the acquisition and consolidation of instrumental behaviour, but the underlying computations and internal dynamics remain elusive. To address this issue, we combined a model of key computations supporting decision-making during instrumental learning with human behavioural and functional magnetic resonance imaging (fMRI) data. The results showed that the associative and sensorimotor dorsal striatum host complementary computations that, we suggest, may differentially support goal-directed and habitual processes. The anterior caudate nucleus integrates information about performance and cognitive control demands, whereas the putamen tracks how likely the conditioning stimuli lead to correct response. Contrary to current models, the putamen is recruited during initial acquisition. As the exploratory phase proceeds, the relative contribution of the caudate nucleus becomes dominant over the putamen. During early consolidation, caudate nucleus and putamen settle to asymptotic values and share control. We then investigated how dorsal striatal computations may affect decision-making. We found that portion of reaction times' variance parallels the combined cost associated with the dorsal striatal computations. Overall, our ﬁndings provide a deeper insight into the functional heterogeneity within the dorsal striatum and suggest that the dynamic interplay between caudate nucleus and putamen, rather than their serial recruitment, underlies the acquisition and early consolidation of instrumental behaviours. © 2011 Elsevier Inc. All rights reserved.



Introduction Learning the consequence of actions and consolidating habitual responses are key cognitive functions, because they embody behavioural ﬂexibility and automaticity. Acquisition and consolidation of instrumental behaviour are known to engage distinct decisionmaking processes. Acquisition relies on ﬂexible goal-directed actions selected according to expected outcomes as well as current goals and motivational state (Rescorla, 1991; Dickinson, 1994; Dickinson and Balleine, 1994; Staddon and Cerutti, 2003). Consolidation is characterised by the gradual formation of stimulus-driven habitual responses (Dickinson, 1985; Dickinson and Balleine, 1993). To investigate the neural substrates of instrumental learning, the same behavioural assays exploited to dissociate goal-directed from habitual responding, such as outcome devaluation paradigms (Dickinson, 1985), have been coupled with cerebral inactivations in rats. Results have shown that acquisition and consolidation share a common neural substrate in the dorsal striatum, but engage distinct sub-regions. Lesions of the posterior dorsomedial striatum selectively impair the acquisition and expression of goal-directed actions (Ragozzino et al., ⁎ Corresponding author at: Institut de Neurosciences Cognitives de la Méditerranée (INCM, UMR 6193), CNRS & Université Aix-Marseille II, 31 chemin Joseph Aiguier, 13402 Marseille, France. Fax: + 33 4 91 16 44 98. E-mail address: [email protected] (A. Brovelli). 1053-8119/$ – see front matter © 2011 Elsevier Inc. All rights reserved. doi:10.1016/j.neuroimage.2011.05.059



2002; Yin et al., 2005a,b), whereas lesions of the dorsolateral striatum deteriorate consolidation of habits (Reading et al., 1991; Packard and McGaugh, 1996; Yin et al., 2004, 2006). The rat dorsomedial and dorsolateral striatum (roughly homologous to the caudate nucleus and putamen in primates, respectively) are embedded within the associative and sensorimotor cortico-striatal circuits, whose organisation in distinct interconnected loops (Alexander et al., 1986, 1990; Groenewegen et al., 1990; Middleton and Strick, 2000; Haber, 2003; Draganski et al., 2008; Haber and Knutson, 2010) further supports the hypothesis of a functional heterogeneity within the dorsal striatum (Yin and Knowlton, 2006; Balleine et al., 2007; Graybiel, 2008; Yin et al., 2008; Packard, 2009; White, 2009; Balleine and O'Doherty, 2010; Ashby et al., 2010). Human neuroimaging studies have investigated the role of the striatum in instrumental learning. Learning-related activations have been found in the dorsal striatum during the acquisition and consolidation of instrumental actions (Deiber et al., 1997; Toni and Passingham, 1999; Toni et al., 2001a,b; Haruno et al., 2004; Tanaka et al., 2004; Boettiger and D'Esposito, 2005; Delgado et al., 2005; Law et al., 2005; Grol et al., 2006; Haruno and Kawato, 2006; Pessiglione et al., 2006; Brovelli et al., 2008; Bédard and Sanes, 2009). The caudate nucleus has also been found to modulate its activity in relation to perceived contingencies between actions and outcomes (Tricomi et al., 2004). The activity in the posterior putamen–globus pallidus region showed signiﬁcant increase as training progressed and when outcome devaluation tests revealed subjects' responding to be
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habitual (Tricomi et al., 2009). However, whereas dissociable roles in reward processing have been found between the ventral and dorsal striatum (O'Doherty et al., 2004), the relative contribution of the caudate nucleus and putamen in decision-making during acquisition and early consolidation is partly understood. Neurophysiological studies have found task-related neurons in the dorsal striatum whose ﬁring rate is modulated during learning both in rats (Carelli et al., 1997; Jog et al., 1999; Barnes et al., 2005; Tang et al., 2007; Kim et al., 2009; Kimchi et al., 2009) and in macaque monkeys (Miyachi et al., 1997; Tremblay et al., 1998; Miyachi et al., 2002; HadjBouziane and Boussaoud, 2003; Brasted and Wise, 2004; Pasupathy and Miller, 2005; Samejima et al., 2005; Buch et al., 2006; Williams and Eskandar, 2006; Histed et al., 2009). More recently, studies in rats have tried to disentangle the neurophysiological correlates of goaldirected and habit learning in the dorsomedial and dorsolateral striatum. Results suggest that functional heterogeneity may arise at the population level and may be supported by contrasting patterns of task-related activity emerging during learning in the two striatal regions (Thorn et al., 2010). At the single neuron level, however, both structures showed similar proportions of single units across the associative and sensorimotor striatum encoding the associations between actions and outcomes (A–O associations), and between stimuli and responses (S–R associations) (Stalnaker et al., 2010). Taken together, previous neurophysiological studies suggest that functional heterogeneity within the dorsal striatum does not rely on differences in information content (i.e., the encoding of S–R and A–O associations in the sensorimotor and associative striatum, respectively) (Stalnaker et al., 2010), but it arises at the population level and it is associated with global monitoring signals differentially supporting goal-directed and habitual processes (Thorn et al., 2010). The aim of our study was, therefore, to identify global monitoring signals that may support goal-directed and habitual processes during the acquisition and early consolidations of instrumental behaviours. To put forward hypotheses about the computations associated with goal-directed and habitual processes, we propose a model that attempts to formalise concepts from modern learning theory (see Material and methods). To test whether the predicted computations are represented in the brain and differentially recruit the caudate nucleus and putamen, we performed a model-based analysis of fMRI data. Then, we investigated the interplay between the observed neural computations during learning and how they may affect the selection of action. Material and methods Experimental methods Subjects Fourteen healthy subjects participated in the study (all were right handed and 7 were females; average age 26 years old). All participants gave written informed consent according to established institutional guidelines and they received monetary compensation (45 euros) for their participation. The project has been approved by the local ethics committee. Learning task To study both the acquisition of goal-directed actions and the early consolidation of stimulus-driven responses, we adopted an arbitrary visuomotor learning design, where the relation between the visual stimulus, the action and its outcome is arbitrary and causal (Wise and Murray, 2000). The task required subjects to ﬁnd by trial-and-error the correct associations between 3 coloured circles and 5 ﬁnger movements (Fig. 1a). On each trial, subjects were presented a coloured circle to which they had to respond within 1.5 s. Reaction times were computed as the time difference between stimulus presentation and motor response (i.e., ﬁnger movement). After a
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Fig. 1. Experimental design. (a) On each trial, subjects were presented a coloured circle to which they had to respond within 1.5 s. In order to dissociate the BOLD signals related to the selection of action from those due to the processing of outcomes, the outcome image was presented after a variable delay ranging from 4 to 12 s (randomly drawn from a log-normal distribution). The outcome image informed the subject whether the response was correct, incorrect, or too late (if the reaction time exceeded 1.5 s). (b) Matrix of all the possible stimulus–response combinations, updated according to the exemplar learning session in Fig. 1a. A red cross and a green tickmark refer to incorrect and correct stimulus–response sequences, respectively. The ﬁrst presentation of each stimulus was always followed by an incorrect outcome, irrespective of the motor response (from trials 1 to 3). On the second presentation of the stimulus S1 (the blue circle), any untried ﬁnger movement was always followed by a correct outcome (trial 4). The correct response for S2 and S3 (red and green circles, respectively) was found after 3 and 4 incorrect ﬁnger movements (at trials 9 and 14, respectively).



variable delay ranging from 4 to 12 s (randomly drawn from a lognormal distribution) following the disappearance of the coloured circles, an outcome image was presented (Fig. 1a, bottom). The outcome image lasted 1 s and informed the subject whether the response was correct, incorrect, or too late (if the reaction time exceeded 1.5 s). “Late” trials were excluded from the analysis, because they were either absent or very rare (i.e., maximum 2 late trials per session). The next trial started after a variable delay ranging from 4 to 12 s (randomly drawn from a log-normal distribution) with the presentation of another visual stimulus. Visual stimuli were randomised in blocks of three trials. Each learning session was composed of 42 trials, 3 stimulus types (i.e., different colours, S1, S2, and S3) and 5 possible ﬁnger movements. Each subject performed 4 learning sessions, each containing different sets of coloured stimuli.
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To ensure highly reproducible performances across sessions and subjects, and in-depth analysis of the behavioural and neural signals on representative steps during learning, we developed a task design that manipulates learning and produced reproducible phases of acquisition and consolidation across sessions and individuals (Brovelli et al., 2008). Accordingly, the correct stimulus–response associations are not set a priori. Instead, they are assigned as subject proceed in the task (Fig. 1b). The ﬁrst presentation of each stimulus is always followed by an incorrect outcome, irrespective of subject's choice (Fig. 1b, trials 1 to 3). On the second presentation of stimulus S1, any new untried ﬁnger movement is considered as a correct response. For the second stimulus S2, the response is deﬁned as correct only when the subject has performed 3 incorrect ﬁnger movements (trial 9 in Fig. 1b). For stimulus S3, the subject has to try 4 different ﬁnger movements before the correct response is found (trial 14 in Fig. 1b). In other words, the correct response was the second ﬁnger movement (different from the ﬁrst tried response) for stimulus S1, the fourth ﬁnger movement for stimulus S2, the ﬁfth for stimulus S3. This task designs assures a minimum number of incorrect trials during acquisition (1 for S1, 3 for S2 and 4 for S4) and ﬁxed representative steps during learning. In particular, it produces highly reproducible behavioural performances across sessions and subjects and allows indepth analysis of group-level behavioural and fMRI data (Brovelli et al., 2008). Visual stimuli were projected onto the centre of a screen positioned in the back of the scanner using a video projector. In the scanner, subjects could see the video reﬂected in a mirror (15 × 9 cm) suspended 10 cm in front of their face and subtending visual angles of 42° horizontally and 32° vertically. Finger movements and their timings were recorded using an fMRI-compatible keyboard with 5 buttons positioned under the 5 ﬁngers of the right hand. fMRI data acquisition and preprocessing Images were acquired using a 3-T whole-body imager equipped with a circular polarised head coil. For each participant, we acquired a high-resolution structural T1-weighted anatomical image (inversionrecovery sequence, 1 × 0.75 × 1.22 mm) parallel to the anteriorcommissure posterior-commissure plane, covering the whole brain. For functional imaging, we used a T2*-weighted echo-planar (EP) sequence at 36 interleaved 3-mm-thick axial slices with 1-mm gap (time repetition [TR] = 2400 ms, time echo = 35 ms, ﬂip angle = 80°, ﬁeld of view = 19.2 × 19.2 cm, 64 × 64 matrix of 3 × 3 mm voxels). Image analysis was conducted using SPM5 (http://www.ﬁl.ion.ucl.ac. uk/spm/). For each subject, all functional images were slice-time corrected to a slice acquired half-way through the volume acquisition (at TR/2) and then realigned to the ﬁrst slice of each learning session. The anatomical MRI was spatially normalised to a standard T2* template and the normalisation parameters were used to normalise the preprocessed functional EP images. The resulting fMRI data were then smoothed using a Gaussian kernel of full width at half-maximum of 8 mm. Finally, intensity normalisation and high-pass ﬁltering (128 s) were applied to the data. fMRI data analysis Model-based analysis. The aim of the current study was to elucidate the neural substrates of goal-directed and habitual processes in the human brain and test whether they differentially recruited the caudate nucleus and putamen. We therefore performed a wholebrain analysis of BOLD signals using a model-based approach (Corrado and Doya, 2007; O'Doherty et al., 2007). The statistical analysis of the preprocessed event-related BOLD signals was performed within a classical general linear model (GLM) framework. In order to dissociate the neural activity associated with the selection of action from that related to the processing of outcomes, the regressors were constructed by convolving the canonical haemodynamic response



function with boxcar functions of constant or varying amplitudes aligned on the time of stimulus or outcome presentation. The ﬁrst two regressors of the design matrix had unit amplitudes and ﬁxed durations (1.5 and 1 for the ﬁrst and second regressors), and were aligned to stimulus and outcome onset, respectively. These two regressors are excluded from the results, as they accounted for BOLD responses that did not vary during learning. In order to identify the brain structures correlating with the hypothesised goal-directed and habitual processes, we added a third regressor aligned to stimulus onsets whose amplitude varied parametrically according to a predicted model computation. To facilitate interpretation of the fMRI results, we tested each predicted computation in separate GLM design matrices and analyses. Finally, in order to extract the beta coefﬁcients for subsequent clustering analysis and to account for potential correlations between two learning computations, namely performance monitoring and cognitive control signals (see Computations supporting goal-directed learning), we performed a GLM analysis including four regressors. The ﬁrst two regressors had unit amplitudes and ﬁxed durations (1.5 and 1 for the ﬁrst and second regressors), and were aligned to stimulus and outcome onset, respectively. The third and forth regressors were aligned to stimulus onsets and varied parametrically according to Ipm and Icc, respectively (see Hierarchical clustering analysis of group-level beta coefﬁcients). For each GLM analysis, the regression parameters (the beta values) were estimated for each subject and sessions, and they were taken to random-effects level. All fMRI statistics and P values arise from group random-effects analyses. Since we searched for signiﬁcant correlations over the entire brain, we considered as activated all voxels with a P b 0.05 after whole-brain correction for multiple comparisons (family-wise error). In addition, we deﬁned as activated brain regions, those clusters with more than or equal to 5 activated voxels, thus giving a P b 0.005 corrected for cluster dimension. Graphical display and superposition of activated regions-of-interest was performed using MRIcron software (http://www.cabiatl.com/mricro/mricron/ index.html). Trial-based analysis. In order to better visualise the results of the model-based analysis and to extract the grand-average activities at representative steps during acquisition and early consolidation, we performed a trial-based analysis using a design matrix with 15 regressors, each one containing a set of trials during learning. In fact, our task design ensured highly reproducible performances across sessions and subjects, and allowed us to study brain activity in representative steps both during acquisition and early consolidation phases (see Learning task section). Each regressor corresponded to a particular representative step during learning, they had unit amplitude (1.5 second duration) and they were aligned on stimulus presentation. The trials in the ﬁrst regressor were associated with the ﬁrst tried ﬁnger movement after the presentation of the three stimuli (trials 1 to 3 in a typical learning session, Fig. 1a); the second regressor contained the second motor responses, if previously untried (trials 4 to 6, Fig. 1a); and so on up to the ﬁfth regressor that contained the trial associated with the ﬁfth tried response (the little ﬁnger in the trial 14, Fig. 1a). Thus, the ﬁrst ﬁve regressors modelled the acquisition phase up to the ﬁrst correct outcome. The sixth regressor contained three trials associated with the second time the subjects chose the correct response; the seventh regressor contained trials when subjects chose the correct responses for the third time, and so on up to the 15th regressor that included trials associated with the 11th time subjects chose the correct response. Thus, regressors 6 to 15 modelled the early consolidation phase during learning. The regression parameters (the beta values) were estimated for each subject and design matrix, and they were taken to the random-effects level. In summary, the acquisition phase was modelled using the ﬁrst 5 representative steps, whereas early consolidation included representative steps 6 to 15.
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Hierarchical clustering analysis on group-level beta coefﬁcients. To verify the presence of separate clusters associated with distinct model's computations, we performed hierarchical clustering analysis on the group-level beta coefﬁcients from model-based and trial-based GLM analyses. In general terms, hierarchical clustering uses similarity, or dissimilarity, between every pair of objects in the data to create a hierarchical tree, or dendrogram. The hierarchical tree reveals the existence of grouping effects in the data. In the present study, we performed clustering analysis on the group-level beta coefﬁcients extracted from all voxels displaying signiﬁcant correlations either with Ipm or the sum between Ipm and Icc (see Table 1, Computations supporting goal-directed learning” and Hierarchical clustering analysis of group-level beta coefﬁcients). Each voxel was speciﬁed by a set of beta values, each associated with a single regressor. The similarity, or “distance”, between voxels was deﬁned as the Euclidean distance computed from beta values (i.e., do not confound with physical distance between voxels). Voxels with similar beta values tend to cluster, because their “distance” is shortest. We identiﬁed agglomerations of voxels according to the minimum “distance” between voxels and we built a hierarchical tree by progressively merging voxels into clusters using the average linkage clustering algorithm. A ﬁrst clustering analysis was performed on the group-level beta coefﬁcients from a GLM design matrix composed of four regressors (see section Model-based analysis). The ﬁrst two regressors were aligned to stimulus and outcome onset, respectively. The third and forth regressors were aligned to stimulus onsets and varied parametrically according to Ipm and Icc, respectively. For clustering analysis, only the beta coefﬁcients associated with the third and forth regressors were used. In a second analysis, we used the group-level beta coefﬁcients from the trial-based GLM analysis associated with the ﬁrst 5 regressors modelling the acquisition phase during learning (i.e., 5 representative steps described in the trial-based fMRI analysis). Further information on clustering methods can be found on (http://en.wikipedia.org/wiki/ Cluster_analysis). Matlab (The MathWorks, Inc.) functions in the Statistical Toolbox were used for clustering analysis. Behavioural model of decision-making during instrumental learning
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during learning, so to quickly adapt to changing contingencies and select behaviours that increase the likelihood of attaining the goal of the task. In other words, we put forward the hypothesis that a key computation associated with goal-directed learning is the monitoring of performance. To formalise this notion, we deﬁned performance as the probability of attaining the goal of the task, Pg. Since the goal of the task was to learn all the three correct stimulus–response associations, we quantiﬁed Pg from the entire binary sequence of incorrect (zeros) and correct (ones) outcomes, irrespective of stimulus and response type. Pg was computed using a state–space smoothing algorithm (Smith et al., 2004), by setting the probability of a correct outcome occurring by chance p0 equal to 0.2 (only 1 out of 5 possible actions was correct at each trial). We then deﬁned the index of performance monitoring Ipm as the logarithmic ratio between Pg and the probability of a correct outcome occurring by chance p0: Ipm ≡ log2



Pg : p0



ð1Þ



Ipm is a signal-to-noise ratio that quantiﬁes how performance Pg deviates from chance p0 during learning. If Pg is equal to chance level p0, Ipm is 0 and the evidence towards task accomplishment is null. The higher (the lower) is Ipm, the stronger (the weaker) is the conﬁdence in having achieved the goal of the task. In other words, Ipm tracks subject's performance during learning. Next, we reasoned that a second key cognitive process supporting goal-directed learning is cognitive control, deﬁned as the amount of cognitive resources that need to be deployed to select actions during learning. In fact, we argue that the amount of cognitive control is not constant during learning. Rather, it grows as subjects accumulate errors during acquisition (i.e., subjects must select actions to avoid previously incorrect responses) and it drops once the correct action is found (i.e., subjects do not need to keep in memory past errors, but can consolidate correct actions only). To be able to test this hypothesis on fMRI data, we formalised this concept by assuming that the amount of cognitive control increases with Pg up to the ﬁrst correct response during acquisition and to 1 − Pg as learning consolidates. In a logarithmic form, we deﬁne the index of cognitive control Icc as:



We propose a parameter-free descriptive model that attempts to formalise concepts from behavioural learning theory to put forward hypotheses about the global monitoring signals (computations) that may support goal-directed and habitual processes during instrumental learning.
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