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Abstract: Reinforcement learning studies in rodents and primates demonstrate that goal-directed and
habitual choice behaviors are mediated through different fronto-striatal systems, but the evidence is
less clear in humans. In this study, functional magnetic resonance imaging (fMRI) data were collected
whilst participants (n = 20) performed a conditional associative learning task in which blocks of novel
conditional stimuli (CS) required a deliberate choice, and blocks of familiar CS required an intuitive
choice. Using standard subtraction analysis for fMRI event-related designs, activation shifted from the
dorso-fronto-parietal network, which involves dorsolateral prefrontal cortex (DLPFC) for deliberate
choice of novel CS, to ventro-medial frontal (VMPFC) and anterior cingulate cortex for intuitive
choice of familiar CS. Supporting this finding, psycho-physiological interaction (PPI) analysis, using
the peak active areas within the PFC for novel and familiar CS as seed regions, showed functional
coupling between caudate and DLPFC when processing novel CS and VMPFC when processing
familiar CS. These findings demonstrate separable systems for deliberate and intuitive processing,
which is in keeping with rodent and primate reinforcement learning studies, although in humans
they operate in a dynamic, possibly synergistic, manner particularly at the level of the striatum.

Keywords: intuitive decision; deliberate decision; striatum; novelty; automated cognition;
reinforcement learning; fMRI

1. Introduction

A large body of functional imaging research has explored the neural mechanisms involved in
value-based decision making (for reviews see [1-4]). Despite reliable findings, it is unclear whether there
are different neural systems for deliberate, as opposed to intuitive, decision making in humans or, using
the cognitive neuroscience vernacular, for goal-based versus habitual choice [5]. In the psychological
literature, deliberate decision making occurs when making a choice between unfamiliar options
whose outcomes are unknown in a context where there is a high degree of outcome uncertainty [6,7].
Deliberation occurs when computing the contingency or causal relationship between conditional
stimulus (CS), response (R), and their associated outcome (O) [8,9]. This requires a cognitive ‘scaffold”’
composed of problem-relevant algorithms [10,11], rules, and mental models [12] in order to solve the
credit assignment problem [13].

Intuitive decision making occurs once the contingencies between CS, R, and O are well-learnt, such
that probabilities of outcomes and their value become integrated dimensions of the CS and are, hence,
available at the point of stimulus perception (stimulus-elicited) [14-18]. It remains unclear whether
deliberate and intuitive decision making involve separate cognitive processes [19] or a common set
of rule-based cognitive processes, with a shift toward more efficient associative processing during
intuitive decision making [20-22].
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Neuroscience research in rodents and primates supports separate fronto-striatal routes used to
estimate the value of options in deliberate, or ‘goal-based’, as opposed to intuitive-based, or ‘habit’,
decision making (for reviews see [1,5,16,23]). These fronto-striatal systems comprise the ‘associative’
(dorsomedial striatum) and “sensorimotor’ (dorsolateral striatum) fronto-striatal routes for goal-based
and habitual-based valuation, respectively [1,23].

While some functional neuroimaging studies with humans used reinforcement learning tasks
to examine separate valuation systems (for a review see, [5]), the majority of such studies have used
many trials (often in the hundreds), thus confounding early goal-based learning with later habitual
or what we here refer to as ‘stimulus-elicited” choice [24-28]. Some studies comparing early vs.
late learning, or used pre-training, have shown reduced involvement of associative striatum with
learning [29-31]. Few studies have ensured over-learning of the CS-outcome pairings [32,33], and
these have demonstrated that with overlearning there is a shift from associative to the sensorimotor
striatum for CS valuation. However, these studies involved reinforcement learning of either a variable
interval schedule [32] or learning a sequence of choices [33], both of which are particularly suited
to inducing habitual behavior [23,25,34,35]. Ashby et al. [36] argued that such a shift is limited to
these reinforcement learning paradigms alone, and they will not be found in the more commonly used
conditional associative learning (CAL) or monetary incentive learning paradigms, in which participants
learn to discriminate between two or more CS to maximize reward. One such study designed to
eliminate all learning through the use of highly overlearnt options (playing cards) reported that the
sensori-motor route was used in value processing of conditioned stimuli [37]. However, both circuits
may be operating in parallel in most decision-making situations [20,23], switching during the course of
the given task [5,38,39]. This would create a methodological problem for imaging studies in which the
analysis involves averaging across trials of different event types (e.g., goal vs. stimulus-elicited trials)
and then comparing them with subtraction analysis.

The primary aim of the current study was to evaluate whether the associative processing route is
used predominantly for deliberate choices, whereas the sensori-motor route is used predominantly
for stimulus elicited-valuation (familiar choices), using a CAL paradigm. A single set of CS were
used with consistent reward probabilities, which had been extensively trained before the imaging
session [24]. Furthermore, behavioral criteria (e.g., response time), which is no further decrease in
response times after the pre-training session, were used to validate whether participants demonstrated
either goal-based or stimulus-elicited processing [27,40]. An additional challenge ignored in previous
studies, (notably [29] and [41]) is the increase in the blood oxygenation level dependent (BOLD) signal
across most brain regions during goal-based cognition [42]. This is thought to arise either due to a
global increase in the brain’s BOLD signal during effortful cognition or in response to greater attention,
which increases BOLD signal, particularly in primary sensory cortices [43,44]. Alternatively, the
decrease in BOLD signal when processing familiar stimuli might result from a shift from coarse neural
coding during early learning to fine coding for familiar stimuli [42,45]. All such explanations would
result in a reduction in the average BOLD signal across all clusters of voxels for familiar stimuli and,
hence, represent a potential confound. Kelly and Garavan [42], therefore, recommend that traditional
contrast analysis be compared with a psycho-physiological interaction (PPI) analysis to explore the
potential reorganization of functional connectivity resulting from a change from goal-based processing
to stimulus-elicited processing.

We hypothesized that the ubiquitous increase in global BOLD signal during all deliberate cognition
should be included as a functional imaging signature for goal-based decision making and supplement
the behavioral criteria described by Seger and Spiering [40]. Thus, deliberate, but not intuitive,
valuation should be associated with high levels of activation in the dorso-fronto-parietal system,
together with increased activation of the sensory cortex [46—49].
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2. Materials and Methods

2.1. Participants

Twenty right-handed healthy volunteers (12 male, 7 female; mean age 25, range: 24-32) were
recruited, but only 19 participants (12 male, 6 female) were included in the analysis. One participant
was excluded from the analysis due to insufficient behavioral performance; for instance, this participant
showed no learning effect and informed the experimenter that she was making random choices in
all conditions. All of the participants were: i) pre-assessed to exclude those with a prior history
of neurological and psychiatric illness, ii) provided with written and verbal instructions about the
experiment before the functional magnetic resonance imaging (fMRI) session, and iii) debriefed after
the experimental session and paid £20 for participating. All subjects gave their informed consent for
inclusion before they participated. The study was conducted in accordance with the Declaration of
Helsinki, and the protocol was approved by the Ethics Committee of Bedfordshire NHS Research
Ethics Committee (Decision Number: 06/Q0202/21).

2.2. Experimental Design

This experiment comprised two parts: the pre-training session (for familiarization with the stimuli)
was designed to ensure learning of a set of stimulus pairs (k = 12) and was conducted outside of
the scanner, while the main experimental session involved the collection of fMRI data and included
presentation of both the familiar stimulus pairs used in the pre-training session as well as a set of
previously unseen novel stimulus pairs (k = 12). E-prime software (www.psychologysoftware.com)
was used to control the presentation of stimuli and collect the response data for both the pre-training
and main experimental sessions.

2.2.1. Pre-Training

Figure 1 presents a diagram showing the structure of a single trial, with the training task involving
240 such trials. Each trial began with a fixation cross of 500 ms presented in the middle of an LCD screen,
followed by the presentation of one pair of stimuli for approximately 3 s. During those 3 s, participants
were asked to respond by choosing one of two response keys to indicate their preferred stimuli. After
making their choice, feedback was immediately presented on the screen for about 3 s. For each correct
prediction, the rewarding feedback was a large image of a £1 coin, and for non-rewarded feedback the
word neutral” was displayed on the screen. Subjects were informed that the amount of money they would
receive at the end of the study would be contingent on the money accumulated after completion of both
the pre-training session and main experiment, and that this amount will be multiplied by a probability.
However, in order to avoid disadvantaging any participant, 20 pounds was awarded to all participants on
completion of the main experiment. Twelve stimulus pairs were used in the pre-training session with each
stimulus pair composed of Chinese or Agathadaimon font. The pairs of stimuli were counterbalanced
across participants so that each was trained with only one type of font.

Stimulus pairs differed in their uncertainty of reward outcome. For high-outcome uncertainty
pairs, the probability of reward was 0.6 for one CS (i.e., one of the two options) and with corresponding
probability of not being rewarded of 0.4. For mid-outcome uncertainty pairs, the probability of reward
for one CS was 0.8, and for the other CS, 0.2. Finally, the last stimulus category was deterministic
rather than probabilistic; the outcome was certain if the participant chose the correct CS, resulting
in a reward every time, whereas the other CS would always result in non-reward. Each stimulus
pair was presented equally often over the 240 trials (i.e., 20 exposures for each pair). Subjects were
fully instructed about trial structure and the objective of maximizing the reward but not the nature of
the stimulus-reward (5-R) contingencies. All responses were made on an MRI-compatible Lumina
response box, which comprised four key pads, but only the two at the right end were used, so that
the subject could position their index and middle fingers over the keys and, thus, minimize hand
movements. Choice of the CS on the left side, as opposed to right, of the screen was indicated by
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pressing the index (left-most) finger, as opposed to the middle (rightmost) finger of their right hand,
respectively, and vice versa, thereby ensuring a high degree of S-R compatibility [50].

Randomly Assigned
Novel and Familiar Blocks of Trials

v v
Block of 30 Block of 30
Novel Trials Familiar Trials

Fixation-500msec

choice- 3sec

Random Presentation
Stimulus Pair 1, P(0.6)
Stimulus Pair 2, P(0.8)
Stimulus Pair 3, P(1)

5 Outcome
@ Neutral displayed for

- 3sec

- - 1Tl Jitter = 2-8sec

Next Trial Next Trial

Figure 1. Probabilistic learning task used during pre-training and scanning sessions. Subjects were
presented with two abstract visual stimuli (either familiar or novel pair). Subjects selected one of the
stimuli, and their choice was followed by a probabilistic feedback on the screen displaying either a
pound picture or written “neutral”.

2.2.2. Main Experiment

The main experiment was conducted with the participant in the scanner. A total of 240 trials
were presented using the same format for each trial that had been used previously in the pre-training
session (Figure 1) apart from the introduction of a jitter delay between trials. Therefore, during the
main experiment, participants were presented with 120 novel and 120 familiar stimulus trials. There
were four separate sessions, comprising 60 trials in each (240 trials/4 session), separated by a 2 min rest
interval. Each session was split into further two blocks with one block comprising novel stimulus pairs
only (3 pairs randomly presented 10 times each, making 30 trials) and the other, familiar stimulus pairs
only (a block comprised 30 trials made up of 3 pairs, randomly presented 10 times) (see Figure 1). The
familiar stimulus pairs were those used in the pre-training session (outside the scanner). Each novel
CS pair was composed of the character set not used previously in the pre-training session; therefore,
both the character set and the stimulus pairs themselves were novel. However, each pair was either
a low/moderate/certain probability of outcome pair corresponding to the 3 probabilistic categories.
After each block of 30 novel trials, the set of 3 stimulus pairs was replaced by another set of 3 pairs to
ensure novelty across all 4 sessions. The blocking of novel and familiar stimulus pairs was intended
to maximize the effect of “framing” [51], that is, to ensure that participants adopted a ‘goal-directed’
or ‘stimulus-elicited’ mental set for processing novel and familiar stimulus pairs, respectively. This
also prevented activity-related contextual novelty of temporal unexpectancy (i.e., unsure which type
of stimulus pair would come next). This type of novelty (contextual) has often been noted in tasks
resembling the oddball paradigm [52]. At the end of each trial in the main experiment, there was a
random inter-trial interval of 2-8 s (random jitter) in order to separate the rewarding outcome and
stimulus presentation in the next trial.

2.3. Functional Magnetic Resonance Imaging

2.3.1. Image Acquisition

Functional imaging was conducted using 3-Tesla Siemens Magnetom MRI scanner to acquire
gradient echo T2* weighted echo-planar (EPI) images with BOLD (blood oxygenation level dependent)
signal contrast (3 X 3 X 3 mm voxel size). Imaging parameters were optimized to minimize signal
dropout in medial ventral prefrontal and anterior ventral striatum: we used a tilted acquisition
sequence at 30° to the AC-PC line [53]. Each volume comprised 36 axial slices of 3 mm thickness and
3 mm in-plane resolution with a TR time (repetition time) of 3 s. The flip angle was 90 degrees. T1
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weighted structural images (1 X 1 X 1 mm voxel size) were also acquired for each participant. Head
movement was minimized by padding the participants” heads.

2.3.2. Image Analysis

Image analysis was performed using statistical parametric mapping SPMS8 software (Wellcome
Department of Imaging Neuroscience, Institute of Neurology, London, United Kingdom). For all
participants, the images were realigned according to the first volume, in order to correct for motion in
the scanner, and their functional EPI images were co-registered to anatomical images and normalized
to a standard Montreal Neurological Institute (MNI) template. Spatial smoothing was applied using
a Gaussian kernel with a full width at half-maximum (FWHM) of 8 mm for each participant’s data.
Statistical analyses were performed on each participant’s data using the general linear model in
SPMS. The fMRI time series data were modeled by a series of events, convolved with a canonical
haemodynamic response function (HRF). The general linear model (GLM) included one regressor for
each stimulus type (novel vs. familiar) and each level of probability of reward for a correct choice (i.e.,
0.6, 0.8, 1.0) and included six motion regressors. The second level of the analysis involved voxel-wise
comparisons across subjects analysis of variance (ANOVA), which were computed from the single
subjects’ contrast images, treating each subject as a random effect. Coordinates of significant local
maxima are reported in a standard stereotaxic reference space (MNI, Montreal Neurological Institute),
and group functional overlays are displayed on a single subjects” anatomical scans.

We also conducted hypothesis-driven statistical analyses, namely PPI analyses, to evaluate
whether there was a shift from the associative (goal-based) to sensori-motor (stimulus-elicited) circuits
in striatum for novel and familiar CS, respectively. PPI assesses how the activity within one brain
region or network of regions is coupled with a predefined region of interest (seed region). The rationale
for using PPI analysis in the current study was to detect whether there was a coupling between the
different striatal nuclei and other regions, particularly ‘seed regions’ in the prefrontal cortex, that
differentiated goal-based processing from stimulus-elicited processing, derived from the subtraction
analyses. Finally, we reported both family wise error (FEW) corrected and uncorrected results. For the
uncorrected results, a minimum cluster size of 10 voxels was used, unless otherwise mentioned [54].

3. Results

3.1. Behavioral Results

In order to compare the response times (RTs) for novel vs. familiar trials, we first performed
a 3 (probability 0.6, 0.8, 1) X 5 (Session 1, 2, 3, 4, Familiar) repeated measures ANOVA. Results
revealed that the main effect of session was statistically significant (F (4, 72) = 35.98, p < 0.001, partial
12 = 0.67). Pairwise comparisons showed that response times of participants decreased over the
sessions (F (1, 18) = 35.98, p < 0.001 (session 1 to session 2); F (1, 18) = 11.66, p = 0.003 (session 2 to
session 3); and F (1, 18) = 5.06, p = 0.037 (session 3 to session 4)). Comparisons also revealed that there
was no significant difference between session 4 (pre-training) and familiar condition (MRI session)
(p > 0.05) after adjustment for multiple comparisons. This indicates that no further learning-related
changes occurred in response times, which applies to both the familiar pairs during the fMRI session in
the main experiment and session 4 (last pre-training session), which was outside the scanner (Figure 2).
For similar learning criteria that indicate automaticity, please see [24]. Furthermore, the main effect of
probability was also statistically significant (F (2, 36) = 50.18, p < 0.001, partial n2 = 0.74). Pairwise
comparisons revealed that the response time decreased significantly when the probability increased
(F (1, 18) = 69.35, p < 0.001 (from 0.6 to 0.8); F (1, 18) = 41.75, p < 0.001 (from 0.8 to 1); Bonferroni
corrected). Finally, the interaction effect of probability and session did not reach significance level (F (8,
144) = 0.37, p > 0.05) (see Figure 2).
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Figure 2. Response times for the pre-training (Session 1, 2, 3, and 4) and main experiment showed for
all outcome probabilities. Error bars indicate standard deviations.

Secondly, a 2 (novel vs. familiar) x 3 (probability) repeated measures ANOVA was conducted
in order to compare RTs during the imaging session. Familiar trials showed shorter response times
compared to novel trials (F (1, 18) = 35.15, p < 0.001, partial N2 = 0.66). The main effect of probability was
also statistically significant (F (2, 36) = 23.73, p < 0.001, partial N2 = 0.57). Pairwise comparisons revealed
that participants responded slower in 0.6 probability than 0.8 (F (1, 18) = 39.25, p < 0.001). Also, they
responded slower in 0.8 than 1 (F (1, 18) = 16.02, p < 0.001) after adjustments for multiple comparisons,
Bonferroni corrected. Finally, the interaction effect was statistically significant (F (2, 36) = 12.82,
p < 0.001, partial n2 = 0.42) between probability and stimulus familiarity.

Additionally, for the main experiment during the fMRI session, in order to examine the differences
in behavioral learning performance for different stimulus pairs, we calculated the percentage of choice
for each probability condition (0.6, 0.8, 1) and for each stimulus category (novel and familiar) (Figure 3).
For example, if the participants learn to choose the winning option for the (0.6) pair, they will allocate
at least 60% their responses to that option [55], sometimes referred to as the matching strategy, which
is an indication that learning has reached asymptotic levels [56]. In order to measure the learning
performance between the novel and familiar stimulus sets during the fMRI session, we compared the
number of percent choice responses for each stimulus pair for both novel and familiar conditions (see
Figure 3). This comparison used a 2 (novel, familiar) x 3 (probability 0.6, 0.8, 1) repeated measures
ANOVA conducted on the percentage of choice data (high-probability option). Results revealed that in
the familiar condition, participants chose the high-probability winning option more than in the novel
condition (F (1, 18) = 22.73, p < 0.001, partial n2 = 0.57). Furthermore, the main effect of probability
was also statistically significant (F (2, 35) = 19.27, p < 0.001, partial n2 = 0.53). Pairwise comparisons
revealed that accuracy increased with probability (F (1, 18) = 4.68, p = 0.045 (between 0.6 and 0.8);
F (1,18) =14.63, p < 0.001 (between 0.8 and 1)) after adjustments for multiple comparisons. Finally,
the interaction effect did not reach significance level (F (2, 34) = 2.26, p > 0.05). Overall, these results
provide additional support for the notion that, in addition to the response time data, the behavioral
data for the percent choice show significant differences for novel and familiar stimulus pairs.

3.2. Imaging Results

The full network of regions activated across both novel and familiar stimulus types was investigated
using a standard analysis of variance (ANOVA) implemented in SPM8. There were two main effects,
namely CS type with two levels (novel CS and familiar CS) and probability of reward with three levels
(0.6, 0.8, 1), together with their interaction. The overall mean for all trials (i.e., conjunction analysis for
all CS vs. baseline) manifested a widespread network of regions. Of particular note is the high levels of
activation throughout the striatum (including both ventral and dorsal regions), medial frontal regions
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and orbito-frontal cortex (OFC), cingulate cortex, hippocampus, lateral parietal cortices, precuneus,
and cerebellum (p < 0.05, FWE corrected). For a full list of activated regions, please refer to Table 1.

-
N

-
B

@ Novel Stimuli O Familiar Stimuli

-

o
o

Percent Choice (High Probability Option)
O O O 10, /D
PO O P S

]

P(0.6) P(0.8) (1)
Stimulus Category

Figure 3. Percent choices for high probability winning option for the novel and familiar stimuli
obtained during the main experiment, collapsed across all outcome probabilities. Error bars indicate
standard deviations.

Table 1. ANOVA for the conjunction analysis: all conditional stimuli (CS) (novel and familiar) vs.

baseline 1.
Cluster Size Montreal Neurological . . ..
(Voxels) Institute (MND) x, y, z {mm} F-Value (Peak) Side Regions of Activation
Frontal Cortex
355 —6,23,-14 26.79 L Medial Orbito Frontal
168 -27,32,52 22.93 L Middle/Superior Frontal Gyri
62 -33,-1,58 22.95 L Middle Frontal Gyrus
29 27,50, -8 20.00 R Middle/Superior Frontal Gyri
Temporal/Temporoparietal Cortex
404 -51,-73,25 49.50 L Temporal Gyrus
—60, —58, 22 39.66 L Angular Gyrus
174 57, -64, 28 41.10 R Angular Gyrus
-3,29, -2 14.32 L Anterior Cingulate
143 —-54,5, -20 26.73 L Middle Temporal Gyrus
—45, 20, -29 18.64 L Superior Frontal Gyrus
146 -63,-37,1 25.92 L Middle Temporal Gyrus
77 54, -1, -17 22.79 R Middle Temporal Gyrus
Parietal Cortex
15859 24, -67,40 121.39 R Precuneus
248 -6, —52,34 24.76 L Precuneus
68 60, —13, 25 33.07 R Postcentral gyrus
65 45, =25, 64 28.72 R Postcentral gyrus
46 -12,62,19 18.06 L Precuneus
11 -12, 40, 67 14.63 L Postcentral gyrus
Other
150 0, -28,28 51.93 Cingulate Gyrus
24 -30, —85, —29 23.56 L Cerebellum
20 27,-88, —29 16.39 R Cerebellum

T All peak voxels significant at p < 0.05, FWE corrected.

Furthermore, the highly significant main effect of CS type in the ANOVA resulted from the novel
CS, producing a significantly greater activation across numerous brain regions. This fits with the
expectation, described in the introduction, of a greater BOLD signal for novel stimuli, or goal-directed
processing [42]. The significant main effect of stimulus probability was a result of bilateral clusters that
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included inferior frontal gyrus, and putamen. In the right hemisphere, activation extended into the
right caudate. The clusters and coordinates for peak voxel for the main effect of reward probability
and the interaction (probability x stimulus type) are reported in Table 2.

Table 2. ANOVA for the conjunction analysis: main effect of uncertainty and uncertainty X novelty
interaction !.

Cluster Size (Voxels) MNI x, y, z {mm} F-Value (Peak) Side Regions of Activation

Main Effect of Uncertainty

158 3,26,46 14.22 R Superior Medial Gyrus (BAS8)
62 33,23, -5 17.76 R Inferior Frontal Gyrus
87 -30, 23,4 17.72 L Inferior Frontal Gyrus
Striatum
95 -30, -7, -2 14.27 L Putamen
47 27,-1,-2 10.77 R Putamen
10 12,20,1 8.88 R Caudate
Temporal/Iemporoparietal
139 —54, —58, 22 11.2 L Middle Temporal Gyrus
—45,-73, 28 9.52 L Angular Gyrus
30 —45, 55, -8 13.24 L Inferior Temporal Gyrus
16 -51, 35, 28 10.75 L Middle Temporal Gyrus
14 —-15,-34,43 10.46 R Middle Temporal Gyrus
Parietal
226 -3, =55, 31 12.37 L Precuneus
-6, 43,31 11.43 L Posterior Cingulate Cortex
13 —45, —67,43 9.37 L Angular Gyrus
20 54, -58, 28 9.11 R Angular Gyrus
16 -39, -52,52 9.34 L Inferior Parietal Lobule
Uncertainty X Novelty Interaction
Frontal Cortex
25 12,20, 52 9.84 R Superior/Medial (BAS)
23 —-18, 23,28 12.13 L Superior Frontal Gyrus
16 42,14, 46 10.6 R Middle Frontal Gyrus (BAS)
Parietal and Posterior Cingulate Cortex
48 -39, —40, 31 19.18 L  Inferior Parietal Lobule (BA40)
16 39, —46, 37 9.19 R Inferior Parietal Lobule (BA40)
43 —15, =55, 34 11.67 L Precuneus
-18, =52, 25 9.7 L Cingulate Gyrus
22 12, -76, 46 9.46 R Precuneus
119 21, —46, 28 12.96 R Cingulate Gyrus
117 9,38,34 16.79 R Middle Cingulate Cortex
21, —64, 40 9.31 R Right Precuneus
Occipital Cortex
124 -27,-91,19 11.01 L Middle Occipital Gyrus
78 —45, -85, -2 12.4 L  Middle/Inferior Occipital Gyri
25 21, -82,10 10.28 R Calcarine Gyrus (BA 17)
41 33,-67,1 9.85 R Middle Occipital Gyrus

1 All peak voxels were significant at p < 0.001, uncorrected (k = 10 voxels). K = a minimum cluster size.

Post hoc analyses of the main effect of outcome probability showed that activation in the right
caudate was associated with decreased expectation of reward outcome (i.e., decrease with outcome
probability), whereas activation in the left and right putamen was associated with increased expectation
of reward outcome (see Figure 4). The right and left inferior frontal gyrus also showed a decrease in
activation with increasing certainty of reward.
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Figure 4. Areas in the bilateral putamen, bilateral inferior frontal gyrus, right caudate, precuneus, and
anterior cingulate cortex showing uncertainty-related activity for CS regardless of whether the stimulus
is novel or familiar (p < 0.001, a minimum cluster size (k) = 10 voxels).

Post hoc analysis of the probability x stimulus type interaction revealed a large cluster in the right
anterior cingulate, including brodmann area (BA) 32, extending into medial frontal cortex (p < 0.001,
uncorrected) (Figure 5). This interaction effect was due to significant activations above baseline for all
conditions except for the certain condition (probability = 1:0) for the familiar stimuli.

Anterior Cingulate Cortex
Peak Voxel at 9 38 34

Percent Signal Change

TR

Fam06 Fam08 Faml Nov06 Nov08 Novi

Figure 5. (A) Interaction contrast overlaid on medial frontal gyrus showing significant interaction
between uncertainty and novelty (p < 0.001, a minimum cluster size (k) = 10 voxels). (B) Percent signal
change for the peak voxel in the anterior cingulate gyrus.

3.3. Subtraction Analyses—Novel vs. Familiar Stimuli

Dissociating the neural systems for (i) goal-based and (ii) stimulus-elicited decision making was
achieved by comparing the contrasts of novel CS > familiar CS and familiar CS > novel CS. Firstly, we
wanted to examine whether the functional imaging criteria validated whether goal-based processing
predominated for choices with the set of novel CS, rather than familiar CS (Tables 3 and 4 and Figure 6
present the data for both contrasts). With regard to the novel CS > familiar CS contrast analysis,
greater dorsal fronto-parietal network involvement was observed for this contrast; greater activity was
found along the intraparietal sulcus, extending into inferior and superior parietal lobes, and there was
greater activation in dorsal frontal areas, particularly along the middle frontal gyrus, to include DLPFC
(middle frontal gyrus BA46) in both left and right hemispheres (Table 3). These regions define the
dorso-parietal network [46,57]. This contrast also revealed more widespread and increased activation
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for novel CS in superior, medial, and inferior occipital gyri (Table 3). Both results meet the fMRI criteria
outlined in the introduction for distinguishing goal-based and stimulus-elicited decision making.

Left Precentral gyrus Novel > Familiar Right Precentral gyrus
Peak Voxel at -42 -1 37 Peak Voxel at 45 8 37

V_I_
1.

Fam06 Fam08 Faml Nov06 Nov08  Novl

Percent Signal Change

Tl

Fam06  Famo8 F$1 Nov06  Nov08  Novi

Percent Signal Charige

Left Middle frontal gyrus Right Middle frontal gyrus
Peak Voxel at -42 29 19 o Peak Voxel at 42 32 19

02 : & % .

M ‘ ) & I
i ) T-Value

o ' I A= X=-6 P X=6 | ' I i
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Figure 6. Regions demonstrating greater activation for the (A) novel CS > familiar CS contrast across all
eighteen participants (p < 0.001 uncorrected, minimum cluster size 10 voxels). For the two top images,
activation is overlaid on the lateral surfaces of the cortex separately for each hemisphere (the image
on the right side of the figure depicts the right hemisphere whereas the image on the left side of the
figure depicts the left hemisphere). The bottom two images show activation in the medial surface of the
cortex. (B) Shows the regions demonstrating greater activation for the familiar CS > novel CS contrast
across all participants (p < 0.001, uncorrected, minimum cluster size 10 voxels). For the two images, the
top activation is overlaid on the lateral surfaces of the cortex separately for each hemisphere, for both
figure (A,B), the color bar represents the t-value where yellow regions correspond to higher t-values
and a larger effect size. The bar graphs on the sides of each figure depict percent signal change for the
novel and familiar CS that were shown for the peak voxels.

Our main research question was whether the associative and sensori-motor fronto-striatal circuits
mediated goal-directed and stimulus-elicited choices. In particular, we assumed there should be a
dissociation in both frontal and striatal regions. Under this assumption, goal-based decision making
would show increased activation in the fronto-parietal system, involving DLPFC, but, in addition, we
would expect to see greater involvement of the head and possibly the body of the caudate (ventromedial
striatum) for novel CS and a greater involvement of the putamen with familiar CS.
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Table 3. Subtraction analysis: Novel CS > Familiar CS 1.

Cluster Size (Voxel) MNI x, y, z {mm} T-Value (Peak) Side Regions of Activation
Frontal Cortex
75 42,32,19 4.65 R Middle Frontal Gyrus (BA46)
14 -42,29,19 3.75 L Middle Frontal Gyrus (BA46)
70 45,8, 37 4.61 R Precentral Gyrus
67 -42,-1,37 4.27 L Precentral Gyrus
28 24,-1,49 4.21 R Premotor Area (BA6)
Temporal Cortex
312 48. 58, —11 575 Inferior Temporgl & Fusiform
Gyri
—45, -58, —11 4.79 L Inferior Temporal Gyrus
48,0.79,0.5 3.44 R Inferior Occipital Gyrus
ParietoOccipitalCortex
557 33,-49,52 4.65 R Inferior Parietal Lobule
—-24,-73,46 5.48 L Superior Parietal Lobule
27,-70, 43 593 R Sup/Mid/Inf Occipital Gyri
39,-79, 16 4.61 R Middle Occipital Gyrus
27,-70, 43 5.93 R Sup/Mid/Inf Occipital Gyri
Insular Cortex
29 -27,23,-2 4.8 L Insula
Occipital Cortex
809 45, -79, -8 5.7 L Inferior Occipital Gyrus

1 All peak voxels were significant at p < 0.001, uncorrected (k = 10 voxels). K = minimum cluster size.

Table 4. Subtraction analysis: Familiar CS > Novel CS 1

Cluster Size (Voxel) MNI x, y, z {mm} T-Value (Peak) Side Regions of Activation
Frontal
13 -12,56, 4 3.56 L Medial Frontal Gyrus (BA10)
12 12,47, -5 3.54 R Medial Frontal Gyrus (BA 10/BA32)
Temporal
28 —-45,-79, 34 4.03 L Middle Temporal Gyrus
-51,-76,28 3.86 L Middle Temporal Gyrus
Parietal and Cingulate
12 -15,-52,37 3.99 L Precuneus
19 66, —43, 31 3.52 R Supramarginal Gyrus
19 18,2,28 4.14 R Cingulate Gyrus
23 9,-19,43 3.77 R Middle Cingulate Cortex
30 12,91, 34 3.7 R Superior Occipital Gyrus
9,-91,19 3.51 R Cuneus (BA7)
14 -9,-76,31 34 L Cuneus (BA7)
Occipital Cortex
30 12,91, 34 3.7 R Superior Occipital Gyrus
13 15,43, -5 3.66 R Lingual Gyrus
Other
44 3,20, 16 4.25 R Corpus Callosum
9,11,22 3.44 L Corpus Collosum

1 All peak voxels were significant at p < 0.001, uncorrected (k = 10 voxels). K = minimum cluster size.
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A dissociation in the prefrontal cortex was observed (see Figure 6). Greater activation in bilateral
middle frontal gyrus (BA 46) was found in the novel CS > familiar CS contrast, and greater activation was
found in bilateral VMPFC (BA 10) for the familiar CS > novel CS contrast, presumably due to VMPEFC
being able to code predicted outcome values, which, in this study, equate to expected values for each CS
(Table 4). However, it should be noted that this finding largely is due to bilateral deactivation in this region
for novel CS (see bar chart for left and right medial frontal gyri in the lower panel of Figure 6). Outcome
probability was bilaterally coded in the left VMPFC for familiar CS but not novel CS (see Figure 6). Neither
the novel CS > familiar CS contrast, nor familiar CS > novel CS contrast, revealed any differential striatal
activation in the left or right head nor in the body and tail of the caudate or putamen.

3.4. Psycho-Physiological Interaction Analysis

The psychophysiological interaction analysis (PPI) permits examination of those brain regions
showing enhanced coupling with a predefined region of interest (seed region) given the psychological
condition (i.e., novel CS > familiar CS or familiar CS > novel CS) [58]. Thus, we selected the seed
regions in the prefrontal cortex identified in the novel CS > familiar CS contrast, (bilateral middle
frontal gyrus left MNI —42, 29, 19; right MNI 42, 32, 19), and the familiar CS > novel CS contrast, (right
medial frontal gyrus MNI 12, 47, —5), and we evaluated the activity of brain regions modulated by
activity in these two frontal regions (Figure 7).

Novel > Familiar

Familiar > Novel

L-DLPFC Seed R-DLPFC Seed

Cingulate Cortex Putamen R Caudate Cingulate L Amygdala

-

P<0.001 (uncorrected) P<0.001 (uncorrected)

Figure 7. Regions demonstrating significant connectivity for the (A) familiar CS > novel CS and (B)
novel CS > familiar CS contrasts.

In order to perform a PPI analysis at the single subject level, the BOLD signal was extracted
from seed regions for each participant. These were defined as 4 mm spherical region of interest (ROI)
around each participant’s peak voxel (individual contrast thresholds for determining seed regions, see
below). Physiological activity of seed regions was extracted as the first principal component of the
time series of all active voxels within a 4 mm radius sphere, centered on the most significant voxel
within the ROL. Significance of the voxels was based on the contrast specified for each participant
(p < 0.005, uncorrected). Subjects were excluded from the analysis when there were no significant
voxels in this statistical threshold. Based on this exclusion criterion for both PPI analyses, 14 out
of 19 participants were included. The PPI term was created for each participant by multiplying the
deconvolved and mean-corrected BOLD signal with the psychological vector. After convolution with
the HRF, mean correction, and orthogonalization, the three regressors (PPI term, physiological vector,
and psychological vector) were entered into the statistical analysis to determine condition-dependent
changes of functional connectivity over and above any main effect of task or any main effect of activity
in the corresponding brain areas. In the PPI contrasts, the PPI term was computed against an implicit
baseline. Random-effects analyses were performed on single-subject PPI contrast images (p < 0.001,
uncorrected) and carried to group analysis.
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The PPI analysis with prefrontal seed regions derived from the novel CS > familiar CS contrast,
namely BA46, revealed co-variations with bilateral dorsomedial (caudate) striatal activity and right
ventral striatum (putamen) as well as with the amygdala, insula, and several small clusters in the
lateral prefrontal cortex and cingulate gyrus (see Figure 7, Table 5).

Table 5. PPI analysis for Novel CS > Familiar CS .

Cluster Size (Voxel) MNI x, y, z {mm} T—-Value (Peak) Side Regions of Activation
Striatum
30 9,11,-2 45 R Caudate
18,5, -11 4.37 R Putamen
30,2,-14 4.06 R Putamen
13 -33,-25, -8 4.99 L  Caudate Tail covering hippocampus
Frontal
293 -3,5,58 6.69 L Supplementary Motor Area
9,5,28 4.69 R Corpus Callosum
-6, 20,34 4.63 L Cingulate Gyrus
87 45,8, 28 5.79 R Inferior Frontal Gyrus
48 —45,8,28 4.92 L Inferior Frontal Gyrus
17 33,-1,61 4.44 R Middle Frontal Gyrus
10 39, 44,22 4.18 R Middle Frontal Gyrus
38 —48,-19, 37 4.48 L Precentral Gyrus
30 18, -31, 64 4.37 R Precentral Gyrus (BA 4)
38 —48,-19,37 4.48 L Precentral Gyrus
Temporal
534 33, -16,43 6.54 R Middle Temporal Gyrus
48, -67,4 5.36 R BA 37
13 36,2, -26 5.89 R Superior Temporal/R Amygdala
Insula
189 -27,17,22 5.62 L Insula
22 30, 20,4 5.02 R Insula
Parietal
65 21, -61, 58 5.84 R Superior Parietal Lobule/BA 7
13 -30, -34, 43 4.22 L Parietal Lobe
67 -24,-91,19 4.76 L Cuneus
-6,-97,16 4.28 L BA 18 (Occipital)
Occipital/Temporal
314 —-42,52, -5 7.57 L Occipital Lobe
—42, 64,4 5.65 L Middle Temporal Gyrus
-36, 40,7 552 L Superior Temporal Gyrus
162 -15,-88, —11 6.8 L Occipital Lobe
—24,-88, -11 6.34 L Lingual Gyrus
60 33,-76,-11 5.69 R Occipital Lobe
Limbic
20 -12,-7,34 471 L Cingulate Gyrus
20 -12,-34,34 45 L Cingulate Gyrus
Other
23 —48, -58, —23 7.39 L Cerebellum Posterior Lobe
16 -21, —64, —44 4.84 L Cerebellum Posterior Lobe
14 30, —64, —47 5.05 R Cerebellum Posterior Lobe
44 -18,-61,-14 4.73 L Cerebellum
10 21, -13, -2 4.36 R Thalamus

1 All peak voxels were significant at p < 0.001, uncorrected (k = 10 voxels). K = minimum cluster size.
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The PPI analysis using the medial prefrontal cortex seed region, derived from the familiar CS >
novel CS contrast, resulted in co-activation with the dorsolateral striatum (putamen) bilaterally, with
the cingulate cortex, and additional activation occurs mainly in the medial surface of the frontal cortex
(Table 6). Finally, it is important to note the PPI results are reported uncorrected at p < 0.001 and do not
survive family-wise error correction. The coordinates for these comparisons are reported in Tables 5
and 6.

Table 6. PPI analysis for Familiar CS > Novel CS 1

Cluster Size (Voxel) MNI x, y, z {mm} T-Value (Peak) Side Regions of Activation
Striatum

88 -36,-4,7 8.31 L Putamen

31 30,17, 4 6.33 R Putamen
Temporal Cortex

10 51,-58,4 5.35 R Middle Temporal Gyrus
Parietal Cortex

23 30, —61, 43 7.03 R Precuneus

20 -33,0.52, 46 6.69 L Parietal Lobe

24 33,-52,55 6.44 R Inferior Parietal Lobule

38 51, -25,52 6.06 R Postcentral Gyrus
Occipital Cortex

78 49,48, 4 7.03 L Occipital Lobe/Inf Occ Gyrus

16 36,48, 13 5.35 R Occipital Lobe

Limbic
31 -3,14,40 6.64 L Cingulate Gyrus (BA32)
6,14,43 5.07 R Cingulate Gyrus

1 All peak voxels were significant at p < 0.001, uncorrected (k = 10 voxels). K = minimum cluster size.

4. Discussion

The principle aim of the current study was to find out whether reward anticipation during deliberate
and intuitive decision making involved separate fronto-striatal systems, namely the ‘associative” and
‘sensori-motor” fronto-striatal systems, respectively. The behavioral and functional imaging criteria
for goal-based processing were met for the trials that involved novel CS but not familiar CS. During
learning, response times reduced significantly for the novel CS, and a pattern of significantly greater
BOLD activity was observed across numerous brain regions, most notably in the occipital cortex.
Furthermore, the fronto-parietal network was more active in novel trials relative to familiar trials for
novel CS only. In addition, there was a significant activation in the temporo-parietal regions. In the
literature, previous animal and human studies showed that medial temporal lobe (MTL) structures
often respond to stimulus repetition that shows reduction of neural activity with repeated stimulus
presentation [59,60]. It was suggested that this widely distributed network of temporal and parietal
regions is involved in the novelty/familiarity effects that may be responsible for learning visual
associations [61-64].

Greater activation for familiar CS relative to novel CS occurred in a small number of brain regions,
including VMPFC and posterior cingulate, in line with most other studies comparing goal-based and
automated cognitive processing [42]. No striatal areas showed a higher level of activation for familiar
relative to novel CS. However, we found increased activation in the same bilateral region of VMPFC for
familiar CS, as reported in a number of other studies [10,65-68]. A linear increase in activation in the
VMPEC was also detected with increased probability of reward (equivalent to expected value) for the
familiar CS only (see Figure 6B). This same region of VMPFC showed significant deactivation during
the novel CS trials. Tanaka et al. [69] also reported an increasing deactivation in VMPEC in proportion
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to the amount of goal-based processing during an instrumental reinforcement learning task. fMRI
studies of self-control in dieting [70] or addiction [71] have also reported deactivations in this region
when implementing a top-down strategy to inhibit prepotent responses. Furthermore, functional
connectivity between VMPFC and DLPFC has been reported in other studies [72-74]. This finding
supports the dual-route view of decision making in so far as VMPFC activations occur after the CS-O
contingency is learnt, whereas deactivation occurs when the CS value is unknown. An alternative
interpretation is that VMPFC activity reflects an increased expectation of reward, or increased decision
confidence in the familiar blocks, because subjects might be more confident of making the correct
choice [75].

Our second main prediction was that novel CS would engage the dorsomedial striatum (caudate
head and possibly body), whereas value processing of familiar CS would engage the dorsolateral
striatum (putamen). This was not observed for any of the contrast analyses, even with a liberal
threshold for statistical significance. This would suggest that, unlike the frontal cortex, there is no
manifest shift from dorsomedial to dorsolateral processing in the striatum for value-based decision
making, using conditional associative learning paradigms. Notwithstanding this finding, the PPI
analysis demonstrated functional connectivity between the VMPFC seed region and the dorsolateral
striatum (putamen) as well as separate functional connectivity between the DLPFC and dorsomedial
striatum (caudate). These results, therefore, support the view that there is some anatomical and
functional dissociation between goal-based and stimulus-elicited decision making in the striatum [76].
The findings between the PPI and contrast analyses can be perhaps best interpreted as showing that
decision making systems have a dynamic relationship during conditional associative learning type tasks.
Until recently, the view has been of these two systems working in parallel but in competition [4,38].
More recent thinking is that these two systems operate synergistically, with heuristics being used as
and when appropriate [77], for example, when the cognitive load is high [78] or at different points
throughout the series of steps in a typical decision-making process [5,39].

Such a dynamic relationship between the different striatal regions might be more apparent in
CAL tasks, whereas in variable intervals or sequence RL tasks, a less dynamic relationship may occur,
such that processing is based predominantly in one system according to the degree of learning. Ashby
et al. [36] argued that these two experimental paradigms are particularly susceptible to becoming
habitual with overlearning.

An alternative account is that any activation due to action selection is included in the conjunction
analysis and discounted in contrast analyses, since the same ‘go left’/’go right” action selection is made
for both sets of CS when choosing the left side/right side stimulus, respectively. Thus, the transition
from caudate, for goal-directed processing, to putamen, for habitual processing, may be more apparent
when learning action outcomes rather than stimulus outcomes [79-83]. However, the processing of
stimulus values in VMPFC is well established [68,84], which would account for the significant VMPFC
activation in the familiar CS > novel CS contrast. Such an explanation presumes a predominantly
action selection or motor execution role for the caudate and putamen, when there is considerable
evidence for the caudate being involved in numerous other cognitive functions [see 74] including
working memory [85], reasoning [86], category learning [87,88], reward prediction, and stimulus
anticipation [89]. Therefore, further investigation is needed in deducing that the contrasting activation
in the striatum for conjunction and contrast analyses is best explained by valuation of actions rather
than stimuli. The results also suggest that the striatum is involved at a very early stage of learning
CS values since the right caudate coded uncertainty of rewarding outcomes for novel CS, whereas
the putamen coded for the converse, namely reward probability for novel CS. Such early learning of
outcome probabilities was not evident in any region of the PFC.

The finding of striatal coding of reward probability has been reported in many
studies [5,20,28,37,88], but not all [26]. In addition, faster learning of CS-R-O associations in caudate
than in PFC has been previously reported by others [31,89,90]. It has been suggested that the striatum
rapidly learns a small set of associations and trains the slower learning PFC [36,90]. If the striatum
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represents the outcome probabilities, or expected values for a small set of contextually relevant stimuli,
then one might expect a similar coding of expected values for novel and familiar CS alike, as observed
in the current study. The large cluster involving the right anterior cingulate cortex (ACC), extending
dorsally into adjacent cortical regions (BA 32, with some extension into inferior BA6), which also
coded for outcome probability for familiar CS, fits with the meta-analysis reported by Volz et al. [91].
This region of the anterior cingulate also approximates to the ROI 5 in the meta-analysis of Torta
and Cauda [92], who noted that this region is active in diverse experimental tasks and suggested a
role in the maintenance of ‘task set’. However, this same region has been linked to other forms of
processing, namely ‘known uncertainty” or risk processing [93], and adjudicating between competing
options (for review a discussion see [59,94]). These alternative explanations would be equally plausible
explanations for coding outcome probability for familiar, but not novel, CS.

5. Conclusions and Limitation

Several shortcomings of the current study need further mentioning. Firstly, one of the most
important drawbacks of the current study is the limited number of participants. Although the total
number of participants in the current study and the significance levels are adequate according to
previously reported standards [54,95,96], more recent studies suggest that an increased number of
participants of up to 100 dramatically increases the replicability of the fMRI studies [97]. This is
especially important for the PPI analysis, because only 14 participants with peak activations in those
regions were included in the analysis. Secondly, although participants reported not being able to
speak Chinese, and being unfamiliar with the stimulus form, possible previous exposure to those fonts
through the media might have influenced their perceptual familiarity. Thirdly, as discussed earlier, there
are other behavioral criteria’s that might indicate automatization during decision making [20,24,34,40],
and with a different criteria it is possible to show that savings in reaction time may continue after a
thousand trials [98]. Therefore, caution is needed in interpreting the findings.

Finally, unlike standard functional connectivity analysis or effective connectivity analysis, PPI
(psychophysiological interactions) analysis shows the correlation between two brain areas based on the
task. In PPI analysis, unlike default mode functional coupling, the connectivity between DLPFC (and
other regions for novel > familiar) and MPFC (and other regions for familiar > novel) are inherently
involved in the decision-making task because the correlation is time-locked to behavioral signature.
However, for future studies, we believe that it is important to perform effective connectivity analyses
(such as dynamic causal modeling) to provide clear evidence of the causal shift of activation from
anterior to posterior regions during the automatization of decision-making behavior.

Author Contributions: Conceptualization, B.E. and ].D.; methodology B.E. and ].D.; validation, B.E., ].D.; formal
analysis, B.E.; investigation, B.E.; resources, B.E. and ].D.; data curation, B.E.; writing—original draft preparation,
B.E.; writing—review and editing, B.E. and J.D.; visualization, B.E.; supervision, J.D.; project administration, J.D.

Funding: This research received no external funding.

Acknowledgments: We would like to thank to Mount Vernon Cancer Centre research team and staff members for
their kind help and advice during the course of data collection.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Balleine, B.W,; Delgado, M.R.; Hikosaka, O. The Role of the Dorsal Striatum in Reward and Decision-Making.
J. Neurosci. 2007, 27, 8161-8165. [CrossRef] [PubMed]

2. Kennerley, S.W.; Walton, M.E. Decision making and reward in frontal cortex: Complementary evidence
from neurophysiological and neuropsychological studies. Behav. Neurosci. 2011, 125, 297-317. [CrossRef]
[PubMed]

3. Liu, X,; Hairston, J.; Schrier, M.; Fan, J. Common and Distinct networks underlying reward valence and
processing strategies: A meta-analysis of functional imaging studies. Neurosci. Biobehav. Rev. 2011, 35,
1219-1236. [CrossRef] [PubMed]


http://dx.doi.org/10.1523/JNEUROSCI.1554-07.2007
http://www.ncbi.nlm.nih.gov/pubmed/17670959
http://dx.doi.org/10.1037/a0023575
http://www.ncbi.nlm.nih.gov/pubmed/21534649
http://dx.doi.org/10.1016/j.neubiorev.2010.12.012
http://www.ncbi.nlm.nih.gov/pubmed/21185861

Brain Sci. 2019, 9, 174 17 of 20

10.

11.
12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

29.

Rangel, A.; Camerer, C.; Montague, PR. A framework for studying the neurobiology of value-based decision
making. Nat. Rev. Neurosci. 2008, 9, 545-556. [CrossRef] [PubMed]

Dolan, R.J.; Dayan, P. Goals and habits in the brain. Neuron. 2013, 80, 312-325. [CrossRef] [PubMed]
Bodenhausen, G.V.; Todd, A.R. Automatic aspects of judgement and decision making. In Implicit Social
Cognition: Measurement, Theory, and Applications; Gawronski, B., Keith Payne, B., Eds.; Guilford Press:
Guilford, NY, USA, 2010; pp. 278-294.

Kruglanski, A.W.; Gigerenzer, G. Intuitive and deliberate judgments are based on common principles. Psychol.
Rev. 2011, 118, 97-109. [CrossRef] [PubMed]

Balleine, B.W.; Daw, N.D.; O’Doherty, J.P. Multiple Forms of Value Learning and the Function of Dopamine;
Elsevier BV: Amsterdam, The Netherlands, 2009; pp. 367-387.

Balleine, B.W.; O’Doherty, ].P. Human and rodent homologies in action control: Corticostriatal determinants
of goal-directed and habitual action. Neuropsychopharmacology 2010, 35, 48—69. [CrossRef]

Glascher, J.; Hampton, A.N.; O’Doherty, ].P. Determining a role for ventromedial prefrontal cortex in encoding
action-based value signals during reward related decision making. Cereb. Cortex 2009, 19, 483-495. [CrossRef]
Logan, G.D. Towards and instance theory of automatization. Psych. Rev. 1988, 95, 492-527. [CrossRef]
Johnson-Laird, PN. Mental models and human reasoning. Proc. Natl. Acad. Sci. USA 2010, 107, 18243-18250.
[CrossRef]

Sutton, R.; Barto, A. Reinforcement Learning: An Introduction. IEEE Trans. Neural Netw. 1998, 9, 1054.
[CrossRef]

Dickinson, A.; Balleine, B. The role of learning in the operation of motivational systems. In Steven’s Handbook
of Experimental Psychology: Learning/Motivation and Emotion, 3rd ed.; Gallistel, C.R., Ed.; Wiley: New York, NY,
USA, 2000; pp. 497-534.

Ostlund, S.B.; Balleine, B.W. Theories of Goal-directed behaviour theory. In Encylcopedia of Neuroscience;
Squire, L.R., Ed.; Academic Press: Oxford, UK, 2009; pp. 943-949.

Rangel, A.; Hare, T. Neural computations associated with goal-directed choice. Curr. Opin. Neurobiol. 2010,
20, 262-270. [CrossRef]

Redgrave, P.; Rodriguez, M.; Smith, Y.; Rodriguez-Oroz, M.C.; Lehericy, S.; Bergman, H.; Obeso, J.A.
Goal-directed and habitual control in the basal ganglia: Implications for Parkinson’s disease. Nat. Rev.
Neurosci. 2010, 11, 760-772. [CrossRef]

Wood, W.; Neal, D.T. A new look at habits and the habit-goal interface. Psychol. Rev. 2007, 114, 843-863.
[CrossRef]

Glockner, A.; Witteman, C. Beyond dual-process models: A categorization of processes underlying intuitive
judgement and decision making. Think. Reason. 2010, 16, 1-25. [CrossRef]

Kim, H.F,; Hikosaka, O. Parallel basal ganglia circuits for voluntary and automatic behaviour to reach
rewards. Brain 2015, 138, 1776-1800. [CrossRef]

Keren, G.; Schul, Y. Two Is Not Always Better Than One: A Critical Evaluation of Two-System Theories.
Perspect. Psychol. Sci. 2009, 4, 533-550. [CrossRef]

Saling, L.; Phillips, J.; Phillips, J. Automatic behaviour: Efficient not mindless. Brain Res. Bull. 2007, 73, 1-20.
[CrossRef]

Graybiel, A.M. Habits, Rituals, and the Evaluative Brain. Annu. Rev. Neurosci. 2008, 31, 359-387. [CrossRef]
Hélie, S.; Cousineau, D. The cognitive neuroscience of automaticity: Behavioral and brain signatures. Cogn.
Sci. 2011, 6, 35.

O’Doherty, J.; Dayan, P; Schultz, J.; Deichmann, R.; Friston, K.; Dolan, R.J. Dissociable Roles of Ventral and
Dorsal Striatum in Instrumental Conditioning. Science 2004, 304, 452-454. [CrossRef]

Rolls, E.T.; McCabe, C.; Redoute, J. Expected value, reward outcome, and temporal difference error
representations in a probabilistic decision task. Cereb. Cortex 2008, 18, 652-663. [CrossRef]

Schoenbaum, G.; Roesch, M. Orbitofrontal cortex, associative learning, and expectancies. Neuron. 2005, 47,
633-636. [CrossRef]

Tobler, PN.; O'Doherty, J.P.; Dolan, R.J.; Schultz, W. Reward Value Coding Distinct from Risk Attitude-Related
Uncertainty Coding in Human Reward Systems. J. Neurophysiol. 2007, 97, 1621-1632. [CrossRef]

Delgado, M.; Miller, M; Inati, S.; Phelps, E. An fMRI study of reward-related probability learning. Neurolmage
2005, 24, 862-873. [CrossRef]


http://dx.doi.org/10.1038/nrn2357
http://www.ncbi.nlm.nih.gov/pubmed/18545266
http://dx.doi.org/10.1016/j.neuron.2013.09.007
http://www.ncbi.nlm.nih.gov/pubmed/24139036
http://dx.doi.org/10.1037/a0020762
http://www.ncbi.nlm.nih.gov/pubmed/21244188
http://dx.doi.org/10.1038/npp.2009.131
http://dx.doi.org/10.1093/cercor/bhn098
http://dx.doi.org/10.1037/0033-295X.95.4.492
http://dx.doi.org/10.1073/pnas.1012933107
http://dx.doi.org/10.1109/TNN.1998.712192
http://dx.doi.org/10.1016/j.conb.2010.03.001
http://dx.doi.org/10.1038/nrn2915
http://dx.doi.org/10.1037/0033-295X.114.4.843
http://dx.doi.org/10.1080/13546780903395748
http://dx.doi.org/10.1093/brain/awv134
http://dx.doi.org/10.1111/j.1745-6924.2009.01164.x
http://dx.doi.org/10.1016/j.brainresbull.2007.02.009
http://dx.doi.org/10.1146/annurev.neuro.29.051605.112851
http://dx.doi.org/10.1126/science.1094285
http://dx.doi.org/10.1093/cercor/bhm097
http://dx.doi.org/10.1016/j.neuron.2005.07.018
http://dx.doi.org/10.1152/jn.00745.2006
http://dx.doi.org/10.1016/j.neuroimage.2004.10.002

Brain Sci. 2019, 9, 174 18 of 20

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.
46.

47.

48.

49.

50.
51.

52.

53.

54.

55.
56.

Haruno, M.; Kawato, M. Heterarchical reinforcement-learning model for integration of multiple cortico-striatal
loops: fMRI examination in stimulus-action-reward association learning. Neural Netw. 2006, 19, 1242-1254.
[CrossRef]

Kahnt, T.; Heinzle, J.; Park, S.Q.; Haynes, J.-D. Decoding the Formation of Reward Predictions across Learning.
J. Neurosci. 2011, 31, 14624-14630. [CrossRef]

Tricomi, E.; Balleine, B.W.; O’Doherty, ].P. A specific role for posterior dorsolateral striatum in human habit
learning. Eur. ]. Neurosci. 2009, 29, 2225-2232. [CrossRef]

Wunderlich, K.; Dayan, P; Dolan, R.]. Mapping value based planning and extensively trained choice in the
human brain. Nat. Neurosci. 2012, 15, 786-791. [CrossRef]

Ashby, EG.; Crossley, M.]. Automaticity and multiple memory systems. Wiley Interdiscip. Rev. Cogn. Sci.
2012, 3, 363-376. [CrossRef]

Isoda, M.; Hikosaka, O. Cortico-basal ganglia mechanisms for overcoming innate, habitual and motivational
behaviors. Eur. J. Neurosci. 2011, 33, 2058-2069. [CrossRef]

Ashby, EG.; Turner, B.O.; Horvitz, ].C. Cortical and basal ganglia contributions to habit learning and
automaticity. Trends Cogn. Sci. 2010, 14, 208-215. [CrossRef]

Preuschoff, K.; Bossaerts, P.; Quartz, S.R. Neural Differentiation of Expected Reward and Risk in Human
Subcortical Structures. Neuron 2006, 51, 381-390. [CrossRef]

Daw, N.D.; Niv, Y.; Dayan, P. Uncertainty-based competition between prefrontal and dorsolateral striatal
systems for behavioural control. Nat. Neurosci. 2005, 8, 1704-1711. [CrossRef]

Thorn, C.A,; Atallah, H.; Howe, M.; Graybiel, A.M. Differential Dynamics of Activity Changes in Dorsolateral
and Dorsomedial Striatal Loops During Learning. Neuron 2010, 66, 781-795. [CrossRef]

Seger, C.A,; Spiering, B.J. A Critical Review of Habit Learning and the Basal Ganglia. Front. Syst. Neurosci.
2011, 5, 66. [CrossRef]

Jansma, ].M.; Ramsey, N.F,; Slagter, H.A.; Kahn, R.S. Functional Anatomical Correlates of Controlled and
Automatic Processing. J. Cogn. Neurosci. 2001, 13, 730-743. [CrossRef]

Kelly, AM.C.; Garavan, H. Human Functional Neuroimaging of Brain Changes Associated with Practice.
Cereb. Cortex 2004, 15, 1089-1102. [CrossRef]

Kastner, S.; Ungerleider, L.G. Mechanisms of visual attention in the human Cortex. Ann. Rev. Neurosci. 2000,
23, 315-341.

McMains, S.; Kastner, S. Interactions of Top-Down and Bottom-Up Mechanisms in Human Visual Cortex.
J. Neurosci. 2011, 31, 587-597. [CrossRef]

Miall, C. 10,000 hours to perfection. Nat. Neurosci. 2013, 16, 1168-1169. [CrossRef]

Corbetta, M.; Shulman, G.L. Control of goal-directed and stimulus-driven attention in the brain. Nat. Rev.
Neurosci. 2002, 3,201-215. [CrossRef]

Quintana, J.; Fuster, ].M. From Perception to Action: Temporal Integrative Functions of Prefrontal and
Parietal Neurons. Cereb. Cortex 1999, 9, 213-221. [CrossRef]

Cole, M.W,; Reynolds, ].R.; Power, ].D.; Repovs, G.; Anticevic, A.; Braver, T.S. Multi-task connectivity reveals
flexible hubs for adaptive task control. Nat. Neurosci. 2013, 16, 1348-1355. [CrossRef]

Hahn, B.; Ross, T.].; Stein, E.A. Neuroanatomical dissociation between bottom—up and top—down processes
of visuospatial selective attention. Neurolmage 2006, 32, 842-853. [CrossRef]

Fitts, PM.; Posner, M.I. Human Performance; Oxford University Press: Oxford, UK, 1967; pp. 8-26.

De Martino, B.; Kumaran, D.; Seymour, B.; Dolan, R.J. Frames, Biases, and Rational Decision-Making in the
Human Brain. Science 2006, 313, 684-687. [CrossRef]

Debener, S.; Makeig, S.; Delorme, A.; Engel, A K. What is novel in the novelty oddball paradigm? Functional
significance of the novelty P3 event-related potential as revealed by independent component analysis.
Cogn. Brain Res. 2005, 22, 309-321. [CrossRef]

Deichmann, R.; Gottfried, J.; Hutton, C.; Turner, R. Optimized EPI for fMRI studies of the orbitofrontal cortex.
Neurolmage 2003, 19, 430-441. [CrossRef]

Lieberman, M.D.; Cunningham, W.A. Type I and Type II error concerns in fMRI research: re-balancing the
scale. Soc. Cogn. Affect. Neurosci. 2009, 4, 423-428. [CrossRef]

Bush, R.R.; Mosteller, F. Stochastic Models for Learning; John Wiley & Sons, Inc.: Oxford, UK, 1955.
Herrnstein, R.J. Formal properties of the matching law1. J. Exp. Anal. Behav. 1974, 21, 159-164. [CrossRef]


http://dx.doi.org/10.1016/j.neunet.2006.06.007
http://dx.doi.org/10.1523/JNEUROSCI.3412-11.2011
http://dx.doi.org/10.1111/j.1460-9568.2009.06796.x
http://dx.doi.org/10.1038/nn.3068
http://dx.doi.org/10.1002/wcs.1172
http://dx.doi.org/10.1111/j.1460-9568.2011.07698.x
http://dx.doi.org/10.1016/j.tics.2010.02.001
http://dx.doi.org/10.1016/j.neuron.2006.06.024
http://dx.doi.org/10.1038/nn1560
http://dx.doi.org/10.1016/j.neuron.2010.04.036
http://dx.doi.org/10.3389/fnsys.2011.00066
http://dx.doi.org/10.1162/08989290152541403
http://dx.doi.org/10.1093/cercor/bhi005
http://dx.doi.org/10.1523/JNEUROSCI.3766-10.2011
http://dx.doi.org/10.1038/nn.3501
http://dx.doi.org/10.1038/nrn755
http://dx.doi.org/10.1093/cercor/9.3.213
http://dx.doi.org/10.1038/nn.3470
http://dx.doi.org/10.1016/j.neuroimage.2006.04.177
http://dx.doi.org/10.1126/science.1128356
http://dx.doi.org/10.1016/j.cogbrainres.2004.09.006
http://dx.doi.org/10.1016/S1053-8119(03)00073-9
http://dx.doi.org/10.1093/scan/nsp052
http://dx.doi.org/10.1901/jeab.1974.21-159

Brain Sci. 2019, 9, 174 19 of 20

57.

58.

59.
60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

Shulman, G.L.; Astafiev, S.V.; Franke, D.; Pope, D.L.; Snyder, A.Z.; McAvoy, M.P; Corbetta, M. Interaction of
stimulus-driven reorienting and expectation in ventral and dorsal frontoparietal and basal ganglia-cortical
networks. J. Neurosci. 2009, 29, 4392-4407. [CrossRef]

Friston, K.; Buechel, C.; Fink, G.R.; Morris, ].; Rolls, E.; Dolan, R.; Friston, K. Psychophysiological and
Modulatory Interactions in Neuroimaging. Neurolmage 1997, 6, 218-229. [CrossRef]

Wood, W.; Riinger, D. Psychology of habit. Annu. Rev. Psycho. 2016, 67, 289-314. [CrossRef]

Ringo, J.L. Stimulus specific adaptation in inferior temporal and medial temporal cortex of the monkey.
Behav. Brain Res. 1996, 76, 191-197. [CrossRef]

O’Kane, G.; Insler, R.Z.; Wagner, A.D. Conceptual and perceptual novelty effects in human medial temporal
cortex. Hippocampus 2005, 15, 326-332. [CrossRef]

Tulving, E.; Markowitsch, H.J.; Craik, F1.M.; Habib, R.; Houle, S. Novelty and Familiarity Activations in PET
Studies of Memory Encoding and Retrieval. Cereb. Cortex 1996, 6, 71-79. [CrossRef]

Kirwan, C.B,; Stark, C.E. Medial temporal lobe activation during encoding and retrieval of novel face-name
pairs. Hippocampus 2004, 14, 919-930. [CrossRef]

Habib, R.; McIntosh, A.R.; Wheeler, M.A.; Tulving, E. Memory encoding and hippocampally-based
novelty/familiarity discrimination networks. Neuropsycholology 2003, 41, 271-279. [CrossRef]

Paulus, M.P,; Hozack, N.; Zauscher, B.; McDowell, ].E.; Frank, L.; Brown, G.G.; Braff, D.L. Prefrontal, parietal,
and temporal cortex networks underlie decision-making in the presence of uncertainty. Neuroimage 2001, 13,
91-100. [CrossRef]

Knutson, B.; Taylor, J.; Kaufman, M.; Peterson, R.; Glover, G. Distributed Neural Representation of Expected
Value. J. Neurosci. 2005, 25, 4806-4812. [CrossRef]

Rushworth, M.E;; Mars, R.B.; Summerfield, C. General mechanisms for making decisions? Curr. Opin.
Neurobiol. 2009, 19, 75-83. [CrossRef]

Wunderlich, K.; Rangel, A.; O'Doherty, ].P. Economic choices can be made using only stimulus values. Proc.
Natl. Acad. Sci. USA 2010, 107, 15005-15010. [CrossRef]

Tanaka, S.C.; Balleine, B.W.; O’Doherty, J.P. Calculating consequences: Brain systems that encode the causal
effects of actions. J. Neurosci. 2008, 28, 6750-6755. [CrossRef]

Hare, T.; Camerer, C.; Rangel, A. Self-control in decision-making involves modulation of the vmPFC valuation
system. Neurolmage 2009, 47, S95. [CrossRef]

Campbell-Meiklejohn, D.K.; Woolrich, M.W.; Passingham, R.E.; Rogers, R.D. Knowing When to Stop: The
Brain Mechanisms of Chasing Losses. Boil. Psychiatry 2008, 63, 293-300. [CrossRef]

Baumgartner, T.; Knoch, D.; Hotz, P; Eisenegger, C.; Fehr, E. Dorsolateral and ventromedial prefrontal cortex
orchestrate normative choice. Nat. Neurosci. 2011, 14, 1468-1474. [CrossRef]

Koechlin, E.; Ody, C.; Kouneiher, FE. The Architecture of Cognitive Control in the Human Prefrontal Cortex.
Science 2003, 302, 1181-1185. [CrossRef]

Venkatraman, V.; Payne, ].W,; Bettman, J.R.; Luce, M.E,; Huettel, S.A. Separate neural mechanisms underlie
choices and strategic preferences in risky decision making. Neuron 2009, 62, 593-602. [CrossRef]

De Martino, B.; Fleming, S.M.; Garrett, N.; Dolan, R.]. Confidence in value-based choice. Nat. Neurosci.
2013, 16, 105. [CrossRef]

Haber, S.N.; Knutson, B. The Reward Circuit: Linking Primate Anatomy and Human Imaging.
Neuropsychopharmacol. 2009, 35, 4-26. [CrossRef]

Brighton, H.; Gigerenzer, G. Homo Heuristicus: Less-is-More Effects in Adaptive Cognition. Malays. ]. Med
Sci. 2012, 19, 6-16.

Daw, N.D.; Gershman, S.J.; Seymour, B.; Dayan, P.; Dolan, R.J. Model-based influences on humans’ choices
and striatal prediction errors. Neuron 2011, 69, 1204-1215. [CrossRef]

Bjork, ].M.; Hommer, D.W. Anticipating instrumentally obtained and passively-received rewards: A factorial
fMRI investigation. Behav. Brain Res. 2007, 177, 165-170. [CrossRef]

Jankowski, J.; Scheef, L.; Hiippe, C.; Boecker, H. Distinct striatal regions for planning and executing novel
and automated movement sequences. Neurolmage 2009, 44, 1369-1379. [CrossRef]

Kable, J.W.; Glimcher, P.W. The Neurobiology of Decision: Consensus and Controversy. Neuron 2009, 63,
733-745. [CrossRef]

Mink, J.W. THE BASAL GANGLIA: FOCUSED SELECTION AND INHIBITION OF COMPETING MOTOR
PROGRAMS. Prog. Neurobiol. 1996, 50, 381-425. [CrossRef]


http://dx.doi.org/10.1523/JNEUROSCI.5609-08.2009
http://dx.doi.org/10.1006/nimg.1997.0291
http://dx.doi.org/10.1146/annurev-psych-122414-033417
http://dx.doi.org/10.1016/0166-4328(95)00197-2
http://dx.doi.org/10.1002/hipo.20053
http://dx.doi.org/10.1093/cercor/6.1.71
http://dx.doi.org/10.1002/hipo.20014
http://dx.doi.org/10.1016/S0028-3932(02)00160-4
http://dx.doi.org/10.1006/nimg.2000.0667
http://dx.doi.org/10.1523/JNEUROSCI.0642-05.2005
http://dx.doi.org/10.1016/j.conb.2009.02.005
http://dx.doi.org/10.1073/pnas.1002258107
http://dx.doi.org/10.1523/JNEUROSCI.1808-08.2008
http://dx.doi.org/10.1016/S1053-8119(09)70776-1
http://dx.doi.org/10.1016/j.biopsych.2007.05.014
http://dx.doi.org/10.1038/nn.2933
http://dx.doi.org/10.1126/science.1088545
http://dx.doi.org/10.1016/j.neuron.2009.04.007
http://dx.doi.org/10.1038/nn.3279
http://dx.doi.org/10.1038/npp.2009.129
http://dx.doi.org/10.1016/j.neuron.2011.02.027
http://dx.doi.org/10.1016/j.bbr.2006.10.034
http://dx.doi.org/10.1016/j.neuroimage.2008.10.059
http://dx.doi.org/10.1016/j.neuron.2009.09.003
http://dx.doi.org/10.1016/S0301-0082(96)00042-1

Brain Sci. 2019, 9, 174 20 of 20

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

Redgrave, P.; Prescott, T.; Gurney, K. The basal ganglia: A vertebrate solution to the selection problem?
Neurosci. 1999, 89, 1009-1023. [CrossRef]

Rangel, A.; Clithero, J.A. The computation of stimulus values in simple choice. In Neuroeconomics:
Decision-Making and the Brain, 2nd ed.; Glimcher, P, Fehr, E., Eds.; Academic Press: Cambridge, MA,
USA, 2013; pp. 125-149.

Lewis, S.J.G.; Dove, A.; Robbins, TW.; A Barker, R.; Owen, A.M. Striatal contributions to working memory: a
functional magnetic resonance imaging study in humans. F1000 Post-Publ. Peer Rev. Biomed. Lit. 2004, 19,
755-760. [CrossRef]

Goel, V. Anatomy of deductive reasoning. Trends Cogn. Sci. 2007, 11, 435—441. [CrossRef]

Nomura, E.M.; Maddox, W.T.; Filoteo, ].V,; Ing, A.D.; Gitelman, D.R.; Parrish, T.B.; Mesulam, M.M.; Reber, PJ.
Neural correlates of rule-based and information-integration visual category learning. Cereb. Cortex 2007, 17,
37-43. [CrossRef]

Dreher, ].C.; Kohn, P.; Berman, K.F. Neural coding of distinct statistical properties of reward information in
humans. Cereb. Cortex 2006, 16, 561-573. [CrossRef]

Buch, E.R,; Brasted, PJ.; Wise, S.P. Comparison of population activity in the dorsal premotor cortex and
putamen during the learning of arbitrary visuomotor mappings. Exp. Brain Res. 2006, 169, 69-84. [CrossRef]
Antzoulatos, E.G.; Miller, E.K. Differences between Neural Activity in Prefrontal Cortex and Striatum during
Learning of Novel, Abstract Categories. Neuron 2011, 71, 243-249. [CrossRef]

Volz, K.G.; I Schubotz, R.; Von Cramon, D. Predicting events of varying probability: uncertainty investigated
by fMRI. Neurolmage 2003, 19, 271-280. [CrossRef]

Torta, D.; Cauda, F. Different functions in the cingulate cortex, a meta-analytic connectivity modeling study.
Neurolmage 2011, 56, 2157-2172. [CrossRef]

Mushtaq, F; Bland, A.R.; Schaefer, A. Uncertainty and cognitive control. Front. Psychol. 2011, 2, 249.
[CrossRef]

Botvinick, M.M. Conflict monitoring and decision making: Reconciling two perspectives on anterior cingulate
function. Cogn. Affect. Behav. Neurosci. 2007, 7, 356-366. [CrossRef]

Friston, K.J.; Holmes, A.P.; Worsley, K.J. How Many Subjects Constitute a Study? Neurolmage 1999, 10, 1-5.
[CrossRef]

Desmond, ].E.; Glover, G.H. Estimating sample size in functional MRI (fMRI) neuroimaging studies: Statistical
power analyses. |. Neuro. Methods 2002, 118, 115-128. [CrossRef]

Turner, B.O.; Paul, E.J.; Miller, M.B.; Barbey, A.K. Small sample sizes reduce the replicability of task-based
fMRI studies. Commun. Boil. 2018, 1, 62. [CrossRef]

Edwards, W. Probability learning in 1000 trials. J. Exp. Psychol. 1961, 62, 385-394. [CrossRef] [PubMed]

@ © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1016/S0306-4522(98)00319-4
http://dx.doi.org/10.1111/j.1460-9568.2004.03108.x
http://dx.doi.org/10.1016/j.tics.2007.09.003
http://dx.doi.org/10.1093/cercor/bhj122
http://dx.doi.org/10.1093/cercor/bhj004
http://dx.doi.org/10.1007/s00221-005-0130-y
http://dx.doi.org/10.1016/j.neuron.2011.05.040
http://dx.doi.org/10.1016/S1053-8119(03)00122-8
http://dx.doi.org/10.1016/j.neuroimage.2011.03.066
http://dx.doi.org/10.3389/fpsyg.2011.00249
http://dx.doi.org/10.3758/CABN.7.4.356
http://dx.doi.org/10.1006/nimg.1999.0439
http://dx.doi.org/10.1016/S0165-0270(02)00121-8
http://dx.doi.org/10.1038/s42003-018-0073-z
http://dx.doi.org/10.1037/h0041970
http://www.ncbi.nlm.nih.gov/pubmed/13889318
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Participants 
	Experimental Design 
	Pre-Training 
	Main Experiment 

	Functional Magnetic Resonance Imaging 
	Image Acquisition 
	Image Analysis 


	Results 
	Behavioral Results 
	Imaging Results 
	Subtraction Analyses—Novel vs. Familiar Stimuli 
	Psycho-Physiological Interaction Analysis 

	Discussion 
	Conclusions and Limitation 
	References

