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Differential neural mechanisms  
for early and late prediction  
error detection
Rahim Malekshahi1,2, Anil Seth3, Amalia Papanikolaou2,4, Zenon Mathews5, Niels Birbaumer1, 
Paul F. M. J. Verschure5,* & Andrea Caria1,6,*

Emerging evidence indicates that prediction, instantiated at different perceptual levels, facilitate visual 
processing and enable prompt and appropriate reactions. Until now, the mechanisms underlying the 
effect of predictive coding at different stages of visual processing have still remained unclear. Here, we 
aimed to investigate early and late processing of spatial prediction violation by performing combined 
recordings of saccadic eye movements and fast event-related fMRI during a continuous visual detection 
task. Psychophysical reverse correlation analysis revealed that the degree of mismatch between current 
perceptual input and prior expectations is mainly processed at late rather than early stage, which is 
instead responsible for fast but general prediction error detection. Furthermore, our results suggest 
that conscious late detection of deviant stimuli is elicited by the assessment of prediction error’s extent 
more than by prediction error per se. Functional MRI and functional connectivity data analyses indicated 
that higher-level brain systems interactions modulate conscious detection of prediction error through 
top-down processes for the analysis of its representational content, and possibly regulate subsequent 
adaptation of predictive models. Overall, our experimental paradigm allowed to dissect explicit from 
implicit behavioral and neural responses to deviant stimuli in terms of their reliance on predictive 
models.

Predictive processing refers to the brain mechanisms that infer the flow of sensory information based on learned 
regularities of inputs data1–4. Emerging evidence indicates that prediction, instantiated at different perceptual 
levels, facilitate visual processing5–7 and enable prompt and appropriate reactions8. Redundancy reduction and 
neural coding efficiency achieved through predictive processing represent spatio-temporal functions of the clas-
sical receptive field7,9,10 as well as of higher level aspects of visual processing11.

According to predictive coding models cortical feedback connections mediate top-down predictive infor-
mation initiated by stimulus presentation, whereas feed-forward signals convey bottom-up prediction error sig-
nals1,7,12,13. Discrepancies between higher-level predictive models and lower-level inputs induce adaptive changes 
of generative models so as to cancel error of prediction and to generate perceptual inference 4,14–17. Perception is 
then postulated to result from a minimization of sensory prediction error.

Expected regular information, as confirmation of formulated predictions, is promptly and accurately pro-
cessed18. Sequential regularities are automatically encoded by the visual sensory system19–23. On the other hand, 
prediction error24–26 as indicator of changes in the environment or unsuccessful learning should be preferentially 
encoded27–30. Analysis of prediction error associated with ‘deviant’ stimuli generates dynamic changes in neural 
representations to enable perception as well as fine-tuning of internal models of the environment31–35. Generative 
models are thus constantly updated in a hierarchical fashion so that prediction in a lower level is subordinated 
by prediction in an upper level, and sensory information represented at the lowest level triggers adjustment and 
optimization of expectations at higher levels36.
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To date, it remains unclear how predictive coding influences different stages of visual processing. Models 
of visual cognition and empirical evidence have suggested two-stages of information processing37–40: an early, 
implicit, stage for fast processing and evaluation of visual stimuli and a second slower stage implying selective 
attention for accurate detection of specific properties, and necessary for visual awareness. Contrasting evidence 
still exists about how prediction regulates early and late visual processing. Several investigations demonstrated 
that prediction error signal is processed implicitly41–45 and outside the focus of attention46–48. On the other hand, 
it has been shown that violation of prediction, being highly relevant for behavior, gains preferential conscious 
access49–51. However, some other studies suggested that early implicit preattentive signals precede conscious 
detection of unexpected deviant stimuli52.

Here, with the intent to clarify the mechanisms underlying early and late visual processing of prediction vio-
lation we performed combined recordings of saccadic eye movements and fast event-related functional magnetic 
resonance imaging during a continuous visual detection task. Participants were required to make a button press 
response whenever they detected a moving item that was suddenly displaced with respect to its current linear 
trajectory. Our task exploited previous results showing that visual motion induces a spatial forward prediction of 
future patterns of sensory input along the motion path53–56.

As predictive processing is postulated to be a top-down process we hypothesized that spatial prediction would 
affect detection of deviant stimuli more markedly at late rather than at early stage. Early prediction error detec-
tion, which is essential for triggering fast behavioral response, would then allow a general analysis of the type of 
violation, whereas higher level processing would subserve specific assessment of prediction error’s properties.

Early detection of deviant stimuli was based on express saccades57–59 whereas late detection was based on 
regular saccades and on explicit button press responses.

To characterize behavioral differences between early and late responses to deviant stimuli we employed psy-
chophysical reverse correlation, a powerful method that permits to uncover participants’ internal representations 
and decision strategies during visual tasks60, including motion perception61.

At neural level, we expected increasing response latencies to deviant stimuli to be associated with strength-
ened functional interactions among hierarchical brain systems, as indication of increased exchanges of top-down 
and bottom-up information. Specifically, fronto-parietal and thalamo-cortical activity was supposed to charac-
terize late prediction error detection, as these networks are known to support the generation and modification of 
appropriate forward models15,62–67, whereas early processing of spatially deviant stimuli was predicted to engage 
activity in the inferior parietal cortex, a region frequently associated with visual detection68,69. Interactions among 
brain regions were investigated using functional connectivity data analysis.

Results
In our study we employed psychophysical reverse-correlation analysis to determine what decision strategies 
mediated participants’ performance during detection of spatially deviant stimuli (Fig. 1a). In particular, this 
approach permitted to investigate how the probability of detection of a displacement with a given amplitude and 
orientation with respect to the moving direction varies for early (express saccades) and late responses (either 
regular saccades and button presses). This was achieved by comparing at different perceptual stages an elliptical 
region - referred to as the psychophysical kernel - depicting detectable and undetectable stimuli as function of 
the degree of deviancy. This region is characterized by specific parameters such as area, eccentricity, shift and 
orientation.

Behavioral data. Behavioral results showed an average detection rate of 34.87% ±  9.70 (mean ±  SD) for 
explicit responses, 11.06% ±  0.78 for regular saccades, and 12.37% ±  2.17 for express saccades (Fig. 2 top). 
Sometimes, express saccades were not mutually exclusive: 3.03% of all displacements were detected with express 
saccades followed by regular saccades, 5.5% with express saccades followed by explicit detection, and 2.84% with 
regular saccades followed by explicit detection.

A significant difference of detection rate was measured between explicit detection and express saccades 
(t11 =  11.18: p <  0.001), and between explicit detection and regular saccades (t11 =  10.43: p <  0.001); no significant 
difference in detection rate was measured between regular saccades and express saccades (t11 =  1.86: p =  0.078). 
Participants reported having mainly focused on the central part of the scene when debriefed; this strategy was 
also confirmed by eye movement distribution (Fig. 1c). Sometimes they referred being captured by moving stim-
uli and having performed singular smooth pursuit eye movements but they reported not having tracked multiple 
moving items.

In addition, we observed a significant higher number of express saccades towards displacement locations 
as compared to express saccades towards non-displacement locations (two tailed t-test t11 =  10.33: p <  0.0001), 
indicating that unpredictable deviant stimuli indeed increased the number of express saccades59,70.

Psychophysical reverse correlation. Psychophysical reverse correlation was employed to compute a 
two-dimensional probability distribution for detection and non-detection densities (Fig. 2 bottom). The covar-
iance ellipse of the Gaussian distribution, the psychophysical kernel, represents the area where displaced items 
have more probability not to be detected, normalized to the direction of travel.

The ANOVA showed that the main factor type of response (express and regular saccades, and explicit detec-
tion) was significant for area (F(2, 11) =  38.20, p <  0.001, η p2 =  0.810), eccentricity (F(2, 11) =  15.27, p <  0.001, 
η p2 =  0.743), shift (F(2, 11) =  12.42, p <  0.001, η p2 =  0.900) but not for orientation (F(2, 11) =  2.28, p =  0.130, 
η p2 =  0.519). Post-hoc t-tests revealed that area was larger for express saccades (t11 =  7.34, p <  0.001), and reg-
ular saccades (t11 =  5.71, p <  0.001) with respect to explicit detection, whereas eccentricity and shift were signif-
icantly higher for explicit detection than for express saccades (eccentricity: t11 =  4.20, p =  0.002; shift: t11 =  4.87, 
p =  0.001), and regular saccades (eccentricity: t11 =  5.02, p =  0.001; shift: t11 =  5.88, p <  0.001). A significant 
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difference in eccentricity was also observed between express and regular saccades (t11 =  2.39, p =  0.044). No sig-
nificant differences were observed between express saccades and express saccades followed by button press for 
any of the psychophysical kernel properties.

Figure 1. (a) Visual scenes consisted of multiple identical non-filled white circles (n =  10) moving along linear 
trajectories on a gray background and bouncing off display boundaries. Participants were required to detect a 
visual item (depicted in red for illustrative purpose only) moving along a predictable trajectory that from time 
to time was spatially displaced with variable changes in amplitude and orientation (inter-displacement time 
ranged between 2000 and 4000 ms). A 0° amplitude corresponded to a displacement in the same trajectory of 
the moving item. The randomly selected displaced item (e.g. red dotted circle at time T2a) continued a linear 
motion (T2b - >  T3) with the same direction and speed prior to displacement (T1 - >  T2a) but in a different 
position. (b) Average number of express and regular saccades ( ±  SD) towards visual target within 250 ms time 
windows before and after displacement (time =  0). (c) Distribution of gaze position (number of times over each 
display position) during our visual detection task. The red and blue curves represents how many times ( ±  SD) 
the gaze was oriented towards each x and y coordinate respectively. Participants reported having mainly focused 
on the central part of the scene when debriefed; sometimes they referred being captured by moving stimuli 
and having performed singular smooth pursuit eye movements but they reported not having tracked multiple 
moving items.
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The analysis of psychophysical kernel properties indicated that late detection of deviant stimuli, either regular 
saccades or explicit detection, significantly differed from detection with either express saccades in relation to the 
degree of deviancy, and so to the predicted trajectory. In particular, increasing eccentricity for late responses, 
explicit detection as compared to regular saccades, and regular saccades as compared to express saccades, indi-
cated that from fast to slow responses the number of detectable trials was increasingly higher for items displaced 
along perpendicular or negative direction (more deviating from predicted trajectory) as compared to those dis-
placed along positive direction (less deviating from predicted trajectory) (Fig. 2 bottom). In short, late detection 
required large deviation, whereas early detection, that occurred less frequently, was equal for large and small 
deviating stimuli.

fMRI data. Brain areas with increased blood oxygenation level-dependent (BOLD) response resulting from 
separates contrasts comparing express and regular saccades and explicit detection to undetected trials are listed in 
Table 1 and depicted in Fig. 3. Prediction error detection with express saccades compared to undetected trials was 
associated with activations in the right angular gyrus and frontal eye fields (FEF). Detection with regular saccades 
compared to non-detected trials activated the FEF, the right superior frontal gyrus (BA9), the left middle tempo-
ral gyrus (BA21) and the anterior cingulate cortex, and at subcortical level the caudate nucleus and the lentiform 
nucleus. Explicit detection as compared to undetected trials was associated with a fronto-parietal network distrib-
uted bilaterally that included the frontal eye fields (BA8), the medial frontal gyrus (BA 9, 10), the inferior parietal 
lobule and supramarginal gyrus (BA39, 40), the orbitofrontal cortex (BA10), the cuneus and precuneus (BA 7) 
and the anterior cingulate cortex (BA32); at subcortical level activations were observed in the caudate nucleus and 
thalamus. Among detected trials, detection with regular saccades as compared to detection with express saccades 
revealed activations in the left precuneus (BA7), and left and right anterior cingulate cortex (BA32) (Table 1). 
Explicit detection as compared to detection with express saccades revealed activations in the right superior and 
middle frontal gyrus (BA 10), left precuneus (BA7) and right anterior cingulate cortex (BA32) (Table 1). As no 

Figure 2. Top: Detection rate at different perceptual levels. The average detection rate was 34.87% ±  9.70 
(mean ±  SD) for explicit detection (blue bar), 11.06% ±  0.78 for regular saccades (red bar, mutually exclusive), 
and 12.37% ±  2.17 for express saccades (green bar, mutually exclusive). Sometimes, express saccades were not 
mutually exclusive: 3.03% of all displacements were detected with express saccades followed by regular saccades, 
5.5% with express saccades followed by explicit detection, and 2.84% with regular saccades followed by explicit 
detection. *** denotes a significant difference in detection rate (p =  0.001). Bottom: The three ellipses represent 
the psychophysical density kernels for express (left) and regular saccades (middle), and explicit detection 
(right). The ellipses are depicted in the polar coordinate system; considering the maximum displacement 
amplitude and pixel per angle, the range of angular displacement Δw ±  0.5 represents the min and max values 
of the kernel’s axes. The density kernels represent how the probability of detection of a displacement, with a 
given amplitude and orientation with respect to the moving direction, varies at different perceptual levels. 
The blue dotted circle represents the covariance ellipse of the 2D Gaussian distribution, also referred to as the 
psychophysical kernel. An item falling inside the ellipse has higher probability not to be detected and vice 
versa for items outside the ellipse. The unit of displacement is degrees of field of view, which are normalized 
with respect to movement direction and speed. Considering the maximum displacement amplitude and pixel 
per angle, the values range ±  0.5 represent the min and max values for the axis of the kernel (smoothing made 
displacements near to the center - small displacements - appearing close to each other and not easily trackable, 
whereas displacements far from the center - large displacements - are more easily distinguishable along the 
eight target directions). The analysis of psychophysical kernel properties indicated that with increasing response 
latencies detection to deviant stimuli changed in relation to the degree of deviancy of the expected trajectory. 
Late detection required large deviation, whereas early detection, that occurred less frequently, was equal for 
large and small deviating stimuli.



www.nature.com/scientificreports/

5Scientific RepoRts | 6:24350 | DOI: 10.1038/srep24350

significant activations were observed in motor and premotor regions we excluded residual activity associated with 
preparation and execution of hand-related motor behavior.

When testing for whole brain activity correlating with eccentricity we observed that, within regions where 
activity was increased during explicit detection, the most significant clusters corresponded to the left and right 
middle frontal gyrus (BA10, − 27, 47, 7; 30, 41, 13; Fig. 4).

In summary, our results showed that the right inferior parietal lobule (supramarginal/angular gyrus) is 
involved in both early and late prediction error detection. Increasing response latencies – regular saccades and 
explicit detection – were associated with larger involvement of frontal and prefrontal regions as well of subcor-
tical structures such as thalamus and caudate nucleus than for express saccades. Moreover, regression analysis 
indicated that the medial prefrontal cortex is associated with the assessment of the degree of deviancy from the 
expected trajectory.

Location Side Coordinates (MNI) KE BA t value

Express saccades (implicit detection)

 Angular gyrus R 60, –58, 28 11 39 4.30

 Superior frontal gyrus L − 3, 35, 49 15 8 3.98

 Medial frontal gyrus L − 3, 38, 43 – 8 3.44

Regular saccades

 Middle temporal gyrus L − 63, − 25, − 8 35 21 4.21

 Superior frontal gyrus L − 6, 38, 49 41 8 5.63

 Caudate nucleus R 12, 11, 13 28 5.60

 Superior frontal gyrus R 15, 53, 40 20 9 5.46

 Lentiform nucleus L − 12, 2, 1 74 4.20

 ACC L − 6, 38, 19 83 32 4.61

Explicit detection

 Middle frontal gyrus R 27, 32, 49 244 8 13.74

 Superior frontal gyrus L − 6, 29, 52 8 10.46

 Caudate nucleus R 15, 17, 10 201 10.91

 Caudate nucleus R 12, 17, 4 – 10.07

 Caudate nucleus L − 12, − 1, 16 – 5.79

 Superior frontal gyrus L − 6, 53, 28 67 9 7.91

 Medial frontal gyrus L − 9, 62, 16 – 10 7.18

 Medial frontal gyrus R 6, 50, 19 – 9 4.83

 Inferior parietal lobule L − 57, − 49, 46 293 – 7.39

 Angular gyrus L − 57, − 58, 25 39 6.46

 Supramarginal Gyrus L − 57, − 58, 29 – 40 6.46

 Inferior parietal lobule R 42, –61, 43 253 40 7.87

 Superior parietal lobule R 39, –67, 49 – 7 7.79

 Supramarginal gyrus R 57, –58, 31 – 40 7.29

 Medial frontal gyrus R 6, 47, 1 58 32 6.01

 Orbital frontal cortex L − 3, 53, − 5 – 10 5.49

 Superior medial frontal R 3, 56, 10 – 10 5.02

 Precuneus L − 6, − 64, 40 41 7 5.92

 Cuneus L − 6, − 76, 31 – 7 5.27

 Thalamus L − 8, − 4, 10 5.05

 Anterior cingulate cortex R 3, 47, 1 32 5.67

Regular saccades >  express saccades

 Precuneus L − 12, − 70, 40 65 11 5.22

 Anterior cingulate cortex R 12, 41, 7 26 32 4.82

 Anterior cingulate cortex L − 9, 32, 7 10 32 4.17

Explicit detection >  express saccades

 Middle frontal gyrus R 27, 50, − 2 24 11 10.95

 Superior frontal gyrus R 27, 59, 7 – 10 5.85

 Precuneus L − 9, − 64, 43 65 7 5.09

 Anterior cingulate cortex R 6, 47, 7 26 32 5.61

Table 1.  Brain activity associated with express saccades, regular saccades and explicit detection, and 
resulting from the comparisons regular saccades > express saccades and explicit detection > express 
saccades. Activations were thresholded at p <  0.05 (cluster-wise false discovery rate (FDR) correction for 
multiple comparisons); the cluster-forming threshold was set to p <  0.005.
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Functional connectivity analysis. The modulatory effect of the inferior parietal cortex (supramarginal/
angular gyrus) on the remaining brain areas was assessed comparing explicit detection with express saccades. 
This region was selected on the basis of our fMRI results showing activity during both early and late responses, 
and on its known role for the detection of deviant stimuli68,69.

A spherical region (6 mm radius) centered on the right inferior parietal cortex (MNI coordinates x, y, z =  60, 
− 58, 28) was then selected as ‘seed’ region. The coordinates of the center of the sphere were identified based on 
the peak maximum obtained from conjunction analysis (Minimum Statistic compared to the Conjunction Null 
(MS/CN))71 testing for the conjunction of the contrasts explicit detection versus undetected trials and detection 
with express saccades versus undetected trials.

Psychophysiological interactions (PPI) analysis during explicit detection as compared to express saccades 
showed that the right inferior parietal lobule was positively coupled with the anterior cingulate cortex (12, 35, 1), 
the right middle frontal gyrus (BA10) (12, 65, 19), and the left middle temporal gyrus (− 48,− 25,− 14).

Discussion
In this study we investigated at behavioral and at neural level the influence of spatial prediction on visual detec-
tion of experimentally manipulated deviant stimuli at different perceptual stages. To this aim we combined 
recordings of saccadic eye movements and fast event-related fMRI while participants performed a continuous 
visual task implying detection of stimuli violating the expected linear trajectory.

Our behavioral results indicated that visual motion-induced spatial prediction differentially affects early and 
late visual detection of spatially deviant stimuli. By depicting the distributions of both detected and undetected 
deviant stimuli we observed that the extent of prediction violation influenced stimulus detection at late but not 
at early stage. The comparison of psychophysical kernel properties between early and late responses revealed 
significant differences for eccentricity, shift and area. Specifically, explicit detection was associated with a smaller 
area with respect to detection with express saccades, indicating that the number of undetectable trials for explicit 
detection was smaller (and correspondingly the number of detectable trials was larger) than for detection with 
express saccades. Eccentricity was greater for explicit detection than detection with express saccades, and for 
regular saccades with respect to express saccades, indicating that for slower responses detection of displacement 
in the direction of item’s movement (expected linear trajectory) was more difficult than in other directions. On 
the contrary, fast saccadic detection (express saccades) was quite independent of stimulus deviation as evidenced 

Figure 3. SPM t-maps of brain activations comparing detected > undetected trials for express saccades, 
regular saccades, and explicit detection. Increasing response latencies – regular saccades and explicit detection 
– were associated with larger involvement of frontal and prefrontal regions as well of subcortical structures 
such as thalamus and caudate nucleus than for express saccades. Fef =  frontal eye fields; ag =  angular gyrus; 
sfg =  superior frontal gyrus; acc =  anterior cingulate cortex; cn =  caudate nucleus; ln; lentiform nucleus; ipl; 
inferior parietal lobule; tha =  thalamus; mpfc =  medial prefrontal cortex; pc =  precuneus; mfg =  middle frontal 
gyrus; L =  left; R =  right. SPM(t) maps were thresholded at p <  0.05 (cluster-wise false discovery rate (FDR) 
correction for multiple comparisons); the cluster-forming threshold was set to p <  0.005.

Figure 4. Whole brain activity correlating with eccentricity. Eccentricity is a psychophysical kernel property 
that describes visual detection as ratio between stimuli with large and small deviation from the expected 
trajectory. Within regions where activity was increased during explicit detection, the most significant clusters 
corresponded to the left and right middle frontal gyrus (BA10, − 27, 47, 7; 30, 41, 13).
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by eccentricity closer to zero. Overall, we observed a smaller number of saccades as compare to button presses. 
Saccadic responses were in principle not necessary for detection of the displacement; in fact, as some subjects 
reported, the optimal strategy for successful completion of the task was to fixate the center of the screen and to 
detect displacements peripherally, where sensitivity for motion cues is still maintained72.

These results are in line with previous studies showing that early saccadic responses do not integrate 
spatio-temporal information, and target displacements can pass unnoticed because the precise location is not 
yet transferred73. Accordingly, the influence of the degree of deviancy on late but not on fast detection might be 
ascribable to the slower processing of spatio-temporal information, which implies that early comparison of cur-
rent inputs with top-down prediction cannot consider such information.

In a previous study we observed a similar bias in detection of deviant stimuli under high cognitive load con-
dition but it was unclear whether this was related to the increased cognitive load or to predictive mechanisms56. 
Here we provide indications of a general prediction-based mechanism that differentially impacts early and late 
processing of prediction violation.

On the basis of our results we argue that prediction error elicited by deviant stimuli might signal different 
information at early (implicit) and late (explicit) level. It has been shown that prediction error response induced 
by deviant stimuli can convey information about identity of the mismatch with expected information74. As the 
degree of violation did not influence early saccadic detection we assume that this fast response might be mainly 
regulated by a general ‘surprise’ effect associated with violation of prediction, whereas late detection would 
be additionally modulated by the degree of violation, that is, the extent of mismatch with prior information. 
However, the measured effect might also partially result from a reduced ‘surprise’ effect associated with our task, 
as all stimuli to be detected were deviant.

Nevertheless, our results are in line with previous studies showing that relevant prediction error conveying 
information about critical contingencies in the environment needs to be further processed in order to adapt our 
internal models75,76.

The relevance, or salience, of prediction error permits to detect a stimulus and to discard it when it is not 
relevant to the current predictive model77,78. In our experiment, displacement’s orientation and amplitude, which 
might be inherently associated with its relevance, would have then called for a higher-level assessment.

Furthermore, as the majority of explicitly detected stimuli were those with large deviation from the expected 
trajectory we speculate that deviant stimuli have to be highly deviant in order to be sufficiently salient to gain 
conscious access.

Currently, two main hypotheses have been formulated regarding the role of prediction on conscious process-
ing. On one hand, it has been proposed that conscious access occurs when predictive models are verified against 
sensory inputs so that prediction errors are minimized2,21,79–81. According to this hypothesis confirmation of 
prediction would be critical for consciousness. On the other hand, it has been suggested that conscious access 
depends on the mismatches between predictions and sensory input49–51, and thus errors of prediction would trig-
ger conscious perception. Our results suggest that the mismatch alone is not sufficient and that its extent would be 
as well important for conscious detection. Our findings would then call for a refinement of the general hypothesis 
proposing that unexpected stimuli would gain preferential conscious access because of their inherent increased 
relevance. However, our task was different from those used in recent studies investigating how prediction affects 
detection21,80 inasmuch as only deviant stimuli were our perceptual target. Additional evidence on the role of 
stimulus’ relevance on conscious visual processing is thus required.

Neural correlates of early and late deviant stimuli detection. Our fMRI results showed that early 
processing of deviant stimuli (detection with express saccades versus undetected targets) engaged activation of 
a portion of the inferior parietal lobule, the right angular gyrus. Previous studies reported early event-related 
potentials components associated with detection of sequential deviants, as well as rare visual targets in the 
oddball task, located in the posterior occipito-temporal regions68,82. The right angular gyrus is also part of the 
temporo-parietal-junction, which is active during detection of novel events and attentional reorienting24,83,84. 
Activation in the occipital–parietal network was previously associated with express saccades as compared to 
regular saccades using a simple visually guided saccade task (saccadic response to the appearance of a peripheral 
visual target)85.

While express saccades are likely controlled by reflexive mechanisms (sensory driven), regular saccades, 
which are characterized by longer latency, might also reflect volitional (internally driven) commands86,87, and thus 
possibly representing an intermediate level of processing towards the explicit response. Accordingly, regular sac-
cades were associated with increased activity in brain regions involved in higher-order oculomotor control86,88–90. 
Specifically, detection with regular saccades as compared to undetected stimuli included activations in the ACC, 
the superior frontal gyrus (FEF) (BA8, 9), and in the lentiform and caudate nuclei, the latter representing a central 
input of the oculomotor basal ganglia.

On the other hand, explicit button press responses, which were more influenced by predictive information 
of stimulus trajectory, were associated with brain activity of frontal and prefrontal regions, and parietal cortex. 
Explicit detection as compared to undetected trials showed activations of the middle and superior frontal gyrus 
(BA 8, 9), medial and orbital frontal gyri (BA 10), bilateral inferior parietal lobule (BA 40), including supramar-
ginal and angular gyri, precuneus (BA7), anterior cingulate gyrus (BA 32), caudate nucleus and thalamus.

Previous studies investigating violation of expectation identified specific functional networks associated with 
detection of deviant stimuli63,68,91. Conscious detection of violation of auditory stimuli regularity as compared to 
non-deviant stimuli was associated with distributed activity in a fronto-parietal network including the bilateral 
dorsolateral prefrontal and anterior cingulate cortex63,68,91. Differences in brain activations were also observed 
during detection of visual stimuli violating a relational structure in comparison with detection of a predefined 
stimulus using a task that did not require regularities to be inferred63. While a large involvement of right premotor 
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and prefrontal areas was associated with detection of sequential deviants, mainly bilateral activations in pari-
etal (inferior parietal lobule) and temporal (inferior and middle temporal gyrus) cortices were related to target 
detection. In our study, as the target to be detected was a deviant stimulus, brain activations are similar to those 
previously reported for the detection of both deviant and target stimuli. However, brain activations related to the 
‘surprise’ effect of unexpected stimuli should be marginal as both detected and undetected stimuli were deviant 
and unpredictable.

During explicit detection we observed activity in the dorsolateral prefrontal cortex (BA 9), which was pre-
viously associated with preparation of forthcoming actions and with the monitoring of information in working 
memory92,93, in the prefrontal cortex (BA 10) and in the left inferior parietal lobule (BA 40), which were instead 
reported during target detection only63. We did not see significant changes in BOLD signal in the premotor 
regions, which have been associated with sequential processing possibly reflecting instantiation of forward pre-
dictive models. Such mechanism would be plausibly present during both detection and non-detection of deviant 
stimuli.

Explicit detection also activated the right inferior parietal lobule, which was shown to be involved with detec-
tion of deviants irrespective of the kind of expectations being violated (e.g. position, rhythm, and object iden-
tity). We conjecture that this region might have a general role in prediction error detection63,68,82. The activation 
of the right inferior parietal cortex might be necessary but not sufficient to assess the relevance of the degree 
of deviancy; additional involvement of frontal and prefrontal regions would be instead indispensable94,95. We 
indeed observed activations of parietal regions - precuneus (BA7) – and frontal areas - anterior cingulate cortex  
(BA 32) - during late responses, either explicit detection or regular saccades as compared to express saccades, and 
additionally of the medial prefrontal cortex (BA 10,11) during explicit detection as compared to express saccades.

Importantly, whole brain regression of BOLD activity within explicit detection against eccentricity - which 
describes stimulus detectability in relation to its predictability/unpredictability - also showed activation of medial 
prefrontal cortex (BA10). This result further supports the role of this region in shaping explicit detection based 
on predictive information66,67.

Functional connectivity analysis of explicit detection as compared to express saccades revealed that the right 
inferior parietal cortex was positively coupled with ACC and with the medial prefrontal cortex (BA10), suggesting 
that prediction error evaluation might be supported by an exchange of information between frontal/prefrontal 
and parietal regions, which are anatomically and functionally interconnected.

Previous studies identified the orbitofrontal cortex in the context of prediction error detection96,97 and pro-
posed that generation and modification of appropriate forward models might be subserved by this region and by 
the medial prefrontal cortex15,62. A number of fMRI studies also demonstrated that the prefrontal cortex is critical 
for establishing forward models based on sequential regularities63–65. The involvement of the medial prefrontal 
cortex during explicit detection would then potentially indicate additional analysis of the salience of the mis-
match between current input and prior expectations66,67.

Finally, our results are in line with previous studies showing the critical role of ACC in encoding predic-
tion error between stimulus expectation and outcome98,99. In particular, the dorsal ACC would encode the so 
called absolute prediction error, a Bayesian surprise signal important for detecting and adapting to drastic, unex-
pected changes in the environment, as well as the signed prediction error, representing the valence of error of 
prediction100–102.

Conclusions
Our behavioral and functional imaging data suggested that implicit detection of prediction error enable first fast 
but partial comparison of bottom-up sensory input with top-down predictive information15, whereas a slower 
processing would permit a more comprehensive assessment of the type of mismatch between actual and predicted 
information. Overall, our experimental paradigm allowed to dissect explicit from implicit behavioral and neural 
responses to deviant stimuli in terms of their reliance on predictive models. Moreover, our results indicated that 
conscious detection of deviant stimuli is elicited by the assessment of prediction error’s extent rather than by pre-
diction error per se. Finally, based on our findings we postulate that explicit rather than implicit behavior might 
be critical for triggering brain processes tuning generative forward models with sensory feedback.

Methods
Participants. Twelve volunteers with normal or corrected-to-normal vision (5 women; aged 20–33 years; 
mean =  28.41, SD =  3.98) participated in the study. All participants had no history of neurological or psychiat-
ric disorders including substance abuse/dependence or psychotropic medications. Participants were carefully 
instructed not to move, while relaxing and breathing regularly in order to avoid potential artifacts due to phys-
iological changes. Before scanning, a test session was performed outside the scanner to allow participants to 
become familiar with the task and instructions. Written informed consent was obtained from all participants 
before being involved in the study. This study was approved by the Ethics Committee of the Medical Faculty of 
the University of Tübingen according to the Declaration of Helsinki. The methods carried out in this work are in 
accordance with the approved guidelines.

Stimuli and experimental procedure. Participants underwent a continuous visual task during which they 
were required to detect a visual item, moving along a predictable trajectory, that from time to time was spatially 
displaced with variable changes in amplitude and orientation (deviant stimuli)56. Visual scenes consisted of multi-
ple identical non-filled white circles (n =  10) moving along linear trajectories on a gray background and bouncing 
off display boundaries (Fig. 1a). The radius of all circular items was 1.0° of visual angle. All stimuli moved with 
a constant speed of 18°/s; a slight change in speed was induced ( ±  0.001°/s) at boundary bounces to produce 
minimally different linear paths. Every t seconds a randomly selected moving item was displaced from its linear 
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trajectory and then continued a linear motion with the same direction and speed prior to displacement but in a 
different position. Inter-displacement time t was drawn randomly from a uniform distribution ([2000,4000] ms).  
We specifically manipulated the angles of displacement with respect to moving direction, which were counterbal-
anced and selected pseudo-randomly from 8 possible directions: 0°, ±  45°, ±  90°, ±  135°, 180°. The amplitudes 
of displacement ranged between 0.5° and 8° of visual angle with 0.5° step. A 0° amplitude corresponded to a 
displacement in the same trajectory of the moving item. To ensure linear motion before and after displacements 
and reduced potential bias due to visibility effects, items with a distance from a boundary less than two times the 
planned displacement radius were excluded. Participants were not instructed to fixate or to saccade, but to look 
freely anywhere on the screen. Presentation of multiple moving items reduced automatic singular movement 
smooth-pursuit103, and induced participants to adopt different strategies than tracking moving objects. In this 
way we aimed to maintain the effect of motion predictability, which has been shown to be significantly reduced 
when participants perform multiple objects tracking tasks104.

Early responses were measured based on express saccades - latency between 25 and 150 ms57–59 - which rep-
resent an implicit stimulus-driven eye movement that can be reflexively elicited by the appearance of a new 
item59, and can be predictive of the expected target location70. Previous studies also showed that uncertainty 
about location and time of onset of a visual target – which characterizes our experimental protocol - increased 
the occurrence of express saccades58. Late responses were based on regular saccades - latency between 150 and 
250 ms57–59 - and on explicit detection followed by button press response. Regular saccades cannot be considered 
a pure explicit response because of their relatively short latencies, nor a pure implicit response, as it has been 
shown that in some circumstances they can be volitionally controlled86,87. Thus, regular saccades represented an 
intermediate level of processing towards the explicit response.

Participants underwent two runs of 160 trials each during which they had to press a button (with the index 
finger of the right hand) whenever they noticed a displaced item. Stimuli were displayed through VisuaStim gog-
gles (Resonance Technology Company, Northridge, CA; 30° horizontal field of view with a spatial resolution of 
800 ×  600 pixels) incorporating an eye-tracking system. Stimulus presentation was implemented using Psychopy 
[1.73.06]105. Button press responses and trajectories of moving stimuli were logged time-synchronized with eye 
tracking data.

Eye tracking. An infrared eye tracker mounted on the goggles was used to record the eye movements 
(Resonance Technology Company, Northridge, CA). Eye movements were sampled at 60 Hz. A calibration phase 
was performed before the experiment for each subject. Calibration error was below 0.5° of visual angle for nine 
calibration points. After appropriate preprocessing (e.g. blink detection), an algorithm based on eye movement 
acceleration was used to detect the beginning of saccades106,107. Two main criteria had to be satisfied to determine 
a saccade towards a displaced item: eye movement oriented within ±  22.5° around a straight line between eyes 
and displaced item, and acceleration above an adaptive threshold computed as one standard deviation from the 
mean of a 2 s time-window preceding the item’s displacement107. A significant difference between the number of 
saccades towards visual target within 250 ms time windows before and after displacements confirmed the valid-
ity of our approach (two tailed t-test t11 =  8.77, p <  0.001, Fig. 1b). All data were analyzed using Matlab R2013b  
(The Mathworks, Natick, MA) and custom scripts.

Behavioral data analysis. Psychophysical reverse-correlation. Behavioral data were analyzed using psy-
chophysical reverse-correlation. This method allowed us to determine what decision strategies mediated par-
ticipants’ performance in our visual detection task. Psychophysical reverse-correlation has been successfully 
employed to explore the relationships between a high-dimensional variable (e.g. an image - in our case the distri-
bution of displacements of moving stimuli) and a categorical variable (two-choice decision or neural spiking60,108, 
- in our case ‘detected’ and ‘undetected’ trials).

In our analysis each displacement was plotted as point in the direction-normalized coordinate system, where 
the positive x-axis represents the linear movement direction of the moving item. Detected trials were binned into 
three categories according to the type of detection56: detection with express saccades and regular saccades, and 
explicit detection followed by button press. Data analysis mainly focused on mutually exclusive detection trials in 
order to clearly characterize early and late visual detection mechanisms.

Data were first normalized with respect to movement direction and speed. Average detection and 
non-detection densities were computed for each perceptual level; data interpolation yielded a two-dimensional 
probability distribution for detection and non-detection densities separately. The difference between the two 
probability distributions (detected and undetected) was computed. We performed 1000 times sampling of the 
resulted density distribution and calculated the covariance of the sampled points. Data were then fitted with a 
2D Gaussian distribution. The covariance ellipse of this Gaussian distribution is referred to as the psychophysical 
kernel. The kernel (centered at the location where an item would have been if it had not been displaced) represents 
the probability of a displacement with a given amplitude and orientation to be detected. An item falling inside 
the ellipse has higher probability not to be detected and vice versa for items outside the ellipse. Four different 
properties of the psychophysical kernel were computed separately for each type of response (express and regular 
saccades, explicit response): area, eccentricity, shift and orientation. In case of no differences in displacement 
detection with respect to amplitude and direction the kernel is circular (eccentricity =  0) and centered at the ori-
gin (shift =  0). Differences in the four psychophysical kernel properties among conditions were analyzed using 
four independent ANOVAs with type of response (express and regular saccades, and explicit detection followed 
by button press) as within-subjects factor and consecutive post-hoc t-tests. Data were checked for normality and 
homoscedasticity. Normality was confirmed by the skewness and kurtosis of the distributions. Homoscedasticity 
was confirmed by the Mauchly test, which was not significant for the distribution of eccentricity, shift, and orien-
tation, but significant for area; in the latter case the Greenhouse-Geisser correction was considered.
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fMRI data acquisition. A fast event-related functional MRI paradigm of two consecutive runs was adopted. 
During fMRI runs participants performed a displacement detection task. Functional images were acquired using 
a 3.0 T MR scanner, with a standard 12-channel head coil (Siemens TIM Trio Magnetom, Erlangen, Germany 
available at the Max Plank Institute, Tuebingen, Germany). A standard echo-planar imaging (EPI) sequence was 
used (repetition time TR =  1.5 s, matrix size =  64 ×  64, effective echo time TE =  30 ms, flip angle α  =  70°, band-
width =  1.905 kHz/pixel). Twenty-three axially oriented slices (voxel size =  3 ×  3 ×  3.3 mm3, slice gap =  0.57 mm) 
were acquired. For superposition of functional maps upon brain anatomy a high-resolution T1-weighted struc-
tural scan of the whole brain was collected from each subject (MPRAGE, matrix size =  512 ×  512, 176 partitions, 
voxel size =  1 ×  1 ×  1 mm3, TR =  1950 ms, TE =  2.26 ms, TI =  900 ms, α  =  9°). In order to minimize head move-
ments, two foam cushions were positioned around participant’s head.

fMRI data analysis. Functional imaging data were analyzed using SPM 8 (Wellcome Department of 
Cognitive Neurology, London, UK). All functional images were first motion corrected and realigned. The 
high-resolution T1 image was then co-registered to the mean image of the EPI series for each participant. 
Segmentation parameters were used to normalize the functional scans to a standard Montreal Neurological 
Institute template. Normalized images were spatially smoothed with a 10mm full-width half-maximum Gaussian 
kernel. Low frequency drifts were removed using a high-pass filter with 128 s cut off. After functional data pre-
processing, a general linear model was adopted to perform first level statistical analysis. For each participant, 
an analytic design matrix was constructed using the following type of events as regressors: express saccades, 
regular saccades, explicit response, button press and undetected trials. Only mutually exclusive detection trials 
were included in the analysis; multiple response trials were combined in an additional regressor. Conditions 
were modeled with a canonical hemodynamic response. We considered the onset time of item displacement 
instead of button press to reduce potential effect of motor response on brain activations related to explicit detec-
tion. Consequently, onset time of item displacement was also used to define express and regular saccades. We 
then included temporal derivatives into our model to take into account time variability of response with respect 
to item’s displacement. Additional regressors for button press were also included to cancel out residual hand 
movement-related variance.

For each participant, contrast images of detected versus undetected trials were created for express and regular 
saccades, and explicit responses. The contrast explicit detection versus detection with express saccades, and detec-
tion with regular saccades versus detection with express saccades were also considered. Because of the different 
number of trials for each type of response weighted contrasts were considered when comparing conditions.

In our experimental task participants were required to continuously attend the visual scene and be prepared 
to press a button whenever a displaced item was noticed. Thus, possible confounding activity related to motor 
preparation and attention should be marginal when contrasting different conditions.

Contrast images were then entered into a second-level (random-effects) analysis to allow population-level 
inferences. One sample t-tests on the contrast images imported from the first-level analysis were performed to 
assess group effects across all participants. Additionally, we performed a regression analysis of images related to 
the contrast explicit detection versus undetected trials, where psychophysical kernel parameters resulting from 
psychophysical reverse correlation analysis were modeled as covariates. We considered eccentricity among other 
parameters as it uniquely describes visual detection as ratio between stimuli with large and small deviation from 
the expected trajectory. The resulting SPM(t) maps were thresholded at p <  0.05 (cluster-wise false discovery rate 
(FDR) correction for multiple comparisons109,110. The cluster-forming threshold was set to p <  0.005.

Functional connectivity analysis. Psychophysiological interaction analysis (PPI toolbox available in 
SPM8)111 was employed to assess changes in functional connectivity during late explicit as compared to early 
prediction error detection. PPI is a model-free functional connectivity method that determines whether a given 
region, the seed/ source, ‘predicts’ the activity in other brain regions as a function of a task/context specific factor. 
Kim and colleagues using a biologically plausible neural model showed that PPI analysis reflects the underlying 
changes in neural interactions as results were similar to those based on integrated synaptic activity112.

For a selected ‘seed’ region, the first eigenvector of a predefined area is then used for calculating the 
context-dependent changes in interregional covariance. To this aim the difference in regression coefficients 
between the neuroimaging signals of this region and the rest of the brain is tested113. PPI results were corrected 
for multiple comparisons at cluster level (p corrected <  0.05; cluster size estimated at p uncorrected <  0.005).

References
1. Bubic, A., von Cramon, D. Y. & Schubotz, R. I. Prediction, cognition and the brain. Front Hum Neurosci 4, 25, doi: 10.3389/

fnhum.2010.00025 (2010).
2. Clark, A. Whatever next? Predictive brains, situated agents, and the future of cognitive science. Behav Brain Sci 36, 181–204, doi: 

10.1017/S0140525X12000477 (2013).
3. Bar, M. Predictions: a universal principle in the operation of the human brain. Introduction. Philos Trans R Soc Lond B Biol Sci 364, 

1181–1182, doi: 10.1098/rstb.2008.0321 (2009).
4. Friston, K. A theory of cortical responses. Philos Trans R Soc Lond B Biol Sci 360, 815–836, doi: W5T4QMCP8T4K0UP8 (2005).
5. Enns, J. T. & Lleras, A. What’s next? New evidence for prediction in human vision. Trends Cogn Sci 12, 327–333, doi: 10.1016/j.

tics.2008.06.001 (2008).
6. Rees, G. & Frith, C. D. How do we select perceptions and actions? Human brain imaging studies. Philos Trans R Soc Lond B Biol Sci 

353, 1283–1293, doi: 10.1098/rstb.1998.0283 (1998).
7. Rao, R. P. & Ballard, D. H. Predictive coding in the visual cortex: a functional interpretation of some extra-classical receptive-field 

effects. Nat Neurosci 2, 79–87, doi: 10.1038/4580 (1999).
8. Llinas, R. R. I of the Vortex: From Neurons to Self. (Cambrige: MIT Press, 2002).
9. Atick, J. J. Could information theory provide an ecological theory of sensory processing? Network 22, 4–44, doi: 

10.3109/0954898X.2011.638888 (2011).



www.nature.com/scientificreports/

1 1Scientific RepoRts | 6:24350 | DOI: 10.1038/srep24350

10. Barlow, H. The exploitation of regularities in the environment by the brain. Behav Brain Sci 24, 602–607; discussion 652-671 
(2001).

11. Friston, K. & Kiebel, S. Predictive coding under the free-energy principle. Philos Trans R Soc Lond B Biol Sci 364, 1211–1221, doi: 
10.1098/rstb.2008.0300 (2009).

12. Friston, K. The free-energy principle: a unified brain theory? Nat Rev Neurosci 11, 127–138, doi: 10.1038/nrn2787 (2010).
13. Lee, T. S. & Mumford, D. Hierarchical Bayesian inference in the visual cortex. Journal of the Optical Society of America. A, Optics, 

image science, and vision 20, 1434–1448 (2003).
14. Grossberg, S. How does a brain build a cognitive code? Psychol Rev 87, 1–51 (1980).
15. Kveraga, K., Ghuman, A. S. & Bar, M. Top-down predictions in the cognitive brain. Brain Cogn 65, 145–168, doi: S0278-

2626(07)00095-4 (2007).
16. Mumford, D. On the computational architecture of the neocortex. II. The role of cortico-cortical loops. Biological cybernetics 66, 

241–251 (1992).
17. Ullman, S. Sequence seeking and counter streams: a computational model for bidirectional information flow in the visual cortex. 

Cereb Cortex 5, 1–11 (1995).
18. Kveraga, K., Boshyan, J. & Bar, M. Magnocellular projections as the trigger of top-down facilitation in recognition. J Neurosci 27, 

13232–13240, doi: 27/48/13232(2007).
19. Kimura, M., Schroger, E., Czigler, I. & Ohira, H. Human visual system automatically encodes sequential regularities of discrete 

events. J Cogn Neurosci 22, 1124–1139, doi: 10.1162/jocn.2009.21299 (2010).
20. Kok, P., Jehee, J. F. & de Lange, F. P. Less is more: expectation sharpens representations in the primary visual cortex. Neuron 75, 

265–270, doi: 10.1016/j.neuron.2012.04.034 (2012).
21. Melloni, L., Schwiedrzik, C. M., Muller, N., Rodriguez, E. & Singer, W. Expectations change the signatures and timing of 

electrophysiological correlates of perceptual awareness. J Neurosci 31, 1386–1396, doi: 10.1523/JNEUROSCI.4570-10.2011 (2011).
22. Wolpert, D. M. & Kawato, M. Multiple paired forward and inverse models for motor control. Neural Netw 11, 1317–1329 (1998).
23. Wolpert, D. M. & Miall, R. C. Forward Models for Physiological Motor Control. Neural Netw 9, 1265–1279 (1996).
24. Corbetta, M. & Shulman, G. L. Control of goal-directed and stimulus-driven attention in the brain. Nat Rev Neurosci 3, 201–215, 

doi: 10.1038/nrn755 (2002).
25. Friston, K., Kilner, J. & Harrison, L. A free energy principle for the brain. J Physiol Paris 100, 70–87, doi: S0928-4257(06)00060-X 

(2006).
26. Friston, K. J. & Stephan, K. E. Free-energy and the brain. Synthese 159, 417–458, doi: 10.1007/s11229-007-9237-y (2007).
27. Barlow, H. B. In Sensory communication (ed W. Rosenblith) Ch. 13, 217–234 (MIT Press, 1961).
28. Mumford, D. On the computational architecture of the neocortex. II. The role of cortico-cortical loops. Biological cybernetics 66, 

241–251 (1992).
29. Gregory, R. L. Perceptions as hypotheses. Philosophical Transactions of the Royal Society of London B 290, 181–197 (1980).
30. Kishiyama, M. M., Yonelinas, A. P. & Knight, R. T. Novelty enhancements in memory are dependent on lateral prefrontal cortex.  

J Neurosci 29, 8114–8118, doi: 10.1523/JNEUROSCI.5507-08.2009(2009).
31. DiCarlo, J. J., Zoccolan, D. & Rust, N. C. How does the brain solve visual object recognition? Neuron 73, 415–434, doi: 10.1016/j.

neuron.2012.01.010 (2012).
32. Felleman, D. J. & Van Essen, D. C. Distributed hierarchical processing in the primate cerebral cortex. Cereb Cortex 1, 1–47 (1991).
33. Logothetis, N. K. & Sheinberg, D. L. Visual object recognition. Annu Rev Neurosci 19, 577–621, doi: 10.1146/annurev.

ne.19.030196.003045 (1996).
34. Maunsell, J. H. & Newsome, W. T. Visual processing in monkey extrastriate cortex. Annu Rev Neurosci 10, 363–401, doi: 10.1146/

annurev.ne.10.030187.002051 (1987).
35. den Ouden, H. E., Kok, P. & de Lange, F. P. How prediction errors shape perception, attention, and motivation. Front Psychol 3, 548, 

doi: 10.3389/fpsyg.2012.00548 (2012).
36. Fletcher, P. C. & Frith, C. D. Perceiving is believing: a Bayesian approach to explaining the positive symptoms of schizophrenia. Nat 

Rev Neurosci 10, 48–58, doi: 10.1038/nrn2536 (2009).
37. Chun, M. M. & Potter, M. C. A two-stage model for multiple target detection in rapid serial visual presentation. J Exp Psychol Hum 

Percept Perform 21, 109–127 (1995).
38. Romo, R. & Salinas, E. Sensing and deciding in the somatosensory system. Curr Opin Neurobiol 9, 487–493, doi: 10.1016/S0959-

4388(99)80073-7 (1999).
39. Schall, J. D. & Thompson, K. G. Neural selection and control of visually guided eye movements. Annu Rev Neurosci 22, 241–259, 

doi: 10.1146/annurev.neuro.22.1.241 (1999).
40. Shadlen, M. N. & Newsome, W. T. Motion perception: seeing and deciding. Proc Natl Acad Sci USA 93, 628–633 (1996).
41. Summerfield, C. & Koechlin, E. A neural representation of prior information during perceptual inference. Neuron 59, 336–347, 

doi: 10.1016/j.neuron.2008.05.021 (2008).
42. Todorovic, A., van Ede, F., Maris, E. & de Lange, F. P. Prior expectation mediates neural adaptation to repeated sounds in the 

auditory cortex: an MEG study. J Neurosci 31, 9118–9123, doi: 10.1523/JNEUROSCI.1425-11.2011 (2011).
43. Bendixen, A., SanMiguel, I. & Schroger, E. Early electrophysiological indicators for predictive processing in audition: a review. Int 

J Psychophysiol 83, 120–131, doi: 10.1016/j.ijpsycho.2011.08.003 (2012).
44. Wacongne, C. et al. Evidence for a hierarchy of predictions and prediction errors in human cortex. Proc Natl Acad Sci USA 108, 

20754–20759, doi: 10.1073/pnas.1117807108 (2011).
45. Kok, P., Rahnev, D., Jehee, J. F., Lau, H. C. & de Lange, F. P. Attention reverses the effect of prediction in silencing sensory signals. 

Cereb Cortex 22, 2197–2206, doi: 10.1093/cercor/bhr310 (2012).
46. Kimura, M., Katayama, J., Ohira, H. & Schroger, E. Visual mismatch negativity: new evidence from the equiprobable paradigm. 

Psychophysiology 46, 402–409, doi: 10.1111/j.1469-8986.2008.00767.x (2009).
47. Kuldkepp, N., Kreegipuu, K., Raidvee, A., Naatanen, R. & Allik, J. Unattended and attended visual change detection of motion as 

indexed by event-related potentials and its behavioral correlates. Front Hum Neurosci 7, 476, doi: 10.3389/fnhum.2013.00476 
(2013).

48. Pazo-Alvarez, P., Amenedo, E. & Cadaveira, F. Automatic detection of motion direction changes in the human brain. Eur J Neurosci 
19, 1978–1986, doi: 10.1111/j.1460-9568.2004.03273.x (2004).

49. Blakemore, S. J., Frith, C. D. & Wolpert, D. M. Spatio-temporal prediction modulates the perception of self-produced stimuli.  
J Cogn Neurosci 11, 551–559 (1999).

50. Mudrik, L., Breska, A., Lamy, D. & Deouell, L. Y. Integration without awareness: expanding the limits of unconscious processing. 
Psychol Sci 22, 764–770, doi: 10.1177/0956797611408736 (2011).

51. Pally, R. Non-conscious prediction and a role for consciousness in correcting prediction errors. Cortex 41, 643–662; discussion 
731-644 (2005).

52. Tiitinen, H., May, P., Reinikainen, K. & Naatanen, R. Attentive novelty detection in humans is governed by pre-attentive sensory 
memory. Nature 372, 90–92, doi: 10.1038/372090a0 (1994).

53. Squires, K. C., Wickens, C., Squires, N. K. & Donchin, E. The effect of stimulus sequence on the waveform of the cortical event-
related potential. Science 193, 1142–1146 (1976).



www.nature.com/scientificreports/

1 2Scientific RepoRts | 6:24350 | DOI: 10.1038/srep24350

54. Law, D. J. et al. Perceptual and cognitive factors governing performance in comparative arrival-time judgments. J Exp Psychol Hum 
Percept Perform 19, 1183–1199 (1993).

55. Roach, N. W., McGraw, P. V. & Johnston, A. Visual motion induces a forward prediction of spatial pattern. Curr Biol 21, 740–745, 
doi: 10.1016/j.cub.2011.03.031 (2011).

56. Mathews, Z., Cetnarski, R. & Verschure, P. F. M. J. Visual anticipation biases conscious decision making but not bottom-up visual 
processing. Frontiers in Psychology 5, 1443, doi: 10.3389 (2015).

57. Fischer, B. & Ramsperger, E. Human express saccades: extremely short reaction times of goal directed eye movements. Exp Brain 
Res 57, 191–195 (1984).

58. Rohrer, W. H. & Sparks, D. L. Express saccades: the effects of spatial and temporal uncertainty. Vision Res 33, 2447–2460 (1993).
59. Theeuwes, J. Visual selective attention: A theoretical analysis. Acta Psychologica 83, 93–154 (1993).
60. Dai, H. & Micheyl, C. Psychophysical reverse correlation with multiple response alternatives. J Exp Psychol Hum Percept Perform 

36, 976–993, doi: 10.1037/a0017171 (2010).
61. Yates, J., Huk, A., Cormack, L. & Pillow, J. Psychophysical reverse correlation of motion perception. Journal of Vision 12, 746, doi: 

10.1167/12.9.746 (2012).
62. Summerfield, C. et al. Predictive codes for forthcoming perception in the frontal cortex. Science 314, 1311–1314, doi: 10.1126/

science.1132028 (2006).
63. Bubic, A., von Cramon, D. Y., Jacobsen, T., Schroger, E. & Schubotz, R. I. Violation of expectation: neural correlates reflect bases of 

prediction. J Cogn Neurosci 21, 155–168, doi: 10.1162/jocn.2009.21013 (2009).
64. Huettel, S. A., Mack, P. B. & McCarthy, G. Perceiving patterns in random series: dynamic processing of sequence in prefrontal 

cortex. Nat Neurosci 5, 485–490, doi: 10.1038/nn841 (2002).
65. Turner, D. C. et al. The role of the lateral frontal cortex in causal associative learning: exploring preventative and super-learning. 

Cereb Cortex 14, 872–880, doi: 10.1093/cercor/bhh046 (2004).
66. Alexander, W. H. & Brown, J. W. Medial prefrontal cortex as an action-outcome predictor. Nat Neurosci 14, 1338–1344, doi: 

10.1038/nn.2921 (2011).
67. Alexander, W. H. & Brown, J. W. A general role for medial prefrontal cortex in event prediction. Frontiers in computational 

neuroscience 8, 69, doi: 10.3389/fncom.2014.00069 (2014).
68. Bubic, A., Bendixen, A., Schubotz, R. I., Jacobsen, T. & Schroger, E. Differences in processing violations of sequential and feature 

regularities as revealed by visual event-related brain potentials. Brain Res 1317, 192–202, doi: 10.1016/j.brainres.2009.12.072 
(2010).

69. Folstein, J. R., Van Petten, C. & Rose, S. A. Novelty and conflict in the categorization of complex stimuli. Psychophysiology 45, 
467–479, doi: 10.1111/j.1469-8986.2007.00628.x (2008).

70. de’Sperati, C. & Baud-Bovy, G. Blind saccades: an asynchrony between seeing and looking. J Neurosci 28, 4317–4321, doi: 10.1523/
JNEUROSCI.0352-08.2008 (2008).

71. Nichols, T., Brett, M., Andersson, J., Wager, T. & Poline, J. B. Valid conjunction inference with the minimum statistic. Neuroimage 
25, 653–660, doi: 10.1016/j.neuroimage.2004.12.005 (2005).

72. McKee, S. P. & Nakayama, K. The detection of motion in the peripheral visual field. Vision Res 24, 25–32 (1984).
73. Vetter, P., Edwards, G. & Muckli, L. Transfer of predictive signals across saccades. Front Psychol 3, 176, doi: 10.3389/

fpsyg.2012.00176 (2012).
74. Peelen, M. V. & Kastner, S. A neural basis for real-world visual search in human occipitotemporal cortex. Proc Natl Acad Sci USA 

108, 12125–12130, doi: 10.1073/pnas.1101042108 (2011).
75. Winkler, I. & Czigler, I. Mismatch negativity: deviance detection or the maintenance of the ‘standard’. Neuroreport 9, 3809–3813 

(1998).
76. Winkler, I., Karmos, G. & Naatanen, R. Adaptive modeling of the unattended acoustic environment reflected in the mismatch 

negativity event-related potential. Brain Res 742, 239–252, doi: S0006-8993(96)01008-6 (1996).
77. Corbetta, M., Kincade, J. M. & Shulman, G. L. Neural systems for visual orienting and their relationships to spatial working 

memory. J Cogn Neurosci 14, 508–523, doi: 10.1162/089892902317362029 (2002).
78. Escera, C., Alho, K., Schroger, E. & Winkler, I. Involuntary attention and distractibility as evaluated with event-related brain 

potentials. Audiol Neurootol 5, 151–166, doi: 13877 (2000).
79. Hohwy, J., Roepstorff, A. & Friston, K. Predictive coding explains binocular rivalry: an epistemological review. Cognition 108, 

687–701, doi: 10.1016/j.cognition.2008.05.010 (2008).
80. Lupyan, G. & Ward, E. J. Language can boost otherwise unseen objects into visual awareness. Proc Natl Acad Sci USA 110, 

14196–14201, doi: 10.1073/pnas.1303312110 (2013).
81. Pinto, Y., van Gaal, S., de Lange, F. P., Lamme, V. A. & Seth, A. K. Expectations accelerate entry of visual stimuli into awareness.  

J Vis 15, 13, doi: 10.1167/15.8.13 (2015).
82. Folstein, J. R. & Van Petten, C. Influence of cognitive control and mismatch on the N2 component of the ERP: a review. 

Psychophysiology 45, 152–170, doi: 10.1111/j.1469-8986.2007.00602.x (2008).
83. Corbetta, M., Patel, G. & Shulman, G. L. The reorienting system of the human brain: from environment to theory of mind. Neuron 

58, 306–324, doi: 10.1016/j.neuron.2008.04.017 (2008).
84. Mitchell, J. P. Activity in right temporo-parietal junction is not selective for theory-of-mind. Cereb Cortex 18, 262–271, doi: 

10.1093/cercor/bhm051 (2008).
85. Hamm, J. P., Dyckman, K. A., Ethridge, L. E., McDowell, J. E. & Clementz, B. A. Preparatory activations across a distributed cortical 

network determine production of express saccades in humans. J Neurosci 30, 7350–7357, doi: 10.1523/JNEUROSCI.0785-10.2010 
(2010).

86. Munoz, D. P. & Everling, S. Look away: the anti-saccade task and the voluntary control of eye movement. Nat Rev Neurosci 5, 
218–228, doi: 10.1038/nrn1345 (2004).

87. Watanabe, M., Hirai, M., Marino, R. A. & Cameron, I. G. Occipital-parietal network prepares reflexive saccades. J Neurosci 30, 
13917–13918, doi: 10.1523/JNEUROSCI.3884-10.2010 (2010).

88. Paus, T., Petrides, M., Evans, A. C. & Meyer, E. Role of the human anterior cingulate cortex in the control of oculomotor, manual, 
and speech responses: a positron emission tomography study. J Neurophysiol 70, 453–469 (1993).

89. Watanabe, M. & Munoz, D. P. Presetting basal ganglia for volitional actions. J Neurosci 30, 10144–10157, doi: 10.1523/
JNEUROSCI.1738-10.2010 (2010).

90. Watanabe, M. & Munoz, D. P. Saccade suppression by electrical microstimulation in monkey caudate nucleus. J Neurosci 30, 
2700–2709, doi: 10.1523/JNEUROSCI.5011-09.2010 (2010).

91. Bubic, A., von Cramon, D. Y. & Schubotz, R. I. Exploring the detection of associatively novel events using fMRI. Hum Brain Mapp 
32, 370–381, doi: 10.1002/hbm.21027 (2011).

92. Petrides, M. Lateral prefrontal cortex: architectonic and functional organization. Philos Trans R Soc Lond B Biol Sci 360, 781–795, 
doi: 10.1098/rstb.2005.1631 (2005).

93. Pochon, J. B. et al. The role of dorsolateral prefrontal cortex in the preparation of forthcoming actions: an fMRI study. Cereb Cortex 
11, 260–266 (2001).

94. Brunia, C. H. Neural aspects of anticipatory behavior. Acta Psychol (Amst) 101, 213–242 (1999).



www.nature.com/scientificreports/

13Scientific RepoRts | 6:24350 | DOI: 10.1038/srep24350

95. Pennartz, C. M., Ito, R., Verschure, P. F., Battaglia, F. P. & Robbins, T. W. The hippocampal-striatal axis in learning, prediction and 
goal-directed behavior. Trends Neurosci 34, 548–559, doi: 10.1016/j.tins.2011.08.001 (2011).

96. Nobre, A. C., Coull, J. T., Frith, C. D. & Mesulam, M. M. Orbitofrontal cortex is activated during breaches of expectation in tasks of 
visual attention. Nat Neurosci 2, 11–12, doi: 10.1038/4513 (1999).

97. Petrides, M. The orbitofrontal cortex: novelty, deviation from expectation, and memory. Ann N Y Acad Sci 1121, 33–53, doi: 
10.1196/annals.1401.035 (2007).

98. Ide, J. S., Shenoy, P., Yu, A. J. & Li, C. S. Bayesian prediction and evaluation in the anterior cingulate cortex. J Neurosci 33, 
2039–2047, doi: 10.1523/JNEUROSCI.2201-12.2013 (2013).

99. Jahn, A., Nee, D. E., Alexander, W. H. & Brown, J. W. Distinct regions of anterior cingulate cortex signal prediction and outcome 
evaluation. Neuroimage 95, 80–89, doi: 10.1016/j.neuroimage.2014.03.050 (2014).

100. Behrens, T. E., Woolrich, M. W., Walton, M. E. & Rushworth, M. F. Learning the value of information in an uncertain world. Nat 
Neurosci 10, 1214–1221, doi: 10.1038/nn1954 (2007).

101. O’Doherty, J. P., Dayan, P., Friston, K., Critchley, H. & Dolan, R. J. Temporal difference models and reward-related learning in the 
human brain. Neuron 38, 329–337 (2003).

102. Schultz, W. & Dickinson, A. Neuronal coding of prediction errors. Annu Rev Neurosci 23, 473–500, doi: 10.1146/annurev.
neuro.23.1.473 (2000).

103. Eggert, T., Ladda, J. & Straube, A. Inferring the future target trajectory from visual context: is visual background structure used for 
anticipatory smooth pursuit? Exp Brain Res 196, 205–215, doi: 10.1007/s00221-009-1840-3 (2009).

104. Keane, B. P. & Pylyshyn, Z. W. Is motion extrapolation employed in multiple object tracking? Tracking as a low-level, non-
predictive function. Cogn Psychol 52, 346–368, doi: 10.1016/j.cogpsych.2005.12.001 (2006).

105. Peirce, J. W. PsychoPy–Psychophysics software in Python. J Neurosci Methods 162, 8–13, doi: S0165-0270(06)00577-2 (2007).
106. Engbert, R. & Kliegl, R. Microsaccades uncover the orientation of covert attention. Vision Res 43, 1035–1045, doi: 

S004269890300084 (2003).
107. Behrens, F., Mackeben, M. & Schroder-Preikschat, W. An improved algorithm for automatic detection of saccades in eye movement 

data and for calculating saccade parameters. Behav Res Methods 42, 701–708, doi: 10.3758/BRM.42.3.701 (2010).
108. Victor, J. D. Analyzing receptive fields, classification images and functional images: challenges with opportunities for synergy. Nat 

Neurosci 8, 1651–1656, doi: nn1607 (2005).
109. Genovese, C. R., Lazar, N. A. & Nichols, T. Thresholding of statistical maps in functional neuroimaging using the false discovery 

rate. Neuroimage 15, 870–878, doi: 10.1006/nimg.2001.1037 (2002).
110. Chumbley, J. R. & Friston, K. J. False discovery rate revisited: FDR and topological inference using Gaussian random fields. 

Neuroimage 44, 62–70, doi: 10.1016/j.neuroimage.2008.05.021 (2009).
111. Friston, K. J. et al. Psychophysiological and modulatory interactions in neuroimaging. Neuroimage 6, 218–229, doi: S1053-

8119(97)90291-3 (1997).
112. Kim, J. & Horwitz, B. Investigating the neural basis for fMRI-based functional connectivity in a blocked design: application to 

interregional correlations and psycho-physiological interactions. Magn Reson Imaging 26, 583–593, doi: 10.1016/j.mri.2007.10.011 
(2008).

113. O’Reilly, J. X., Woolrich, M. W., Behrens, T. E., Smith, S. M. & Johansen-Berg, H. Tools of the trade: psychophysiological 
interactions and functional connectivity. Soc Cogn Affect Neurosci 7, 604–609, doi: 10.1093/scan/nss055(2012).

Acknowledgements
This work was supported by the European Union, FP7-ICT-2009 – CEEDS: The Collective Experience of 
Empathic Data Systems - Grant agreement no. 258749.

Author Contributions
R.M. experimental design, data collection and analysis, manuscript writing; A.S. data analysis and manuscript 
writing; A.P. data collection; Z.M. data analysis; N.B. manuscript writing; P.F.M.J.V. experimental design, 
manuscript writing; A.C. experimental design, data collection and analysis, manuscript writing. All authors 
reviewed the manuscript.

Additional Information
Competing financial interests: The authors declare no competing financial interests.
How to cite this article: Malekshahi, R. et al. Differential neural mechanisms for early and late prediction error 
detection. Sci. Rep. 6, 24350; doi: 10.1038/srep24350 (2016).

This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons license, 

unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license, 
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this 
license, visit http://creativecommons.org/licenses/by/4.0/

http://creativecommons.org/licenses/by/4.0/


1Scientific RepoRts | 7:46590 | DOI: 10.1038/srep46590

www.nature.com/scientificreports

Corrigendum: Differential neural 
mechanisms for early and late 
prediction error detection
Rahim Malekshahi, Anil Seth, Amalia Papanikolaou, Zenon Mathews, Niels Birbaumer, 
Paul F. M. J. Verschure & Andrea Caria

Scientific Reports 6:24350; doi: 10.1038/srep24350; published online 15 April 2016; updated on 11 April 2017

In this Article, an additional affiliation for Paul F.M.J. Verschure was omitted. The correct affiliations for Paul 
F.M.J. Verschure are listed below:

SPECS, Universitat Pompeu Fabra, Barcelona, Spain.

ICREA - Institució Catalana de Recerca i Estudis Avançats, 08018 Barcelona, Spain.

This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons license, 

unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license, 
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this 
license, visit http://creativecommons.org/licenses/by/4.0/
 
© The Author(s) 2017

OPEN

http://doi: 10.1038/srep24350
http://creativecommons.org/licenses/by/4.0/

	Differential neural mechanisms for early and late prediction error detection
	Results
	Behavioral data. 
	Psychophysical reverse correlation. 
	fMRI data. 
	Functional connectivity analysis. 

	Discussion
	Neural correlates of early and late deviant stimuli detection. 

	Conclusions
	Methods
	Participants. 
	Stimuli and experimental procedure. 
	Eye tracking. 
	Behavioral data analysis. 
	Psychophysical reverse-correlation. 

	fMRI data acquisition. 
	fMRI data analysis. 
	Functional connectivity analysis. 

	Acknowledgements
	Author Contributions
	Figure 1.  (a) Visual scenes consisted of multiple identical non-filled white circles (n = 10) moving along linear trajectories on a gray background and bouncing off display boundaries.
	Figure 2.  Top: Detection rate at different perceptual levels.
	Figure 3.  SPM t-maps of brain activations comparing detected > undetected trials for express saccades, regular saccades, and explicit detection.
	Figure 4.  Whole brain activity correlating with eccentricity.
	Table 1.   Brain activity associated with express saccades, regular saccades and explicit detection, and resulting from the comparisons regular saccades > express saccades and explicit detection > express saccades.

	srep46590.pdf
	Corrigendum: Differential neural mechanisms for early and late prediction error detection



 
    
       
          application/pdf
          
             
                Differential neural mechanisms for early and late prediction error detection
            
         
          
             
                srep ,  (2016). doi:10.1038/srep24350
            
         
          
             
                Rahim Malekshahi
                Anil Seth
                Amalia Papanikolaou
                Zenon Mathews
                Niels Birbaumer
                Paul F. M. J. Verschure
                Andrea Caria
            
         
          doi:10.1038/srep24350
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 Macmillan Publishers Limited
          10.1038/srep24350
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep24350
            
         
      
       
          
          
          
             
                doi:10.1038/srep24350
            
         
          
             
                srep ,  (2016). doi:10.1038/srep24350
            
         
          
          
      
       
       
          True
      
   




