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Abstract
Humans can make abstract choices independent of motor actions. However, little is known
about the functional role and neural representation of abstract choices. Here, we show that in
the human brain choices are represented in an abstract, motor-independent manner, even when
they are directly linked to an action. To disentangle sensory, choice, and motor aspects of
decision-making, we measured MEG signals while human participants made choices with
known and unknown motor response mapping. Using multivariate decoding, we found
stimulus, choice and response information with distinct cortical distributions. Choice
representations were invariant to whether or not the response mapping was known during
stimulus presentation. Furthermore, neuronal choice representations predicted decision
confidence and occupied distinct representational spaces from both stimulus and motor signals.
Our results uncover abstract neuronal choice signals that generalize to embodied decisions.
This suggests a general role of an abstract stage in human decision-making.
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Introduction
Sensory decisions are often linked to an appropriate motor action. This has led to a framework
of choices emerging as action intentions1, which has been supported by numerous studies
showing action-specific choice signals in motor- and premotor areas of the brain2–5. In addition,
humans and other primates also make abstract choices when a suitable action is not known in
advance6. Behavioral tasks with a variable mapping of choices to motor responses have
identified neuronal representations of abstract choices7–14. However, it is unclear whether
abstract choice representations generalize to choices that are linked to actions.
Empirical results comparing choice signals in action-linked and action-independent
situations are sparse, and do not provide a coherent picture. While some recent work found
perceptual choice representations to depend on the ability to plan motor actions5,10 or response
modality15–17, other previous evidence suggests at least partially overlapping representations of
perceptual choices with specified or unspecified motor actions7. Furthermore, it is not known
how abstract choice representations evolve across the brain because neuronal recordings were
so far limited to only a small number of brain regions in isolation18.
To address this, we investigated human brain activity underlying flexible sensorimotor
choices using magnetoencephalography (MEG). The task design and a multivariate analysis
framework allowed us to pinpoint abstract neural choice signals independently of both sensory
input and motor behavior in an action-linked as well as in an action-independent context.
Abstract choice representations were present in both contexts and indistinguishable between
them, suggesting a general role for abstraction in human decision-making.
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Fig. 1 | Flexible sensorimotor decision-making task. Participants reported the presence of coherent downwards
motion (“yes” or “no”) with a right- or left-hand button press. Mapping between choice and response was
instructed by an informative cue either before (pre-condition, cue 1) or after the stimulus (post-condition, cue 2).
Additionally, there was an irrelevant cue offering no additional information either after (pre-condition, cue 2) or
before (post-condition, cue 1).

Results
Behavior in a flexible sensorimotor decision-making task
We recorded MEG in 33 human participants, while they performed variants of a sensorimotor
decision-making task (Fig. 1). Participants decided whether a dynamic random dot stimulus
contained coherent downwards motion or not. To separate stimulus-related neuronal signals
from choice-related signals, we adapted the stimuli for each participant such that they
performed near threshold. To disentangle choice- and motor response-related signals, we
introduced a flexible mapping between choices and left- or righthand button presses that was
cued on a trial-by-trial basis. For half of the trials, the choice-response mapping was revealed
before stimulus onset (‘pre-condition’), such that emerging choices could immediately be
linked to the appropriate motor response. For the other half (‘post-condition’), we revealed the
mapping after stimulus offset, such that participants had to make abstract choices initially,
before later selecting their motor response. Participants performed equally well on “pre” and
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“post” trials (74 % and 73 % correct; t25 = 1.55, P = 0.13, two-tailed t-test), and neither choice
was preferentially associated with a particular motor response (50 % “right” responses for both
“yes” and “no” choices, t25 = 0.58, P = 0.57 and t25 = -0.09, P = 0.93, two-tailed t-test).

Decoding neuronal representations of stimulus, response and choice-response mapping
For each task condition separately, we quantified neuronal information about the stimulus,
response, choice-response mapping and choice using a multivariate analysis approach (crossvalidated MANOVA19,20). Importantly, this analysis isolated neural information for each
individual variable, independently of the others. Thus, for example, choice information was the
information contained in the neural data about a participant’s perceptual choice independent of
all other variables. We found significant information about all task variables in both conditions
(P < 0.01, cluster-permutation statistics, Fig. 2). Stimulus information rose after stimulus onset
and remained partially present after stimulus offset. Response information built up after
stimulus offset; it did so earlier in the pre-condition where the choice-response mapping was
already known during stimulus presentation. Choice-response mapping information peaked
upon presentation of the relevant cue; after the pre-cue in the pre-condition and after the postcue in the post-condition.
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Fig. 2 | Neural information about the stimulus, response, mapping and choice. Darker lines indicate
information during the post-condition, brighter lines during the pre-condition. Gray lines show the cross-decoding
(‘X-dec.’) between both conditions, dashed gray lines the cross-decoding expected if representations in both
contexts were identical. Horizontal lines denote temporal clusters of significant information (colored lines, P <
0.01, cluster-permutation, one-tailed, N = 26), cross-information (gray, two-tailed) or significantly less crossinformation than expected (dashed gray, one-tailed). Shaded regions indicate SEM.

Abstract choice representations generalize between task contexts
Crucially, we also found information about the perceptual choice (Fig. 2, bottom, P < 0.0001
in both 'pre’ and ‘post’ conditions, cluster permutation). Even though participants’ choices
were related to the presented stimuli and behavioral responses, our analysis framework ensured
that choice information could not be explained by neural variability due to either stimuli or
responses. Thus, choice information was stimulus- and response-independent.
While, in the ‘post’-condition, the required motor action was not specified until after
the stimulus, choices could be immediately mapped to the appropriate response in the ‘pre’5

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.02.323832; this version posted October 2, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

condition. Nevertheless, choice information was present in both conditions with a similar
magnitude and time course (P > 0.05 for all time points, two-tailed t-test), rising during
stimulus presentation and remaining present until the end of the trial. Choice information could
not be explained by eye movements (Supplementary Fig. 1). Thus, choices were represented
abstractly in the human brain, regardless of whether they could be directly linked to an action
or not.
We employed a cross-decoding approach to assess the extent to which these choice
representations were similar between both task conditions. We trained a decoding model on
one task condition and tested it on the other. If the multivariate neural patterns distinguishing
choices were identical in the ‘pre’- and ‘post’-conditions, we would expect the magnitude of
the resulting cross-information to be comparable to the information found within the individual
conditions. If, on the other hand, choices were represented in orthogonal neural populations in
both conditions, cross-information should be much lower or negligible.
Cross-decoding of choices was positive throughout the trial (P = 0.0001, cluster
permutation). Furthermore, the magnitude of cross-information was similar to the magnitude
of choice information in the ‘pre’- and ‘post’-conditions. To quantify this, we derived an
estimate of the expected cross-information under the assumption of identical representations
in both conditions. We found that cross-decoded choice information was never significantly
lower than expected if representations were identical (P > 0.05 for all time points). Thus,
abstract choice representations were not only present but were also shared between an actionlinked and an action-independent choice context.

6

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.02.323832; this version posted October 2, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Fig. 3 | Spatiotemporal dynamics of neural information. a, Time-resolved stimulus (top), response (middle)
and choice (bottom) information in four groups of sources (in descending order of brightness: occipital, temporal,
central, frontal). Data from both hemispheres was averaged. The cortical distribution of information during
different time intervals is shown underneath the time-courses. b, Correlation of the cortical distribution of choice
information with the distribution of peak stimulus information (red) and peak response information (yellow).
Horizontal lines denote temporal clusters of significant information (a, P < 0.05, cluster-permutation, one-tailed,
N = 26) or correlation (Bb P < 0.05, cluster-permutation, one-tailed, N = 26).

Choice representations dynamically shift from sensory to motor areas
We further investigated the properties of neuronal stimulus, choice and response
representations by pooling data from both task conditions. We repeated the decoding analysis
in a searchlight fashion across the cortex to extract the spatiotemporal evolution of neuronal
information about each variable (Fig. 3). During stimulus presentation, stimulus information
was strongest in occipital visual cortex, in line with early visual representations of the sensory
input. After stimulus offset, information remained at a lower level, uniformly across the brain
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(Fig. 3a, top). Response information increased earliest and most strongly in motor areas (Fig.
3a, middle), consistent with preparatory activity related to the upcoming motor response.
The expected cortical distribution and temporal evolution of choice information is less
clear. Choices may be represented in visual areas, consistent with findings of choice
probabilities in sensory neurons reflecting either the effect of sensory noise on decision
formation or high-level feedback onto sensory populations18,21,22. Choice-specific signals may
also be present in motor- and premotor areas, supporting the planning of potential motor
responses7,17,18,23, or in associative areas specialized for decision formation.
We found that the distribution of choice information changed dynamically over the
course of the trial, rising first in occipital areas, before spreading throughout the brain. After
the go cue, choice information remained strongest in parietal cortex and central motor areas
(Fig. 3a, bottom). Given the apparent shift of choice information from occipital areas during
stimulus presentation to central areas during the response phase, we quantified the similarity
the cortical distribution of choice information exhibited with those of stimulus and response
information. We found a significant correlation between the cortical distributions of choice and
stimulus information during stimulus presentation, and between choice and response
information during the response phase (Fig. 3b, stimulus: P = 0.027, response: P = 0.045,
cluster permutation). We found similar results when repeating the searchlight analysis
independently for pre- and post-condition trials (Supplementary Fig. 2).
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Fig. 4 | Relationship between stimulus, choice, and response representations. a, Cross-temporal and crossvariable decoding. Colors indicate neuronal information when trained and tested on any pair of time-points and
variables. Pink outlines indicate clusters of shared information between timepoints and variables (|X-dec.| > 0,
cluster-permutation, P < 0.01, N = 26, two-tailed), blue outlines different representations between timepoints and
variables (|X-dec.| < expected, one-tailed). b, Possible relationships between the representations of two variables.
Points indicate average activity patterns for different conditions, distances between points the strength of
information. Representations may be orthogonal, collinear, or orthogonal but linked with an interaction. c and d,
Cross-variable decoding between choice and stimulus, and choice and response, respectively. Colored lines show
neural information about each variable, gray lines cross-variable information (X-dec.), and dashed gray lines the
expected cross-information if both variables were represented identically. Horizontal lines indicate clusters of
significant information (colored, P < 0.01, one-tailed), or significantly less cross-information than expected
(dashed gray, P < 0.01, one-tailed). e, Response information for “yes” and “no” choices. f, Visualization of the
relationship between stimulus and choice representations, based on the cross-decoding values in (c). Stimulus and
choice are nearly orthogonal. g, Visualization of the relationship between choice and response representations,
including mapping as their interaction, based on (d) and (e). Choice and response representations are nearly
orthogonal, and response representations are equally strong for both choices. Thus, there is no systematic relation
between the patterns encoding choice, stimulus and response.

Temporal stability of neuronal representations
The spatial overlap between choice, stimulus and response information raised the question
whether there were shared representations between stimulus and choice during evidence
accumulation and between choice and response during motor execution, respectively. We used
cross-temporal and cross-variable decoding to test this, and evaluated both the temporal
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dynamics of representations and the relationships between stimulus, choice and response
representations (Fig. 4a).
First, we focused on the temporal dynamics of representations. Cross-temporal
decoding can reveal both time periods of relative stability24, and, when compared to the
expected cross-temporal decoding between identical representations, periods of relative
dynamics25. Stimulus information was initially highly dynamic, but stable after stimulus offset
(Fig. 4a, top left). Given our use of fixed random dot patterns, this was consistent with stimulus
information being driven by two components: During stimulus presentation, information was
likely dominated by moment-to-moment differences in retinal input. After stimulus offset, the
global motion content may have contributed more strongly. Choice information was temporally
more stable; still, early and late choice representations were distinct (Fig. 4a, center), in line
with the spatial shift from sensory to motor areas.

Choice representations are distinct from sensory and motor representations
How did the neuronal representations of different variables relate to each other? The
multivariate patterns that encode any two variables are either orthogonal, indicating nonoverlapping underlying populations, collinear, indicating indistinguishable circuits underlying
both representations, or somewhere in between (Fig. 4b). Furthermore, the representation of
one variable may differ depending on the value of the other, i.e. the two variables may interact.
In the present data, stimulus- and choice representations may depend on identical underlying
circuits. For example, sensory neurons may show the same responses for visually presented as
for imagined motion

13,26

. If such neurons strongly contributed to stimulus- and choice

representations, we would expect positive cross-information between stimulus and choice. In
contrast, if choice and stimulus information were driven by distinct populations, this may result
in no cross-information; Our results were compatible with the latter scenario. There was no
10
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significant cross-decoding between stimulus and choice (Fig. 4a, top center, biggest cluster: P
= 0.2214; Fig. 4c, P > 0.05 for all time points), and cross-decoding was significantly lower
than expected for identical representations (P < 0.0001).
Next, we investigated the relationship between choice- and response representations.
Again, we found no cross-information between the two variables, indicating that neural choice
and response representations did not overlap (Fig. 4d, P = 0.40). After selection of a motor
response, choices may still have been represented as a modulation of the motor signal, e.g.
leading to a relative strengthening of the activity pattern associated with the upcoming motor
response for “yes”-choices compared to “no”-choices. We thus assessed the magnitude of
response information, separately for each choice. However, we found no difference between
both conditions (P = 0.35, cluster permutation, biggest cluster), indicating that even during
response execution, choices were not represented as a modulation of neuronal motor activity.
(Fig. 4e). We further visualized these results geometrically, which well illustrated the
orthogonality of choice- and stimulus-, or choice- and response signals, respectively (Fig. 4fg). In sum, the neuronal circuit patterns underlying choice information in our MEG data were
not shared with those underlying stimulus and response information, even when they were
strongest in similar areas.
Abstract choice signals may also be related to, and caused by, sequential choice biases,
i.e. preceding choices18,27,28. We therefore repeated the analysis including the previous choice
as an additional variable. We found that choice information could not be explained by the
previous choice (Supplementary Fig. 3). While our analysis already excluded the possibility
that choice information was driven by overall differences between stimuli, it could theoretically
still be explained by a difference between correct and error trials for one of the two stimuli. To
eliminate this possibility, we trained the choice decoding model on all trials and evaluated it
separately on correct and incorrect trials. This revealed no difference between both cases. Thus,
11
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choice information could not be explained by choice accuracy (Supplementary Fig. 4). Abstract
choice information was therefore independent of previous choices and accuracy as potentially
confounding variables.

The strength of choice signals predicts decision confidence
These results suggested that choice signals reflected an abstract decision stage which was
neither directly related to stimulus nor to motor representations. According to signal detection
theory, a hallmark of an internal decision variable is its relation to decision confidence29–32.
Such a decision variable would track the available evidence supporting either choice, while
confidence would be computed from the absolute distance to the decision boundary.
To enable us to assess whether the choice signals found here could reflect an internal
decision variable, participants reported their choices with one of two buttons per choice,
thereby additionally indicating their confidence. We repeated our decoding analysis, now
adding decision confidence as an additional variable, and hypothesized that, if choice
information reflected an internal decision variable, it would be stronger when confidence was
high. Indeed, we found significantly stronger choice representations in trials with high
confidence than in those with low confidence (Fig. 5a, P = 0.042, cluster permutation, onetailed). We additionally performed this analysis separately for the pre-cue and post-cue task
conditions, after excluding the factor of response from our model in order to retain a sufficient
number of trials per condition. There was a similar pattern in both tasks (Supplementary Fig.
5, pre: P = 0.013, post: P = 0.02, cluster permutation, one-tailed). This indicates that the
strength of choice representations predicted choice confidence, independently of whether an
action could already be planned or not. Again, we visualized these results geometrically, which
showed an interaction between choice and confidence representations (Fig. 5b). In contrast,
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there was no such relationship between choice confidence and the strength of motor
representations (Fig. 5c, P = 0.40, cluster permutation).

Fig. 5 | The strength of choice representations predicts confidence. a, Time-resolved choice decoding in high
(dark blue) and low (light blue) confidence trials. b, Geometric visualization of choice and confidence
representations and their interaction. Choice information is higher in confident trials, leading to an interaction
between both variables. c, Time-resolved response decoding in high (dark green) and low (light green) confidence
trials. Horizontal lines denote temporal clusters of significant information (colored, P < 0.01, cluster-permutation,
one-tailed, N = 19) or differences in information magnitude (gold) (P = 0.042, cluster-permutation, one-tailed, N
= 19).

Discussion
Studies of the neural basis of sensorimotor decision-making have often neglected abstract,
motor-independent choices33. This is rooted in the fact that many real-world choices appear to
be choices between motor actions1 and in the difficulty of accessing signals representing purely
abstract choices. On the one hand, in animal studies, which provide the majority of evidence
in support of neural circuits selective for specific choice options, behavioral tasks that
13
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disentangle choices from motor responses are very challenging. Non-invasive human studies,
on the other hand, struggle to read out choice contents, and thus mostly provide indirect
evidence for choice-related neural activity. Consequently, studies comparing the representation
of choices in abstract and action-linked contexts are rare. A small number of notable exceptions
have provided inconclusive results5,7,10, thus leaving the role and extent of abstract choice
signals elusive.
By combining non-invasive MEG in humans with an advanced multivariate analysis
framework, we robustly read out abstract choice contents from whole-brain neural activity. In
accordance with current theories31,32, abstract choice representations depended on decision
confidence, appearing to reflect the underlying decision variable. In sum, our findings point to
an important role of abstraction in decision-making, even in a simple task involving a known
sensorimotor mapping.
Abstract choices were not only represented in brain activity when decisions had to be
made abstractly, but also when the sensorimotor mapping was known in advance. Importantly,
choice representations in both task contexts were indistinguishable from one another. While
the fundamental limits of MEG spatial resolution and sensitivity prevent the conclusion that
the underlying circuit representations are identical, this striking similarity requires any
remaining differences between conditions to be small and of a type that MEG is blind to.
Our finding of abstract choice representations generalizing between contexts in which
actions can be planned and those in which they cannot is in line with behavioral evidence
suggesting analogous mechanisms underlying decision-making in action-linked and independent contexts34. Furthermore, recordings in macaque area LIP have found the choice
selectivity of neurons to be similar, regardless of whether a motor action was specified7. Our
results extend this finding to the whole-brain level, indicating that the dominant sources of
choice-selective signals generalize between contexts. This also accords well with research
14
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implicating a centro-parietal positivity (CPP) as an electrophysiological marker of evidence
accumulation35,36. The CPP exhibits several properties of a domain-general, abstract neural
decision variable; however, while it gradually builds up with the absolute amount of evidence,
it has not been shown to carry information about the choice itself. The CPP, as an unsigned
marker of integration, and the specific choice signals found in the present study may reflect
different aspects of the same underlying process.
The cortical distribution of abstract choice signals may be modulated by response
modality. Recent work using fMRI suggested that, for vibrotactile comparisons, abstract choice
representations are present in non-overlapping, modality-specific cortical areas15,16. On the
other hand, direct neural recordings have shown the representation of recognition and
categorization choices in medial frontal cortex to generalize between manual and saccadic
responses12. The accessibility of such modality-independent representations of choice likely
depends on the specific behavioral task and type of neural measurement. Research combining
multiple measurement scales37–39 should help resolving this. Our results only have indirect
implications for the modality-dependence of choice signals because participants eventually
always reported their choice using a button press. Nonetheless, the broad availability of choice
representations across the brain, in conjunction with the shift of the information peak from
visual sensory to motor areas is consistent with the co-existence of modality-independent and
modality-specific components.
Perceptual decisions involve a complex interaction of feedforward and feedback
processes throughout the brain18,40. Here, we found that the spatial peak of abstract choice
information shifted throughout the trial, reflecting the currently relevant stage18,41. This does
not necessitate that choices originate in sensory cortex and are later relayed to motor cortex; in
fact, choices may be computed elsewhere, but be preferentially accessible in currently engaged
areas. The global availability of choice information is in line with either a distributed
15
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computation, or a global broadcast of choice signals18,22. Further studies including invasive and
manipulative approaches are required to pinpoint where and by which mechanisms abstract
choices are computed.
A growing body of evidence has related the formation of action-linked sensorimotor
decisions to activity in motor- and premotor areas2,3,5,23,33,40. Our findings are well compatible
with these results: the presence of an abstract choice stage does not preclude the simultaneous
planning and competition of multiple response options23,42. Indeed, using part of the dataset
described here, we previously found fluctuations in motor cortical activity to predict upcoming
motor responses, independently of the perceptual choice43,44. Taken together, these findings
support a multi-level model of decision-making involving simultaneous evaluation of abstract
choices as well as motor actions45. The relevance of an abstract choice level may be understood
in light of phenomena like perceptual priors46,47, sequential choice biases28,43, or value
computations associated with the choices themselves48, which all require and act on abstract
choice representations. The primate brain, which is able to assess abstract options and treat
decision-making problems as arbitrary categorization11,49, may do so even when not strictly
necessary. Importantly, this can still be reconciled with an intentional framework of decisionmaking, if intentions are not only about actions, but also rules, or activations of neural circuits
in general31,45.
We conclude that an abstract choice stage may be universally present in human
perceptual decision-making, enabling the evaluation of motor-independent choice options even
during embodied decisions.
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Online Methods
MEG recordings
Participants
33 healthy, right-handed human volunteers (18 female; mean age: 28 years; 3 years SD)
participated in this study and received monetary reward. All participants had normal or
corrected-to-normal vision and gave written informed consent before participating. The study
was conducted in accordance with the Declaration of Helsinki and approved by the ethics
committee of the University of Tübingen.

Behavioural task & Stimuli
Participants performed a flexible sensorimotor decision-making task. In each trial, they had to
decide whether a random dot kinematogram contained coherent downwards motion or not and
reported their choice with a left- or righthand button press. Crucially, the mapping between
response hand and choice varied on a trial by trial basis. Moreover, the mapping was either
revealed before (pre-condition) or after (post-condition) the stimulus. Additionally, an
irrelevant cue was presented after (pre-condition) or before (post-condition) the stimulus.
Participants started a trial by acquiring fixation on a fixation spot. After a fixation period,
the first cue appeared for 250 ms, followed by a delay of 1000 ms, the presentation of the
random dot stimulus for 2000 ms, another 1000 ms delay and the second cue for 250 ms. A
third 1000 ms delay was followed by a 33 ms dimming of the fixation spot, which served as
the go-cue for the participant’s response. The response consisted in a button press using the
left or right index finger, according to the choice and the choice-response mapping. Participants
chose one of two buttons on either side to indicate whether they were confident in their choice
or not. 250 ms after their response, participants received a 100 ms visual feedback (centrally
presented circle, 2.1 degree diameter, red for incorrect or green for correct).
17

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.02.323832; this version posted October 2, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

The random dot stimuli consisted of 1500 white dots with a diameter of 0.12 degrees,
presented in an 8.5 degree diameter circular aperture on a black background. Dots moved at a
speed of 10 degrees per second. For each participant, we used only two stimuli: First, a target
stimulus, in which, on each frame, a fraction of dots moved coherently downwards, whereas
the rest moved in random directions. Secondly, a noise stimulus, in which all dots moved in
random directions. The motion coherence of the target stimuli was titrated to each participant’s
individual perceptual threshold using a staircase procedure. Choice-response cues and
irrelevant cues all had the same luminance and size (0.85 degree diameter).
Each participant took part in two recording runs of one of two task versions which
differed in the details of the choice-response cue as well as the confidence report. Participants
1-20 performed version A: here, the choice-response cue consisted of a centrally presented red
or green square (yes=right hand: green; yes=left hand: red), whereas the irrelevant cue was a
blue square. The outer button always indicated a confident, the inner one an unconfident
choice. In this version, the fixation baseline at the beginning of each trial lasted 1500 ms. Each
recording run consisted of 400 randomly ordered trials, of which 120 were pre-cue trials, 120
post-cue trials, and 160 belonged to one of two control conditions not reported here.
Participants 21-33 performed version B: here, the choice-response cue consisted of two vertical
rectangles (yes=right hand: left rectangle mint, right rectangle pink; yes=left hand: left
rectangle pink, right rectangle mint) forming a square, whereas the irrelevant cue consisted of
two horizontal rectangles (upper: pink, lower: mint). The confidence mapping (inner or outer
button for confident / unconfident responses) was changed in each recording run. Here, the
fixation baseline was 1000 ms. Each run consisted of 400 randomly ordered trials, 200 of which
were pre-cue and 200 post-cue trials.
To ensure that participants were performing both task conditions well, we computed
overall accuracy as the percentage of correct trials. We used a two-tailed paired t-test to test
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whether accuracy was different between task conditions. To make sure participants did not
systematically associate one of the motor responses with one of the choices, we computed the
percentage of “right” button presses for “yes”- and “no” choices separately and compared both
against 50% using two-tailed t-tests.

Setup & recording
We recorded MEG (Omega 2000, CTF Systems, Inc., Port Coquitlam, Canada) with 275
channels at a sampling rate of 2,343.75 Hz in a magnetically shielded chamber. Participants
sat upright in a dark room, while stimuli were projected onto a screen at a viewing distance of
55 cm using an LCD projector (Sanyo PLC-XP41, Moriguchi, Japan) at 60 Hz refresh rate.
Stimuli were constructed offline and presented using the Presentation software
(NeuroBehavioral Systems, Albany, CA, USA). To ensure continuous fixation, we recorded
eye movements using an Eyelink 1000 system (SR Research, Ottawa, Ontario, Canada).

MEG preprocessing and source analysis
Preprocessing
We low-pass-filtered MEG and eye-tracking data at 10 Hz (two-pass forward-reverse
Butterworth filter, order 4) and down-sampled to 20Hz. Trials containing eye-blinks were
rejected. We chose not to apply a high-pass filter in order to avoid filter artefacts 50. At the
same time, we could not use a baseline correction as choice effects could plausibly be driven
by previous trials. We thus used robust detrending

51

to remove polynomial trends from the

MEG data, but not the eye tracking data, in a piecewise fashion (600 s pieces, removal of linear
trend followed by 10th order polynomial). Data of three participants was rejected due to metal
artifacts.
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Source reconstruction
For source reconstruction based on each participant’s individual anatomy, we recorded
structural T1-weighted MRIs (echo time (TE) = 2.18ms, repetition time (TR) = 2.3 ms,
longitudinal relaxation time (T1) = 1.1 ms, flip angle = 9°, 192 slices, voxel size 1x1x1 mm3)
with a Siemens 3T Tim Trio scanner and a 32 channel Head Coil. We generated single-shell
head models 52 and estimated three-dimensional (x, y and z-direction) MEG source activity at
457 equally spaced locations 7 mm beneath the skull, using linear spatial filtering

53

. We

retained, for each source, activity in all three directions and concatenated the data of the two
separate recording runs per participant. For all subsequent analyses, we used subsets of this
1371-dimensional source space: for most whole-head decoding analyses we selected 229
approximately equally distributed sources, for each of which we summed the three dipole
directions in order to decrease the dimensionality. The only exception was the whole-head
decoding analysis including the previous choice (Supplementary Fig. 3); due to the lower
number of trials that could be included in this analysis and the resulting lower number of
degrees of freedom, we only used 115 sources. Due to the inherently low spatial resolution of
MEG, which leads to a much lower effective dimensionality than the number of measurement
channels 54, these sub-selections were unlikely to significantly affect the results. For searchlight
analyses, we used each of the 457 sources’ immediate neighbors, including all 3 dipole
directions.

Multivariate decoding analyses
Task variables and cross-validation scheme
The experimental design resulted in a number of variables of which each trial instantiated a
combination. For each trial, we defined the task (pre- or post-cue), stimulus (target or noise),
response (left or right hand button-press), mapping (target = left or target = right), choice
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(yes/target or no/noise), accuracy (correct or incorrect) and confidence (high or low). Not all
of these variables were independent of each other: for a given stimulus and choice, accuracy is
fixed; and for a given choice and mapping, response is fixed. Thus, 5 independent variables
giving rise to 32 conditions remained. While those variables under experimental control (task,
stimulus, mapping) were fully balanced, those dependent on the participants’ behavior (choice,
response, confidence, accuracy) were not, leading to a non-uniform sampling of conditions. To
ensure an accurate estimation of neural information about each variable, independent of the
others, we implemented an n-fold cross-validation scheme, where n was the lowest trial count
per condition. Thus, for each cross-validation fold, both training and test data contained trials
of all conditions. In order to decrease the dependence of our results on a particular random
partition into folds, we repeated each analysis 10 times, with different random seeds. All results
were averaged across these random seeds before further processing.
Due to the variability in behavioral responses, as well as the rejection of trials containing
eyeblink artefacts, we did not retain sufficient trials from each condition for all participants.
For our main analyses (Fig. 2, Fig. 3, Fig. 4, Supplementary Fig. 1, Supplementary Fig. 2,
Supplementary Fig. 4), including task, stimulus, choice, response, mapping and accuracy as
variables, data from 26 participants had sufficient trials. When additionally including
confidence as a variable, but neglecting the task condition (Fig. 5), we retained 19 participants.
To assess the effect of confidence separately for both task conditions (Supplementary Fig. 5),
we used all variables apart from response, leading again to 19 useable participants. To assess
the effect of the previous choice in relation to the current choice (Supplementary Fig. 3), we
neglected the task condition as well as confidence, and included stimulus, choice, response,
mapping, accuracy, and previous choice. This left us with data from 22 participants. For all
decoding analyses, we combined source level data from both recording runs per participant.
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To do so, we normalized the data per channel, time point and run over trials, and then
concatenated data of both runs.

Cross-validated MANOVA
We used cross-validated MANOVA (cvMANOVA; 11, 12) to estimate the amount of
information in multivariate MEG data about the task variables of interest. Here, we
implemented cvMANOVA for time-resolved data, including the capability of cross-decoding
by training and testing the model on different time points, variables, or levels of any variable.
To this end, we first estimated a baseline noise covariance matrix, using trials from all unique
conditions. We then “trained” the model by estimating contrasts of beta weights of each unique
condition in a cross-validation fold’s training set, and “tested” it by estimating contrasts of beta
weights in the fold’s test set. An estimate of true pattern distinctness was computed as the dot
product of these contrasts, normalized by the noise covariance:

1 1
34
1
34
𝐷 = 𝑡𝑟𝑎𝑐𝑒 ( 𝐵,-./0
𝐶,-./0 𝐶,-./0
𝑋,67,
𝑋,67, 𝐶,-./0 𝐶,67,
𝐵,67, 𝛴 34 9
𝑛

where Xtest is the design matrix indicating the unique condition of each trial in the test set, Ctrain
is the contrast vector the model is trained on, Ctest the test contrast vector and 𝛴 34 the inverted
noise covariance matrix. Btrain and Btest contained the regression parameters of a multivariate
general linear model

34
𝐵,-./0 = 𝑋,-./0
𝑌,-./0

34
𝐵,67, = 𝑋,67,
𝑌,67,
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where Ytrain and Ytest are the training and test data sets. The inverted noise covariance matrix
𝛴 34 was estimated using data from a baseline timepoint (-0.5s with respect to the onset of the
first cue):

34
𝐵,-./0;< = 𝑋,-./0
𝑌,-./0;<

Ξ = 𝑌,-./0;< − 𝑋,-./0 𝐵,-./0;<

Σ 34 = (𝑓𝐸 − 𝑝 − 1) ∙ (Ξ 1 Ξ )34

with fE being the degrees of freedom and p the number of sources used. 𝛯 was regularized
towards the unity matrix using a regularization parameter of 0.05.
While cvMANOVA technically constitutes an encoding framework – modelling data
variability due to experimental variables – it shares many similarities with commonly used
multivariate decoding methods55. Notably, cvMANOVA uses out-of-sample cross-validation
to provide a measure of the information contained in neural data about the variables of interest.
These estimates can, in principle, also be used to decode experimental variables on individual
trials. Due to this close relationship, and to highlight the link to the extensive multivariate
decoding literature, we often refer to our results as decoding results.

Cross-decoding
To achieve cross-condition decoding, we constructed contrast vectors Ctrain and Ctest to only
contain the conditions to be trained or tested on, respectively. We applied this to estimate neural
information within and across the two task conditions (pre and post), as well as the two
confidence levels, and the two choices. Additionally, we also used a model trained on all trials,
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and tested it separately on correct and incorrect trials. To estimate whether information was
shared between timepoints, we computed the pattern distinctness when using regression
parameters Btrain from one time point, and Btest from another. We repeated this for every pair of
time points. In order to assess whether two variables shared a common representational space,
we used cross-variable decoding. We implemented this by using a training contrast Ctrain
differentiating between the levels of one variable, and a test contrast Ctest differentiating
between the levels of another. Before further processing, all decoding timecourses were
smoothed using a Hanning window (500 ms, full width at half maximum). Time-time
generalization matrices were smoothed using a 2-dimensional, 100 ms Hanning window.

Geometric visualization of representational similarity
We reconstructed low-dimensional geometric representations of neural activity in multiple
conditions using the decoding results. Decoding- and cross-decoding values between multiple
variables define the distances and angles of condition difference vectors. We used these to plot
subsets of conditions in 2D-spaces.

Searchlight analysis
We repeated our main analysis in a searchlight fashion, in order to estimate the spatiotemporal
distribution of neural information throughout the trial. For each of the 457 sources, we used
cvMANOVA on that source as well as its immediate neighbors, including all 3 dipole
directions. In order to maintain comparability between sources, we normalized the resulting
pattern distinctness values by the square root of the size of the searchlight 19,20. After averaging
over both hemispheres, we split the searchlight decoding results of all 457 sources into four
distinct groups (occipital, temporal, central, frontal) and averaged within each of these areas,
to show the spatiotemporal dynamics of neural information. To quantify a shift in choice
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information from sensory to motor areas, we correlated, for each participant, the cortical
distribution of choice information during each timepoint with the distribution of stimulus
information during stimulus presentation (1.25 s to 3.25 s), and with the distribution of
response information during response execution (from 5.5 s). Statistical significance was
assessed using one-tailed cluster-permutation tests.

Expected cross-decoding
The maximal amount of shared information between two contexts depends on the amount of
information available in each individual context. Thus, in order to assess whether two
representations are different, the strength of both representations has to be taken into account
and compared with the strength of the shared representation. We thus estimated the expected
cross-decoding

𝐸4H = I|𝐷4 𝐷H | ∙ 𝑠𝑖𝑔𝑛(𝐷4 ) ∙ 𝑠𝑖𝑔𝑛(𝐷H )

where D1 and D2 denote the pattern distinctness in the two contexts. The cross-decoding D12
between both contexts would be expected to approach E12 for identical representations. Any
cross-decoding values smaller than E12 indicate that the representations are not fully
overlapping.

Eye movement control
While we ensured continuous fixation using an online eye movement control at the beginning
of each trial, small eye movements can still plausibly confound MEG signals

56

. We thus

repeated our main decoding analysis (Fig. 2) using eye-tracking data. For this purpose, we
selected the x-position, y-position, and pupil size signals and averaged them over both eyes.
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Additionally, we computed the eye position eccentricity as sqrt(x2+y2). We then applied the
same decoding analysis using cvMANOVA, using these 4 channels. We split the 26
participants into the 13 with the highest and lowest choice information in their eye signals,
respectively. This revealed that in a subset of participants eye signals were predictive of choice.
To test whether this could plausibly explain the neural choice information, we compared the
choice decoding timecourses in both splits. As neural choice decoding was, if anything, weaker
in those participants with higher choice decoding from the eye signals, the neural decoding was
unlikely to be explained by eye movements (Supplementary Fig. 1).

Statistical analysis
We assessed the statistical significance of information using cluster-based sign permutation
tests. After determining temporally contiguous clusters during which pattern distinctness was
higher than 0 (one-tailed t-test over participants, P < 0.05), we randomly multiplied the
information time-course of each participant 10,000 times with either 1 or −1. In each random
permutation, we re-computed information clusters and determined the cluster-mass of the
strongest cluster. Each original cluster was assigned a p-value by comparing its size to the
distribution of sizes of the random permutation’s strongest clusters. The same procedure was
used for cross-decoding analyses, however using two-tailed t-tests as true cross-decoding can
also be negative. We also tested differences in information using this strategy, namely between
response information during “yes” and “no”-choices (Fig. 4e), between choice or response
information in high and low confidence trials (Fig. 5a, b; Supplementary Fig. 5), and between
choice information in correct and incorrect trials (Supplementary Fig. 4). To determine whether
two representations were significantly different, we tested whether the empirical crossdecoding was smaller than the expected cross-decoding, again using cluster-based sign
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permutation tests. Cross-temporal generalization and dynamics were assessed analogously,
however using two-dimensional clusters.

Software
All analyses were performed in MATLAB, using custom code as well as the Fieldtrip57 and
SPM toolboxes.

Data and materials availability
Preprocessed MEG data and analysis code to reproduce all reported results is available from
the authors on reasonable request.
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Supplementary Figures

Supplementary Figure 1 | Choice information in eye-tracking data. a, Choice information contained in eye
traces (x and y position, eccentricity, and pupil size), split into the 13 participants with the highest decoding values,
and the 13 participants with the lowest. Eye traces were thus predictive of choice in a subset of participants. b,
Choice information contained in MEG data, split into the same groups as in (a). Participants in whom the eye
traces were predictive of choice did not show stronger decoding of choice from MEG data (one-tailed t-test, P >
0.05 for all timepoints). This indicates that choice information in MEG was not driven by eye movements or pupil
size. c, There was no positive across-subject relationship between the amount of choice information contained in
eye traces and the amount of choice information contained in MEG data.
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Supplementary Figure 2 | Spatiotemporal dynamics of choice information, split by task. a, cortical
distribution of choice information during pre-cue trials. b, Correlation of the cortical distribution of choice
information with the distribution of peak stimulus information (red) and peak response information (yellow)
during pre-cue trials. c and d, same as (a and b), during post-cue trials. Horizontal lines indicate clusters of
significant correlation (cluster permutation, P < 0.05, N = 26).

Supplementary Figure 3 | Previous choice information. There was no significant information about the
previous choice, and information about the current choice remained significant when including previous choice
as a variable. Horizontal lines indicate clusters of significant information (cluster permutation, P < 0.01, N = 22).
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Supplementary Figure 4 | Choice information cannot be explained by accuracy. A model trained on all trials,
but tested separately on correct and incorrect trials shows no difference between the two (two-tailed t-test, P >
0.05 for all timepoints). Horizontal lines indicate clusters of significant information (cluster permutation, P <
0.01, N = 26). Thus, choice information cannot be driven by accuracy.

Supplementary Figure 5 | Confidence modulates the amount of choice information in both task conditions.
a, Time-resolved choice decoding in high (dark blue) and low confidence trials (light blue), respectively, during
pre-cue trials. b, same as in (a), but during post-cue trials. Horizontal lines denote temporal clusters of significant
information (colored) or differences in information magnitude (gold) (P < 0.05, cluster-permutation, one-tailed,
N = 19).
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