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SUMMARY

The understanding of the neurobiological basis of perceptual decision-making has
been profoundly shaped by studies in the monkey brain in tandem with mathe-
matical models, providing the basis for the formulation of an intentional account
of decision-making. Although much progress has been made in human studies, a
characterization of the neural underpinnings of an integrative mechanism, where
evidence accumulation and the selection and execution of responses are carried
out by the same system, remains challenging.
Here, by employing magnetoencephalographic recording in combination with an
experimental protocol that measures saccadic response and leverages a system-
atic modulation of evidence levels, we obtained a spectral dissociation between
evidence accumulation mechanisms and motor preparation within the same brain
region.
Specifically, we show that within the dorsomedial parietal cortex alpha power
modulation reflects the amount of sensory evidence available while beta power
modulations reflect motor preparation, putatively representing the human ho-
molog of the saccadic-related LIP region.
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INTRODUCTION

Perceptual decision-making is classically defined as the ability to convert a sensory input from the external

environment into an appropriate course of action (Rilling and Sanfey, 2011). Theoretical accounts have postu-

lated an integrative mechanism of evidence accumulation toward a response-boundary as a basis for this

sensory-motor transformation (Smith and Vickers, 1988). According to drift-diffusion models in particular,

decisions are based on amechanism of accumulation of (noisy) sensory information until a response boundary

is reached; the rate of this evidence accumulation process increases as a function of the quality of information

or sensory evidence extracted from the stimulus (Ratcliff and Smith, 2004; Ratcliff and McKoon, 2008).

Beyond theoretical implications, thesemodels have been successfully used to interpret neurophysiological

recordings in active-behavingmonkeys that performed simple perceptual decision-making tasks (Gold and

Shadlen 2007, review). For example, using a random dot motion (RDM) stimulus in which the direction of

motion was indicated by a saccadic eye movement, Shadlen and colleagues (Shadlen and Newsome,

1996; Shadlen and Newsome, 2001) were able to show that both the monkey’s behavioral performance

and the firing rate of saccadic-related LIP neurons during the RDM task were well described by a bound-

ary-crossing noisy accumulation process. Specifically, consistent with the representation of a decision var-

iable that guides the transformation of sensory evidence into a motor response, a build-to-threshold ramp-

like activity was observed in LIP neurons during perception of the RDM stimulus. Therein, the rate of that

activity build-up was parametrically modulated by the variation in sensory evidence of the motion stimulus.

These findings provided the basis for the formulation of an intentional account of decision-making, accord-

ing to which decisions are represented in the same systems devoted to the planning/execution of the mo-

tor response, i.e., decisions are indivisible from the way they are reported (Shadlen et al., 2008).

Recently, several efforts to characterize the neural mechanisms of decision-making in the human brain

have been undertaken (Meindertsma et al., 2017; Kelly and O’Connell, 2015). Applying analyses of
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single-trial EEG data, O’Connell and colleagues (2012) (O’Connell et al., 2012) were able to demonstrate a

similar evidence accumulation process over time in human neural activity, leveraging the high temporal res-

olution afforded by EEG. Seminal fMRI studies have further shown that human decision-making hinges on

modulation of activity in sensory-motor areas (Heekeren et al., 2004, 2008; Tosoni et al., 2008, 2014; Liu and

Pleskac, 2011; Ploran et al., 2007). What is still missing is a succinct spatio-temporal characterization of this

evidence accumulation process in humans, which can be addressed withMEG, an imagingmethod that can

provide high temporal and spatial resolution.

The need for high spatiotemporal resolution in the characterization of neural underpinnings of decision-

making is further highlighted by studies that investigate the spectral properties of perceptual detection

tasks (Haegens et al., 2014, 2011; Spitzer and Blankenburg, 2011). Indeed, stimulus detection tasks have

identified two functionally distinct neural correlates in the alpha and beta frequency bands, as they typically

show an alpha power decrease and/or a beta power increase. The role of alpha band activity suppression is

classically defined in terms of mechanisms of neural facilitation or engagement (D’Andrea et al., 2019; Jen-

sen and Mazaheri, 2010) whereas the role of beta band activity is often interpreted in terms of recruitment

of the sensorimotor system (Buchholz, 2014; Pfurtscheller and Lopes da Silva, 1999).

A key challenge that emerges from the nature of motor planning tasks in humans and non-human primates

is that the motor response and the decision variable are typically correlated. This has made it notoriously

difficult to arbitrate between neurophysiological correlates that are involved in evidence accumulation and

motor preparation. Indeed, the distinct functional roles of alpha and beta oscillatory dynamics during the

decision-making process still need clarification: it remains unanswered how the neural signals for the rep-

resentation of a decision variable and the planning/execution of the selected responses reciprocally and

continuously co-operate to generate appropriate behavior.

This issue is further exacerbated by the disruptive nature of hand motor responses on the MEG and EEG

signals. Indeed, the hand motor responses might exhibit larger interference with our ‘‘signal of interest’’,

i.e. alpha/beta band activity during the decision interval. A MEG study that leverages oculomotor

responses can help reducing confounds in the result interpretation.

In this study, we apply a continuous version of the RDMdecision-making task that is designed to investigate

a freely evolving decision-making signals in a naturalistic view and to disentangle motor preparation pro-

cesses from evidence accumulation processes.

By requiring participants to make a saccadic eye movement (leftward or rightward) under varying rates of

evidence accumulation, we closely mirror paradigms that have been applied in studies on non-human

primates.

This paradigm, together with the good spatial and high temporal resolution of MEG, made it possible to

derive a characterization of evidence accumulation and motor preparation in time and space; our results

demonstrate a spectral dissociation within the same cortical region between mechanism of evidence accu-

mulation in the alpha band and a mechanism of saccadic planning, i.e., planning of the selected decision

outcome, in the beta band.
RESULTS

MEG data were acquired from sixteen subjects performing a continuous version of the classical random dot

motion task (Newsome et al., 1989) (Figure 1A). During the task, participants were instructed to maintain cen-

tral fixation while monitoring a cloud of incoherently moving dots for intermittent targets. Targets were

defined by 1.9 s periods of coherent motion in the leftward or rightward direction (30%, 60%, or 90% of motion

coherence) within otherwise incoherent dot motion. Participants were instructed to detect these intermittent

periods of coherencemotion occurring every 3.3, 6.6, or 8.4 s on average within the RDM stimulus by perform-

ing a saccadic eye movement in the corresponding motion direction (i.e., leftward, rightward).

Data analysis at the behavioral level was conducted to determine the effect of sensory evidence (30%, 60%,

or 90% of motion coherence) on accuracy and latency of the response times to the motion-direction target

stimulus. Data analysis at the neural level investigated power modulations of the MEG signal as a function

of sensory evidence.
2 iScience 25, 105246, October 21, 2022



Figure 1. Paradigm and behavioral results

(A) Schematic illustration of one block of the continuous version of the random dot motion paradigm in which a cloud of incoherently moving dots is

monitored by the subjects for intermittent targets of 1.9 s of coherent motion in the leftward or rightward direction. Participants indicate the leftward or

rightward motion with a saccadic eye movement.

(B) Violin plots for (top) average across trials of detection accuracy, and (bottom) reaction time for each coherence level (easy, intermediate, hard); the white

dot and the thick whiskers denote the median value across subjects and the range from the 25th to the 75th percentile, respectively. A significant main effect

of evidence is observed on both measures of accuracy (F(2,30) = 55.39, p < 0.00005) and reaction time (F(2,30) = 21.98, p < 0.00005). The significant difference

between all the conditions is confirmed by multiple comparison Bonferroni post-hoc tests (hard vs. intermediate vs. easy; accuracy: all p < 0.02; RTs: all

p < 0.04).
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Accuracy and reaction times are parametrically modulated by the sensory evidence

Assessment of the task’s behavioral performance was based on analysis of the electro-oculographic (EOG)

signal recorded during the RDM task (compare Methods). In particular, since a strong overlap (about 85%)

was observed between target detection and target classification (i.e., correct detection vs. correct discrim-

ination of the coherent motion target stimulus), task accuracy was defined on the basis of the percentage of

correctly detected target stimuli. Target detection was classified according to the presence of a saccadic

eyemovement, i.e., sustained EOG amplitudemodulations preceded by a rapid signal increase, during the

2150 ms interval from the target stimulus (i.e., coherent motion) presentation. Similarly, detection times

were estimated by computing the time lag between the onset of the coherent target stimulus and the

EOG amplitude modulation.

As displayed in Figure 1B, the results of EOG analysis indicate that both indices of performance are

parametrically modulated by the level of sensory evidence informing the saccade. In particular, the behav-

ioral results indicate that changes in detection accuracy followed changes in target evidence (range from

30% to 90% of coherent motion) employed in our study. Indeed, as shown by a repeated-measures ANOVA

with sensory evidence (hard, intermediate, and easy) as a factor, the parametric modulation by the amount

of sensory information informing the decision was statistically confirmed by a main effect of evidence on

both indices of performance measures (accuracy: F(2,30) = 55.39, p < 0.00005; RT: F(2,30) = 21.98,

p < 0.00005) and by a significant difference between all the conditions (multiple comparisons Bonferroni

post-hoc tests; hard vs. intermediate vs. easy; accuracy: all p < 0.02; RTs: all p < 0.04).

Occipito-parietal regions exhibit an alpha band desynchronization during coherent motion

To explore the neural underpinnings of decision formation in this continuous detection paradigm, as a first

step, we investigated frequency-specific power modulations associated with the intermediate condition, a

condition that entails both an intermediate level of sensory stimulation and a corresponding behavioral

performance, under the rationale that this condition acts as a spatial and temporal (frequency) ‘‘localizer’’.

To this end, a sensor-level time-frequency (TF) analysis was performed for each subject and valid response

trials (i.e., target detection) in the post stimulus interval (0–2150 ms), time-locked to the target stimulus
iScience 25, 105246, October 21, 2022 3



Figure 2. a band desynchronization locked to the target stimulus onset

(A) Group averaged time frequency (TF) plots of power modulations in the target interval (0–2150 ms) with respect to incoherent motion baseline (500 ms

prior to the target stimulus onset) in the intermediate coherence level, averaged over frontal and temporal sensors (top), central sensors, and over parietal

and occipital (bottom) sensors. On the x axis, time is represented such that zero corresponds to the target stimulus presentation.

(B) Group averaged topographical representation of significant alpha power decrease in the intermediate level versus baseline over the parieto-occipital regions.

(C) Group averaged source level representation of alpha band power decrease in the intermediate level versus baseline. The results of the permutation test

based on pared-sample t-statistics, with cluster-basedmultiple comparison correction, show a sustained alpha powermodulation (decrease), with respect to

the baseline, specific for the parieto-occipital areas after the target stimulus presentation.
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onset, and baseline corrected with respect to incoherent motion (500 ms interval prior to the target onset).

As illustrated in Figures 2A and 2B, the results show a sustained alpha power modulation (8–12 Hz) over the

occipital and parietal sensors. Since the analysis was conducted with respect to the baseline interval of

incoherent motion direction, this modulation well qualifies as an event-related desynchronization (ERD)

in the alpha band. Notably, in addition to the alpha ERD, the TF representation also shows a beta power

modulation with respect to the baseline in the same interval. Specifically, a beta power ERD was also

observed starting after the target stimulus onset (�500 ms) followed by a sustained beta event-related syn-

chronization (ERS) in a typical ERD/ERS mode (Figure 2A).

To localize the cortical generators of the sustained alpha ERDmodulation observed during presentation of

the target stimulus, we next conducted a source reconstruction of the MEG signal using the exact low-res-

olution brain electromagnetic tomography (eLORETA) inverse method (Pascual-Marqui et al., 2011).

As displayed in Figure 2C, the results showed that the alpha band ERD observed during the post-stimulus

interval wasmostly localized in dorsomedial regions of the occipito-parietal cortex (permutation test based

on paired-sample t-statistics with cluster-based multiple comparison correction). In particular, the activity

modulation associated with perceptual decisions of intermediate difficulty (i.e., 60% accuracy) was most

robustly observed in regions along the parieto-occipital sulcus (POs) and the precuneus extending laterally

and dorsally into the intraparietal sulcus. Note that having taken into account the entire post-stimulus in-

terval (0–2150 ms) could only have affected our results by weakening the statistical effect, whereas the fact

that the effect is still significant means that it is strong and stable over time and across subjects.

Taking into account the target stimulus interval, the observed power modulation persisted over time

including the saccadic response execution interval, thus possibly confounding the discrimination between
4 iScience 25, 105246, October 21, 2022



Figure 3. a band desynchronization locked to saccadic response onset

(A) Group averaged time frequency (TF) in the backward interval from response execution to stimulus onset corrected to baseline (500 ms prior to the

stimulus onset) in the intermediate coherence level averaged over frontal and temporal sensors (top), central sensors (middle), and over parietal and

occipital sensors (bottom). On the x axis, time is represented such that zero corresponds to the onset of the saccadic response.

(B) Group averaged topographical representation of significant alpha power decrease in the intermediate level versus baseline over the parieto-occipital

regions.

(C) Group averaged source level representation of alpha band power decrease in the intermediate coherence level versus baseline. The results of the

permutation test based on pared-sample t-statistics, with cluster-based multiple comparison correction, show that the sustained alpha power

desynchronization, specific for the parieto-occipital sensors, occurs independently from the saccade execution.
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oculomotor- vs. decision-related activity. To disentangle the two types of modulations, an additional TF

analysis was conducted time-locking to the onset of the saccadic response. Specifically, a second time fre-

quency analysis was conducted on the baseline corrected (500 ms interval prior to the target onset) back-

ward interval from response execution to stimulus onset. As shown in Figure 3A, the results of this second

analysis replicated the significant occipito-parietal alpha power desynchronization observed in the original

TF analysis. The MEG source-level analysis (Figure 3C) further confirmed the cortical localization of this ac-

tivity in dorsomedial regions of the occipito-parietal cortex (cluster-based multiple comparison correction)

identified in the first source-level analysis. These results suggested that the alpha ERD observed in the in-

terval of the motion target stimulus was unlikely to be explained by the motor component associated with

execution of the saccadic response.

Finally, as for the alpha ERDmodulation, the response-locked analysis on beta power modulations provided a

replication of the results obtained in the corresponding forward analysis. Specifically, a typical beta ERD/ERS

pattern was again observed in the backward interval from response execution, with a beta desynchronization

followed by a sustained beta power synchronization after onset of the saccadic eye movement.

Alpha bandmodulation in parieto-occipital cortex underpins a behaviorally relevant evidence

accumulation process

To explore the functional role of the previously observed alpha band power modulation, we used a sliding

window approach to assess the alpha signal modulation and temporal evolution as a function of the two

extreme evidence levels (easy vs. difficult decisions). This analysis was conducted in the parieto-occipital

regions extending from parieto-occipital sulcus areas and dorsally to the intraparietal sulcus identified

in the ‘‘localizer’’ source space analysis of power at the intermediate coherence level.
iScience 25, 105246, October 21, 2022 5



Figure 4. a band modulation reflects a sensory evidence accumulation process

(A) Time evolution of the alpha power modulation in the easy and hard coherence levels locked to the onset of the target stimulus in the dorsomedial regions

of the occipito-parietal cortex. The plot highlights that in the easy level of the task (green trace), the alpha power ERD is larger with respect to the hard

coherence level (violet trace). On the x axis, zero defines the onset of the stimulus presentation. The two traces significantly differ (p = 2*10�4, permutation

test, with cluster-based multiple comparison correction) for a time range from 0.31 s to 1.32 s (indicated by the black horizontal solid line) after the target

stimulus presentation. The vertical green and violet solid lines indicate the response time (average across subjects) in the easy and in the hard coherence

levels, respectively; the shaded areas denote the standard error of the mean.

(B) Time evolution of the alpha power modulation in the easy and hard coherence levels locked to response onset (0s on the x axis) in the dorsomedial

regions of the occipito-parietal cortex. The plot highlights that in the easy level of the task (green trace), the alpha power decrease is larger than in the hard

coherence level (violet trace). The two traces significantly differ (p = 0.003, permutation test, with cluster-based multiple comparison correction) for a time

range from �0.29 s before the onset of the saccadic execution to 0.77 s after the saccadic response execution (indicated by the black horizontal solid line).

The vertical green and violet solid lines indicate the stimulus onset time (average across subjects) for the easy and in the hard condition, respectively; the

shaded areas denote the standard error of the mean.

(C) Spearman correlation between the difference in the drift rate of the time evolution of alpha power modulation in the hard condition and the drift rate in

the easy condition, and the difference of reaction times between the hard and the easy conditions. A significant positive correlation is observed (rho = 0.56,

p = 0.025), indicating that subjects that feature a larger difference in reaction times (hard vs. easy) also feature a larger difference in the rate of reduction of

alpha power (hard vs. easy).

(D) Spearman correlation between the difference the drift rate of the time evolution of alpha power in the hard condition and the drift rate in the easy

condition, and the difference in the accuracy with which the task was performed in the hard condition with respect to the easy condition. A significant

negative correlation is observed (rho = �0.60, p = 0.015), indicating that subjects that feature a larger difference in detection accuracy (hard vs. easy) also

feature a larger difference in the rate of reduction of alpha power (hard vs. easy).

(E) Source-level representation of the alpha power difference in the hard versus easy condition. The map shows the source level representation of the

difference between the alpha power decrease in the hard coherence level versus the easy coherence level, averaged in the time interval [-0.29 0] s where 0 s

indicates the stimulus presentation. The black boundaries represent the bilateral saccadic related areas selected on the basis of an fMRI localizer task. The

map shows that alpha power is higher in the hard coherence level with respect to the easy one in the lateral intraparietal regions
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The occipito-parietal alpha power modulation during the hard and easy conditions, plotted as a function of

time from the stimulus onset (t = 0 ms), is displayed in Figure 4A.

Notably, following an initial peak of activity observed soon after the onset of the coherent stimulation,

which was common to both evidence levels, a progressive desynchronization (i.e., a power decrease)

was observed during the target stimulus presentation, and thus during decision formation. The easy con-

dition (Figure 4A, green line) displayed a significantly higher rate of alpha band desynchronization over

time than the hard condition (Figure 4A, violet line), until the response was made (Figure 4A, green and

violet vertical lines representing easy and hard conditions, respectively). A cluster-based permutation

test, with a multiple comparison correction, confirmed the significantly larger desynchronization in the

easy vs. hard condition (p = 2*10�4).

Although the analysis of the temporal evolution of alpha band power modulation indicated that the diver-

gence between the easy and the hard conditions was observed soon after target stimulus onset (significant

difference starting at � 500 ms after the stimulus onset), the differential ERD associated with the two con-

ditions persisted over time and included the interval of saccade execution. To disentangle the possible

contribution of saccadic motor execution, an additional time-varying analysis on the alpha band ERD,

time locked to the response execution, was conducted in the backward interval from saccadic response

to stimulus onset. A significant difference between alpha power decrease elicited in the two levels of sen-

sory evidence (easy, green line, vs. the hard condition, violet line) was observed over time (Figure 4B), as

highlighted by a cluster-based permutation test (p = 0.003).

Taken together, these results support the hypothesis that the alpha desynchronization underpins an evi-

dence accumulation mechanism related to decision-making process rather than an epiphenomenon corre-

lated with saccadic execution.

This hypothesis was further corroborated by behavioral results, and by a linear regression fit aimed at

identifying the slope of the time evolution modulations. To this end, we conducted a drift rate compar-

ison test between the easy and hard conditions (paired-sample t-test between the drift rate in the two

conditions and correlation with differences in behavioral performance). The results showed that the slope

of the linear regression (R2: median 0.50, interquartile range = 0.13–0.78 across subjects and conditions)

for the time evolution of alpha power modulation was significantly larger in the easy condition as

compared to the hard condition (p = 0.0206, paired-sample t-test, two-tail corrected). Crucially, at the

group level, we observed a significant correlation with behavior, such that the difference in drift rate

of the alpha power between the hard and easy condition was indicative of the subject’s behavioral per-

formance in the decision paradigm: subjects with a greater difference in drift rate between the easy and

hard conditions also showed a greater difference in the accuracy and reaction time between the two con-

ditions [reaction time: p = 0.024, rho = 0.56 (Figure 4C); detection accuracy: p = 0.015, rho = �0.60

(Figure 4D)].

To investigate the spatial specificity of the alpha band ERD difference between the easy and hard percep-

tual decision, we map this difference over the cortex; as displayed in Figure 4E, the alpha band ERD differ-

ences associated with hard vs. easy decisions localized in cortical regions spanning from the dorsal occip-

ital cortex to the dorsomedial parietal cortex. Importantly, the source activity difference was observed in

regions of the dorsal precuneus and posterior intraparietal sulcus closely overlapping with the definition

of a saccadic-related posterior intraparietal region identified in previous fMRI studies using localizer scans

of memory-guided pointing and saccadic eye movements (Tosoni et al., 2008, 2013) and here displayed by

the black contour line.
Beta band oscillations support a motor preparation process

Several studies highlight the involvement of beta band oscillations in perceptual decision-making mecha-

nisms, contributing to explain the role of oscillatory activity in the context dependency of stimulus process-

ing (Haegens et al., 2014; Siegel et al., 2011).

As described above, in addition to the alpha ERD, our ‘‘localizer’’ sensor-level time-frequency analysis on

the intermediate decision difficulty/sensory evidence condition also identified a beta band power modu-

lation over the occipital and parietal sensors (Figure 2A). Specifically, a beta band power modulation was
iScience 25, 105246, October 21, 2022 7



Figure 5. b band modulation reflects action preparation

(A) Cortical map of the F-value resulting from the one-way repeated-measure analysis of variance (ANOVA) with cluster-

based multiple comparison correction, that contrasts beta power in the baseline interval (from 500 ms to 0 ms), ERD

interval (from 350 ms to 850 ms), and ERS interval (from 1200 ms to 1700 ms). Time is locked to stimulus onset.

(B) Time evolution of the beta power modulation in the easy and hard coherence levels locked to response onset

(corresponding to the 0 s in the x axis). In this plot, no significant difference emerged between the beta band power

modulation in the easy condition (green curve) and the hard condition (violet curve). The vertical green and violet lines

indicate the stimulus onset in easy and hard conditions respectively; the shaded areas denote the standard error of the

mean.
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identified during the interval of the target stimulus presentation, with a power decrease (ERD) starting soon

after the target stimulus onset (from 350 ms to 850 ms) and a sustained power increase (ERS) after the onset

of the saccadic eye movement (from 1200 ms to 1700 ms) in a typical ERD/ERS pattern.

A one-way repeated-measure analysis of variance (ANOVA), conducted on the intermediate difficulty level,

contrasting the power in the baseline interval (from �500 ms to 0 ms; locked to the stimulus onset) and the

power in the ERD/ERS intervals (ERD: from 350 ms to 850 ms; ERS: from 1200 ms to 1700 ms; locked to the

stimulus onset) confirmed that, for hit trials, the beta band power modulation localized in posterior areas of

the parieto-occipital cortex (Figure 5A). The comparison test on beta power modulations during the ERD/

ERS intervals vs. baseline was conducted using a permutation test with cluster-based multiple comparison

correction.

Finally, to further address the functional role of the beta band powermodulation in the decisionmechanism

and to disentangle its contribution in motor preparation of the selected response, we assessed the beta

power evolution over time as a function of the two extreme evidence levels (easy vs. hard conditions) in

the backward interval from saccadic execution to stimulus onset. Time-varying modulations of cortical

beta power for easy and hard conditions were assessed using a 350-ms-length sliding window approach,

baseline corrected. The contrast between time-evolution modulations in the two conditions was conduct-

ed using a permutation test based on a paired-sample t-statistics with cluster-based multiple comparison

correction.

As illustrated in Figure 5B, the results showed no significant variation of the beta band powermodulation as

a function of the decision difficulty level in the backward interval from saccadic execution. Specifically, a

progressive activity decrease was observed for both conditions during the interval of the target stimulus

presentation (green vertical line for easy condition and violet vertical line for hard condition) with a negative

peak at the time of saccadic execution (t = 0).

Additionally, at group level, no significant correlation was found between the hard vs. easy beta power drift

rate difference and the behavioral performance (reaction time: p = 0.9847, rho = �0.0052; detection accu-

racy: p = 0.1295, rho = 0.3954), providing corroborating evidence that beta power modulation does not

play a role in the decision formation process.

Notably, the negative peak of the beta band power modulation observed at the time of saccadic execution

was followed by an activity burst and a sustained power modulation during the time interval of saccade
8 iScience 25, 105246, October 21, 2022
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execution. These results support the hypothesis that beta band power modulation reflects a frequency-

specific mechanism of motor preparation and execution, occurring in the same brain areas in which alpha

band desynchronization tracks a decision variable that accumulates evidence over time.

Note that we did not investigate effects in other frequency bands since the time-frequency analysis, span-

ning from 3 to 100 Hz, did not show any modulation in frequency bands different from alpha and beta (sign

test, Bonferroni corrected).
DISCUSSION

The decision-making process has been described as an integrative mechanism of evidence accumulation

toward a response-boundary (Smith and Vickers, 1988). Here, we present a spatiotemporal characterization

of this decision-making process: in line with an intentional account of perceptual decision-making, we

describe a spectral dissociation of a decision variable and amotor response within the same sensory-motor

systems.

Specifically, we used a seamless random dot motion paradigm directly derived from monkey neurophysi-

ological studies, in which the direction of motion was indicated by a saccadic eyemovement. This allowed a

naturalistic investigation of a freely evolving MEG signal that integrates sensory evidence over time. The

results obtained using this paradigm suggest that the process of evidence accumulation for perceptual de-

cisions is subserved by a power desynchronizationmechanism in the alpha band (8–12 Hz), the rate of which

depends on the quality of information extracted from the stimulus. In accordance with the prediction of the

intentional model of decision-making, that postulates a representation of the decision variable in the same

systems devoted to the planning of the motor response (Shadlen and Newsome, 1996 2001), we found that

the alpha band power desynchronization occurred in parieto-occipital regions closely overlapping with

saccadic areas classically associated with an oculomotor decision process (Tosoni et al., 2008). Critically,

our results also show that the rate of alpha desynchronization in these regions was significantly larger dur-

ing easy vs. difficult perceptual decision, which qualifies alpha power desynchronization as a neural coun-

terpart of the evidence accumulation process. This is in line with a neurobiological framework that suggests

low-frequency power decrease, such as alpha ERD, to represent a release from inhibition (Jensen and Ma-

zaheri, 2010) that is associated with increased neuronal excitability (Samaha et al., 2020). Specifically, our

results corroborate the hypothesis that alpha band modulations represent a liberal perceptual strategy

(Haegens et al., 2014), a process that by increasing the desynchronization, and thus increasing the release

from inhibition, effectively leads to a better performance with more detections of the target stimulus.

Indeed, at the group level, the difference in temporal evolution of alpha desynchronization between the

easy and the hard perceptual condition tracked participants’ behavioral performance. This was evident

in detection accuracy and reaction times, which suggests that alpha power decreases optimize the sensory

evidence accumulation process, facilitate a decision formation, and ultimately lead to an action execution.

Consistent with previous neurophysiological evidence of alpha power decrease and beta power increase

during detection tasks (Donner et al., 2009; Haegens et al., 2011; Spitzer and Blankenburg, 2011), our re-

sults showed that in the posterior areas of the parieto-occipital lobe, the alpha power decrease was

coupled with a beta band power modulation. Specifically, we observed a beta power decrease starting

soon after the target stimulus onset, followed by a sustained power increase occurring after the onset of

the saccadic response. In contrast to previous studies in which the contribution of the motor activity on

perceptual decision processing was not fully clarified (Donner et al., 2008; Kloosterman et al., 2015b),

our results describe a beta power modulation over time that reflects a frequency-specific mechanism of

motor preparation and execution.

Overall, our results show a spectral dissociation between critical components of the decision process within

the same cortical region. Alpha band desynchronization reflects the coding of a decision variable whereas

beta band ERD/ERS is associated with motor components of the decision response.

The continuous paradigm used in this study allows the investigation of freely time-evolving decision-mak-

ing variables, thus making it possible to study decision-making behavior in a dynamic and naturalistic

manner. One of the advantages of naturalistic stimuli is their capability to elicit highly reproducible brain

responses (Hasson et al., 2004). Prospectively, this reproducibility will be crucial to exploit neurostimulation
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techniques for the study of psychological functions (Pitcher et al., 2021) and, thus, to improve the under-

standing of the decision-making process.

Finally, our study, while showing that the decision-related process and the motor preparation originate in

the same cortical regions, disentangles neuronal populations that synchronize at different frequencies and

subserve different functional roles. In turn, this knowledge is valuable for targeting the (parietal) cortex with

non-invasive human brain stimulation protocols aimed at driving such distinct neural populations by a pe-

riodic external drive (Thut et al., 2011) and, thus, at selectively interfering with various cognitive processes.

Indeed, modulation of brain oscillations in a controlled manner, such as that achievable with closed-loop

stimulation protocols, would also be valuable for promoting brain function in therapeutic intervention.

Limitations of the study

This study contains possible limitations. The small number of miss trials in the easy level of coherence and,

moreover, the different number of overall hit and miss trials does not allow to disclose a significant differ-

ence between those trials. Indeed, a two-way ANOVA with factors: coherence level (Hard vs. Easy) and de-

tected coherent movement (Hit vs. Misses) returned a significant main effect of coherence level (F(1,15) =

20.8, p = 0.00038) but only a close to significance interaction effect between the two factors (F(1, 15) = 4.32,

p = 0.055).

Additionally, although we decided to use saccadic eye movement to indicate the prevalent motion direc-

tion, thus minimizing the interference of the beta hand response on the decisional signals, a control group

using a button press response could have been used to strengthen the interpretation of the results, consis-

tently with the intentional account of decision-making model.

Finally, a fit of the alpha power time-course on the drift diffusion model (Ratcliff and McKoon, 2008) could

have confirmed that alpha band modulation reflects a sensory evidence accumulation process.
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the lead contact, Prof. Laura Marzetti (laura.marzetti@unich.it).
Materials availability

This study did not generate new unique reagents.

Data and code availability

d Raw data reported in this paper will be shared by the lead contact upon request.

d Analyzed magnetoencephalographic data and behavioral data has been deposited at Zenodo and is

publicly available as of the date of publication. DOIs are listed in the key resources table.

d Original code has been deposited at GitHub and is publicly available as of the date of publication. DOIs

are listed in the key resources table.

d Any additional information required to reanalyze the data reported in this paper is available from the

lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

Human subjects

Sixteen subjects (age 23.31G 1.57, 14 females, and 2males) with no previous history of neurological or psy-

chiatric diseases were enrolled in this study. All subjects provided written informed consent. Experiments

were carried out in accordance with the Declaration of Helsinki and all recruitment and assessment proced-

ures were approved by the Ethical Committee of the University of Chieti-Pescara.
METHOD DETAILS

Behavioral paradigm

Task design

A continuous version of the classical Random Dot Motion task (Newsome et al., 1989) was implemented

using Psychtoolbox (Kleiner et al., 2007) (Figure 1A). In this visual perceptual decision-making task, while

fixating on a central red circle, subjects monitored a cloud of dots moving incoherently for intermittent tar-

gets defined by 1.9 s periods of coherent motion in the leftward or rightward direction. Incoherently mov-

ing dots were continuously displayed during an inter-target interval of different duration that randomly

varies between 3.3 s, 6.6 s and 8.4 s. Participants were not aware about either the inter-target duration

or about its random variation. The percentage of coherently moving was randomly varied between 90%,

60% and 30% of motion coherence respectively defining the three conditions of sensory evidence or deci-

sion difficulty (i.e. easy, intermediate and hard). Motion direction and coherence level were changed inde-

pendently and randomly on a target-by-target basis. Participants were trained to indicate the leftward or

rightward direction of motion as soon as they perceived it by making a saccadic eye movement toward the
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corresponding direction. The target of the saccadic eye movement was indicated by a white dot on the

left/right edge of the screen (Figure 1A). The design included 14 task blocks with 24 target stimuli each

(average duration 3.5 min) interleaved by one minute rest blocks, for a total of 336 target stimuli and a total

task duration of about one hour.
Data collection

After standard screening procedures for magnetoencephalographic (MEG) and structural Magnetic Reso-

nance Imaging (MRI), all subjects underwent MEG measurements while performing the continuous

Random Dot Motion Task.

MEG data were recorded by the 153-channel MEG system installed at the Institute for Advanced Biomed-

ical Technologies (ITAB) - University of Chieti-Pescara. This system includes 153 dc-SQUID integrated mag-

netometers arranged on a helmet covering the whole head (Pizzella et al., 2001). Electrocardiogram (ECG)

and both vertical and horizontal electrooculogram (EOG) signals were recorded for artifact rejection and

for monitoring the saccadic response. All signals were band-pass filtered at 0.16–250 Hz and sampled at

1 kHz. All participants also underwent structural MRI. The high-resolution structural volume was acquired

with a 3 T Philips Achieva scanner at ITAB, via a 3D fast field echo T1-weighted sequence (voxel size 1 mm3

isotropic, TR/TE =8.1/3.7 ms; flip angle 8�). In separate days prior to MEG recordings, the subjects per-

formed training in a mock MEG session within the MEG environment to be able to respond via a clear hor-

izontal saccadic movement, i.e., a saccadic eye movement towards left or right for leftward or rightward

dots motion, respectively.
Behavioral data analysis

Behavioral performance during the task was assessed both in terms of accuracy in the target detection task

and reaction times. Target detections were classified according to the presence of a saccadic eye move-

ment during the 2150 ms interval from the target stimulus (i.e., coherent motion) presentation. A saccadic

movement was defined as a rapid EOG (horizontal derivation) signal increase, defined as the saccade

onset, followed by a sustained EOG signal amplitude. Saccadic moments were automatically identified

by a specifically developed algorithm based on a 200-ms sliding window approach taking into account

the mean amplitude of the signal within the window of interest (coherent motion), and its first discrete de-

rivative. Two thresholds for mean amplitude and first derivative, respectively, were defined by analyzing the

horizontal saccades, which was done by four independent raters; an expert operator double-checked

saccade definitions.

A detected saccade was considered as a valid response if its onset was within 250 ms from the target offset.

Detection accuracy was defined as the percentage of valid responses over the total number of targets.

Reaction time was defined as the time interval, in seconds, between the target stimulus onset and saccade

onset. A 3 3 2 ANOVA was used to examine statistical differences in detection accuracy and reaction time

between the three evidence conditions.

MEG data analysis

Data preprocessing

MEG data for each subject were first preprocessed to exclude trials containing flux jumps of the detector,

muscular activity, and eye blinks. Independent Component Analysis (ICA), implemented in the FieldTrip

Matlab toolbox (Oostenveld et al., 2011), was run after trial exclusion to remove other biological and instru-

mental artifacts. Note that, among these, ocular artifacts were carefully removed from theMEG signal. This,

together with saccade amplitude control in the experimental design makes it unlikely that confounds from

saccade strength had an influence on the results. Cleaned data were then used for all subsequent analyses.

Sensor level analysis

To identify which frequency bands are involved in the perceptual decision-making process, i.e., which

frequency bands show the strongest power modulation with respect to baseline, a sensor-level time-fre-

quency (TF) analysis was performed for each subject for data from the intermediate coherence level

(60% coherence). The intermediate condition was chosen a priori as a reference condition to identify fre-

quency bands of interest. The easy and hand conditions were used to investigate power modulations.

TF analyses were conducted by locking to the onset of the stimulus target (i.e., stimulus-locked) or to
14 iScience 25, 105246, October 21, 2022
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the onset of the saccadic response (i.e., response-locked) with a baseline of 500 ms prior to the stimulus

target onset.

To obtain TF power modulations at group level, we first realigned individual MEG channel positions to a

standard layout, using the FieldTrip toolbox, to avoid mismatch of channel positions among subjects. After

realignment, TF analysis was performed by using – for each frequency – a time window containing 5 cycles

of that frequency.We then averaged the (logarithmically transformed) TF values across subjects and, finally,

we averaged together groups of channels divided according to their spatial position (frontal, central, tem-

poral, parietal, occipital).

Alpha band source space analysis

MEG source-level analysis was performed to assess alpha-band (8–12 Hz) cortical activity modulations

locked to either the stimulus target onset or the response onset. Data segments for the intermediate con-

dition level were considered from the post-stimulus interval and the pre-stimulus interval as baseline. In the

stimulus-locked analysis, the post-stimulus interval ranged from 0ms (i.e., stimulus target onset) to 2150 ms

(i.e., stimulus target offset), while the pre-stimulus interval ranged from�2150 ms to 0 ms. In the response-

locked analysis, the former interval ranged from �500 ms to 0 ms prior to the saccadic response, while the

latter interval ranged from 500 ms to 0 ms prior to the stimulus target onset. Sensor-level cross-spectral

density matrices in the alpha-band were computed using Slepian tapers with a 10 Hz center frequency

to produce 2 Hz frequency smoothing (Percival andWalden, 1993). From these matrices, source level alpha

power was estimated using the exact low resolution brain electromagnetic tomography (eLORETA) inverse

method (Pascual-Marqui et al., 2011) for cortical sources located at 14,387 nodes of a triangulated mesh

covering the midthickness surface (i.e., a surface halfway between the pial and white matter surfaces).

To allow direct averaging across subjects, single-subject midthickness surface meshes were surface-regis-

tered to a common template. This was achieved by first extracting highly dense cortical meshes from

individual T1w MRI using Freesurfer (Dale et al., 1999; Fischl, 2012; Fischl et al., 1999), followed by mesh

downsampling and template matching using the Human Connectome Project (HCP) workbench scripts

available in FieldTrip (Marcus et al., 2011). Realistically shaped three-shell volume conductor models (scalp,

skull, and intracranial volume) were constructed from the segmentation of T1w MR images. The MEG

forward problem was solved using a Boundary Element Method (Gramfort et al., 2010). Within-subject

modulations of cortical activity were assessed by contrasting the (logarithmically transformed) power in

the post-stimulus interval with the power in the pre-stimulus interval using a permutation test based on

pared-sample t-statistics (10,000 random permutations) with cluster-basedmultiple comparison correction

(Maris and Oostenveld, 2007).

Time-varying modulations of cortical alpha power for easy (90% coherence) and hard (30% coherence) con-

ditions were assessed using a sliding window approach. Specifically, cortical alpha power was calculated

within a 350 ms window sliding for the whole data. This window length resulted into a 3 Hz smoothing

around 10 Hz. A baseline correction was performed by subtracting the average (logarithmically trans-

formed) power in the pre-stimulus interval.

The contrast between time-varying modulations in the easy and hard conditions was performed using a

permutation test based on a paired-sample t-statistics (10,000 random permutations) with cluster-based

multiple comparison correction. The same analysis pipeline was also used to assess time-varying modula-

tions during missed trials. Finally, the drift rate of the time-varying modulations was evaluated through a

linear regression fit in the post-stimulus interval. A paired-sample t-test was used to assess the drift rate

differences between the easy- and hard condition.

Beta-band source space analysis

Two data segments from the post-stimulus interval (ERD: from 350 ms to 850 ms; ERS: from 1200 ms to

1700 ms; locked to the stimulus onset) and one data segment from the pre-stimulus interval (baseline,

from 500 ms to 0 ms; locked to the stimulus onset) were considered for the intermediate condition level.

Sensor-level cross-spectral density matrices were computed using Slepian tapers with a 19 Hz center fre-

quency to produce 6 Hz frequency smoothing. Beta-band cortical power was computed from these

matrices by using the eLORETA method. The comparison of cortical power in the baseline, ERD and
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ERS intervals was performed by using a permutation test based on a one-way repeated-measure analysis of

variance (ANOVA), with cluster-based multiple comparison correction.

Time-varying modulations of cortical beta power for easy and hard conditions were assessed using a

350-ms-length sliding window approach. A baseline correction was performed by subtracting the average

(logarithmically transformed) power in the pre-stimulus interval. The contrast between time-varying

modulations in the two conditions was performed by using a permutation test based on a paired-sample

t-statistics (10,000 random permutations) with cluster-based multiple comparison correction.
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