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Ultrafast fMRI reveals serial queuing of
information processing during multitasking
in the human brain
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The human brain is heralded for its massive parallel processing capacity, yet
influential cognitive models suggest that there is a central bottleneck of
information processing distinct from perceptual and motor stages that limits
our ability to carry out two cognitively demanding tasks at once, resulting in
the serial queuing of task information processing. Here we used ultrafast
(199 ms TR), high-field (7T) fMRI with multivariate analyses to distinguish brain
activity between two arbitrary sensorimotor response selection tasks when the
tasks were temporally overlapping. We observed serial processing of task-
specific activity in the fronto-parietal multiple-demand (MD) network, while
processing in earlier sensory stages unfolded largely in parallel. Moreover, the
MD network combined with modality-specific motor areas to define the
functional characteristic of the central bottleneck at the stage of response
selection. These results provide direct neural evidence for serial queuing of
information processing and pinpoint the neural substrates undergirding the
central bottleneck.

The human brain, with its 87 billion neurons and thousands of con-
nections per neuron, is heralded for its ability to process vast amount
of information in parallel'. However, while that capacity is apparent at
the micro- and meso-scale levels of functional brain organization, that
may not be so at the whole-brain systems level supporting cognition. A
severe limitation in processing information in parallel surfaces when
we try to carry out two cognitively demanding tasks at once. Under
such conditions, at least one if not both of the tasks suffer in
performance®®. The classic paradigm to investigate multi-tasking
limitations is the psychological refractory period (PRP), in which two
sensory stimuli, each paired with an arbitrary motor response, are
presented at various intervals from one another. At short intervals, the
second of the two responses is significantly delayed while the response
time to the first task is largely unaffected, whereas little or no Task 2
delay is observed at longer intervals (Supplementary Fig. 1). This PRP
effect is robust, occurring even when tasks do not overlap in sensory or
motor modalities and with a wide range of cognitive processes,
including response selection, working memory, and mental

rotation®™°. Considerable evidence suggest that this “bottleneck”

occurs at the central, amodal information processing stage of
response selection that can only act on one task at a time>*'"*, leading
to the postponement of Task 2 processing until the first task is pro-
cessed, in contrast to perceptual and response execution stages that
can process modality-specific information largely in parallel (Supple-
mentary Fig. 1). Such serial queuing at a central stage of information
processing is not strategic, for it takes place even under conditions in
which parallel processing is more efficient and financially
incentivized'**°. Rather, it is thought to reveal an intrinsic inability for a
general-purpose learning processor to simultaneously multiplex*?.
While there is considerable behavioral evidence for a serial mode
of information processing in human cognition, the neural instantiation
of this bottleneck—where and when the information flow switches
from a parallel mode of information processing to serial queuing as
postulated by classic cognitive models—has not yet been elucidated
mostly owing to technical limitations. While several groups have used
innovative approaches to tackle that question”*'**?, none have had
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the requisite combined spatial and temporal resolution necessary to
track task-specific activity in dual-task conditions as each courses
through the human brain. Using a combination of approaches—a task
design that lengthens the cognitive stages of information processing
and eschews overlaps in sensorimotor modalities, an ultrafast high-
field method of functional image acquisition that is an order of mag-
nitude faster than standard protocols, and multivariate analyses that
tease apart task-specific brain activity—here we were able to track the
flow of activity from each task as they course through the human brain
from sensation to response execution in conditions in which capacity
limits of information processing are not due to sensory or motor
limitations. The results revealed clear evidence of serial queuing of
amodal information processing in a specific set of parieto-frontal areas
corresponding to the multiple-demand (MD) network, a network well
known to undergird effortful performance of arbitrary cognitive
tasks®™". Moreover, we show that this MD network works in con-
sortium with modality-specific motor areas to form a central bottle-
neck of information processing while leaving perceptual stages of
information processing largely unaffected.

Results

Behavioral results

The behavioral paradigm consisted of two arbitrary sensory-response
mapping tasks—one involved choosing the appropriate oculomotor
response to a specific auditory stimulus (AO task) and the other
required selecting the suitable manual response to a distinct visual
color stimulus (VM task)—with each of the two tasks consisting of eight
alternative sensory-response mappings (Fig. 1). These single-task trials
were pseudo-randomly intermixed with dual-task trials while 26 sub-
jects were imaged in a high-field (7T) scanner. As expected for
response selection tasks with such number of alternatives’, the
response times under single-task conditions hovered around 1s
(Fig. 1d, e). To examine the response time costs under dual-task con-
ditions, we compared these response times when the two sensory
stimuli were presented at a short stimulus-onset-asynchrony (SOA) of
300 ms—short enough to engender dual-task costs in the second of the
two tasks—and at a long SOA of 1500 ms, long enough to avoid dual-
task costs (Supplementary Fig. 1c, d). Combining across task orders as
the results were similar (Fig. 1d, e), we observed that the response
times of the second of the two tasks in dual-tasks were significantly
longer at the short SOA relative to the long SOA (p=113x107"®) or to
the single-tasks (p=6.03 x107), amounting to a PRP of over half a
second (see Supplementary Fig. 2 for accuracy performance). By
contrast, the dual-task costs to the first task (T1) were minimal (32 ms,
short SOA T1vs. long SOA T1; p = 0.02; short SOA T1 vs. single, p=0.1).
As expected, these data provide clear behavioral evidence for serial
processing of Task 1 and Task 2 under dual-task conditions.

Isolation of sensory, amodal central, and motor response areas
The initial analytical step towards assessing task-specific activity
across stages of information processing consisted in isolating brain
regions corresponding to putative sensory, central amodal, and
motor response stages of information processing using univariate
fMRI analyses. In the first GLM analysis, sensory and motor regions
were identified by directly contrasting activity across the two single
sensorimotor tasks, each first masked by their activation over base-
line, using stimulus onset regressors for sensory ROI isolations and
response timing regressors for motor ROl isolations (see “Methods”).
This strategy led to auditory activation centered in the Herschel
gyrus, corresponding to the primary auditory cortex (Fig. 2a and
Supplementary Table 1), and visual activation in the posterior occi-
pital cortex, corresponding to putative V1-V4 areas (Fig. 2b and
Supplementary Table 1). A similar strategy was employed to isolate
motor response areas. However, as the resulting activation for the
manual response encompassed both somatomotor and

somatosensory areas, an anatomical mask was applied to the pre-
central gyrus to limit the activation foci to purely motor regions in an
area corresponding to the primary motor cortex for manual
responses (Fig. 2d, Supplementary Table 1 and see also Supplemen-
tary Fig. 3). The oculomotor activation centered around the frontal
eye field (FEF) in the dorsal frontal cortex (Fig. 2c, Supplementary
Table 1 and see also Supplementary Fig. 3) and in the superior occi-
pital/posterior parietal cortex. The latter contrast also led to a broad
swath of activation in the visual cortex, owing to eye movements
across the visual scene during the AO task® .

To isolate central amodal brain regions, we reasoned in the sec-
ond GLM analysis that such areas should be conjointly activated across
both tasks’*'**, Instead of using stimulus or response onset regres-
sors, here we used whole event regressors whose durations were
independently estimated from an a priori defined anatomical area (see
“Methods”). The conjunction maps of the two task vs. baseline
revealed activation foci in five cortical areas (Fig. 2e and Supplemen-
tary Table 2); the inferior frontal gyrus (IFG), the anterior insula (Al),
the posterior dorso-lateral prefrontal cortex (pdPFC) slightly anterior
and medial to the FEF (see also Supplementary Fig. 3), the medial
frontal gyrus/dorsal anterior cingulate cortex (mFG/dACC), and the
intra-parietal sulcus (IPS) that correspond closely to the core multiple-
demand (MD) network (also known as the task positive network; see
ref. 37), an ensemble of brain regions thought to undergird general-
purpose cognitive operations in the service of ongoing task
demands*~°. Additional activation foci in the conjunction SPMs were
found in subcortical areas and the TPJ (see Supplementary Fig. 4 and
Supplementary Table 2). We also directly contrasted dual-task trials to
single-task trials to determine whether there were any dual-task spe-
cific brain regions specifically activated under dual-task conditions®*?,
taking care in the GLM to assign longer estimated responses to the
dual-tasks relative to the single-tasks due to the compound nature of
their events (see “Methods”). Replicating our previous findings, we
found no such areas in frontal or parietal lobes”** (see Supplemen-
tary Fig. 5).

To ascertain the sensory, motor, and central amodal character-
istics of the regions of interest (ROIs) isolated in the single-task SPMs,
we evaluated in a third GLM analysis their BOLD response timecourses
in both single-task and dual-task conditions (see “Methods”), as these
timecourses should exhibit distinct activation profiles in amplitude
and in latency across the processing stages.

As expected of a purely sensory area, the auditory cortex ROI
showed no activation to the single visual-manual task but a robust
hemodynamic response in the auditory-oculomotor task (Fig. 3a).
Importantly, this response was delayed by about 1.5 s (Peak latency =
5.045 s for the long-SOA VMAO task, or L-VMAO vs. 3.545 s for single-
AO, t(25)=53.46, p=2.7x10%, Cohen’s d=10.48; L-VMAO—L5s vs.
single-AO, p=0.99, BF(01) =4.8; Onset latency=2.656 s for L-VMAO
vs.1.267 s for single-AO, £(25) =12.99, p=13 x 107, Cohen’s d = 2.55; L-
VMAO-1.5s vs. single-AO, p = 0.3; BF(01) = 3.0) when the auditory sti-
mulus was presented second at long (1500 ms) SOA. Remarkably, we
could still observe a similar, albeit smaller, shift in the response at the
short (300 ms) SOA when the auditory stimulus was presented second
(Peak Latency=3.895s for the short-SOA VMAO task, or S-VMAO vs.
3.545s for single-AO, #(25)=12.48, p=3.1x107"2, Cohen’s d=2.45; S-
VMAO-0.3s vs. single-AO, p=0.09, BF(01)=1.2; Onset Latency=
1.541s for S-VMAO vs. 1.267 s for single-AO, t(25)=3.39, p=0.002,
Cohen’s d=0.66; S-VMAO—-0.3 s vs. single-AO, p=0.7; BF(01) =4.6),
not only in the curve-fit data but also in the raw averaged data (Fig. 3a).
Importantly, no such activity delay was observed when the auditory
task was presented first, either at short or long SOAs (Peak
latency =3.580s for S-AOVM vs. 3.545s for single-AO, p=0.2,
BF(01) =2.2; 3.544 s for L-AOVM vs. 3.545s for single-AO, p=0.96,
BF(01) =4.8; Onset latency =1.276 s for S-AOVM vs. 1.267 s for single-
AO, p=0.9, BF(01) =4.8; 1.297 s for L-AOVM vs. 1.267 s for single-AO,
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Fig. 1| Experimental design and behavioral results. a In the Auditory-
Oculomotor (AO) task, participants responded to one of eight auditory sounds by
moving their eyes from a central fixation to one of eight possible target positions
(marked by place holders) and maintaining the target eye position until a release
stimulus appeared 1500 ms later, instructing them to return eye gaze to the central
fixation point; (b) In the Visual-Manual (VM) task, participants responded to one of
eight visual colors by pressing one of eight possible buttons, each assigned to a
specific finger except for the two thumbs; (c) In the dual-task conditions, the order
of the two tasks (AO-VM or VM-AO) and stimulus-onset asynchrony (SOA, 300 msec
or 1500 msec) were varied across trials; (d) In-scanner behavioral results show
response times for the single-task and dual-task conditions: In AOVM trials, RT2 =
1662 ms at short SOA vs. 1120 ms at long SOA, £(25) =21.49, p=1.23x10"7, N=26,
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paired-sample t-test, two-tailed; in VMAO, RT2 =1548 ms at short SOA vs.1025 ms at
long SOA, t(25)=15.17, p =4.04 x 10, Long SOA RTs were not different from
single-task RTs (long SOA AOVM RT2 vs. VM RT =1103 ms, ¢(25) = 0.57, p=0.57;
long SOA VMAO RT2 vs. AO RT =1028 ms, ¢(25) = 0.22, p = 0.83); (e) Response times
for the single-task and dual-task conditions combined across two task orders. In
dual-task conditions, RT2 =1607 ms at short SOA vs. 1072 ms at long SOA,
t(25)=23.75, p=113 x10™, N= 26, paired-sample t-test, two-tailed. The Long SOA
RT2 was not different from Single-Task RT =1066 ms (long SOA RT2 vs. single,
t(25)=0.36, p=0.72). Long SOA RT1(1056 ms) was not different from single RT,
t(25) =1.56, p = 0.13). Error bars represent the standard error of the mean. Source
data are provided as a Source Data file.

p=0.5, BF(01) =3.9, Fig. 3a). Also, as expected of a modality-specific
sensory area, there were no difference in amplitude of activation
among the five task conditions involving auditory sensory processing
(F(4,100)=0.47, p=0.76, partial n*=0.02, one-way repeated mea-
sures ANOVA, Fig. 3a). The timecourses in the visual cortex ROIs

(sampled across V1-V4) showed not only a response in the visuo-
manual task, but also in the auditory-oculomotor task (Fig. 3b),
consistent with the broad visual cortex activation observed in the
SPMs (Fig. 2c). That AO-related activity in visual cortex was delayed
by well over a second relative to the VM task (Onset latency =2.119 s
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Fig. 2 | Sensory, motor and multimodal regions of interest. a Sound presenta-
tions in the single AO task activated auditory cortex around the bilateral HG/AL; (b)
Color presentations in the single VM task activated visual cortex centered in
bilateral putative V1-V4; (c) Moving eyes to target positions in the single AO task
activated bilateral FEF as well as a large cluster covering bilateral parietal and
occipital areas (including V1); (d) Pressing buttons in the visual VM task activated
bilateral precentral (including M1) and postcentral gyri, as well as bilateral Rolandic
areas. The sensory and motor ROIs are reported based on a threshold at voxel level
of p<0.001, and corrected at cluster level a < 0.01, with cluster size >55 voxels.
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e The conjunction analysis revealed activations in bilateral IFG, bilateral pdPFC,
bilateral IPS, bilateral Al and bilateral mFG/dAC, corresponding to the multiple
demand (MD) network. The conjunction ROIs are reported based on a threshold
voxel level of p<0.001, corrected at cluster level a <0.01, with cluster size >62
voxels. HG Heschl’s gyri, Al primary auditory cortex, FEF frontal eye field, M1 pri-
mary motor cortex, IFG inferior frontal gyri, pdPFC posterior dorsal prefrontal
cortex, IPS intraparietal sulcus, Al anterior insula, mFG/dACC medial frontal gyri/
dorsal anterior cingulate cortex, AO auditory-oculomotor, VM visual-manual.

for single-VM vs. 3.872s for single-AO, t(25)=7.55, p=6.6x107%,
Cohen’s d=1.48; Peak latency =4.306 s for single-VM vs. 6.258 s for
single-AO, #(25)=7.27, p=13x107, Cohen’s d=1.43), as would be
expected of a brain activity related to an eye movement to the target
position that occurs a second later (relative to stimulus presenta-
tions) and that is followed 500 ms later by the appearance of the
release sign and subsequent re-orienting to the central fixation, all
events that would stimulate visual cortex activation. As we shall see
below, this large oculomotor-related activation precludes the visual

cortex ROI from serving as a VM task-specific sensory area in the
multivariate analyses.

Central, amodal areas involved in both sensorimotor tasks should
demonstrate a distinct activation profile to the sensory areas, namely
similar onsets of activation across both single-and dual-task condi-
tions. In addition, they should show both stronger and extended
activations in dual-tasks relative to single-tasks, owing to the pro-
longation of neural activity in these regions under dual-task conditions
(see modeled activation in Supplementary Fig. 6; refs. 7,8,12). The
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Fig. 3 | BOLD univariate activation timecourses in single- and dual-task trials.
Group-averaged timecourses of % signal change from the onset of T1 (O ms) in
short-SOA AOVM (solid blue), long-SOA AOVM (dashed blue), short-SOA VMAO
(solid red), long-SOA VMAO (dashed red), single AO (green) and single VM (yellow)
trials in (a) auditory cortex, (b) visual cortex (V1-V4), (c) multiple-demand (MD)
cortical network, (d) oculomotor cortex (FEF), and (e) manual motor cortex (ML).
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The left columns show the raw results and the right columns show the fitted curves
of the data. FEF frontal eye field, M1 primary motor cortex, SOA stimulus-onset
asynchrony, AO auditory-oculomotor, VM visual-manual. Note that the MD network
timecourses (c) have been duplicated on the left and right sides of the figure to
facilitate comparison of their activation profiles to the sensory and motor areas of
the AO and VM tasks. Source data are provided as a Source Data file.

results presented in Fig. 3c for the combined MD network areas—see
Supplementary Fig. 7 for individual MD network ROIs—are consistent
with these predictions; there were negligible onset latency differences
and pronounced peak latency differences (Onset latencies: short-SOA
dual-task vs. single-task conditions, 2.031s for S-AOVM, 2.184 s for
S-VMAO vs. 2192s for single-AO, and 1.955s for single-VM,
F(3,75) =1.54, p=0.21, partial 7 =0.06; the small L-SOA dual-task vs.
single-task difference (F(3,75) = 5.76, p = 0.007, partial 7 = 0.19) can be
accounted for by the fact that large peak latency differences lead to
small onset latency differences, see simulations in Supplementary
Figs. 6 and 11. Peak activation latencies—a reliable measure of the
duration of activity**—in dual-task relative to single-task conditions:
5.272 s for S-AOVM, 5.306 s for S-VMAO, 5.793 s for L-AOVM and 5.931 s
for L-VMAO, vs. 5.035s for single-AO and 4.720s for single-VM,
ps<11x10™, Cohen’s ds>0.89). In addition, dual-task conditions
show greater activation amplitude than single-task conditions
(ps<6.1x1078, Cohen’s ds>1.48). No other cortical or sub-cortical
areas showed this temporal BOLD response profile (see Supplemen-
tary Fig. 4).

Finally, the motor response ROIs should exhibit a temporal profile
of activity that is distinct from both sensory and MD network ROIs, as
their timecourses should be tracking the response times rather than
the timing of sensory stimulus presentations or central processing
times. The results are consistent with these predictions. In the manual
motor ROI, BOLD activity onsets at the same time in the single-task and

dual-task conditions irrespective of SOA as long as the VM task is the
first one executed (F(2,50) = 0.61, p=0.55; Onset latency =2.196 s for
S-VMAQO vs. 1.992 s for single-VM, p = 0.34; Onset latency =2.045 s for
L-VMAO vs. single-VM, p = 0.75) (Fig. 3e). However, when the VM task is
processed second in the dual-task conditions, the manual ROI’s time-
course is shifted to the right, and more so at the Long SOA than at the
short SOA (Onset latency =2.785 s for S-AOVM vs. 4.318 s for L-AOVM,
t(25)=5.77, p=5.2x107%, Cohen’s d=1.13), owing to the fact that the
sum of the response times for the VM task and of the short 300 ms
AOVM SOA (T2 RT =1.662 s in S-AOVM) is shorter than the sum of the
response times for the VM task and of the long AOVM 1500 ms SOA (T2
RT=112s in L-AOVM; 1.662s+0.3s of short SOA vs. 1.12s+1.5s of
long SOA, (25)=26.04, p=12x10", Cohen’s d=5.1). It is not as
straightforward, however, to apply the same statistical comparison
between the dual-task and the single-task conditions because the
manual ROI activity is suppressed during execution of the AO task (see
Fig. 3e), which would equally affect the two dual-task timecourses but
not the single VM task timecourse. Therefore, we simply note here
that, as expected, the dual-task timecourses are visibly delayed relative
to the single-task VM timecourse (Fig. 3e).

The temporal profile of activation of the oculomotor ROl is similar
to that of the manual ROI except that here the FEF is not suppressed
during the visuo-manual task but is instead slightly activated (Fig. 3d).
This activation is likely related to the presentation of the visual sti-
mulus in the VM condition, as the FEF is well known to respond to
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visual stimulation**>, When the AO task was presented second, the
dual-task conditions are delayed relative to the single-task AO condi-
tion (Fig. 3d; Onset latency=3.306s for L-VMAO vs. single-AO,
t(25)=7.26, p=13x107, Cohen’s d=1.42; Peak latency=6.771s for
L-VMAO vs. single-AO, t(25)=17.50, p=15x10"", Cohen’s d=3.43;
Onset latency =2.177 s for S-VMAO vs. 2.117 s for single-AO, p=0.77;
Peak latency = 5.687 s for S-VMAO vs. 5.396 s for single-AO, t(25) = 2.18,
p=0.04, Cohen’s d = 0.43), with the long SOA condition initiating and
peaking later than the short-SOA condition (Onset latency: L-VMAO vs.
S-VMAO, #(25)=5.33, p=1.6x107, Cohen’s d=1.04; Peak latency:
L-VMAO vs. S-VMAO, #(25)=7.68, p=4.9x108, Cohen’s d=1.5). No
such differences were observed when the AO task was presented first
(Onset latency: F(2,50) =1.07, p = 0.35; 1.912 s for S-AOVM vs. 2.117 s for
single-AO, p=0.16; 2.122s for L-AOVM vs. single-AO, p=0.97; Peak
latency: F(2,50) =1.53, p=0.23; 5.266 s for S-AOVM vs. 5.396 s for sin-
gle-AO, p=0.15; 5.489 s for L-AOVM vs. single-AO, p = 0.56).

Taken together, the univariate SPM and timecourse analyses are
consistent with a dissociation between sensory, central amodal, and
motor response stages of neural information processing, as postulated
by classic psychological models of cognitive information processing
(e.g., refs. 5,6).

Multivariate analyses

The univariate analyses are limited in that they do not provide direct
evidence for serial queuing of information processing, as they cannot
distinguish task-specific activity. To address this issue, we turned to a
multi-voxel pattern analysis (MVPA; see ref. 43). Specifically, inde-
pendently for each single sensorimotor task, we trained a classifier to
distinguish between each of the 8 sensory-motor activity patterns in
each sensory, motor, and MD network ROI. This methodological
approach should result in two pattern classifiers; each uniquely tuned
to one of the two tasks (see “Methods”), thus allowing us to track task-
specific activity coursing throughout the ROIs. Below, we first present
the results for single-task trials followed by the results for the dual-task
trials.

Single-task trials decoding. With the help of a fourth GLM to estimate
the regression coefficients (beta values) for each individual trial of
each S-R mapping, we independently trained the two pattern classifiers
to discriminate the trials of one S-R mapping against the trials of the
other seven S-R mappings, and tested these trained classifiers on their
respective task trials using a leave-one-out cross validation procedure
(see “Methods”). First turning to the auditory cortex ROI (Fig. 4a), the
AO pattern classifier after training was well above chance (12.5%) at
classifying AO trials (p=1.29 x10™, FDR corrected for multiple com-
parisons, ref. 44) but not VM trials (p = 0.62, FDR corrected). By con-
trast, the VM pattern classifier failed to successfully classify either AO
(p=0.69, FDR corrected) or VM trials (p = 0.45, FDR corrected) in the
auditory cortex ROI. These multivariate results are consistent with the
univariate results in highlighting the sensory-specific nature of infor-
mation processing in the auditory cortex. The pattern classification
results in the visual cortex ROI also reflect the univariate findings
(Fig. 4b): Not only is the VM pattern classifier able to distinguish
between VM trials (p =3.71 x107°, FDR corrected), but the AO classifier
is even better at distinguishing between AO trials (p=5.18 x107, FDR
corrected), consistent with the massive visual cortex activation in the
AO task (see Figs. 2 and 3). These univariate and multivariate results
severely compromise the interpretability of the findings in the visual
ROIs in dual-task conditions (see Supplementary Fig. 8). Hence, the
dual-task findings presented below will focus on the auditory cortex as
a barometer of activity in a purely sensory ROI.

The manual motor cortex ROl showed a decoding pattern
expected of a modality-specific motor area (Fig. 4d). Specifically, the
pattern classified trained on VM tasks could distinguish between VM

trials (p=4.18x10", FDR corrected) but not between AO trials
(p=0.34, FDR corrected) in that ROIL. By contrast, the AO pattern
classifier failed to decode either AO (p=0.08, FDR corrected) or VM
trials (p=0.98, FDR corrected). Thus, the multivariate results are
consistent with the univariate results in demonstrating modality-
specific activity during single-task conditions in the primary motor
cortex.

Decoding in the other motor ROI, the FEF, had generally poor
signal-to-noise ratio (SNR) under all single-task conditions (Fig. 4c).
Nevertheless, the pattern classifier trained on AO tasks could distin-
guish between AO trials (p =0.006, FDR corrected) but not between
VM trials (p = 0.55, FDR corrected), and the VM pattern classifier failed
to decode either VM (p = 0.1, FDR corrected) or AO trials (p = 0.26, FDR
corrected). Even though the single-task decoding results in the FEF are
as expected of a motor ROI, the poor SNR precluded any significant
conclusions to be drawn in the Dual-task conditions (see Supplemen-
tary Fig. 9). For this reason, the dual-task decoding results for motor
cortex presented further below will focus on the manual ROI.

Finally, if the central MD network ROIs process both sensori-
motor tasks, they should show a distinct decoding patten from both
the sensory and motor ROIs. Specifically, the AO pattern classifier
should distinguish between AO trials but not VM trials, and conversely
the VM classifier should discern between the VM trials but not the AO
trials. The results bore out these predictions (Fig. 5): AO decoding
between AO trials, p=2.06x10° FDR corrected; AO decoding
between VM trials, p = 0.56, FDR corrected; VM decoding between AO
trials, p=0.56, FDR corrected; VM decoding between VM trials,
p=2.34x107, FDR corrected.

In sum, multivariate analyses of single-task trial conditions
revealed the feasibility of using pattern classifiers to distinguish task-
specific activity in sensory (auditory), central and motor (M1) cortical
areas throughout the various stages of information processing.

Dual-task trials decoding. Tracking the activity of each task as it
proceeds through the sensory, central and motor ROIs during dual-
task performance requires not only that each pattern classifier’s
decoding performance be specific to one of the two tasks, but that it
can also capture the dynamic changes in its decoding accuracy
throughout the course of a trial. We achieved this by testing the clas-
sifiers trained above against the beta estimates of each time point of
each trial obtained from a fifth GLM analysis (see “Methods”).

Using the auditory cortex as modality-specific sensory ROI, Fig. 6a
shows the timecourse of decoding under both single-task and dual-
task conditions at short and long SOA, for both averaged raw and
curve-fit data, with the dual-task timecourses back-shifted by their
SOAs in order to compare the timecourses under single- and dual-task
conditions. As shown in Fig. 6a, AO task decoding timecourses are
indistinguishable under single and both dual-task conditions at long
SOA as one would predict if the SOA is long enough to avoid dual-task
interference (peak latency: F(2,50)=0.71, p=0.5; L-AOVM vs. single-
AO, p=0.67, L-VMAO vs. single-AO, p=0.67, L-AOVM vs. L-VMAO,
p=0.73, FDR corrected; onset latency: F(2,50) =1.7, p=0.19; L-AOVM
vs. single-AO, p=0.67, L-VMAO vs. single-AO, p=0.2, L-AOVM vs. L-
VMAO, p=0.2, FDR corrected). At short SOA, similar results were
observed for the AO single-task and dual-task conditions when AO was
the second of the two tasks (peak latency: S-VMAO vs. single-AO,
p=0.12; onset latency: p=0.18). However, decoding began earlier—
though it persisted just as long—when AO was the first of the two tasks
(peak latency: S-AOVM vs. single-AO, p=0.0013; onset latency:
p=0.012), perhaps as part of a process to attenuate dual-task inter-
ference (see “Discussion”). Asides from this early onset of decoding for
Taskl at short SOA, the results in the auditory cortex suggest that the
timecourse of sensory information processing is largely unaffected
under dual-task conditions relative to single-task conditions.
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Fig. 4 | Single-task multivariate decoding in sensory and motor ROIs. a Auditory
cortex; (b) visual cortex; (c) oculomotor cortex; and (d) manual motor cortex. The
upper graph in each panel shows the group-averaged classification accuracy in the
single task trials with color-filled dots representing individuals’ data. The x-axis
represents task-specific classifiers and colors represent different single-task trial
types. The darker colors represent the congruous decoder-trial type pairs whereas
the lighter colors represent the incongruent pairs. a Auditory cortex (AO decoding
between AO trials, p=1.29 x10°%); (b) visual cortex (VM decoding between VM
trials, p =3.71 x 1075; AO decoding between AO trials, p = 5.18 x 107); (¢) oculomotor
cortex (AO decoding between AO trials, p = 0.006); (d) manual motor cortex (VM
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decoding between VM trials, p=4.18 x 10™). All statistical tests in a-d are one-
sample t-tests, one-tailed, FDR corrected, N=26. The lower graph in each panel
shows the average classification accuracy time series in the single tasks, with the
solid lines representing task-specific decoding for the congruous trial type and
dashed lines representing results for the incongruous trial type. Dashed gray lines
represent chance levels (12.5%). Error bars represent the standard error of the
mean. Asterisks indicate the significance of the decoding against the chance level;
**p < 0.01, **p < 0.001. AO auditory-oculomotor, VM visual-manual. Source data are
provided as a Source Data file.
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Fig. 5| Single-task decoding in the Multiple-Demand (MD) network. The average
classification accuracies in the single-task trials in (a) MD network (AO decoding
between AO trials, p=2.06 x107%; VM decoding between VM trials, p =2.34 x107)
and (b) individual bilateral ROIs of the MD network (in IFG, AO decoding between
AO trials, p=1.24 x10™, VM decoding between VM trials, p =124 x10™%; in pdPFC,
AO decoding between AO trials, p = 0.0013, VM decoding between VM trials,
p=8.55%x107% in IPS, AO decoding between AO trials, p=1.67 x10™*, VM decoding
between VM trials, p=1.67 x10™; in Al, AO decoding between AO trials,
p=518x10", VM decoding between VM trials, p = 0.015; in mFG/dACC, AO
decoding between AO trials, p=1.69 x10™, VM decoding between VM trials,
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standard error of the mean. Asterisks indicate the significance of the decoding
against chance level; *p < 0.05, **p < 0.01, **p < 0.001. AO auditory-oculomotor, VM
visual-manual. Source data are provided as a Source Data file.

In an analogous manner to the auditory cortex for sensory ROlIs,
we used the manual motor ROI to ascertain how task-specific infor-
mation is processed in motor cortex under dual-task conditions, as
that ROI showed robust modality-specific univariate activity and mul-
tivariate decoding in single-task conditions. At long SOA, the decoding
timecourses are indistinguishable across single-task and dual-task
conditions (Fig. 6b; peak latency: F(2,50) = 0.95, p=0.37; L-VMAO vs.
single-VM, p=0.49, L-AOVM vs. single-VM, p=0.38, L-VMAO vs. L-
AOVM, p =0.93, FDR corrected; onset latency: F(2,50) =1.56, p = 0.23;
L-VMAO vs. single-VM, p=0.86, L-AOVM vs. single-VM, p=0.09,
L-VMAO vs. L-AOVM, p =0.29, FDR corrected). At short SOA with the
VM task presented first, peak decoding latency was similar to when
that task was performed alone (peak latency: S-VMAO vs. single-VM,
p=0.65). By contrast, the entire decoding timecourse was postponed
when the VM task was carried out second (peak latency: difference
between S-AOVM and single-VM, t(25)=4.44, p=0.00016. Cohen’s
d=0.87; onset latency difference between S-AOVM and single-VM,
t(25)=4.72, p=7.8 X107, Cohen’s d = 0.93), as would be expected of a
motor cortex area that processes a motor response that is delayed by
the duration of the PRP (Fig. 1e).

Finally, we assessed the timecourses of decoding in the MD net-
work ROIs to determine whether they show evidence of serial queuing
of task processing as postulated by the central bottleneck model,
collapsing across task order to improve SNR (see “Methods”). As illu-
strated in Fig. 7a (bottom panels), the temporal dynamics of Taskl and
Task2 decoding were not different from the single-task timecourses at
long SOA (peak latency: F(2,50) = 0.13, p = 0.85; L-T1 vs. single, p = 0.77,
L-T2 vs. single-task, p=0.85, L-T1 vs. L-T2, p=0.85, FDR corrected;
onset latency: F(2,50) = 0.2, p=0.82; L-T1 vs. single-task, p = 0.92, L-T2
vs. single-task, p=0.92, L-T1 vs. L-T2, p=0.92, FDR corrected). This is
as expected if there is no dual-task interference. By contrast, a post-
ponement in Task2 decoding was clearly evidenced at short SOA
(Fig. 7a, top panels; peak latency for S-T2 vs. single-task, ¢(25) =5.90,
p=3.7x10", Cohen’s d=1.16; onset latency for S-T2 vs. single-task,
t(25)=4.63, p=9.79 x107°, Cohen’s d = 0.91), whereas Taskl decoding
occurred along the same time frame as under single-task conditions
(peak latency: S-T1 vs. single-task, p = 0.86; onset latency: S-T1 vs. sin-
gle-task, p = 0.83). Noteworthily, the mean decoding peak latency dif-
ference between S-T2 and single-task in Fig. 7a (697 ms) bears
resemblance to the magnitude of the PRP (cf. Fig. 1). If the congruency
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Fig. 6 | Time courses of single-task and dual-task decoding in sensory and
motor areas. Group-averaged classification accuracy time series in the single-task
and dual-task trials in (a) auditory cortex and (b) manual motor cortex. The upper
graphs in each panel show the results for the short SOA conditions and the lower
graphs for the long SOA conditions. The left columns show the raw decoding
results and the right columns show the fitted curves of the decoding data. Blue lines
show task-specific decoding results for T1 in the dual-task conditions and red lines
show task-specific decoding results for T2 in the dual-task conditions. Green lines
show AO-specific decoding for the single AO task in (a) auditory cortex and yellow
lines show VM-specific decoding for the single VM task in (b) manual motor cortex.
Dashed gray lines represent chance levels (12.5%). Vertical dashed lines indicate
onset/peak latencies in single-task and dual-task trials. Asterisks indicate

Time (sec)

significantly earlier T1 decoding peak latency in the short-SOA dual-task trials
(marked by the blue vertical line) relative to the single-task trials (marked by the
green vertical line) in (a) auditory cortex (**p = 0.0013, N = 26, paired-sample t-test,
two-tailed), and significantly postponed T2 decoding peak/onset latency in the
short-SOA dual-task trials (marked by the red vertical line) relative to the single-task
trials (marked by the yellow vertical line) in (b) manual-motor cortex (peak latency,
**p=1.6 x10™*, N =26, paired-sample t-test, two-tailed; onset latency,
*¥*p=7.8x1075, N=26, paired-sample t-test, two-tailed). Note that the raw time-
courses in the left panels could only be shifted by multiples of TRs to the nearest
SOAs (199 ms and 1393 ms) whereas the curve-fitted data could be shifted by the
exact SOAs (300 ms and 1500 ms). SOA stimulus-onset asynchrony, AO auditory-
oculomotor, VM visual-manual. Source data are provided as a Source Data file.

between the group-averaged T2 decoding latency and magnitude of
the PRP is more than coincidental, we might expect individual subjects’
differences in T2 decoding latency to correlate with their PRP effect.
Figure 7b shows that it is indeed the case. Specifically, individual
subjects’ differences in PRP magnitude correlated with their T2
decoding onset latencies at short (r=0.44, p=0.026) but not at long
SOA (r=0.17, p = 0.41). Their PRP magnitude also did not correlate with
their T2 peak latency at either short (r=0.13, p=0.53) or long SOA
(r=0.31, p=0.13), but that is not unexpected since individual differ-
ences in peak T2 latencies would not only be affected by the magni-
tude of the postponement caused by T1 processing but also by
individual differences in processing Task2, which is not taken into
account in the PRP magnitude. Taken together, these results not only
reveal neural evidence for serial queuing of task-specific activity in the
MD network, they also suggest that this serial queuing may account for
the behavioral PRP effect.

Chronometric flow of information processing across sensory,
central and motor ROIs

The results of the time-resolved MVPAs describe the temporal profiles
of task-specific decoding within sensory, central, and motor cortical
areas. Based on these profiles and on classic models®**, we surmised
that information processing in the central bottleneck should take place
at a different latency than sensory and motor stages of information
processing. Specifically, perceptual processing in sensory areas should
occur prior to the central bottleneck of information processing in the
MD network, whereas motor response processing should take place
after central processing. To test these assumptions, we compared the
chronometry of decoding across the sensory, central and motor ROIs.
If there is a temporal gradient of information processing from sensa-
tion to response selection to motor execution, decoding should peak
earlier in sensory than in MD network areas, and decoding in the MD
network areas should in turn peak earlier than in the motor response
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Fig. 7 | Time courses of single-task and dual-task decoding in the MD network.
a The group-averaged classification accuracy time series in the MD network. The
upper graphs show results of task-specific decoding for the short-SOA dual-task
trials and the lower graphs for the long-SOA dual-task trials. The left column shows
the raw decoding results and the right column shows the fitted curves of the
decoding results. Dashed gray lines represent the chance levels (12.5%) and the
colored vertical dashed lines indicate decoding peak latencies and onset latencies.
b Correlations between individuals’ fMRI decoding measures (peak latency and
onset latency) and magnitude of the behavioral PRP (RT2 difference between short-
and long-SOA dual-task conditions). Hollow dots represent individual data. The red
line represents a linear fit and the shaded ribbon represents the standard error.
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Asterisks indicate significantly postponed T2 decoding peak latencies and onset
latencies in the short-SOA dual-task trials (marked by the red vertical line) relative
to the single-task trials (marked by the gray vertical line): peak latency,
**p=3.7x107%, N=26, paired-sample t-test, two-tailed; onset latency,

**p =979 x107, N = 26, paired-sample t-test, two-tailed. Note that the raw time-
courses in the left panels could only be shifted by multiples of TRs to the nearest
SOAs (199 ms and 1393 ms) whereas the curve-fitted data could be shifted by the
exact SOAs (300 ms and 1500 ms). MD multiple-demand, SOA stimulus-onset
asynchrony, PRP psychological refractory period. Source data are provided as a
Source Data file.

ROIs. Such gradient should be particularly evident at peak latency as
the latter includes the extended processing duration that takes place at
the stage of response selection, which for 8AD tasks should make up
the bulk of the 1s response times compared to purely sensory or
response execution processing.

Figure 8 compares the decoding timecourses across sensory, MD
network and motor ROIs in the AO and VM single tasks. As predicted,
decoding peaked earlier in the sensory areas than in the MD network
and motor areas (For the single-AO task: auditory sensory vs. MD
network, t(25)=5.42, p=1.26 x 107, Cohen’s d = 1.06; auditory sensory
vs. oculomotor, t(25)=3.54, p=0.0016, Cohen’s d=0.69. For the
single-VM task: visual sensory vs. MD network, £(25) =3.26, p = 0.0032,
Cohen’s d=0.64; visual sensory vs. manual motor, t(25)=4.08,
p=0.0004, Cohen’s d=0.8). However, there were no such peak
latency delay between the MD network and motor ROIs (For the single-
AO task: MD network vs. oculomotor, p=0.9. For the single-VM task:
MD network vs. manual motor, p = 0.46). This finding is inconsistent
with the interpretation that the motor ROIs correspond to the stage of
response execution that follows the stage of response selection. We
considered whether these results could simply be due to intrinsic

differences in hemodynamic properties across these brain regions.
That is to say, the MD network and motor ROIs may simply be equally
more sluggish in their hemodynamic responses relative to the sensory
ROIs. However, as we shall see with the Quartile RT analyses further
below (Fig. 9), the timecourses of activations of the sensory, central
and motor ROIs are differentially sensitive to cognitive processing
times, ruling out a simple intrinsic-differences-in-hemodynamic-
response account for the present peak activation latency results. An
alternative explanation for the similar temporal profiles of decoding
in the MD network and motor ROIs is that the latter do not exclu-
sively act at the motor end-stage of information processing but also
participate in response selection. Indeed, much of the results in the
motor ROIs presented so far are compatible with a response selec-
tion account of motor cortex activation (cf. Univariate BOLD results
in Fig. 3d, e; single-task decoding in Fig. 4c, d and dual-task decoding
in Fig. 6b).

Single-task quartile RT analysis
To address whether the motor ROIs are involved in the central stage of
response selection, we took advantage of the well-known finding that
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Each subplot shows superimposed raw and curve-fitted decoding time series.
Asterisks indicate significantly different decoding peak latencies between the
sensory (marked by the left dashed vertical line) and the MD network areas (marked
by the right dashed vertical line) and between the sensory and motor areas (marked
by the dotted vertical line), **p < 0.01, **p < 0.001. MD multiple-demand, AO
auditory-oculomotor, VM visual-manual. Source data are provided as a Source
Data file.

variability in response times primarily originates at the stage of
response selection**™°, at least when data information is not limited
and stimuli and responses are clearly distinct from one another, as
were the cases in the present study. The response selection-related
variability should be particularly pronounced in our 8 response-
mapping tasks, as the overall duration of response selection scale with
the number of alternatives®**' and RT variability is proportional to
response times®’. Consistent with these predictions, examination of
individuals’ RT distributions revealed considerable variability in their
response times (Supplementary Fig. 10). We binned these response
times into quartiles and tested the hypothesis that brain regions
involved in response selection should show a proportional increase in
univariate BOLD response peak latency (and amplitude) with longer RT
quartiles while their onset latencies should remain unaffected. If, on
the other hand, the motor ROIs are solely involved in response
execution downstream from the stage of response selection, they
should only show onset latency delays as their activation timecourses
are simply postponed with longer quartile RTs.

Figure 9 shows the results of this quartile RT analysis for the AO
and VM single-task conditions in the sensory, MD network, and motor
ROIs. The sensory cortical areas showed no onset or peak latency
differences across quartiles (Fig. 9a, b; for single-VM: onset latency,
F(3,75)=0.99, p=0.4, partial 77=0.04; peak latency, F(3,75)=1.83,
p=0.15, partial 77=0.07; for single-AO: onset latency, F(3,75)=0.1,
p=0.96, partial 77 =0.004; peak latency, F(3,75) =2.63, p=0.06, par-
tial n2=0.1). This is consistent with the notion that these perceptual
areas participate in pre-central stages of information processing. An
individual differences analysis corroborated these group-averaged
results: there were no correlations between individual subjects’ RT
differences between the 4th RT quartile (Q4) and the 1st RT quartile
(Q1) and their onset or peak latency differences between Q4 and Q1
(Fig. 9a, b, lower panels; for single-VM: peak latency, r=0.039, p = 0.85;
onset latency, r=-0.3, p = 0.14; for single-AO: peak latency, r=0.064,
p=0.76; onset latency, r=0.067, p=0.75).

In contrast to the sensory areas, the MD network ROIs showed
clear peak latency (and amplitude) differences across quartiles
(Fig. 9c¢, d; for single-VM: peak latency, F(3,75)=22.83, p=1.33x107"°,
partial 7 = 0.48; peak amplitude, F(3,75)=15.37, p=1.22 x10°, partial
n*=0.38; for single-AO, peak latency, F(3,75)=10.67, p=6.4x107°,
partial 7> = 0.30; peak amplitude, F(3,75) =12.64, p =1.46 x 1075, partial
n*=0.34). There were small onset latency differences accentuated
here by an initial dip (For single-VM: F(3,75) = 6.79, p = 0.0004, partial
n?=0.21.For single-AO, F(3,75) = 2.18, p = 0.1, partial i = 0.08), but that
is not surprising since peak latency differences are expected to lead to
small onset latency differences (Supplementary Fig. 11). Importantly,
such onset differences cannot account for the observed peak ampli-
tude differences across quartiles, nor can it explain the broadening of
the hemodynamic response with increased RTs (full-width-at-half-
maximum [FWHM] quartile effect: F(3,75)=2.75, p<0.05, partial
n?=0.10), whereas those two effects are predicted by increases in the
duration of the neural event of response selection (Supplementary
Fig. 11). Furthermore, these group-averaged results are supported by
individual differences analyses, which show that participants’ RT dif-
ferences between Q4 and Q1 varied with their peak latencies (Fig. 9c, d;
lower panels; for single-VM, r=0.69, p=9.8x1075; for single-AO,
r=0.5, p=0.0087), but not their onset latencies (for single-VM,
r=0.13, p=0.51; for single-AO, r=0.076, p=0.71). In sum, the MD
network areas behaved as expected of brain regions involved in
response selection and provide a hemodynamic benchmark for eval-
uating the possible involvement of motor cortex ROIs in response
selection.

As illustrated in Fig. 9e, f, the BOLD responses in motor cortex
ROIs were just like those in the MD network ROIs. There were peak
latency differences between the quartiles (single-VM: peak latency,
F(3,75) =11.15, p=3.93 x10°%, partial i* = 0.31; single-AO: peak latency,
F(3,75)=7.69, p=8.2x10™*, partial 77=0.24), but no onset latency
differences (single-VM: F(3,75) =0.77, p=0.5, partial n*=0.03; single-
AO: F(3,75) =101, p = 0.39, partial > = 0.04). The individual differences
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Fig. 10 | Granger causality analysis of the AO network in single-task condition.
a AO task neural network model. Green solid arrows indicate the direction of the
significant causal influence of a brain area onto another tested in this analysis.
Dashed arrows indicate that the direction of the causal influence is not significant.
b Granger causality estimates for each of the pairwise directional connections
during the AO and the VM tasks in the AO neural network (from A to MD, p = 0.002;
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from MD to O, p=0.02; from O to MD, p =0.0005; from A to O, p=0.0003; All
statistical tests are paired-sample t-tests, two-tailed, N =26). A auditory areas, MD
multiple-demand network, O oculomotor areas. Error bars represent the standard
error of the mean. Asterisks represent statistically different Granger values between
the AO and VM tasks; *p < 0.05, **p < 0.01, **p < 0.001. AO auditory-oculomotor,
VM visual-manual. Source data are provided as a Source Data file.

analyses backed up the group-averaged results: there was a correlation
between participants’ quartile RT differences and their peak latency
quartile differences (Fig. 9e, f, lower panels; single-VM: r=0.43,
p=0.029; single-AO: r=0.42, p=0.033) but not onset latency differ-
ences (single-VM: r=0.099, p=0.63; single-AO: r=0.12, p=0.57).
These results clearly indicate that the motor cortex ROIs behave like
regions involved in response selection rather than simply response
execution. Unlike the MD network, however, these motor areas’ par-
ticipation in response selection is modality-specific: the manual motor
cortex did not activate during response selection of the oculomotor
task, and vice versa for the FEF with the manual task (Fig. 3). Impor-
tantly, the absence of peak latency differences in the sensory ROIs
indicates that the response selection results in the MD network and
motor cortex ROIs are not simply due to general time-on-task, task
difficulty or arousal effects (unlike peak amplitude differences alone,
which are notable in the sensory areas).

If motor cortex—including primary motor areas considered to be
the main cortical output to motor effectors in the spinal cord*>**—are
involved in response selection, then where is the neural signal for
response execution originating from? To assess whether there
were brain regions specifically or preferentially engaged during
response execution, we directly contrasted response selection and
response execution activity in single-task conditions. The resulting
SPMs failed to reveal any brain areas preferentially activated with
response execution in either cortical or subcortical tissue (Supple-
mentary Fig. 12). A more parsimonious explanation is that response
execution is carried out by the same motor brain regions involved in
response selection rather than depending on distinct neural sub-
strates (see “Discussion”).

Granger causality analysis

The picture that emerges from the chronometric results above is that
there is a flow of neural information processing from modality-specific
perceptual stages to central stages of information processing involved
in response selection that consist of both multimodal (MD network)
and modality-specific (motor) cortical areas. To test this simple model
of flow of information processing, we leveraged the discernable tem-
poral differences in activations across ROIs to determine, with Granger
causality analysis, whether there is a causal relationship in activation
between these areas.

Granger causality analysis essentially assesses whether activityina
brain region is better predicted by antecedent activity in one or more
other brain regions than by its activity alone®™’. To carry out this
analysis, we constructed a simple bidirectional sensory-MD-motor
cortex network using the AO circuit (Fig. 10a), and tested the

hypothesis that Granger causality coefficients would be stronger in
that network when participants are performing the AO task than when
they are carrying out the VM task (the reciprocal test in the VM net-
work could not be performed because the AO task robustly activates
the visual cortex, thus contaminating the “control” condition in the
sensory area; see Figs. 2 and 3). Furthermore, based on the hypothesis
that perceptual processing precedes processing in the MD network
and motor cortex whereas the latter two are co-activated with
response selection, we predicted that the auditory cortex ROI would
unilaterally “Granger cause” activity in the MD network and motor
ROIs, whereas the MD network and oculomotor ROIs would bidir-
ectionally “Granger cause” each other. The results bear out these
predictions. As shown in Fig. 10b, the Granger coefficients from the
auditory cortex to the MD network, from the auditory cortex to the
oculomotor cortex, from the MD network to the oculomotor cortex,
and from the oculomotor cortex to the MD network were all stronger
in the AO task than in the VM task (from auditory to the MD network,
t(25)=3.37, p=0.002, Cohen’s d = 0.66; from auditory to oculomotor,
t(25) =4.26, p=0.0003, Cohen’s d=0.84; from the MD network to
oculomotor, £(25) =2.55, p = 0.02, Cohen’s d = 0.5; from oculomotor to
the MD network, t(25) =4.04, p=0.0005, Cohen’s d=0.79). Only the
“feedback” connections from the oculomotor cortex to the auditory
cortex and from the MD network areas to the auditory cortex failed to
show that pattern (from oculomotor to auditory, £(25)=0.24, p=0.81,
Cohen’s d=0.05; from the MD network to auditory, #(25)=0.93,
p=0.26, Cohen’s d=0.18). Altogether, the results of the Granger
causality analysis in the AO network are consistent with the notion that
early perceptual stages of information processing in sensory areas
provide the input for the stage of response selection carried out jointly
in the MD network and motor cortex areas.

Discussion

Using ultrafast, high-field fMRI and multivariate analyses, here we
tracked the flow of task-specific information processing in simple
arbitrary sensorimotor tasks as that information coursed through the
brain in the absence (single-task and long-SOA Dual-Task conditions)
or in the presence (short-SOA Dual-Task condition) of a competing
task. The results were clear cut: Information is processed largely in
parallel in the sensory areas, but it hits a central “bottleneck” of
information processing once it accesses an ensemble of brain regions
known as the multiple-demand (MD) network, where tasks are pro-
cessed serially. This multimodal network works in tandem with
modality-specific motor response areas to define a central bottleneck
of information processing at the stage of response selection. The
motor response areas are thus not simply response execution areas
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that activate “downstream” from the MD network but participate in
central information processing.

Classic cognitive models distinguish between parallel streams of
information processing at perceptual and motor stages of information
processing that are distinct from a central capacity-limited, serial-
queuing stage of information processing®*'**>*’. As a whole, our
results provide neural evidence for core aspects of these cognitive
models, but also reveal noticeable departures. Processing in the sen-
sory areas temporally preceded (i.e., peaked earlier than) processing in
the central MD network and motor areas, as postulated by cognitive
models. However, these sensory areas were not entirely functionally
spared under dual-task interference. Specifically, when the AO task was
presented first but still overlapping with the VM task (Short-SOA Dual-
Task condition), activity decoding in the auditory cortex peaked earlier
than in single-task or long-SOA dual-task conditions, perhaps to help
avoid cross-talk under competing task information?*>**-°, This caveat
asides, both our univariate and multivariate results suggest that sen-
sory information processing is functionally distinct from and tempo-
rally precede central (MD network) and motor information processing,
and that it provides the perceptual input to the central areas®.

Most importantly, the present findings reveal the neural instan-
tiation of a key aspect of the central bottleneck model**"""%, namely
serial queuing of task-information processing in a specific set of
parieto-frontal areas. This ensemble of brain regions corresponds
remarkably well to the core MD network, a general-purpose neural
network for the encoding and processing of arbitrary task-relevant
information®°¢!, The empirical identification of the serial bottleneck
as the MD network is not without important implications. In particular,
since this network is flexibly engaged across multiple cognitive
domains to form a domain-general cognitive operating system® ¢, the
present results are consistent with the hypothesis that such system’s
flexibility comes at a cost of limiting the multiplexing of information
through that system**,

Interestingly, the MD network may not act alone in forming the
central capacity-limited stage of response selection. Rather, both the
timecourse and Granger causality analyses suggest that the MD net-
work works in tandem with modality-specific motor areas to select the
appropriate input-output associations, alternating which motor area
they co-activate with depending on online task demands (see model in
Supplementary Fig. 13). These findings are inconsistent with the tra-
ditional notion that motor cortical areas, especially primary ones, act
primarily downstream from higher-level areas at the response execu-
tion stage of information processing®*. Instead, they suggest that
motor cortex may be directly involved in the decision-making
process®”"°, ostensibly in assisting in the selection of the appro-
priate motor action. Motor cortex involvement in decision-making is in
stark contrast to sensory cortex, whose contribution to the present
sensorimotor tasks seems to precede the central stage of response
selection. We surmise that it is so because the end product of the
computation is a motor response, which should necessarily involve
motor areas late in the process, whereas perceptual information could
be maintained in the parieto-frontal multiple-demand network™ 7>,

Two points about the putative role of motor cortex in the central
bottleneck of response selection merit discussion. First, it is likely that
the manual and oculomotor areas were involved because our tasks
contained a motor response component. Indeed, there is ample evi-
dence that PRP-like dual-task interferences can be obtained even when
at least one of the tasks does not include an online motor
response®>151° Under such circumstances, the central bottleneck
may be composed of the conjoint activation of the MD network and
the brain areas that subserve these other cognitive process(es), a
hypothesis that merits empirical testing. In that respect, this hypoth-
esis shares affinities to “global workspace” neuronal models that
attribute conscious perception of a stimulus to the functional interplay
between central parieto-frontal areas and task-relevant sensori-motor

areas’. Inany cases, we do not see the motor cortex as a necessary part
of the central bottleneck, but rather as a contributor to it based on the
current contextual task demands.

The second point is that a role for motor cortex in the response
selection bottleneck does not preclude its involvement in response
execution as well. Our finding that the motor areas, or any other areas,
were not preferentially activated during response execution is not
inconsistent with a dual role of motor cortex in both response selec-
tion and execution. After all, motor cortex—especially the primary
areas that provide the chief cortico-fugal projections to the spinal cord
and elicit fine motor contraction at the weakest stimulation
threshold®™”*—is ideally positioned to elicit motor execution. More-
over, both computational models of decision-making and neurophy-
siological studies suggest that motor response execution may simply
be the end point of a decisional process wherein evidence is accu-
mulated for a specific response(s) until a threshold is reached for
execution of that response’®’*7°. Thus, the most parsimonious
account is that motor cortex, both M1 and FEF in the present case,
participate in both motor response selection and execution.

The conclusions drawn from the present study were based on
results obtained from univariate and multivariate analyses performed
on ROIs defined to isolate brain regions distinctly involved in sensory,
motor, or central stages of information processing. As such, this
approach was successful in testing classic models of information
processing and isolating the neural substrates of a serial bottleneck at
the central stage of response selection. As mentioned earlier, we
identified additional areas to our targeted ROIs with the sensory,
motor or conjunction SPMs; namely the superior occipital/posterior
parietal cortex, the motor Rolandic cortex, the TPJ and subcortical
areas in the thalamus and basal ganglia. However, none of these areas
demonstrated clear patterns of activation/decoding in dual-task con-
ditions that would identify them as either modality-specific sensory or
motor areas, or central multimodal response selection areas (see
Supplementary Figs. 4 and 14 for proposed functions of these areas in
the performance of arbitrary sensorimotor tasks). Whatever their
functional contributions may ultimately be, they do not seem to take
part in the serial amodal bottleneck of information processing that is
distinct from early sensory and late response execution stages of
information processing.

It's also worth pointing out that while we were able to test cog-
nitive models of the flow of information across sensory, central and
motor stages of neural information processing, we could not apply the
full set of univariate and multivariate analyses to all the ROIs associated
with each of the two tasks. Specifically, cross-task contamination in the
visual cortex ROIs and poor decoding in the oculomotor ROI pre-
cluded the application of MVPA in dual-task settings in these ROls.
Thus, our results from the latter analyses were primarily drawn from
sensory cortex in one task (AO) and motor cortex in the other task
(VM). There are two reasons that suggest that this limitation is not a
major impediment to the present study’s conclusions. First, the two
sensory areas and the two motor areas showed similar results in ana-
lyses that could be performed on both of them (cf. single-task sensory
ROIs and single-task motor ROIs results in Figs. 3, 8 and 9), suggesting
that either sensory area and either motor area is a good model of
perceptual and motor information processing, respectively. Second,
our main conclusions do not rest on this analytical caveat: Serial
queuing of information processing in the MD network, motor cortex
involvement in response selection (Fig. 9 for both manual- and oculo-
motor areas), and sensory cortex processing preceding response
selection processing (Figs. 8 and 9 for both visual and auditory areas)
were all observed using uncontaminated and robust data set.

While our scanning methodology improves the temporal resolution
of fMRI by a factor of 10 relative to standard fMRI studies®, it does not
reach the temporal resolution achieved with electrophysiological tech-
niques that can reveal the full extent and complexity of the temporal
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dynamics of both feedforward and feedback processing in multitasking
conditions®**%, That said, our ultrafast scanning method can tem-
porally discern behaviorally meaningful neural processes in the order of
a few hundred milliseconds without sacrificing the high spatial resolu-
tion afforded by fMRI. The univariate results in the auditory cortex
clearly indicate that a 300 ms shift in activity can be resolved (Fig. 3a), a
finding that suggests that cognitive processes unfolding in the order of
our temporal sampling (circa 200 ms) should be achievable with the
present method. While previous functional neuroimaging studies have
explored the application of fast scanning methods to temporally resolve
mental processes in the brain, they have generally been obtained under
technically limiting conditions (e.g., surface sensors and univariate
BOLD responses’”5*%), The present findings show the potential of using
latency-resolved fMRI applied to multivariate data under whole-brain
coverage to track task-specific neural activity of cognitive processes as
they unfold during task performance. With further improvement in
machine hardware, pulse sequencing and analytical methods, it is con-
ceivable that fMRI will one day provide a temporal resolution that might
be in the sub-hundred millisecond range®****’. The combination of such
ultrafast imaging techniques, coupled with the relatively high spatial
resolution of fMRI, should provide an unprecedented window into our
neurobiological understanding of a host of higher-level mental func-
tions, from language comprehension and production to executive
control and reasoning,.

Methods

Participants

Thirty-three adults (19-29 years old, mean: 23 years old; 6 males)
participated in the fMRI study. All subjects were recruited from Van-
derbilt University community, and received monetary compensation
for their participation in the current study. All subjects reported no
hearing, neurological or psychiatric disorder. The study procedure was
approved by the Vanderbilt University Institutional Review Board, and
Informed consent was obtained from all subjects. Four subjects were
discarded due to the technical issues with regard to either eye-tracking
or button response recording. The data from three additional partici-
pants were not included in the analysis because their performances in
at least one of the stimulus-response pairings were not different from
chance, precluding the isolation of “correct” trials (see below). The
results reported here are thus based on data from the remaining
26 subjects (19-29 years old, mean: 22 years old; 6 males).

Tasks, stimuli, and experimental design

Two distinct sensorimotor tasks were employed in the present
study. One task required participants to make an appropriate
oculomotor response to an auditory stimulus (AO task), while
another task required participants to select an appropriate man-
ual response to a visual stimulus (VM task). For each task, there
were eight possible stimuli, each associated with a distinct motor
response (i.e., eight Stimulus-Response mappings per task). The
auditory and visual stimuli were the same as those used in ref. 7.
Briefly, the eight auditory stimuli were highly distinguishable
synthetic or natural sounds or complex tones. Each sound was
randomly matched to an oculomotor response that consisted in
moving the eyes from a central fixation point to one of eight
peripheral locations (i.e., up, down, left, right, and four corners;
the average eccentricities from the central fixation point in visual
angle, were 6.21° for the horizontal locations, 3.74° for the ver-
tical locations, and 7.26° for quadrant locations) that were
marked by placeholders on the screen (Fig. 1, placeholders were
squares subtending 0.83° of visual angle). The visual stimuli were
eight distinct colors presented over the entire display [i.e., yellow
(RGB: 255, 255, 30), navy (44, 71, 151), red (237, 32, 36), dark green
(10, 130, 65), light blue (79, 188, 220), pink (255, 57, 255), brown
(167, 106, 48), and light green (109, 205, 119)]. Each color was

randomly matched to a manual response that consisted in
pressing a computer key (during the lab practice session) or a
button box key (during the experimental fMRI session) with one
of eight possible fingers (thumbs excluded). The auditory and
visual stimuli were each presented for 200 msec. At all times, a
white fixation dot (with a diameter of 0.2° visual angle) was
presented in the center of the screen.

The experiment included both single-task and dual-task trials. In
single-task trials, the visual or auditory stimulus was presented for
200 ms, followed by a 2s window during which the participants’
response could be recorded. In dual-task trials, both visual and auditory
stimuli were presented with variable stimulus onset asynchrony (SOA)
and task order. Specifically, the SOA was either short (300 msec) or long
(1500 msec). The short SOA of 300 msec was chosen to ensure that
there would be substantial interference between the two tasks while
avoiding pitfalls of O ms-SOA (e.g., response binding and systematic task
prioritization®*°). The long SOA of 1500 msec was chosen based on
previous studies (e.g., ref. 7) showing that this interval was long enough
for subjects to complete the first (auditory or visual) 8-alternative-choice
task before commencing the second task, thus minimizing dual-task
interference. SOA and task order was randomized for each dual-task
trial, resulting in four dual-task conditions (i.e., Short-SOA AOVM, Short-
SOA VMAO, Long-SOA AOVM, and Long-SOA VMAOQ). The specific
sound-to-oculomotor location (AO task) and color-to-finger (VM task)
pairings were randomly assigned for each participant.

Participants were instructed to make the appropriate response to
each stimulus as quickly and as accurately as possible independent of
the presentation of another stimulus and without delaying either task
(if more than one stimulus is presented).

Pre-scan task learning and practice sessions

Before the fMRI experiment, each participant underwent a single-task
learning session and a practice session in the laboratory outside the
scanner. MATLAB with Psychtoolbox™ was used to program the experi-
ment and present the auditory stimuli over headphones and visual sti-
muli on a computer monitor. Oculomotor responses were recorded
using an eye-tracker with ViewPoint software (Arrington Research, Inc.)
and manual responses were recorded using a computer keyboard.

The participants first learned the eight stimulus-response pairings
for each single task.

For the AO task, each auditory sound was presented with their
appropriate oculomotor response indicated by the filled placeholder.
After about ten presentations of each S-R mapping during this learning
phase (which took about 10 min), participants practiced carrying out
the tasks in two blocks of 80 single-task trials, with each S-R pairing
repeated 10 times in a random order within a block. For the first of the
two practice blocks, trials were self-initiated and performance feed-
back (in the form of “correct” or “wrong” visual word presentation) was
given after each trial. For the second practice block, no feedback was
given and each trial was automatically initiated every 5s.

For the VM task, each of the eight display colors were presented
with their appropriate finger response key (as shown on the screen).
After about 10 presentations of each pairing during this learning phase
(lasting about 10 min), participants performed a practice session which
consisted of 2 blocks of 80 trials as described for the AO trials.

By the end of these single-task practice trials, participants had
achieved high accuracies for both AO and VM tasks (AO task, mean:
97.4%, SD: 2.2%; VM task, mean: 97.6%, SD: 1.7%). They then performed
two blocks of 40 dual-task practice trials. Across these 80 dual-task
practice trials, the eight S-R mappings of the AO and of the VM tasks
were each presented 10 times (for a total of 80 trials as each dual-task
trial includes both tasks), with even presentations of task order and SOA.

After these two dual-task trials-only blocks, participants per-
formed two mixed-trial practice blocks, with each block containing 32
dual-task trials and 16 single-task trials. Specifically, each mixed-trial
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practice block included the presentation of each of the 8 S-R pairing
for each of the four Dual-Task and two Single-Task conditions (i.e., 8 SR
mappings x 6 conditions). Overall, across the single-task and dual-task
practice blocks, participants performed 352 single-task trials and 144
dual-task trials. At the end of the practice session, participants with an
overall accuracy (i.e., responded to the two tasks correctly and in the
correct order) greater than 66.7% in the last two practice (mixed)
blocks were invited to participate in the fMRI experiment to secure a
sufficient number of correctly-responded trials for fMRI data analysis.

fMRI procedure and data acquisition

The fMRI experiment was conducted at the Vanderbilt University
Institute of Imaging Science. Images were obtained on a Philips 7-Tesla
Achieva MRI scanner with a quadrature transmit and 32ch receive head
coil. Foam pads were used to keep subjects’ heads stabilized during
scanning. Functional images were acquired by using a highly acceler-
ated, 3D PRESTO EPI sequence to achieve both short TRs while main-
taining BOLD-optimized TEs with short dynamic scan times. The
parameters for functional scans were as follow: TR:199 ms, TE: 27.2 ms,
FA: 11°, matrix size: 80 x 80, in-plane voxel size: 2.7 x 2.7 mmZ Each
scan had 1600 volumes (318.4 s), and for each volume there were 26
axial 4-mm thickness slices to cover the whole brain. An anatomical
scan was also acquired for each subject using MPRAGE sequence with
the following parameters: TR: 4.8 ms; TE: 2.1 ms, FA: 7°, TI: 1300, shot
interval: 4500 ms, 249 sagittal 0.7-mm thickness slices with in-slice
matrix size: 352 x 352, voxel size: 0.7 x 0.7 x 0.7 mm’,

The experimental tasks were programmed using Matlab (version:
R2018b, MathWorks, Inc.) with Psychtoolbox® and back-projected to
the participants via a screen board and a mirror attached to the coil.
The visual display subtended 16.54° of visual angle. Auditory sounds
were presented binaurally to the subjects using an MRI-compatible
earphone system (Nordic Neuro Lab) and foam canal tips were used to
maximumly reduce scanning noise. An eye-tracking equipment (Avo-
tec, Inc.) mounted on the head coil was used to recorded participant’s
eyes movement. Eye-tracking calibration and validation were done
before scanning. A practice run (with the same trial procedure as the
experimental runs) was also administered to each participant while
anatomical scans were obtained.

The scanning session consisted of 10 functional runs. Each run had
48 trials, with 8 trials for each of the six conditions (i.e., 4 dual-task
conditions and 2 single-task conditions) presented in a random order.
Each run included an equal number of the eight S-R mappings for both
AO and VM tasks. Thus, across 10 runs, there were a total 320 dual-task
trials (2 SOAs x 2 task orders x 8 S-R mappings x 10 runs) and 160 single-
task trials (2 tasks x 8 S-R mappings x 10 runs). The inter-trial intervals
(ITI) (i.e., from T2 offset to the T1 onset of the next trial) were jittered
between 3.98 s and 11.144 s, following a decay distribution with a mean
of 5.4 s. This resulted in a duration of 318.4 s (1600 whole-brain volumes)
for each run, including a resting-state period of 7.96 s before the first
trial to allow equilibrium of the magnetic field, and a resting-state period
of 9.96 s at the end of the run to accommodate the hemodynamic delay
of the last trial. Most of the participants (22 out of 26) completed 10
functional runs; one participant finished 9 functional runs and three
subjects completed 8 functional runs due to technical difficulties.

Data analysis

Data preprocessing. Neuroimaging data preprocessing was performed
using AFNI (version: 7.14, Feb. 24, 2021)%. First, individuals’ anatomical
images were skull-stripped using 3dQwarp via @SSwarper. Segmentation
was then done on the anatomical image using Freesurfer” to obtain
masks for white matter, ventricles, and anatomical parcellation of gray
matter for each subject. Standard preprocessing (using afni_proc.py)®* on
functional images consisted of: head motion correction, functional-to-
anatomical alignment using a local Pearson correlation algorithm (Ipc +
ZZ cost function in AFNI)*, whole-brain masking, and time-series local

average scaling for interpreting effect estimates as percent signal
change®. No spatial smoothing was performed to preserve the spatial
variances across neighboring voxels. All analyses were conducted in the
subject’s native space except for univariate group-level analyses which
were performed in a standard space with the functional images being
warped and registered to a template (MNI152_T1.2009c¢) and resampled
at2x2x2mm’,

Univariate analysis. After preprocessing, several subject-level general
linear model analyses and group-level comparisons were performed
using AFNL

First, to isolate sensory and motor regions, a general linear model
(GLMI1) was applied to each voxel’s time series to estimate the auditory
and oculomotor BOLD responses to the single AO task, and the visual
and manual BOLD responses to the single VM task. The sensory input
regressors were modeled by convolving the stimulus onset timings
(either auditory or visual) with a double-gamma model of hemody-
namic response function. The motor output regressors were modeled
by convolving the motor response (i.e., saccade timing and button
press timing) with a double-gamma hemodynamic response function.
The auditory and oculomotor regressors were modeled on the aver-
aged response to all trials of the single AO task, and the visual and
manual motor regressors were modeled on the averaged response to
all trials of the single-VM task. The correct and incorrect trials were
modeled separately and the subsequent group-level comparisons were
performed only on the correct trials. To address the serial correlation
issue of fast fMRI data®>*’, we used a generalized least squares time-
series fitting approach, with restricted maximum likelihood (REML)
estimation of the temporal autocorrelation structure (3dREMLfit with
an ARMA model in AFNI). This method has been shown to outperform
other approaches in term of providing better task-fMRI reliability®®.
Because multi-shot sequence in ultrafast scanning protocols is motion
sensitive and vulnerable to physiological artifacts (cardiac and
respiratory), some extra steps were performed to address these
issues”. Specifically, to reduce the influence of motion-induced arti-
facts, censoring was applied to the time points in which head motion
exceeded a distance of 0.3 mm (i.e., Euclidean norm) over the pre-
ceding time point or in which more than 10% of whole brain voxels
were regarded as outliers by 3dToutcount®. Six head motion correc-
tion parameters and six temporal derivatives of head motion were also
modeled as nuisance regressors in the general linear model. To
address the physiological artifacts, six principal components extracted
from white matter areas and six principal components extracted from
ventricles were also modeled as nuisance in the general linear model to
account for physiological noises’*'°°. The trials of the dual-task con-
ditions were also modeled (as whole-event regressors from stimulus
onset of T1) here solely for the purpose of accounting for variance;
they weren’t used to define the sensory and motor ROIs. All explicit
regressors (i.e., single-task and dual-task regressors and any nuisance
regressors) were modeled against a fixation baseline that was implicit.
These modeling procedures (i.e., independent regressors for correct
and incorrect trials, nuisance regressors for motion-correction para-
meters and physiological noises) were also applied to the other GLMs
described further below unless otherwise stated.

The regression coefficients obtained above were used to
isolate sensory and motor areas in group-level SPMs of single-task
conditions using paired-sample ¢-tests. Specifically, we contrasted
regression coefficients for auditory vs. visual inputs to isolate
sensory-specific areas, masked by a contrast of single-task con-
dition relative to the fixation baseline (i.e., auditory input vs.
baseline contrasted to visual input vs. baseline). Similarly, we
contrasted regression coefficients for oculomotor vs. manual
motor responses (each masked by a contrast of single motor
response relative to the fixation baseline) to isolate motor-
specific areas. Further specificity was added to the manual
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motor ROI by including another contrast of left-hand vs. right-
hand. We employed a simulation approach to correct for multiple
comparisons by using the -Clustsim option of the software tool
3dttest++ (AFNI), as it has been shown to effectively control the
false positive rate under 5%'°. The sensory and motor ROIs were
defined based on a threshold at voxel-level of p<0.001, and
corrected at cluster-level a<0.01, with cluster size >55 voxels
(see Supplementary Table 1).

A separate GLM (GLM2) was used to isolate multimodal central
processing regions by searching for brain regions that responded to
both single sensorimotor tasks’*', This GLM was also used for con-
trasting dual-task vs. single-task activity (Supplementary Fig. 5).
Because the central processing brain regions are expected to be acti-
vated for a longer period under dualtask than single-task
conditions”®", we used an analytical approach known to increase the
temporal sensitivity of the regression model by first defining subject-
specific and condition-specific HRFs'*2. Specifically, based on the signal
change time-series from GLM3 (see below), we first extracted the
average time-series from an a priori region of interest (i.e., the inferior
frontal junction of the Freesurfer anatomical parcellation)”*" and fit-
ted the average time series with the double-gamma HRF to estimate 5
parameters (i.e., pl1, f1, p2, 2, and dip as shown in the formula below,
with pl and p2 representing the time to peak, and f1, f2 representing
the full width at half maximum of the two gamma functions, and dip
representing the ratio that adjusts the amplitude of gammaz2 relative to
gammal). This procedure was conducted separately for the six task
conditions (i.e., 2 ST and 4DT trial-types):

L4 22

2 2
HRF(O) A {C) (/1) 8log(2) e Cﬁ) _dipx (pi) (/z) 8log(2) e (/22 rsflu';fmpz)}
1

2

@

The estimated parameters were then applied in GLM2 to serve as
HRF reference for each of the two single-task and four dual-task con-
ditions, thus providing distinct hemodynamic response characteristics
for the single-task trials and dual-task trials. As such, GLM2 included
the single AO and single VM task trials as the two single-task regressors
of interest and the four dual-task trials as the dual-task regressors of
interests. Importantly, while the single AO task trials and VM task trials
were modeled as single whole events using onset regressors (instead
of modeling sensory input and motor output separately as in GLM1),
the dual-task trials were modeled as longer-duration, compound
events by increasing the pl1 value in the HRF formula according to its
estimation derived from the double-gamma function that curve-fitted
the time series extracted from GLM3 in the a priori anatomically-
defined IF) ROI of each subject (see Supplementary Table 3 for p1 and
other HRF parameter values for all task conditions).

For defining the areas jointly activated by the two tasks (Fig. 2e),
their regression coefficients were used in two group-level SPMs: the
first consisted of the contrast of single AO trials vs. fixation baseline to
find regions activated with the AO task, and the second corresponded
to the contrast of single VM task vs. fixation baseline to find regions
activated with the VM task. We then conducted a conjunction analysis
of these two SPMs to find foci of overlapping activation between AO
and VM tasks (i.e., multimodal areas). To compare dual-task to single-
task activity (Supplementary Fig. 5), the dual-task regression coeffi-
cients were contrasted with those of the single tasks. The conjunction
ROIs were defined based on a threshold at voxel level of p < 0.001, and
corrected at cluster level a<0.01, with cluster size >62 voxels (see
Supplementary Table 2), whereas the Dual-Task vs. Single-task SPMs
were thresholded at voxel level of p <0.001, and corrected at cluster
level a < 0.01, with cluster size >44 voxels.

A third GLM (GLM3) was next used to estimate the time series of
signal change in the sensory, motor and central ROIs for the six

experimental conditions. Specifically, a multiple-parameters shape-
free HRF model (i.e., TENT function in AFNI) was used for each of the
six task condition regressors of interest to estimate the percent signal
change at each time point from stimulus onset (T1 stimulus onset in
the dual-task trials) to 14 s later with a TR time step (i.e., 199 ms). Thus,
there were 69 estimations characterizing the temporal profile of signal
change time series spanning the whole trial for each of the single- and
dual-task conditions. The signal change time series were extracted
from an ROI (e.g., sensory, motor, multimodal ROIs obtained from
GLM]1, GLM2) and were averaged across all voxels in that ROI for each
experimental condition. This average signal change time series were
then curve-fitted using a data-driven smoothing spline approach'®.
Based on the fitted curves, the onset latency, peak latency, and peak
amplitude were estimated®'°*'*, The peak latency was defined as the
time at which the curve had reached its peak amplitude. The onset
latency was defined as the time at which the curve reached 10% of its
maximal amplitude. The parameter estimations were performed at the
individual level, and the estimated parameters were then submitted to
group-level comparisons. Specifically, to test a task effect for a given
parameter of the BOLD profile (e.g., peak latency), an omnibus ANOVA
was conducted on the means of that parameter across task conditions
of interest, followed by paired sample t-tests when applicable.

Two additional GLMs were carried out for the purpose of multi-
variate analysis (see next section). The first, GLM4, was constructed to
estimate activation for each individual trial (i.e., each S-R mapping) of
each of the two single-task conditions. This was done by including, for
each trial, a whole-event regressor modeled from trial onset and con-
volved with a classic double-gamma HRF model. Because each single-
task trial has its own S-R mappings, GLM4 yielded beta values
(regression coefficients) for each of the 8-alternative S-R mapping
trials for each of the AO and VM tasks. These beta values were used to
train task-specific classifiers for both single-task and dual-task multi-
variate decoding analyses (see below).

Finally, GLM5 was performed to estimate the signal change time
series of the multivariate analyses for each trial of each of the six task
conditions. To ensure sufficient power for this trial-level modeling, a
Least-Squares-Sum approach was used (3dLSS function in AFNI)'%.
Specifically, for a given task condition, a set of 69 regressors (one per
time point) spanning from stimulus onset to 14 s later (i.e., a time-
resolved HRF-free procedure similar to GLM3) was modeled for a
single trial, and a second set of 69 regressors was modeled for the
averaged response to all other trials for that condition. Thus, there
were only two sets of regressors modeled for a given task condition in
this regression model. This procedure was repeated for each single
trial separately, which gave an estimate (of the signal change time-
course) for each trial for that task condition. The same GLMS approach
was conducted separately for the other five task conditions, thus
yielding signal change timecourses for all trials for each of the six task
conditions. Only estimations for correct trials were used for single-task
and dual-task multivariate decoding analysis.

Single-task multivariate decoding analysis. MVPAs were performed
in MATLAB with the Princeton MVPA toolbox. Classification analyses
were conducted in ROIs defined from the univariate analyses; that
is, modality-specific sensory, motor and multimodal central
processing ROIs.

For the single-task MVPA analyses, we sought to determine if the
sensory, motor, or multimodal ROIs would show task-specific activation
patterns. For the sensory and motor ROIs, features selection was con-
ducted by choosing the 50 most activated voxels (i.e., top t-values from
individual subject GLM) in their respective condition relative to the
baseline®. For the multimodal ROIs, feature selection was conducted by
selecting the 50 most co-activated voxels in a conjunction between the
two single tasks. A classifier was trained to discriminate among 8 alter-
native choices for each single task (e.g., 8 auditory-oculomotor
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mappings for the AO task). Specifically, we used the estimations (beta
values) from GLM4 to train a task-specific classifier to discriminate one
S-R mapping against the other 7 S-R mappings using L2-regularized
logistic regression algorithm and set the penalty value at 257", For
testing, the trained task-specific classifier was applied to the corre-
sponding task trials by using a leave-one-out cross validation procedure
to ensure the independence of the training and testing dataset. A trial
was considered correctly classified if the decoded S-R mapping matched
the actual one. Classification accuracy was scored by counting the pro-
portion of correctly classified trials. The trained task-specific classifier
was also applied to the other (i.e., control) task trials using a train-datal-
test-data2 procedure to validate the specificity of the trained classifier.
Significance was assessed at the group-level by comparing classification
accuracy against a chance level (12.5%) by using a one-tailed (right) ¢-test,
and corrected for multiple comparisons* in each ROL

For any given sensory or motor ROI, we expect to see successful
decoding of trials that correspond to the task that classifier was trained
on (e.g., successful AO decoding of AO trials in auditory cortex ROI),
but not for trials of the other task (e.g., no AO decoding of VM trials in
auditory cortex ROI) nor for the decoder of a different sensory/motor
modality (e.g., no VM decoding of AO or VM trials in auditory cortex
ROI). Since the multimodal central processing ROIs are activated by
both single tasks, a different decoding pattern is expected. Specifically,
we should observe successful decoding for both of the task-specific
classifiers, but only for their corresponding trials (e.g., successful AO
decoding of AO trials but not VM trials, and successful VM decoding of
VM trials but not AO trials).

Time-resolved multivariate decoding analysis. In order to tempo-
rally resolve task-specific activity in not only the single-tasks but
especially in the dual-task conditions, the trained task-specific classi-
fiers were also applied to trace the timecourse of decoding in each task
condition. That is, the trained AO- or VM-task classifiers were used to
decode the S-R mappings at each time point of the signal change
timecourse estimated with GLMS for the single-task and dual-task
trials. For the single-task trials, the leave-one-out cross validation
procedure was adopted to ensure the independence of the testing data
(i.e., the left-out timecourses of single-task trials from GLMS5) from the
training data (i.e., beta values of all remaining single-task trials from
GLM4). For the dual-task trials, the training data (single-task trials) and
testing data (dual-task trials) were independent (i.e., train-datal-test-
data2 procedure) so there was no need for the leave-one-out proce-
dure. Classification accuracy was scored in the same way as in the
single-task decoding analyses but here at each time point of the
timecourses of both the single-task and dual-task trials, resulting in
task-specific classification accuracy timecourses for each task condi-
tions. The classification accuracy timecourses were then curve fitted
with a single-gamma HRF rather than a smoothing spline function due
to the noisier data'®, and the classification peak latency and onset
latency were estimated from the fitted curve. The decoding time
courses for a given task under single-task and dual-task conditions
were then overlaid for comparisons, making sure to take into con-
sideration for the dual tasks the proper task order and to time-shift the
Task2 decoding timecourse by the duration of the long or short SOA so
that all task conditions are appropriately time-aligned. To improve
decoding timecourse SNR in the MD network ROIs, we combined task
order across conditions (e.g., Taskl decoding timecourse in Fig. 7a is
the average of AO and VM decoding timecourses from the respective
AOVM and VMAO dual-task conditions) after verifying in an ANOVA
with factors of target (T1/T2), task order (VM-AO/AO-VM) and
SOA(300 ms/1500 ms) that there were no effect of task order (ps >
0.10). The decoding peak latency and onset latency were submitted to
group-level analyses. Significance was assessed by comparing the
decoding onset/peak latencies between dual-task and single-task
conditions (e.g., dual-task T2 vs. single-task) and between SOAs of

dual-task conditions. In order to assess the behavioral relevance of the
observed onset and/or latency differences, we carried out an indivi-
dual difference analysis that correlated the decoded latency data to the
magnitude of participants’ PRP (i.e., RT2 difference between short and
long SOA in dual-task conditions).

Single-task quartile RT analysis. For each participant, trials of each of
the two single-task conditions were binned into four quartiles
according to their RTs. A general linear model (GLM6) was constructed
to estimate the signal change time series for each single-task quartile
condition. The modeling procedures were the same as GLM3 except
that four quartile regressors instead of one were modeled for each
single-task condition. The GLMé6s were conducted for the AO and VM
tasks separately. The signal change time series curve fitting and para-
meter estimation were the same as in the univariate BOLD time series
analysis. Group-level analysis (e.g., ANOVA) was conducted to compare
difference(s) among quartile conditions in the sensory, motor and
multimodal ROIs.

Granger causality analysis in single tasks. Granger causality (GC)
analyses were conducted using the Matlab toolbox MVGC"™. The
single-task time series for all trials (GLMS) in the AO neural circuit
(auditory cortex, MD network, and FEF ROIs) were used in the GC
analyses. The order of the vector autoregressive (VAR) model was
estimated using the Akaike information criterion (AIC). Then the VAR
model was estimated for the selected model order, and pairwise-
conditional Granger causalities was calculated in time-domain from
VAR model parameters by state-space method. For each pairwise
connection, Granger causalities were compared between AO task and
VM task conditions.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The raw neuroimaging data supporting the conclusions of this study are
available at https://s3.accre.vu:9000/maroislabbucket/maroisnatcomms/
prp_raw_data.zip. Source data are provided with this paper.

Code availability

Scripts for neuroimaging preprocessing and univariate analyses and
custom MATLAB scripts for MVPA are available at https://s3.accre.vu:
9000/maroislabbucket/maroisnatcomms/prp_scripts.zip.
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