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Abstract 

Theories of dual-task interference assume that the same cognitive operations 

underlie multitasking regardless of stimulus timing, yet this core assumption has 

remained untested due to methodological limitations of behavioral averaging. Here, 

we combine hidden multivariate pattern (HMP) analysis with deep spatiotemporal 

sequence modeling of single-trial EEG to uncover the neural dynamics of multi-

tasking in the psychological refractory period (PRP) paradigm. Using a deep spa-

tiotemporal sequence model trained on Long stimulus-onset asynchrony (SOA) 

trials, we identify Encoding, Central, and Response operations and show that these 

same operations occur in the Short SOA condition, demonstrating shared cognitive 

processes across interference conditions. Additionally, trial-level decoding reveals 

multiple distinct sequences of cognitive operations across both tasks during interfer-

ence, varying both within and across individuals. These sequences predict behavioral 

differences in reaction time and accuracy, revealing how interference timing within 

the cognitive operation sequence influences performance. In other words, we found 

trial-by-trial variability related to individual strategies directly affecting accuracy and 

reaction time (RT). Our findings challenge static bottleneck accounts and establish 

trial-level sequence modeling as a powerful tool to investigate the hidden dynamics of 

multitasking.

Author summary

In our daily lives, we are often required to juggle multiple tasks at once, for 
example when operating an in-car device while driving. While multitasking is 
increasingly common, research shows that we often perform worse when multi-
tasking, on average. Researchers have long been interested in when, how, and 
why this performance decline occurs, but most studies rely on averages that 
obscure how behavior changes at an individual trial level. In this paper, we use 
brain activity measured with electroencephalography (EEG) to identify recurring 
cognitive building blocks underlying simple decisions on individual trials. In the 
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task we use, participants first perform a visual decision, followed by an auditory 
decision. The delay between the first and the second task was manipulated. 
When the delay is short enough, the tasks overlap and multitasking is more com-
mon. We find that the building blocks for performing both tasks remain the same 
when multitasking, which until now has only been assumed, but not directly 
demonstrated. Additionally, we find that how the building blocks of both tasks are 
ordered and combined varies across trials, and this variation predicts differenc-
es in response speed and accuracy for the first task. These findings show that 
multitasking behavior is more dynamic than traditionally assumed.

1.  Introduction

In today’s fast-paced, information-rich world, we are often required to juggle multiple 
tasks at once. Because of this requirement, the ability to multitask effectively has 
become increasingly important for success in modern environments. Yet research 
consistently shows that multitasking comes at a cost, typically resulting in slower RTs 
and more errors [1,2].

An important theoretical notion of why multitasking costs extra time is that of a 
central bottleneck [3–5]. The central bottleneck theory assumes that individuals 
performing multiple tasks at once require more time because some cognitive pro-
cesses are shared among the tasks, and cannot be executed in parallel. As a con-
sequence, processing of a task may be delayed, leading to slower actions. This idea 
has traditionally been supported by the so-called psychological refractory period 
(PRP) paradigm [4,6–11]. In these experiments the time between sequential stimulus 
presentations, or stimulus-onset asynchrony (SOA), is manipulated to investigate 
the effect of dual-task interference on task performance. Distinct modalities such 
as visual and auditory are generally used to avoid perceptual interference, where 
both tasks are competing for the same sensory system. The RT of both tasks is then 
analyzed to theorize about what occurs during execution of the concurrent tasks. The 
typical finding is that the response time to the task that is presented first (Task 1) is 
not influenced by the stimulus onset of the task that is presented second (Task 2). 
The difference in Task 2 RT between the Long and Short SOA conditions is known 
as the PRP effect, a robust finding where shorter SOAs leads to longer Task 2 RTs 
[4,12,13]. The PRP effect has been the key piece of evidence for the central bottle-
neck theory [3,4], as it posits that a central, executive, process is required for both 
tasks. As this assumed process is only able to complete one task at a time, overlap-
ping tasks yield slower responses for Task 2 [4].

However, alternative theories have been proposed to explain the PRP effect. In 
particular, the capacity sharing theory [14] states that central processing occurs in 
parallel, contrary to the seriality assumption of the central bottleneck theory. A lim-
ited amount of capacity is shared between both tasks, possibly restricted to central 
processes. An important prediction of capacity sharing – in contrast to the central 
bottleneck theory – is that the reaction times to Task 1 are also affected. Research 
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has tried to disentangle these theories by using experimental interventions that are meant to only affect Task 2 processes, 
for example varying the difficulty of the Task 2 stimulus [15], or increasing similarity between response types [16]. In these 
cases, if for example a more difficult Task 2 also affects Task 1 reaction times, that would support the capacity sharing 
theory. While these findings fit with the capacity sharing theory, the central bottleneck theory can account for these effects 
by distinguishing between response activation and response identification stages [13,17].

More recent theories have started to shift away from the focus on whether processing is parallel or serial [13,17], con-
cluding that both are possible as a form of adaptive behavior. Instead, they focus on which contextual conditions motivate 
people to choose a serial or parallel execution. For example, the PRP effect can decrease with practice [18,19] (but does 
not disappear [20,21]), possibly indicating a shift from serial to parallel processing [22], although it can be argued that 
people simply become fast at each task separately and thus encounter costs of parallel execution less often [23]. How-
ever, there are known contextual variables that influence seriality of processing, such as priority instructions [24], expected 
temporal overlap [25], and task difficulty [26]. Additionally, individual differences possibly influence multitasking, as indi-
viduals differ in how frequently and efficiently they multitask [27,28]. These findings indicate that rather than being static, 
multitasking may be much more dynamic [5,29,30].

This dynamic perspective on behavior in the PRP paradigm is supported by neuro-imaging studies. A body of electro-
encephalogram (EEG)/event-related potential (ERP) research has examined the neural dynamics of PRP dual-task perfor-
mance. These studies typically track task-specific ERP components associated with perceptual processing (such as N2pc, 
posterior contralateral negativity (PCN)) and response preparation (lateralized readiness potential (LRP)). Consistent with 
the central bottleneck theory, several studies report that central processing affects ERP components related to perceptual 
[31–33] and motor [33] processing. However, a potential limitation of this work is that it relies on trial-averaged ERPs and 
thus assumes a fixed temporal structure across trials, which might not be the case. The timing of processing stages can 
vary from trial to trial, and averaging may obscure important variability in dual-task interference. In other modalities, [29] 
used magnetoencephalography (MEG) to show that Task 1 and Task 2 operations operate in parallel at first, but repel 
each other in the later part of the combined task. This means that Task 1 processes shorten, while Task 2 processes 
lengthen or are postponed. Their findings are incompatible with both the central bottleneck and capacity sharing theories, 
which is why the authors advocate for a new theoretical framework. Relatedly, [30] used ultrafast functional magnetic res-
onance imaging (fMRI) to draw conclusions about when serial processing does and does not occur, making the case for a 
nuanced central bottleneck theory.

Independent of the discussion between serial, parallel, or a more nuanced perspective, all theories on dual-task inter-
ference seem to assume – either explicitly or implicitly – that the same cognitive operations occur when tasks overlap 
(i.e., a Short SOA) as when they do not overlap (i.e., a Long SOA). For example, many theories refer to operations simply 
being shortened or delayed (e.g., [4,7,9,10,12,13,17]). [29] and [30] argue that task-related activity occurs at specific time-
points across SOA conditions, implicitly assuming that the same cognitive operations occur in both conditions.

In the current paper, we will put this central assumption to the test. Specifically, we decompose EEG from a standard 
PRP task [34] into separate cognitive operations, using a machine learning (ML) method called hidden multivariate pattern 
(HMP) [35] analysis. Based on the EEG patterns and cognitive operation probabilities obtained this way from the Long 
SOA condition where tasks do not overlap, we next trained a deep spatiotemporal sequence model [36] to decompose the 
EEG at the single-trial level. This decomposition allows us to identify which cognitive operations occur on each trial, and 
compare their representations across SOA conditions to address whether these are comparable or not.

An additional benefit of our approach is that the single-trial decomposition reveals the specific sequence of cognitive 
operations on each trial. This way, we can understand whether these sequences are stable across trials, or whether there 
are large intra- and inter-individual differences in how the two tasks are combined when interference occurs. General 
theories of multitasking predict that such sequences can differ from trial to trial, depending on task contingencies [5], but 
this has never been identified in the PRP paradigm. In contrast, most PRP studies assume a certain homogeneity of the 
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sequences across trials, allowing for simple RT averaging [9,14,19]. Relatedly, [29] assumes that cognitive operations 
occur at the same time across trials and participants. This assumption allowed the training of ML classifiers at specific 
points in time, and testing at all other times to track cognitive operations. Similarly, [30] assumes that each trial unfolds in 
the same way, by averaging the hemodynamic response. Through our method of detecting cognitive operations at the trial 
level, we will be able to test these assumptions as well.

2.  Methods

2.1.  Ethics statement

This study re-used an openly available dataset [34]. The data was collected and shared in accordance with the ethical 
guidelines and approval of the original authors. No new data were collected, and therefore additional ethical approval was 
not required for the present work.

2.2.  Experiment design

The experimental data used is from a previous study by R. Steinhauser and M. Steinhauser [34]. In this study’s Experiment 
1, 24 healthy participants (2 male) completed a three-choice flanker task (Task 1) followed by a two-choice pitch discrim-
ination task (Task 2). The flanker task’s squares could be three colors: red, yellow, or blue. Both flanker squares were 
always the same color, and this color was always different from the central, target square, meaning that target and flanker 
were never congruent, as would be typical in most flanker paradigms (e.g., [37]). The pitch discrimination task contained 
low (400 Hz) and high (900 Hz) sine tones. While performing the tasks, participants had to respond to the flanker task first 
by indicating the color of the target square, and to the pitch discrimination task second by indicating the pitch of the tone. 
Task 2 started after an SOA of 300 ms (the Short condition) or 1200 ms (the Long condition), chosen randomly within block. 
Participants used either the “Y”, “X”, “C” buttons, or the “,”, “.”, “-” buttons (QWERTZ layout) to respond to Task 1. In Task 
2, participants used the up and down arrow keys or the “A” and “Y” buttons (QWERTZ layout). The color-to-key mapping 
was counterbalanced across participants and for one half of the participants the hand used was reversed. First, partici-
pants practiced during several blocks, ensuring that the experimental paradigm and color-to-key mapping were sufficiently 
learned. Finally, 10 blocks of 108 trials each were conducted. See [34] for more details about the experimental paradigm.

2.3.  Data collection and preprocessing

The EEG data were collected using 64 electrodes placed according to the 10–20 positioning system at a sampling rate 
of 512 Hz using a BioSemi Active-Two system (BioSemi Instrumentation, Amsterdam, The Netherlands). Using MNE-
Python [38], we first band-pass filtered (1–100 Hz) with a 50 Hz notch filter to suppress line noise. individual component 
analysis (ICA) [39] is applied after downsampling to 200 Hz to identify and remove ocular and other stereotyped artifacts. 
Removal of the ICA components is performed on the original, non-downsampled data. Long and Short interval condition 
triggers were reconstructed based on the interval between stimulus onsets. We created two epochs out of each trial, from 
-0.25 s before to 2.0 s after stimulus onset for each of the two tasks. We linearly de-trended the epochs using mne’s [38] 
implementation and baseline-corrected both Task 1 and 2 epochs using pre-Task 1 stimulus information, to ensure that 
no task-relevant activity was used for baseline correction. We used autoreject [40] to remove bad trials (Task 1 M: 64.37, 
SD: 75.62; Task 2 M: 58.50, SD: 55.26). Finally, we split the data from the Long condition into 85% and 15% training and 
validation sets, by participant.

2.4.  Hidden multivariate pattern analysis

We used HMP [35] to estimate probability distributions for the onset of each cognitive operation. HMP assumes that the 
onsets of cognitive operations are represented by a significant event that is detectable as a change in the multivariate 
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EEG signal [35,41]. It estimates the most likely location of these events by jointly modeling the contribution of each 
channel to this change in signal and the time interval distribution between events. HMP has been successfully applied in 
many domains to disentangle cognitive operations [35,41–45]. In the current application, we fit HMP to the Long condi-
tion only. This is necessary because HMP relies on the temporal dependence of subsequent events [35]. In the Short 
SOA condition, this temporal dependence may not be present due to Task 2 operations occurring while Task 1 is being 
performed. With a Long SOA of 1200 ms, Task 1 and 2 overlap is negligible, as the 95th percentile of Task 1 RT is at 840 
ms, which is substantially shorter than the Long SOA. Application of HMP to the Long SOA condition allows us to esti-
mate the onset of the cognitive operations of each task reliably and independently. We cut off all epochs at RT, removing 
trials with an RT of lower than 0.2 s. The data were re-referenced to the average over all electrodes, and band-pass fil-
tered between 1 and 50 Hz. Additionally, the 50 ms after RT is used by HMP, making the final response operation easier 
to estimate (cf. [35]). We perform principal component analysis (PCA) on the variance-covariance matrix averaged over 
all the data included in the training set, keeping 10 components. Using these components, we then fit HMP on Task 1 
and 2 separately (Long SOA only), using PCA weights calculated over EEG data from participants in the training set only. 
Both HMP fits used the cumulative fitting procedure. We tuned the event width parameter by testing a range of different 
event widths (20–60 ms, steps of 5 ms, cf. [35]). The event width fits ranged from six Task 1 and six Task 2 events (when 
the event width was 20 ms), to three Task 1 and two Task 2 events (when the event width was 60 ms). An event width of 
50 ms – giving three events – was determined as the most stable value by investigating the number of estimated events, 
meaning that this value and the surrounding event widths (45 ms and 55 ms) all resulted in three events in both tasks. To 
aid interpretation, we label the three estimated events according to dual-task interference theory [4]: Encoding, Central, 
and Response.

2.5.  Model architecture

Our deep spatiotemporal sequence modeling approach (Fig 1) is based on the Mamba [36] state space model (SSM) 
architecture. Similar to our previous work [46], we first perform spatial feature extraction using a 1 × 1 × C point-wise convo-
lution kernel, where C is the number of EEG channels. Temporal dropout is then applied to reduce the model’s reliance on 
specific time-points [47]. Temporal features are extracted at two different time scales, 12 ms and 36 ms, and the resulting 
features are concatenated along the feature dimension. Since trials are variable in length, we add a relative positional 
encoding vector as an additional feature. This vector is set to 0 until stimulus onset, increases linearly from 0 to 1 between 
stimulus onset and RT, and remains at 1 thereafter. This encourages the model to focus on relative rather than absolute 
time within the trial. The combined features are passed through five sequential Mamba [36] layers, integrating both spatial 
and temporal features. At this point, we depart from our previous work by including task-specific classification heads. 
These task-specific classification heads are used at inference time, allowing the model to learn shared representations 
across tasks while maintaining task-specific decision boundaries [48].

2.5.1.  Model training.  We used the data from the Long condition to train the sequence model in a similar way to our 
previous work [46]. Since we validated different model hyperparameters in that work, we re-used these. We create a 
training and a validation set, normalizing each epoch by applying median average deviation z scoring using information 
from the training set only. Additionally, we add a Negative class to the class labels, ensuring that at each time step, the 
sum probability is 1.0. While training, each epoch is jittered randomly, meaning that a new start and end point are chosen 
from additional samples that we kept before stimulus (250 ms) and after RT (300 ms). This is done to ensure that the 
sequence model does not learn to rely on specific points in time. Additionally, including samples that are only labeled as 
the Negative class gives the model more knowledge about what is specifically not the onset of a cognitive operation. We 
train a model on Task 1 and Task 2 at the same time, using a shared encoder but separate classification heads. We label 
each operation separately from the operations in the other task [48]. We also tried training the model on trials that started 
at stimulus onset of Task 1 and ended at RT of Task 2, but this attempt gave suboptimal results: While the model did find 
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cognitive operations, this model predicted implausible within-task orders of cognitive operations more often than the model 
trained on both tasks separately.

The model is trained using Kullback-Leibler (KL) divergence between HMP-estimated probabilities and predicted prob-
abilities as the loss function. We use the NAdam [49] optimizer with a learning rate of 0.00005. We stopped training early 
if validation loss did not decrease for three subsequent epochs. We saved the model weights of the epoch with the lowest 
validation loss. We trained the model on an NVIDIA A40 GPU with 12 GB VRAM available. All code written for this paper 
is available through https://github.com/rickdott/prp.

2.6.  Embedding analysis

Instead of separately analyzing the peak time of predicted cognitive events and the EEG at that point, we examined 
embeddings to understand the similarity between cognitive operations in the Short and Long conditions. Embeddings are 
the sequence model’s learned transformation of the EEG, combining all relevant spatial and temporal information in one 
shared feature space [50]. To extract the embeddings for each cognitive operation, we considered the model, trained on 
all trials in the Long condition for 85% of participants. We then used this model to infer embeddings over all remaining 
trials in the Long condition, along with all trials for every participant in the Short condition. Embeddings are taken from the 
model after the Mamba [36] layers. At this point, the model’s representation of the trial is a #samples× features tensor. 
We extract both this tensor and the predicted probabilities for each class. For each trial and for each cognitive operation 
the average embedding of 13 samples (52 ms) centered around the peak prediction was computed, closely corresponding 
to the event width used as HMP parameter.

For visualization purposes, we projected the embeddings to two dimensions using T-SNE [51] (scikit-learn 1.6.0, 
n_components = 2, random_state = 42, remaining parameters left at default values). This projection revealed sev-
eral compact sub-clusters within the Response (R) cognitive operation; these sub-clusters were further analyzed in S1 
Appendix.

Fig 1.  Model architecture of the sequence model that predicts cognitive operations over time. The model architecture used, blue indicates data, 
green indicates processing, yellow indicates output. First, spatial features are extracted from raw data, followed by temporal dropout. Then, temporal 
convolution is used to model temporal relationships at multiple time scales, after which positional encoding is added to the features. Finally, all features 
are fed into a Mamba sequence model followed by a task-specific fully connected layer.

https://doi.org/10.1371/journal.pcbi.1014302.g001

https://github.com/rickdott/prp
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2.7.  Sequence analysis

To decode the sequence of cognitive operations across both tasks, we trained separate models on separate HMP fits 
for Task 1 and Task 2. We then applied both models to the testing data, resulting in task-specific probability distribu-
tions indicating the onset of each cognitive operation. To reconstruct the combined temporal structure of both tasks, we 
temporally aligned the Task 2 predictions by shifting them according to the SOA. Finally, rather than assigning a single 
onset time to each cognitive operation, we preserved the uncertainty in these estimates. We derived a posterior distri-
bution over sequences for each trial by repeatedly sampling operation onset times (1000 samples per trial) from the full 
operation-specific probability distributions, weighted by their predicted probabilities. We retained all sampled sequences 
that satisfied within-task ordering constraints to ensure physiologically plausible ordering. To carry this uncertainty forward 
into our behavioral analyses, we used a multiple-imputation framework. We repeatedly sampled complete datasets from 
the trial-level sequence posteriors (100 imputations), refit the mixed-effects models for each dataset, and pooled parame-
ter estimates using Rubin’s rules [52].

3.  Results

3.1.  Determining the number and nature of cognitive operations

Performing HMP analysis on our data gave us a number of cognitive operations and their estimated position within each 
trial. The HMP fit on data from the Long condition resulted in three events in both Task 1 and Task 2, visualized in Fig 
2. When interpreted as ERPs, we can view the events of Task 1 as a posterior N1 [53], related to visual processing. 
The second event could be a fronto-central N2, a classical conflict-monitoring signal often seen in flanker tasks [54]. 
The last event is a clear LRP pattern, associated with response selection and execution [50]. For Task 2, we observe a 
slightly clearer pattern resembling the N1-P2 complex, associated with auditory processing [54]. In this task, the sen-
sory processing event is followed by what seems like a centro-parietal P3 [54,55]. Similar to Task 1, we see a clear LRP 
response-related event at the end of the trial. For easier discussion of these events, we label them according to the dual-
task interference literature [4]: Encoding (E), Central (C), and Response (R).

3.2  Cross-decoding cognitive operations across condition

To address our main hypothesis that operations in the Long condition are also found in the Short condition, we applied 
a sequence model trained on Long SOA data to Short SOA data, as follows. For every trial, we extracted the sequence 

Fig 2.  Hidden Multivariate Pattern (HMP) analysis reveals three cognitive operations in both tasks. Results of HMP, fit on data from the Long con-
dition. Operation topographies are aligned to the most likely point in time at which each activation peak occurs. EEG activity at these points is averaged 
over all trials and participants to create the topographies. The vertical dashed lines denote the average RT. E: Encoding, C: Central, R: Response.

https://doi.org/10.1371/journal.pcbi.1014302.g002
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model’s learned representation for each cognitive operation. We compared embeddings across conditions. If the EEG 
data is embedded similarly, then we argue that the same operations are found. In Fig 3a, we show that within each task, 
embeddings form three robust clusters corresponding to the Encoding (E), Central (C), and Response (R) cognitive oper-
ations. For every operation, the Short and Long SOA conditions occupy a similar region. The Response operation embed-
dings cluster into multiple sub-clusters (Fig 3a), we analyzed these clusters to find whether it was an aspect of the task, 
behavior, or the model that caused the clustering (See S1 Appendix). We found that the most likely explanation of these 
clusters was a response time binning, in the sense that the model represents the duration between the response event 
and the RT to optimize performance.

To quantify the observation from Fig 6a, we computed the semantic similarity between all cognitive operations across 
both conditions, separately for each task. This addresses the question whether indeed a specific cognitive operation in the 
Short condition is more similar to that same cognitive operation in the Long condition than to any other cognitive opera-
tion in the Long condition. To this end, we performed 1000 resampling iterations. In each iteration, we randomly sampled 
(with replacement) 1000 samples from each of three different sets: The Short condition embeddings for the same cogni-
tive operation (Task 1, total number of events: n = 11985, Task 2: n = 12003), the Long condition embeddings for the same 
cognitive operation (Task 1: n = 2193, Task 2: n = 2194), and the Long condition embeddings for other cognitive operations 
(Task 1: n = 4386, Task 2: n = 4390). We computed the absolute average pairwise cosine distance difference between 
samples from the Short/Same Task and the Long/Same Task and Long/Other Task sets. Across conditions, within task, 
the same-operation differences were distributed at essentially zero (median = 0.00, 95% CI [0.00, 0.02]), suggesting a 
high degree of similarity. The cosine distance to other operations, within task, was larger (median = 0.50, 95% CI [0.26, 
0.54]), as demonstrated by the non-overlapping confidence intervals. These results show separation in cosine similarity 
between sets, indicating no meaningful difference between operations of the same task across delay conditions. Together, 

Fig 3.  Embeddings of cognitive operations cluster together across conditions. a) Our model finds the same cognitive operations in the Short 
(unseen) condition as in the Long condition (only participants in the validation set used). In a 2D T-SNE [51] projection, each operation is clustered sepa-
rately and the Long and Short condition’s projections overlap, for both Task 1 and Task 2. b) In high-dimensional embedding space, the absolute cosine 
distance difference (Y-axis) between embeddings of cognitive operations in the Short condition and those same operations in the same task (X-axis) in 
the Long condition is negligible (95% CI includes 0), and smaller than the difference between operations in the Short condition, and the other operations 
in the same task (X-axis) in the Long condition. Plotted points are the median, error bars represent 95% CI. E: Encoding; C: Central; R: Response.

https://doi.org/10.1371/journal.pcbi.1014302.g003
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the results indicate that the model embeds Short cognitive operations in the same regions of the learned high-dimensional 
embedding space as their Long counterparts, demonstrating that the same Encoding, Central, and Response operations 
are present in both SOA conditions.

3.3.  Decoding the sequence of cognitive operations across tasks

Having demonstrated that we find identical cognitive operations for both the Short and the Long conditions, we can 
now address our secondary research question and explore how the timing of cognitive operations across tasks affects 
behavior. We reconstructed Task 1 and Task 2 trials back to their original temporal structure, and combined all class 
probabilities. This allows us to inspect the sequence of cognitive operations across both tasks. We found that a variety 
of sequences is used. In the Long condition, as expected, all cognitive operations of Task 1 are initiated before Task 2. 
Within task, we find the expected order of E, C, and R for both tasks. Interestingly, in the Short condition, this sequence 
also occurs, along with five others (Fig 4a). Here, we excluded invalid sequences (e.g., R1 → E1 → C1 → C2 → E2 → R2),  
which occurred only marginally (0.47% of trials, see Table 1 for sequence definitions). In five of the six sequences (B-F), 
cognitive operations from the second task occurred prior to the completion of the first task. We call these the Short 
SOA-specific sequences.

Task 1 behavior is affected by sequence type (Fig 4b and c). To quantify this observation, we applied linear mixed 
effects models to RT and accuracy.

Fig 4.  Different sequences of cognitive operations across tasks occur and predict Task 1 behavior. a) Proportion of sequence occurrences per 
condition, averaged across participants. In the Long condition, a single sequence was used predominantly. In the Short condition, multiple different 
sequences were used (see Table 1). Error bars indicate 95% confidence intervals across participants. b/c) The sequences used differ significantly in 
Task 1 RT and accuracy, indicating that the timing of interference affects task performance. Shown values indicate pooled estimates and 95% confi-
dence intervals from fitted linear mixed-effects models. d) Participants in the Short condition employ a variety of sequences, and the distribution differs 
substantially over participants.

https://doi.org/10.1371/journal.pcbi.1014302.g004
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For Task 1 RT, the pooled linear mixed-effects models (RTT1 ∼ sequence + (1|participant)) showed a robust main effect 
of sequence, (F(5, 1415.54) = 448.91, p < .001). Holm-adjusted pairwise contrasts indicated that most sequence pairs 
differed significantly (p

adj
 < .001); the difference between sequences C and D was small but reliable (p

adj
 = .004), and the 

difference between sequences E and F was modest (p
adj

 = .001). For Task 1 accuracy, the logistic mixed-effects model 
indicated a main effect of sequence (F(5, 2204.65) = 11.65, p < .001). Pairwise comparisons showed that accuracy differ-
ences were primarily driven by contrasts involving sequence A; most other sequence pairs did not differ reliably after Holm 
correction (all p

adj
 > .05). These results suggests that the point in the combined sequence of cognitive operations where 

Task 2 interferes with Task 1 influences the efficiency with which the participants execute Task 1, resulting in significant 
differences in RT, and sometimes accuracy. Note that we observe behavioral variability across sequences even when the 
mean Task 1 RT across conditions is very similar (Short: M = 567 ms (SE = 1.79 ms); Long: M = 571 ms (SE = 4.06 ms)).

Even though Task 2 interference is dependent on Task 1 performance and Task 2 behavior is not relevant to our 
research question, we also checked whether we would find behavioral differences in Task 2 performance, as expected 
based on classical PRP results [4]. We found that there was a main effect of sequence type on Task 2 RT, (F(5, 2022.67) 
= 71.34, p < .001). Pairwise comparisons (Holm-adjusted) indicated significant differences between most sequence pairs 
(p

adj
 < .001); except for sequences B and D (p

adj
 = .009), and sequences E and F (p

adj
 = .01). For Task 2 accuracy, we found 

no main effect for sequence (F(5, 2306.44) = 0.49, p = 0.783) and refrained from further analyzing it.
Additionally, we examined variation in sequence use at the participant level. As shown in Fig 4d, there was substantial 

individual variability in the frequency with which different sequences were used. Some participants preferred sequences 
in which all Task 1 operations preceded all Task 2 operations, while others more frequently used sequences where Task 
2 processing started before the end of Task 1 processing. The observed heterogeneity suggests that participants differ in 
their approach to dual-task processing. Although not the primary focus of our study, these differences highlight how indi-
vidual cognitive strategies might shape how interference is managed.

4.  Discussion

In this study, we aimed to investigate cognitive operations in multitasking at a neural level. To do so, we used HMP-
derived estimations of the onset of cognitive operations and deep spatiotemporal sequence model analyses. We were 
able to decode cognitive operation sequences at a resolution previously unattainable with behavioral or imaging data. 
Firstly, we found that three cognitive operations occurred in both tasks. Secondly, and in accordance with our main 
hypothesis, we determined that the same cognitive operations occurred independent of SOA condition. Additionally, we 
were able to decode trial-level sequences of cognitive operations across both tasks. We identified two main multitasking 
strategies. Here, a strategy refers to repeatable patterns of temporal organization, without implying conscious or delib-
erate control. In our analysis, this repeatable pattern is a sequence of cognitive operations. We found a non-overlapping 
strategy, where tasks are processed one after the other just like in single-task conditions, and overlapping strategies, 

Table 1.  Mapping of sequence labels to the corresponding sequences of cognitive operations. E1 is 
Encoding for Task 1, C1 is Central for Task 1, R1 is Response for Task 1. The same convention was 
followed for Task 2.

Sequence label Sequence of cognitive operations

A E1 → C1 → R1 → E2 → C2 → R2

B E1 → C1 → E2 → R1 → C2 → R2

C E1 → E2 → C1 → R1 → C2 → R2

D E1 → C1 → E2 → C2 → R1 → R2

E E1 → E2 → C1 → C2 → R1 → R2

F E1 → E2 → C2 → C1 → R1 → R2

https://doi.org/10.1371/journal.pcbi.1014302.t001
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where processing of the second task begins before the first task is completed. Classical theories [14,56] suggest either 
no, or a limited effect of dual-task interference on Task 1 RT. However, we find an effect on Task 1 RT that depends on 
the specific strategy used. We interpret this as evidence that Task 1 RTs are not generated by a homogeneous pro-
cess. Note that our model nearly always predicts one sequence (Sequence A) in the Long condition, corresponding to a 
non-overlapping sequence of cognitive operations. This serves as a validation of our method since the model does not 
detect overlapping sequences when the tasks are temporally separated. By explaining interference at the single-trial level, 
we clarify so-far inconclusive findings on the effect of interference on RT to Task 1.

Our findings provide new insights into dual-task interference that challenge classical [4,14] and modern [29,30] 
accounts. Contrary to the central bottleneck theory, which assumes that Task 1 processing is not affected by interference, 
our results show that Task 2 can influence Task 1, depending on the strategy employed. The capacity sharing theory could 
in principle account for our current findings by assuming that the distribution of cognitive resources between the two tasks 
varies across trials. However, the capacity sharing theory offers no way of determining which trials reflect which distri-
bution of cognitive resources. In other words, these models make no prediction on the trial-level dynamics of dual-task 
interference. To summarize, our results imply that models of dual-task interference must account for dynamic, trial-level 
fluctuations in strategy use instead of assuming a fixed processing architecture, as our results show that this fixed archi-
tecture does not exist. The issue of assuming a fixed architecture is also prevalent in modern decoding approaches, 
where research relies on temporal averaging across trials, while our method operates at the single-trial level. This allows 
us to capture trial-by-trial variability in cognitive operation sequences that would otherwise be obscured by aggregating, 
and thus assuming a fixed architecture. Trial-by-trial variability reflects more than just noise, it reveals systematic differ-
ences in how participants approach multitasking. Participants do not rely on a single strategy of multitasking, but instead 
they flexibly switch between strategies. We observe that the non-overlapping strategy is faster but less accurate, whereas 
the different overlapping strategies take more time but result in higher accuracy. Interestingly, despite the presence of 
overlapping versus non-overlapping strategies, mean Task 1 RTs were highly similar. Averaging over all trials would thus 
suggest little difference between conditions. However, our trial-level method reveals underlying variability, where par-
ticipants employ distinct strategies, resulting in substantial behavioral differences. Together, these results suggest that 
classical theories alone cannot fully explain the observed variability in multitasking behavior. To fully understand interfer-
ence in multitasking, we must consider more than a condition-averaged view of behavior, and embrace trial-level dynam-
ics and individual differences in cognitive strategy use. These individual differences in strategy use may reflect differences 
in cognitive control or executive function [28,57,58]. Individuals with higher working memory capacity or greater cognitive 
flexibility might prefer parallel processing [59], while less flexible individuals may default to sequential strategies.

Although investigating multitasking behavior at single-trial level underscores the importance of individual variability in 
research, this also raises questions about limitations of the current method for capturing and interpreting such variability. 
Firstly, our ground truth for when the onsets of cognitive operations occur consists of HMP-derived event onset probability 
distributions. The signal-to-noise ratio of EEG makes it difficult to precisely determine when a cognitive operation starts. 
HMP-derived probabilities are estimates of when cognitive operations occur, rather than an objective ground truth. This 
could limit the performance of our model as most optimization algorithms assume that labels are accurate, while this may 
not always be the case in our data. However, we expect that this affects all cognitive operations equally, entailing that the 
model would still capture the overall pattern of cognitive operations, and thus does not invalidate our conclusions. Another 
consequence of the uncertainty in ground truth that has a different effect is that since the true timing of cognitive opera-
tions is uncertain, the model’s performance metrics should be interpreted as relative rather than absolute. In other words, 
the model optimizes against approximations of the truth rather than known cognitive operations times. To partially address 
this limitation, we use the KL divergence as our loss function, which helps to account for uncertainty in class labels without 
over-penalizing plausible alternative predictions [60]. An additional limitation regards a data-driven hypothesis that is not 
verifiable with our data, namely: We hypothesize that the proportion of default, non-overlapping, strategy use is the main 
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driver of the Task 2 interference effect on Task 1 RT. This implies a gradual effect, which we unfortunately cannot test 
in the current data set. In the original study only two SOA conditions were included, 300 ms and 1200 ms. This suffices 
to show a PRP effect, but does not allow us to show that the proportion of default non-overlapping strategy use is what 
drives Task 2 interference effect on Task 1 RT. More SOA values would allow us to show a slope of proportion, where a 
higher proportion would imply a lower average Task 1 RT. Lastly, our methodological approach requires the Long condition 
to have a sufficiently large SOA value, combined with a sufficiently quick Task 1, to ensure that there is no task overlap on 
sufficient trials. However, experiments deploying the PRP paradigm often do not include a long enough SOA [32,33,61] to 
ensure the absence of task overlap. This limits the cross-dataset generalizability of our approach.

Nevertheless, being able to investigate trial-level differences in multitasking opens up many venues of research. While 
our and other research [13,17,29,30] has shown that both serial and parallel execution of multiple tasks are possible at 
task level, our method might be used to investigate whether, at a cognitive operation level, execution is serial or parallel. 
While HMP enforces a serial structure, through fitting on both conditions separately we do not enforce this across tasks. 
By looking at the time intervals between cognitive operations when operations overlap versus when there is no overlap we 
may be able to find that specific cognitive operations affect this interval differently. If we find that the time interval between 
a cognitive operation and its successor is not modulated by the presence of an event of the other task occurring between 
them, then this would show that there is at least partial parallel execution at the cognitive operation level. As these find-
ings do not relate to our main hypotheses, we did not investigate them further. Relatedly, we observe that the sequences 
appear to introduce behavioral trade-offs, as slower sequences are generally more accurate. This pattern of behavior 
suggests a speed-accuracy trade-off (e.g., [62–65]). However, this cannot be the whole story, as we observe no difference 
in accuracy between sequence pairs that do differ in RT. This is especially clear in sequence pairs B and C, and D and 
E. To understand the behavioral relationships between speed and accuracy, one could deploy evidence accumulation 
modeling, making use of the full RT-accuracy distribution. [66,67]. This could be applied either on the observed RTs or the 
inter-event intervals that follow from our analyses (cf. [42,45]).

Our sequence modeling approach provides a framework for studying trial-level cognitive processes that traditional 
averaging-based analyses cannot capture. By decoding the temporal structure of cognitive operations on a trial-by-trial 
level, this method allows researchers to investigate when and how different strategies overlap in time. This framework 
could be applied to other experimental paradigms in cognitive neuroscience where temporally overlapping cognitive oper-
ations play a role. For example, in the attentional blink paradigm [68,69] participants are asked to report two target stimuli 
in a fast-paced stream of distractor stimuli. Trial-by-trial variability in the timing between the encoding and central opera-
tions of the first and second target stimulus might cause impaired detection of the second target (cf. [70]). Another inter-
esting direction may be to investigate the contextual factors influencing non-overlapping versus overlapping strategy use. 
Recent research [17] has shown that instructions and task-specific factors influence the ratio between serial and parallel 
execution. Our method could be used to identify how specific contextual manipulations bias the prevalence of overlapping 
versus non-overlapping strategies. Lastly, since this method is able to decode strategy use at trial level, it could be used 
to investigate which individual differences influence non-overlapping and overlapping strategy use [13,28,57–59]. In doing 
so, this method could help uncover how stable cognitive and personality traits influence multitasking strategy, opening 
pathways for more personalized models of cognition.

5.  Conclusion

In this study, we set out to investigate two aspects of dual-task interference: whether cognitive operations remained the 
same across different SOA conditions, and how dual-task interference affects Task 1 performance. We applied hidden 
multivariate pattern (HMP) analysis to detect three distinct cognitive operations in each task, Encoding, Central, and 
Response. We used deep spatiotemporal sequence modeling to find that whether dual-task interference occurs or not, 
the cognitive operations remain the same, in agreement with the central – previously untested – assumption underlying 
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all PRP research. Finally, we found that the combined sequence of cognitive operations across task differs per trial when 
interference occurs. Which sequence is used substantially affects participants’ reaction time (RT) and performance in Task 
1. The ability to classify trials to a set of different sequences allows for a more fine-grained analysis of dual-task interfer-
ence, alleviating the need for condition-level averaging.

Supporting information
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response operation embeddings.
(PDF)

Author contributions

Conceptualization: Rick den Otter, Sjoerd Stuit, Leendert van Maanen.

Formal analysis: Rick den Otter.

Methodology: Rick den Otter, Anna Dame.

Software: Rick den Otter.

Supervision: Sjoerd Stuit, Leendert van Maanen.

Validation: Rick den Otter.

Visualization: Rick den Otter.

Writing – original draft: Rick den Otter.

Writing – review & editing: Rick den Otter, Anna Dame, Sjoerd Stuit, Leendert van Maanen.

References
	 1.	 Salvucci DD, Taatgen NA, Borst JP. Toward a unified theory of the multitasking continuum: From concurrent performance to task switching, 

interruption, and resumption. In: Proceedings of the SIGCHI Conference on Human Factors in Computing Systems, 2009. 1819–28. https://doi.
org/10.1145/1518701.1518981

	 2.	 Borst JP, Taatgen NA, van Rijn H. The problem state: a cognitive bottleneck in multitasking. J Exp Psychol Learn Mem Cogn. 2010;36(2):363–82. 
https://doi.org/10.1037/a0018106 PMID: 20192536

	 3.	 Welford AT. The ‘psychological Refractory Period’ And The Timing Of High‐speed Performance—a Review And A Theory. British Journal of Psy-
chology General Section. 1952;43(1):2–19. https://doi.org/10.1111/j.2044-8295.1952.tb00322.x

	 4.	 Pashler H. Dual-task interference in simple tasks: data and theory. Psychol Bull. 1994;116(2):220–44. https://doi.org/10.1037/0033-2909.116.2.220 
PMID: 7972591

	 5.	 Salvucci DD, Taatgen NA. Threaded cognition: an integrated theory of concurrent multitasking. Psychol Rev. 2008;115(1):101–30. https://doi.
org/10.1037/0033-295X.115.1.101 PMID: 18211187

	 6.	 Telford CW. The refractory phase of voluntary and associative responses. Journal of Experimental Psychology. 1931;14(1):1–36. https://doi.
org/10.1037/h0073262

	 7.	 van Maanen L, van Rijn H, Borst JP. Stroop and picture-word interference are two sides of the same coin. Psychon Bull Rev. 2009;16(6):987–99. 
https://doi.org/10.3758/PBR.16.6.987 PMID: 19966248

	 8.	 Ayora P, Janssen N, Dell’acqua R, Alario F-X. Attentional requirements for the selection of words from different grammatical categories. J Exp 
Psychol Learn Mem Cogn. 2009;35(5):1344–51. https://doi.org/10.1037/a0016373 PMID: 19686027

	 9.	 van Maanen L, van Rijn H, Taatgen N. RACE/A: an architectural account of the interactions between learning, task control, and retrieval dynamics. 
Cogn Sci. 2012;36(1):62–101. https://doi.org/10.1111/j.1551-6709.2011.01213.x PMID: 22141462

	10.	 van Maanen L, van Rijn H. The locus of the Gratton effect in picture-word interference. Top Cogn Sci. 2010;2(1):168–80. https://doi.org/10.1111/
j.1756-8765.2009.01069.x PMID: 25163629

	11.	 Dent K, Johnston RA, Humphreys GW. Age of acquisition and word frequency effects in picture naming: a dual-task investigation. J Exp Psychol 
Learn Mem Cogn. 2008;34(2):282–301. https://doi.org/10.1037/0278-7393.34.2.282 PMID: 18315406

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014302.s001
https://doi.org/10.1145/1518701.1518981
https://doi.org/10.1145/1518701.1518981
https://doi.org/10.1037/a0018106
http://www.ncbi.nlm.nih.gov/pubmed/20192536
https://doi.org/10.1111/j.2044-8295.1952.tb00322.x
https://doi.org/10.1037/0033-2909.116.2.220
http://www.ncbi.nlm.nih.gov/pubmed/7972591
https://doi.org/10.1037/0033-295X.115.1.101
https://doi.org/10.1037/0033-295X.115.1.101
http://www.ncbi.nlm.nih.gov/pubmed/18211187
https://doi.org/10.1037/h0073262
https://doi.org/10.1037/h0073262
https://doi.org/10.3758/PBR.16.6.987
http://www.ncbi.nlm.nih.gov/pubmed/19966248
https://doi.org/10.1037/a0016373
http://www.ncbi.nlm.nih.gov/pubmed/19686027
https://doi.org/10.1111/j.1551-6709.2011.01213.x
http://www.ncbi.nlm.nih.gov/pubmed/22141462
https://doi.org/10.1111/j.1756-8765.2009.01069.x
https://doi.org/10.1111/j.1756-8765.2009.01069.x
http://www.ncbi.nlm.nih.gov/pubmed/25163629
https://doi.org/10.1037/0278-7393.34.2.282
http://www.ncbi.nlm.nih.gov/pubmed/18315406


    
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014302  May 20, 2026 14 / 16

	12.	 Meyer DE, Kieras DE. A computational theory of executive cognitive processes and multiple-task performance: Part 1. Basic mechanisms. Psychol 
Rev. 1997;104(1):3–65. https://doi.org/10.1037/0033-295x.104.1.3 PMID: 9009880

	13.	 Fischer R, Plessow F. Efficient multitasking: Parallel versus serial processing of multiple tasks. Frontiers in Psychology. 2015. https://doi.
org/10.3389/fpsyg.2015.01366

	14.	 Tombu M, Jolicœur P. A central capacity sharing model of dual-task performance. Journal of Experimental Psychology: Human Perception and 
Performance. 2003;29(1):3–18. https://doi.org/10.1037/0096-1523.29.1.3

	15.	 Jung K, Ruthruff E, Tybur JM, Gaspelin N, Miller G. Perception of facial attractiveness requires some attentional resources: implica-
tions for the “automaticity” of psychological adaptations. Evolution and Human Behavior. 2012;33(3):241–50. https://doi.org/10.1016/j.
evolhumbehav.2011.10.001

	16.	 Miller J. Backward crosstalk effects in psychological refractory period paradigms: effects of second-task response types on first-task response 
latencies. Psychol Res. 2006;70(6):484–93. https://doi.org/10.1007/s00426-005-0011-9 PMID: 16237555

	17.	 Koch I, Poljac E, Müller H, Kiesel A. Cognitive structure, flexibility, and plasticity in human multitasking—an integrative review of dual-task and 
task-switching research. Psychological Bulletin. 2018;144(6):557–83. https://doi.org/10.1037/bul0000144

	18.	 Spelke E, Hirst W, Neisser U. Skills of divided attention. Cognition. 1976;4(3):215–30. https://doi.org/10.1016/0010-0277(76)90018-4

	19.	 Schumacher EH, Seymour TL, Glass JM, Fencsik DE, Lauber EJ, Kieras DE, et al. Virtually perfect time sharing in dual-task performance: uncork-
ing the central cognitive bottleneck. Psychol Sci. 2001;12(2):101–8. https://doi.org/10.1111/1467-9280.00318 PMID: 11340917

	20.	 Strobach T, Schubert T. No evidence for task automatization after dual-task training in younger and older adults. Psychol Aging. 2017;32(1):28–41. 
https://doi.org/10.1037/pag0000144 PMID: 28182495

	21.	 Schubert T, Liepelt R, Strobach T. Evidence for a Latent Bottleneck After Extensive Dual-Task Practice of a Visual-Manual and an Auditory-Verbal 
Task. Q J Exp Psychol (Hove). 2026;79(5):1178–205. https://doi.org/10.1177/17470218251396870 PMID: 41190711

	22.	 Anderson JR, Taatgen NA, Byrne MD. Learning to achieve perfect timesharing: architectural implications of Hazeltine, Teague, and Ivry (2002). J 
Exp Psychol Hum Percept Perform. 2005;31(4):749–61. https://doi.org/10.1037/0096-1523.31.4.749 PMID: 16131247

	23.	 Ruthruff E, Johnston JC, Van Selst M, Whitsell S, Remington R. Vanishing Dual-Task Interference after Practice: Has the Bottleneck Been 
Eliminated or Is It Merely Latent? Journal of Experimental Psychology: Human Perception and Performance. 2003;29(2):280–9.https://doi.
org/10.1037/0096-1523.29.2.280

	24.	 Lehle C, Hübner R. Strategic capacity sharing between two tasks: evidence from tasks with the same and with different task sets. Psychol Res. 
2009;73(5):707–26. https://doi.org/10.1007/s00426-008-0162-6 PMID: 18841390

	25.	 Miller J, Ulrich R, Rolke B. On the optimality of serial and parallel processing in the psychological refractory period paradigm: effects of the distribu-
tion of stimulus onset asynchronies. Cogn Psychol. 2009;58(3):273–310. https://doi.org/10.1016/j.cogpsych.2006.08.003 PMID: 19281972

	26.	 Fischer R, Miller J, Shubert T. Evidence for parallel semantic memory retrieval in dual tasks. Mem Cognit. 2007;35(7):1685–99. https://doi.
org/10.3758/bf03193502 PMID: 18062546

	27.	 Watson JM, Strayer DL. Supertaskers: Profiles in extraordinary multitasking ability. Psychon Bull Rev. 2010;17(4):479–85. https://doi.org/10.3758/
PBR.17.4.479 PMID: 20702865

	28.	 Sanbonmatsu DM, Strayer DL, Medeiros-Ward N, Watson JM. Who multi-tasks and why? Multi-tasking ability, perceived multi-tasking ability, impul-
sivity, and sensation seeking. PLoS One. 2013;8(1):e54402. https://doi.org/10.1371/journal.pone.0054402 PMID: 23372720

	29.	 Marti S, King J-R, Dehaene S. Time-Resolved Decoding of Two Processing Chains during Dual-Task Interference. Neuron. 2015;88(6):1297–307. 
https://doi.org/10.1016/j.neuron.2015.10.040 PMID: 26627309

	30.	 Yue Q, Newton AT, Marois R. Ultrafast fMRI reveals serial queuing of information processing during multitasking in the human brain. Nat Commun. 
2025;16(1):3057. https://doi.org/10.1038/s41467-025-58228-0 PMID: 40155610

	31.	 Brisson B, Jolicoeur P. Electrophysiological evidence of central interference in the control of visuospatial attention. Psychon Bull Rev. 
2007;14(1):126–32. https://doi.org/10.3758/bf03194039 PMID: 17546742

	32.	 Corriveau I, Fortier-Gauthier U, Pomerleau VJ, McDonald J, Dell’acqua R, Jolicoeur P. Electrophysiological evidence of multitasking impairment of 
attentional deployment reflects target-specific processing, not distractor inhibition. Int J Psychophysiol. 2012;86(2):152–9. https://doi.org/10.1016/j.
ijpsycho.2012.06.005 PMID: 22732349

	33.	 Töllner T, Strobach T, Schubert T, Mueller HJ. The effect of task order predictability in audio-visual dual task performance: just a central capacity 
limitation?. Frontiers in Integrative Neuroscience. 2012;6. https://doi.org/10.3389/fnint.2012.00075

	34.	 Steinhauser R, Steinhauser M. Adaptive rescheduling of error monitoring in multitasking. Neuroimage. 2021;232:117888. https://doi.org/10.1016/j.
neuroimage.2021.117888 PMID: 33647498

	35.	 Weindel G, van Maanen L, Borst JP. Trial-by-Trial Detection of Cognitive Events in Neural Time-Series. Imaging Neuroscience. 2024;2:1–28. 
https://doi.org/10.1162/imag_a_00400

	36.	 Gu A, Dao T. Mamba: linear-time sequence modeling with selective state spaces. In: 2024. http://arxiv.org/abs/2312.00752

	37.	 Eriksen BA, Eriksen CW. Effects of noise letters upon the identification of a target letter in a nonsearch task. Perception & Psychophysics. 
1974;16(1):143–9. https://doi.org/10.3758/bf03203267

https://doi.org/10.1037/0033-295x.104.1.3
http://www.ncbi.nlm.nih.gov/pubmed/9009880
https://doi.org/10.3389/fpsyg.2015.01366
https://doi.org/10.3389/fpsyg.2015.01366
https://doi.org/10.1037/0096-1523.29.1.3
https://doi.org/10.1016/j.evolhumbehav.2011.10.001
https://doi.org/10.1016/j.evolhumbehav.2011.10.001
https://doi.org/10.1007/s00426-005-0011-9
http://www.ncbi.nlm.nih.gov/pubmed/16237555
https://doi.org/10.1037/bul0000144
https://doi.org/10.1016/0010-0277(76)90018-4
https://doi.org/10.1111/1467-9280.00318
http://www.ncbi.nlm.nih.gov/pubmed/11340917
https://doi.org/10.1037/pag0000144
http://www.ncbi.nlm.nih.gov/pubmed/28182495
https://doi.org/10.1177/17470218251396870
http://www.ncbi.nlm.nih.gov/pubmed/41190711
https://doi.org/10.1037/0096-1523.31.4.749
http://www.ncbi.nlm.nih.gov/pubmed/16131247
https://doi.org/10.1037/0096-1523.29.2.280
https://doi.org/10.1037/0096-1523.29.2.280
https://doi.org/10.1007/s00426-008-0162-6
http://www.ncbi.nlm.nih.gov/pubmed/18841390
https://doi.org/10.1016/j.cogpsych.2006.08.003
http://www.ncbi.nlm.nih.gov/pubmed/19281972
https://doi.org/10.3758/bf03193502
https://doi.org/10.3758/bf03193502
http://www.ncbi.nlm.nih.gov/pubmed/18062546
https://doi.org/10.3758/PBR.17.4.479
https://doi.org/10.3758/PBR.17.4.479
http://www.ncbi.nlm.nih.gov/pubmed/20702865
https://doi.org/10.1371/journal.pone.0054402
http://www.ncbi.nlm.nih.gov/pubmed/23372720
https://doi.org/10.1016/j.neuron.2015.10.040
http://www.ncbi.nlm.nih.gov/pubmed/26627309
https://doi.org/10.1038/s41467-025-58228-0
http://www.ncbi.nlm.nih.gov/pubmed/40155610
https://doi.org/10.3758/bf03194039
http://www.ncbi.nlm.nih.gov/pubmed/17546742
https://doi.org/10.1016/j.ijpsycho.2012.06.005
https://doi.org/10.1016/j.ijpsycho.2012.06.005
http://www.ncbi.nlm.nih.gov/pubmed/22732349
https://doi.org/10.3389/fnint.2012.00075
https://doi.org/10.1016/j.neuroimage.2021.117888
https://doi.org/10.1016/j.neuroimage.2021.117888
http://www.ncbi.nlm.nih.gov/pubmed/33647498
https://doi.org/10.1162/imag_a_00400
http://arxiv.org/abs/2312.00752
https://doi.org/10.3758/bf03203267


    

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014302  May 20, 2026 15 / 16

	38.	 Gramfort A, Luessi M, Larson E, Engemann DA, Strohmeier D, Brodbeck C, et al. MEG and EEG data analysis with MNE-Python. Front Neurosci. 
2013;7:267. https://doi.org/10.3389/fnins.2013.00267 PMID: 24431986

	39.	 Comon P. Independent Component Analysis, A New Concept?. Signal Processing. 1994;36(3):287–314. https://doi.
org/10.1016/0165-1684(94)90029-9

	40.	 Jas M, Engemann DA, Bekhti Y, Raimondo F, Gramfort A. Autoreject: Automated artifact rejection for MEG and EEG data. Neuroimage. 
2017;159:417–29. https://doi.org/10.1016/j.neuroimage.2017.06.030 PMID: 28645840

	41.	 Anderson JR, Zhang Q, Borst JP, Walsh MM. The discovery of processing stages: Extension of Sternberg’s method. Psychological Review. 
2016;123(5):481–509. https://doi.org/10.1037/rev0000030

	42.	 van Maanen L, Portoles O, Borst JP. The Discovery and Interpretation of Evidence Accumulation Stages. Comput Brain Behav. 2021;4(4):395–415. 
https://doi.org/10.1007/s42113-021-00105-2

	43.	 Berberyan HS, van Rijn H, Borst JP. Discovering the brain stages of lexical decision: Behavioral effects originate from a single neural decision 
process. Brain Cogn. 2021;153:105786. https://doi.org/10.1016/j.bandc.2021.105786 PMID: 34385085

	44.	 Berberyan HS, van Maanen L, van Rijn H, Borst J. EEG-based Identification of Evidence Accumulation Stages in Decision-Making. J Cogn Neuro-
sci. 2021;33(3):510–27. https://doi.org/10.1162/jocn_a_01663 PMID: 33326329

	45.	 Weindel G, Borst JP, van Maanen L. Decision-making components and times revealed by the single-trial electroencephalogram. Elife. 
2025;14:RP108049. https://doi.org/10.7554/eLife.108049 PMID: 41474554

	46.	 den Otter R, Weindel G, Stuit S, van Maanen L. Sequence Models for By-Trial Decoding of Cognitive Strategies from Neural Data. 2025. https://
doi.org/10.48550/arXiv.2504.10028

	47.	 Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. Dropout: A Simple Way to Prevent Neural Networks from Overfitting. Journal 
of Machine Learning Research. 2014;15(56):1929–58.

	48.	 Caruana R. Multitask Learning. Machine Learning. 1997;28(1):41–75. https://doi.org/10.1023/A:1007379606734

	49.	 Dozat T. In: 2016.

	50.	 Bengio Y, Courville A, Vincent P. Representation learning: a review and new perspectives. IEEE Transactions on Pattern Analysis and Machine 
Intelligence. 2013;35(8):1798–828. https://doi.org/10.1109/TPAMI.2013.50

	51.	 van der Maaten L, Hinton G. Visualizing data using T-SNE. Journal of Machine Learning Research. 2008;9(86):2579–605.

	52.	 Rubin DB. Multiple Imputation for Nonresponse in Surveys. Wiley Series in Probability and Statistics. Wiley. 1987. https://doi.
org/10.1002/9780470316696

	53.	 Mangun GR, Hillyard SA. Modulations of sensory-evoked brain potentials indicate changes in perceptual processing during visual-spatial priming. J 
Exp Psychol Hum Percept Perform. 1991;17(4):1057–74. https://doi.org/10.1037//0096-1523.17.4.1057 PMID: 1837297

	54.	 Kopp B, Rist F, Mattler U. N200 in the flanker task as a neurobehavioral tool for investigating executive control. Psychophysiology. 1996;33(3):282–
94. https://doi.org/10.1111/j.1469-8986.1996.tb00425.x PMID: 8936397

	55.	 O’Connell RG, Dockree PM, Kelly SP. A supramodal accumulation-to-bound signal that determines perceptual decisions in humans. Nat Neurosci. 
2012;15(12):1729–35. https://doi.org/10.1038/nn.3248 PMID: 23103963

	56.	 Pashler H, Johnston JC. Attentional Limitations in Dual-Task Performance. In: Attention. Hove, England: Psychology Press/Erlbaum (UK) Taylor & 
Francis; 1998. p. 155–89.

	57.	 Szameitat AJ, Students B, Ball C, Boyce J, Buckley M, Saylik R, et al. Inter-Individual Differences in Executive Functions Predict Multitasking Per-
formance – Implications for the Central Attentional Bottleneck. Frontiers in Psychology. 2022. https://doi.org/10.3389/fpsyg.2022.778966

	58.	 Himi SA, Volberg G, Bühner M, Hilbert S. Individual differences in everyday multitasking behavior and its relation to cognition and personality. 
Psychol Res. 2023;87(3):655–85. https://doi.org/10.1007/s00426-022-01700-z PMID: 35788902

	59.	 Reinert R, Brüning J. Individual strategies of response organization in multitasking are stable even at risk of high between-task interference. Fron-
tiers in Psychology. 2022;13. https://doi.org/10.3389/fpsyg.2022.860219

	60.	 Kullback S, Leibler RA. On Information and Sufficiency. The Annals of Mathematical Statistics. 1951;22(1):79–86. https://doi.org/10.1214/
aoms/1177729694

	61.	 Rabovsky M, Conrad M, Álvarez CJ, Paschke-Goldt J, Sommer W. Attentional modulation of orthographic neighborhood effects during read-
ing: Evidence from event-related brain potentials in a psychological refractory period paradigm. PLoS One. 2019;14(1):e0199084. https://doi.
org/10.1371/journal.pone.0199084 PMID: 30682023

	62.	 Bogacz R, Wagenmakers E-J, Forstmann BU, Nieuwenhuis S. The neural basis of the speed-accuracy tradeoff. Trends Neurosci. 2010;33(1):10–6. 
https://doi.org/10.1016/j.tins.2009.09.002 PMID: 19819033

	63.	 van Maanen L, Brown SD, Eichele T, Wagenmakers E-J, Ho T, Serences J, et al. Neural correlates of trial-to-trial fluctuations in response caution. J 
Neurosci. 2011;31(48):17488–95. https://doi.org/10.1523/JNEUROSCI.2924-11.2011 PMID: 22131410

	64.	 Boehm U, van Maanen L, Forstmann B, van Rijn H. Trial-by-trial fluctuations in CNV amplitude reflect anticipatory adjustment of response caution. 
Neuroimage. 2014;96:95–105. https://doi.org/10.1016/j.neuroimage.2014.03.063 PMID: 24699015

https://doi.org/10.3389/fnins.2013.00267
http://www.ncbi.nlm.nih.gov/pubmed/24431986
https://doi.org/10.1016/0165-1684(94)90029-9
https://doi.org/10.1016/0165-1684(94)90029-9
https://doi.org/10.1016/j.neuroimage.2017.06.030
http://www.ncbi.nlm.nih.gov/pubmed/28645840
https://doi.org/10.1037/rev0000030
https://doi.org/10.1007/s42113-021-00105-2
https://doi.org/10.1016/j.bandc.2021.105786
http://www.ncbi.nlm.nih.gov/pubmed/34385085
https://doi.org/10.1162/jocn_a_01663
http://www.ncbi.nlm.nih.gov/pubmed/33326329
https://doi.org/10.7554/eLife.108049
http://www.ncbi.nlm.nih.gov/pubmed/41474554
https://doi.org/10.48550/arXiv.2504.10028
https://doi.org/10.48550/arXiv.2504.10028
https://doi.org/10.1023/A:1007379606734
https://doi.org/10.1109/TPAMI.2013.50
https://doi.org/10.1002/9780470316696
https://doi.org/10.1002/9780470316696
https://doi.org/10.1037//0096-1523.17.4.1057
http://www.ncbi.nlm.nih.gov/pubmed/1837297
https://doi.org/10.1111/j.1469-8986.1996.tb00425.x
http://www.ncbi.nlm.nih.gov/pubmed/8936397
https://doi.org/10.1038/nn.3248
http://www.ncbi.nlm.nih.gov/pubmed/23103963
https://doi.org/10.3389/fpsyg.2022.778966
https://doi.org/10.1007/s00426-022-01700-z
http://www.ncbi.nlm.nih.gov/pubmed/35788902
https://doi.org/10.3389/fpsyg.2022.860219
https://doi.org/10.1214/aoms/1177729694
https://doi.org/10.1214/aoms/1177729694
https://doi.org/10.1371/journal.pone.0199084
https://doi.org/10.1371/journal.pone.0199084
http://www.ncbi.nlm.nih.gov/pubmed/30682023
https://doi.org/10.1016/j.tins.2009.09.002
http://www.ncbi.nlm.nih.gov/pubmed/19819033
https://doi.org/10.1523/JNEUROSCI.2924-11.2011
http://www.ncbi.nlm.nih.gov/pubmed/22131410
https://doi.org/10.1016/j.neuroimage.2014.03.063
http://www.ncbi.nlm.nih.gov/pubmed/24699015


    
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014302  May 20, 2026 16 / 16

	65.	 Heitz RP. The speed-accuracy tradeoff: history, physiology, methodology, and behavior. Frontiers in Neuroscience. 2014. https://doi.org/10.3389/
fnins.2014.00150

	66.	 Ratcliff R, Smith PL, Brown SD, McKoon G. Diffusion Decision Model: Current Issues and History. Trends Cogn Sci. 2016;20(4):260–81. https://doi.
org/10.1016/j.tics.2016.01.007 PMID: 26952739

	67.	 Mulder MJ, van Maanen L, Forstmann BU. Perceptual decision neurosciences - a model-based review. Neuroscience. 2014;277:872–84. https://
doi.org/10.1016/j.neuroscience.2014.07.031 PMID: 25080159

	68.	 Raymond JE, Shapiro KL, Arnell KM. Temporary suppression of visual processing in an RSVP task: An attentional blink?. Journal of Experimental 
Psychology: Human Perception and Performance. 1992;18(3):849–60. https://doi.org/10.1037//0096-1523.18.3.849

	69.	 Willems C, Martens S. Time to see the bigger picture: Individual differences in the attentional blink. Psychon Bull Rev. 2016;23(5):1289–99. https://
doi.org/10.3758/s13423-015-0977-2 PMID: 26576803

	70.	 Taatgen NA, Juvina I, Schipper M, Borst JP, Martens S. Too much control can hurt: A threaded cognition model of the attentional blink. Cognitive 
Psychology. 2009;59(1):1–29. https://doi.org/10.1016/j.cogpsych.2008.12.002

https://doi.org/10.3389/fnins.2014.00150
https://doi.org/10.3389/fnins.2014.00150
https://doi.org/10.1016/j.tics.2016.01.007
https://doi.org/10.1016/j.tics.2016.01.007
http://www.ncbi.nlm.nih.gov/pubmed/26952739
https://doi.org/10.1016/j.neuroscience.2014.07.031
https://doi.org/10.1016/j.neuroscience.2014.07.031
http://www.ncbi.nlm.nih.gov/pubmed/25080159
https://doi.org/10.1037//0096-1523.18.3.849
https://doi.org/10.3758/s13423-015-0977-2
https://doi.org/10.3758/s13423-015-0977-2
http://www.ncbi.nlm.nih.gov/pubmed/26576803
https://doi.org/10.1016/j.cogpsych.2008.12.002

	Trial-level sequence modeling reveals hidden dynamics of dual-task interference
	1. Introduction
	2. Methods
	2.1. Ethics statement
	2.2. Experiment design
	2.3. Data collection and preprocessing
	2.4. Hidden multivariate pattern analysis
	2.5. Model architecture
	2.5.1. Model training. We used the data from the Long condition to train the sequence model in a similar way to our previous work [46]. Since we validated different model hyperparameters in that work, we re-used these. We create a training and a validatio

	2.6. Embedding analysis
	2.7. Sequence analysis

	3. Results
	3.1. Determining the number and nature of cognitive operations
	3.2 Cross-decoding cognitive operations across condition
	3.3. Decoding the sequence of cognitive operations across tasks

	4. Discussion
	5. Conclusion
	Supporting information
	References


