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C H A P T E R  1

Where we discuss the relevant background literature and theories, followed by a 
brief overview of the contents of this dissertation.

Introduction
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Introduction 3

Introduction
In order to get anything done these days the conventional wisdom seems to be to 
turn off your phone, unplug the Internet connection, close the blinds, and hope 
nobody bothers you. In other words: avoid multitasking at all cost. And while I will 
be the last person to argue against ‘monotasking’, this does not change the fact that 
multitasking seems to have become a vital skill in our information-driven society. 
At least the number of cyclists who have their noses buried in their phones that I 
encounter during my daily commute seems to indicate so. But not only my own 
anecdotal evidence supports this claim; research has shown that we spend a lot of 
time performing several activities at once (Carrier, Cheever, Rosen, Benitez, & Chang, 
2009). Given this prevalence of multitasking, it is important that we understand how 
and if our brain can juggle several tasks at the same time, when this is good idea, and 
when it is a bad one.

In this thesis I will investigate multitasking from the basic cognitive building 
blocks that allow us to perform activities concurrently, all the way up to the reasoning 
that people might use to determine when to multitask and which tasks to combine. 
I will use these different levels of description to better understand how the brain is 
able to multitask: is multitasking behavior controlled through a specialized area in 
the brain, is it a simple mechanism that relies on interactions between a distributed 
architecture of cognitive functions, or do we use specialized control strategies for 
every task combination we perform?

Throughout this work we will use overlap between tasks as a predictor of how 
well they can be performed concurrently. Tasks overlap when they require the same 
cognitive or peripheral resources at the same time. This leads to task interference, 
and thus has a negative impact on task performance. For example, cycling and 
reading text messages overlap because performing either task requires your visual 
system almost constantly. In fact, because the visual system is so crucial for both 
activities, any contention for it will likely lead to a dramatic reduction in cycling or 
texting ability, or both. Task interference can have different effects: in some cases it 
slows down task execution, as one task has to wait for another before using the same 
cognitive or peripheral function. Visual interference is an example of this. In other 
cases the interference might have more severe effects, such as information loss. This 
might be the case when there is task overlap for working memory. However, what 
task overlap also implies is that there are many tasks that can be combined without 
any issues: After all, simultaneously walking and talking is something we do all the 
time. Even a task as complex as driving, which requires you to monitor and control a 
host of things at the same time, is performed remarkably well by most people. Hence, 
the bad reputation that multitasking has garnered is not always deserved.

The goal of this work is to gain new insight into how the brain is able to perform 
more than one task at the same time. In pursuit of this goal I will present several 
experiments that test this idea through a combination of behavioral and neuroimaging 
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4 Chapter 1: Introduction

methods. There will be a focus on interference in working memory, as our current 
description of interference in working memory is incomplete. I address this gap in 
knowledge by presenting a cognitive model of working memory interference.

To better understand the context of this work I will start with a brief overview of 
the relevant multitasking research: Task interference has long been studied, and the 
models presented in this work build upon that research. Furthermore, the models 
were constructed using ACT-R, so I will briefly describe this cognitive architecture. I 
will finish this introduction with an overview of the remaining chapters.

Background

Theories of Multitasking
For a long time researchers have been thinking about interference between 
concurrently performed tasks (e.g., Welford, 1952). During this early dual-tasking 
research the focus lay on temporal overlap between tasks, which was found to be a 
strong predictor of performance. This can be observed in a simple experiment with 
two choice-reaction tasks A and B. When both tasks must be performed concurrently, 
the reaction time (RT) for task B depends on the time between the presentation of 
stimuli A and B (see Figure 1-1). As the time interval becomes shorter, the RT for 
task B becomes longer. Thus, task A interferes with the performance of task B. The 
term Psychological Refractory Period (PRP; Telford, 1931) is used to describe this 
phenomenon. This PRP paradigm has been used in many areas of study, including 
aging (Allen, Ruthruff, Elicker, & Lien, 2009; Allen, Smith, Vires-Collins, & Sperry, 
1998; Glass et al., 2000), attention (Brisson & Jolicoeur, 2007; Luck, 1998), and 
perceptual interference (Van Maanen, Van Rijn, & Borst, 2009). 

The PRP effect has been explained by a response selection bottleneck (RSB; 
Pashler, 1994). The RSB model distinguishes three phases in the component tasks of 
the PRP dual-task: perception, response selection, and response. The RSB assumes 
that perception and response can occur in parallel during a dual task, but response 
selection can only be performed sequentially (Pashler, 1994). The RSB predicts that as 
the stimulus onset asynchrony (SOA) becomes smaller, the response selection phase 
of task A will increasingly delay that of task B: both responses cannot be resolved 
in parallel. This delay then leads to a larger reaction time for task B (Figure 1-1). 
This concept of a bottleneck as the cause of task interference has become a staple of 
modern multitasking theories (Just & Varma, 2007; Meyer & Kieras, 1997; Salvucci 
& Taatgen, 2008; Wickens, 2002).

Most modern multitasking theories contain elements of the RSB. The multiple 
resource theory (Wickens, 2002), for instance, defines a great number of bottlenecks 
that include both cognitive and response-related stages in task processing, as well 
as sensory modalities and multiple information channels. Given the number of 
overlapping resources, multiple resource theory can be used to predict the expected 
performance decrease when multitasking. The bottleneck principle has also been 
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Introduction 5

applied in more general cognitive theories. An example of this is EPIC (Executive-
Process Interactive Control; Meyer & Kieras, 1997), where central cognitive 
resources, such as declarative memory, can be accessed in parallel, but peripheral 
resources, such as vision, act as a bottleneck. The EPIC theory promotes the view 
that multitasking occurs as a control strategy that describes how to perform a specific 
task combination. These strategies might have overhead costs or prioritize a task, 
leading to reduced performance when multitasking. Another theory that uses the 
RSB theory in a more general manner is ACT-R (Anderson, 2007): all resources, 
both peripheral and cognitive, are constrained to serial access (Byrne & Anderson, 
2001). However, by default ACT-R is limited to performing a single task at any given 
time. Salvucci & Taatgen (2008) developed an extension for multitasking to ACT-R 
called threaded cognition, which allows for the execution of multiple tasks in parallel 
(while resources are still constrained to serial access). This approach to multitasking 
behavior is architectural: how processes of separate tasks are scheduled depends 
largely on the availability of resources that are distributed throughout the brain. This 
infers that the brain has a limited bandwidth for information processing, and task 
performance is reduced when this limit is exceeded.

Multitasking Behavior
Multitasking theories have been used to explain many different examples of 
multitasking behavior. Perhaps the most prolific example is multitasking during 
driving. This particular multitasking situation has received a great deal of attention 
due to the high number of traffic-accidents that have been attributed to phone use 

Task A Perception Response selection Response

Task B Perception Response selection Response

Stimulus presentation

Task B Perception Response selection Response

SOA2 Interference
RT2

R

SOA1 Interference
RT1

R

A

RB

RB

Figure 1-1. The PRP effect. A shorter onset delay for the task B stimulus (shown 
in the bottom row) can result in a longer RT as the Interference period will last 
longer in that condition.
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6 Chapter 1: Introduction

during driving (Redelmeier & Tibshirani, 1997). Strayer and Johnston (2001) showed 
that it is the attentional component of holding a conversation that affects driving 
performance most. They reached this conclusion by ruling out explanations related 
to holding the phone, speaking, or listening. Using a phone is hardly the only task 
that has been shown to interfere with driving: in general, any concurrently performed 
task that has a perceptual (visual and auditory; Chaparro, Wood, & Carberry, 2005; 
Gherri & Eimer, 2011) or motor (manipulation of equipment; Briem & Hedman, 
1995; Brookhuis, de Vries, & de Waard, 1991) component can compromise driving 
performance. The general picture of tasks that interfere with driving is consistent 
with current theories of multitasking: interference occurs because driving requires 
the same resources that the examined secondary tasks use (Anstey, Wood, Lord, & 
Walker, 2005; Herbert, 1963).

Perhaps less intuitive is that interference between driving and other activities 
extends to overlap in working-memory requirements: Alm and Nilsson (1995) 
performed a study where drivers had to complete a word-recall task over the phone 
while driving. They found that this affected driving safety, as it decreased the 
distance kept to the car ahead of the driver. Working memory interference has been 
investigated in other contexts as well (Gray, Sims, Fu, & Schoelles, 2006; Jaeggi et al., 
2003). For example, Borst, Taatgen, and Van Rijn (2010) showed that when switching 
between two tasks, performance suffered most when both tasks required working 
memory. The reason this occurs is that the current state of the suspended task needs 
to be kept in working memory in order to properly resume that task later. When the 
state of the other task also needs to be kept in working memory, interference occurs 
when the old (suspended) state is swapped out for the new state and vice versa. 
This work by Borst et al. has improved our understanding of how working-memory 
interference occurs when tasks are alternated, something that is also referred to as 
sequential multitasking. However, our understanding of working-memory use during 
concurrent multitasking is limited: theories that address concurrent multitasking do 
not describe working memory in detail (Just & Varma, 2007; Meyer & Kieras, 1997; 
Salvucci & Taatgen, 2008; Wickens, 2002).

In addition to being studied at the cognitive level, multitasking has been examined 
in its influence on society as well. People have been found to multitask frequently at 
the workplace (Mark & Gonzalez, 2005) or in the classroom (Junco & Cotten, 2011). 
As these places suggest a significant integration of multitasking with our daily lives, 
it is important to understand why people choose to multitask. Factors that have been 
found to play a role in choosing to multitask are personality traits such as impulsivity 
or sensation seeking, as well as the inability to block out distractions (Sanbonmatsu, 
Strayer, Medeiros-Ward, & Watson, 2013). However, while these factors address why 
people multitask, there is currently not much research regarding how people decide 
what activities to combine when choosing to multitask.
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Cognitive Modeling 7

Cognitive Modeling
Both the EPIC and ACT-R theories described earlier have been instantiated as 
cognitive architectures. A cognitive architecture provides a framework in which 
processes that occur in the brain can be modeled. The models described in this thesis 
are such computational models of cognition. Models of this kind are able to perform 
tasks by simulating the required cognitive processes. Behavioral output of the model 
(i.e., the model presses a button) can then be compared to the behavior shown by 
real humans in order to determine if the model is a plausible one. In general, the 
detail and scope of cognitive models can vary greatly: from a mathematical model 
consisting of a single formula to the large cognitive architectures of EPIC and ACT-R. 
For this thesis ACT-R is of particular importance, as all the models that I will present 
have been built upon it.

ACT-R
ACT-R contains modules for cognitive and peripheral functions, shown in Figure 
1-2. While these modules can only be accessed serially, different modules can be 
used in parallel (Byrne & Anderson, 2001). Procedural memory is used to coordinate 
actions between these modules, using a set of if-then rules. A rule can, for instance, 
be ‘if the visual module contains a letter, then store this letter in memory’. 

Two ACT-R modules are of particular relevance to this thesis, because they can be 
used as part of a working memory strategy: declarative (long-term) memory and the 
problem state. Declarative memory is a storage place for facts. Although the capacity 
of declarative memory is essentially unlimited, the chance of being able to retrieve 

Outside World

Procedural
Memory

Auditory
Perception

Visual
Perception

Motor
Control

Control
State

Problem
State

Declarative
Memory

ACT-R

Item 1
...
...

Item n Item

Figure 1-2. The module structure of the ACT-R cognitive architecture. 
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8 Chapter 1: Introduction

an item decreases over time. Furthermore, retrieval of information from declarative 
memory takes time, and existing information is immutable. The problem state is 
a buffer that can contain a single piece of intermediate information used by a task 
(Borst et al., 2010). For instance, when presented with a ‘solve-for-x’ equation with 
two steps, an intermediate solution can be stored in the problem state. This partial 
solution can then be used to calculate the final answer. While information in the 
problem state is accessed without a time cost, replacing it takes a relatively long time. 
When a problem state is replaced, the old state is stored as an item in declarative 
memory.

To have two tasks performed concurrently in ACT-R requires threaded cognition 
(Salvucci & Taatgen, 2008). It adds a parsimonious scheduling system to ACT-R that 
interleaves the execution of task rules: the next rule to be picked will belong to the 
task with the highest urgency. The task with the highest urgency is the one that has 
least recently had a rule picked. If no rule of that task can be executed at this time, 
then the next most-urgent task is selected. For this system to work, the tasks are 
expected to be polite: they must release access to a module as soon as the task no 
longer requires it. Otherwise a task could occupy a module indefinitely, and the other 
tasks would (potentially) never finish.

Dissertation Overview
This dissertation will focus on how overlapping task requirements affects the way 
our brain processes multitasking situations, and how it influences the behavior of 
people when multitasking. We aim to answer the following questions: Is there a 
multitasking center in the brain, or are tasks coordinated using more general cognitive 
mechanisms? Do people make rational choices when multitasking, and does this 
happen automatically? And is multitasking always bad for performance when driving 
a car, or can it be beneficial?

In Chapter 2 I will present a neuroimaging experiment that explores how 
multitasking activity is expressed in the brain. Chapter 3 extends this investigation 
into the mechanisms of multitasking through a cognitive model that details how task 
interference in working memory can be explained. This model is validated using the 
neuroimaging data from Chapter 2 as well as novel behavioral data. In Chapter 4 
the focus will shift from cognitive processes to human behavior. I will describe a 
study that tests the effect of different degrees of task interference with driving on 
driving performance in two different types of traffic circumstances. Next in Chapter 
5 I test whether or not people try to minimize task overlap when choosing tasks to 
perform concurrently. Finally, Chapter 6 gives an overview of the results presented 
in this thesis, and how they inform us about the cognitive mechanisms that make 
multitasking possible.
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2This chapter was previously published as:
Nijboer, M., Borst, J.P., Van Rijn, H., Taatgen, N.A. (2014). Single-task fMRI Overlap Predicts 

Concurrent Multitasking Interference. NeuroImage 100 , 60-74

Where we look in the brain for evidence of cognitive interference 
between tasks.

Single-task fMRI Overlap Predicts Concurrent 
Multitasking Interference

Menno Nijboer
Jelmer P. Borst

Hedderik van Rijn
Niels A. Taatgen
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Abstract

Single-task fMRI Overlap Predicts Concurrent 
Multitasking Interference

There is no consensus regarding the origin of behavioral interference that occurs during 
concurrent multitasking. Some evidence points toward a multitasking locus in the brain, 
while other results imply that interference is the consequence of task interactions in 
several brain regions. To investigate this issue, we conducted a functional MRI (fMRI) 
study consisting of three component tasks, which were performed both separately and 
in combination. The results indicated that no specific multitasking area exists. Instead, 
different patterns of activation across conditions could be explained by assuming that the 
interference is a result of task interactions. Additionally, similarity in single-task activation 
patterns correlated with a decrease in accuracy during dual-task conditions. Taken together, 
these results support the view that multitasking interference is not due to a bottleneck in 
a single “multitasking” brain region, but is a result of interactions between concurrently 
running processes.
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Introduction
There is often a cost to simultaneous performance of multiple tasks as compared to 
doing only one task at a time. Discovering the source of this interference has been 
one of the main goals of multitasking research, and explanations of this phenomenon 
have been formalized within several theoretical frameworks (e.g., Just & Varma, 2007; 
Meyer & Kieras, 1997; Salvucci & Taatgen, 2008, 2011; Wickens, 2002). Although 
a relatively coherent image has emerged of the behavioral effects of multitasking, 
the underlying brain mechanisms are less well described. An important remaining 
question is whether multitasking interference is caused by interference in a single, 
universal, “multitasking” brain region (henceforth referred to as the multitasking 
locus) or that it is the result of widespread interactions in the brain.

The origin of the multitasking locus concept can be attributed to several theories 
of executive control (Baddeley, 1986; Shallice, 1988; Miller & Cohen, 2001; Conway 
et al., 2003). According to these theories, a so-called ‘central executive’ manages the 
selection of cognitive functions and actions, and thus facilitates the coordination 
of concurrent cognitive processes, as required during multitasking. To date, several 
neuroimaging studies have identified “multitasking” brain regions that correlated 
with dual-task interference, and therefore could include a multitasking locus (e.g., 
Collette et al., 2005; Dux et al., 2006; Herath et al., 2001; Szameitat et al., 2002; Wu 
et al., 2013). However, other studies have concluded that no such areas exist (e.g., 
Adcock et al., 2000; Erickson et al., 2005; Jaeggi et al., 2003; Just et al., 2008; Just et 
al., 2001; Klingberg, 1998). The main variable in these diverging results seems to 
be the experimental paradigm, indicating that the neural correlates of multitasking 
interference are strongly influenced by the properties of the particular tasks that were 
used. This is in agreement with most recent behavioral theories, which assume that 
multitasking interference is a result of overlapping resource use between specific 
tasks, and therefore task dependent (Meyer & Kieras, 1997; Salvucci & Taatgen, 2008, 
2011; Wickens, 2002).

Following these results and recent theories on multitasking, we hypothesize that 
the particular expression of multitasking interference in the brain depends on the 
specific tasks that are combined. The underlying idea is that different tasks require 
different cognitive and peripheral resources, which leads to different patterns of 
resource overlap. We have previously shown that behavioral interference between 
tasks indeed depends on their overlap in resource requirements – the higher the 
overlap in resource use, the more multitasking interference (e.g., Borst, Taatgen, 
& Van Rijn, 2010; Borst et al., 2013; Nijboer et al., 2013; Salvucci & Taatgen, 2008, 
2011). However, this concept of task-dependent interference patterns has not been 
tested directly for neural activation. Previous dual-task neuroimaging studies that 
focus on task overlap have typically only investigated a single pair of component 
tasks (Herath et al., 2001; Just et al., 2001; Klingberg, 1998; Roland & Zilles, 1998), or 
different input and output modalities within the same task combination (Mochizuki 
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12 Chapter 2: Single-task fMRI Overlap Predicts Concurrent Multitasking Interference

et al., 2007). Yet multiple combinations of tasks that are conceptually different (and 
therefore separable in terms of resource use and strategy) must be compared to assess 
if the observed dual-task activation is specific to that particular combination of tasks, 
or generalizes to more than one dual-task setting. In addition, this idea implies that 
one could determine the (in)compatibility of tasks by comparing their single-task 
brain activation. If single-task brain activation is an index of resource use of a task, 
the higher the overlap in the elicited single-task brain activation between pairs of 
tasks, the higher their multitasking interference should be.

To test if neural multitasking-interference patterns are task-dependent, and 
whether single-task brain activation predicts multitasking interference, we 
performed a functional magnetic resonance imaging (fMRI) experiment with three 
different tasks. Subjects performed the three tasks separately, as well as all possible 
combinations of these tasks. This allowed us to investigate the relation between 
single task resource use and neural activation, and the effect thereof on multitasking 
interference patterns. In addition, we tested the strong prediction that single-task 
activation patterns can be used to predict multitasking interference between tasks. In 
the remainder of this introduction, we will give an overview of the multitasking fMRI 
literature and a detailed description of the current study.

Neuroimaging Studies of Multitasking Interference
Dual-task neuroimaging studies have shown diverse results. The differences in the 
percent signal change of the BOLD response can be divided into three categories: 
over-additive, additive, and under-additive activation in regions involved in the 
dual-task condition. Studies that found over-additive activation have typically 
found recruitment of regions exclusive to the dual-task condition. These studies 
have implicated areas of the prefrontal cortex (Collette et al., 2005; Dux et al., 2006; 
Herath et al., 2001; Szameitat et al., 2002), as well as parietal regions (Collette et al., 
2005; Herath et al., 2001) as playing an important role in managing the concurrent 
execution of tasks. Furthermore, studies have also found over-additive activation in 
areas that were already active during performance of the component single-tasks 
(e.g., the prefrontal cortex and cerebellum; see Schubert & Szameitat, 2003; Wu et 
al., 2013). Several hypotheses have been proposed for these dual-task specific areas.  
First, such an area could be a serial bottleneck stage in the management of two 
concurrently performed tasks (Herath et al., 2001; Szameitat et al., 2002). Second, the 
indicated regions could be a part of the executive control system that manages dual-
tasking (Collette et al., 2006).

Other studies have found additive activation, where the percent signal change in 
the dual-task was the summation of activation in the component tasks (Adcock et 
al., 2000; Erickson et al., 2005; Jaeggi et al., 2003). Contrary to studies that find over-
additive results, additive activation has been argued to indicate that there are no brain 
regions involved specifically in dual-task processing. Adcock et al., (2000) implied that 
interference is the result of an overlap between systems required for each component 
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Introduction 13

task: as both component tasks utilize the same resources (e.g., visual or memory 
systems), the resource requirements of the dual-task are the combined requirements 
of the component tasks. Consequently, the observed dual-task activation is simply 
the summation of the component task activation.

Finally, there is evidence that a dual-task can produce under-additive activation. 
In this context, under-additive indicates that the increase in activity during the dual-
task is less than sum of the activity in the component single-tasks (Buchweitz et al., 
2012; Klingberg, 1998; Newman et al., 2007). These under-additive effects can be 
strong: Just et al., (2001) reported that activity in temporal and parietal areas during 
a dual-task was less than the activity measured during either of the component tasks. 
Several theories have been proposed to explain under-additive activation: according 
to Just & Varma (2007), there is a limit on the amount of active cortical tissue, which 
might require the activity to be divided amongst more areas during a dual-task1. In 
contrast, Anderson et al. (2011) argued that during multitasking there is competition 
for cognitive resources between tasks, resulting in one task taking away time-on-
resource from another task, which leads to activity that is lower than the sum of the 
component tasks.

One factor that seems to play a role in these divergent results is task modality, as 
tasks performed in different modalities have led to different results (Hazeltine et al., 
2006; Mizuno et al., 2012; Mochizuki et al., 2007). For example, Newman et al. (2007) 
suggested that significant prefrontal activity would only occur if the same input 
modality were used for all stimuli categories. More generally, the type of task used 
in the dual-task condition seems to determine the patterns of neural activity that are 
found. A large number of studies use the discrete task-choice (or PRP) paradigm 
(e.g., Collette et al., 2005; Hazeltine et al., 2006; Herath et al., 2001; Schubert & 
Szameitat, 2003; Szameitat et al., 2011), whereas others use more dynamic tasks and 
stimulus interleaving schedules (e.g., Just et al., 2001; Just, et al., 2008; Mizuno et al., 
2012; Newman et al., 2007; Wu et al., 2013). Comparing these studies suggest that 
more dynamic and complicated dual-task settings have a tendency to show under-
additive activation, while PRP paradigms typically show additive and over-additive 
activation; a point previously raised by Just et al. (2007). Their explanation was that if 
concurrently performed tasks were simple enough, they would not exceed the upper 
limit of total activation, allowing for an additive or over-additive Blood-Oxygenation 
Level-Dependent (BOLD) increase.

Paradigm
To investigate if and how patterns of performance and neural activity change 
depending on what tasks are combined we used three different tasks – n-back, 
tracking, and tone-counting – and a total of six conditions: three single-tasks plus all 
three possible dual-task combinations. The tasks were chosen such that the dual-task 

1 Such a limit could also be used to explain additive activation: complex processes that potentially 
lead to over-additive activation reach the activation limit, therefore only displaying additive activation.
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14 Chapter 2: Single-task fMRI Overlap Predicts Concurrent Multitasking Interference

combinations resulted in different resource conflicts.
N-back: In the n-back task a stream of letters was presented on screen. For each 

letter shown after the nth letter, the participant had to respond whether the letter was 
the same or different as the letter seen n presentations ago (Figure 2-1A & 2-1C). In 
this experiment, we used a 2-back task. The n-back task was predicted to use motor, 
visual, and working memory (WM) resources (Juvina & Taatgen, 2007; Owen et al., 
2005). 

Tracking: The goal of the tracking task was to keep a cursor centered on a dot 
that randomly moved from left to right (Martin-Emerson & Wickens, 1992). Some 
degree of error was tolerated, conveyed by two lines flanking the dot (Figure 2-1A & 
2-1B). The tracking task was predicted to use motor and visual resources (Chavez & 
Salvucci, 2003).

Tone-counting: Low and high pitch tones were presented in a random order at 
different intervals. Subjects were instructed to count the high pitch tones and ignore 
the low pitch tones. The total number of high pitch tones had to be entered at the 
end of the trial. The tone-counting task was expected to use aural and WM resources 
during the trial, and the motor resource when entering the response.

In the current paradigm, the three dual-task combinations show different patterns 
in overlapping resource use. When tone-counting is paired with tracking, no 
overlap is predicted: the tasks have different stimulus modalities, as well as different 
times when motor input is required. When 2-back is paired with tracking, there is 
peripheral overlap: both tasks use visual and motor resources. Finally, when 2-back is 
paired with tone-counting the overlap is primarily cognitive, as both tasks use WM, 
but no peripheral overlap is predicted. Our assumed definition of WM within this 
study is similar to the focus of attention (Borst, Taatgen & Van Rijn, 2010; McElree, 
2001; Oberauer, 2002): it can contain only a single chunk of information. Access to 

A 2-back & tracking B tone counting & tracking C 2-back & tone counting

G G

Figure 2-1. The three dual-task screens as presented to the participants. Panel A: The left side 
of the screen shows a stimulus of the 2-back task, with the right side showing the tracking 
task. In the tracking task, the vertical lines indicate the maximum allowed distance between 
the cursor (blue circle) and the target (white dot). They are colored red when the cursor 
is outside this boundary. Panel B: Left tone-counting, right tracking, with a correct cursor 
position. Panel C: Left 2-back, with the green circle indicating a correct response, and right 
the tone-counting task.
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several chunks requires swapping a chunk between this focal WM and declarative 
memory (DM), where the other chunks that need to be remembered are maintained. 
Although there are two dual-tasks with a fair degree of overlap, we still expected to 
see differences in performance and neural activity between both conditions due to 
the type of resources overlapping: earlier research into multitasking interference has 
indicated that cognitive overlap can lead to a more severe performance reduction 
than peripheral overlap (Borst et al., 2013; Nijboer et al., 2013; Salvucci & Taatgen, 
2010).

To provide evidence for a multitasking locus, all three dual-tasks would need to 
show over-additive activation in the same region. If, however, the resulting dual-task 
activations strongly resemble the summation of the activity found in the single-tasks, 
then it is more likely that multitasking interference is a result of cortical overlap 
between processes.

Methods

Participants
A total of 20 right-handed adults participated in the study. The study was approved 
by the Medical Ethical Committee of the University Medical Centre Groningen, and 
written informed consent was obtained before the study. Participants received €25 for 
their participation. All participants had normal or corrected-to-normal vision. One 
participant did not adhere to the task instructions and was removed from the dataset, 
leaving 19 participants for analysis (14 female, Mage = 22.4, age range: 18-27).

Materials and Procedure
The experiment consisted of the three previously introduced tasks: n-back, tracking, 
and tone counting. These tasks were presented as single tasks and as dual-tasks (all 
three combinations: n-back plus tracking, n-back plus tone counting, and tracking 
plus tone counting). The participants had a four-button response box resting on 
their abdomen during the fMRI session, with their left index and middle fingers 
positioned on the two left-most buttons, and their right index and middle fingers 
positioned on the two right-most buttons. Table 2-1 gives a full overview of task-
response mappings. The experiment was projected onto a mirror mounted to the 
fMRI head-coil, with stimuli (see below) on a black background.

For the 2-back task, each letter was shown for 1000 ms, followed by blank screen of 
1500 ms. In total, 12 letters were presented per trial. Participants were instructed to 
use the button positioned under their left middle finger to indicate that the letter was 
the same as two letters back, and the button under their left index finger if the current 
letter was different from two letters back. Participants had 1500 ms to respond, 
starting at the presentation of each letter. Feedback was provided in the form of a 
green or red circle around the letter for a correct or incorrect answer, respectively. 
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16 Chapter 2: Single-task fMRI Overlap Predicts Concurrent Multitasking Interference

Feedback remained visible during the ISI.
The tracking cursor controlled by the participant was shaped as a blue circle, while 

the target was a white dot. The target only moved in a horizontal direction across 
the screen. Participants could move the cursor to the left using the button under 
their right index finger, and to the right using the button under their right middle 
finger. Flanking the dot were two vertical lines that indicated the maximum tolerated 
distance between the cursor and target. The color of the lines changed from green to 
red if the cursor was outside those two lines. On average, the tracking task required 
2.4 responses per second.

The tone-counting task consisted of 20 tones presented at pseudo-random intervals 
(ranging between 0.5 and 1.5 seconds). High tones had a pitch of 493.99 Hz (a B4 
note) and low tones of 261.63 Hz (a C4 note) to make them easily distinguishable. 
The number of high tones was randomized per trial; sampled from a uniform 
distribution ranging from 10 to 17. As the tone-counting tasks contained no visual 
stimuli, a fixation cross was shown instead. The answer prompt was presented for 
9.5 seconds after the trial. During this prompt, participants could indicate their 
response by incrementing the displayed number using the response buttons (either 
the buttons under their left hand index and middle finger when tone counting was 
performed together with 2-back, and the buttons under their right hand otherwise). 
The displayed numbers loop; pressing the button when the digit read 9 would cause 
0 to reappear. After the response period, feedback indicating correct or incorrect was 
presented for 500 ms.

Before each trial a fixation cross was presented for eight seconds. Afterwards, the 
names of the tasks involved in the upcoming trial were displayed for two seconds, 
after which the trial would start. The 2-back task was always presented on the 

Hand Finger Action
2-back
Left Index Different
Left Middle Same

Tracking
Right Index Move cursor to the left
Right Middle Move cursor to the right

Tone counting (combined with 2-back)
Right Index Increment the tens of the answer
Right Middle Increment the ones of the answer

Tone counting (combined with tracking)
Left Index Increment the ones of the answer
Left Middle Increment the tens of the answer

Table 2-1. Response mappings between fingers and tasks.
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left side of the screen, and the tracking task always on the right side. The fixation 
mark associated with tone-counting was displayed on the other side. Trials lasted 
30 seconds, except trials that included tone-counting, which had an additional 9.5 
seconds at the end for the response phase.

Participants first performed a practice session of two blocks outside of the scanner. 
Each block contained two trials of each condition and a fixation-only trial. In fixation-
only trials participants only had to look at the center of the screen. This amounted to 
13 trials per block, which took approximately ten minutes. Condition order within 
a block was randomized. In the scanning session, participants started with a single 
practice block, followed by six experimental blocks. Thus, participants completed 78 
experimental trials: 12 per condition and six fixation-only trials.

fMRI Procedures and Preprocessing
The neuroimaging data were obtained with a Philips Interna 3 Tesla scanner using 
a standard radio-frequency head coil. Each functional volume consisted of 37 axial 
slices (3.5 mm thickness, 64x64 matrix, 3.5 mm x 3.5 mm per voxel), acquired 
using echo-planar imaging (2000 ms TR, 20 ms TE, 70° flip angle, 224 mm field of 
view, 0 mm slice gap, with AC-PC on the 19th slice from the bottom). Anatomical 
images were acquired using a T1-weighted spin-echo pulse sequence with the same 
parameters as the functional images, but with a higher resolution (1 mm thickness, 
256x256 matrix, 1 mm x 1 mm per voxel).

The data were preprocessed using SPM82. The steps consisted of realigning the 
functional images, co-registering them with the structural images, normalizing 
the images to the MNI (Montreal Neurological Institute) ICBM 152 template, and 
smoothing them with an 8 mm FWHM Gaussian kernel.

Results

Behavioral Results
Unless mentioned otherwise, all F- and p-values are from one-way repeated-measure 
ANOVAs, and all accuracy data were transformed with a logit transformation before 
performing ANOVAs. Comparisons were done using a Tukey honest significant 
difference. All error bars depict 95% confidence intervals (CI). Statistical results are 
reported in Tables 2-2 and 2-3.

Figure 2-2A shows that for the 2-back task participants were less accurate in 
both dual task conditions compared to the single-task. There was a main effect of 
condition, and planned post-hoc comparisons indicated that all three conditions 
differed significantly (p < .001). Of the two dual-task conditions, accuracy decreased 
most in the 2-back plus tone-counting condition (a 14% vs. 6% difference). The 
2-back latency data in Figure 2-2C did not mirror the pattern seen in the accuracy 

2 Wellcome Trust Centre for Neuroimaging (http://www.fil.ion.ucl.ac.uk/spm/)
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18 Chapter 2: Single-task fMRI Overlap Predicts Concurrent Multitasking Interference

data. Again, there is a main effect of condition, and post-hoc tests indicated that all 
three conditions differed significantly (p < .001). The single task resulted in the fastest 
responses, while 2-back plus tracking condition had the slowest 2-back reaction 
times.

Tracking error, defined as the percentage of the trial where the cursor was not 
between the vertical lines, was low in all conditions (Figure 2-2B). Compared to the 
single task, the error was slightly higher in the dual tasks: there was a main effect 
of condition, with the 2-back plus tracking condition differing the most from the 
single-task (2-back plus tracking: 7% difference; p < .001; tracking plus counting: 1% 
difference; p = .017).

Finally, error distance for the tone-counting condition is shown in Figure 2-2D. 
There is a main effect of condition, and the 2-back plus tone-counting condition 
showed a large increase in error distance compared to the single-task (p < .001). The 

Measure F(2,36)  np
2 p

2-back accuracy 57.01 0.76 <.001
2-back response time 47.84 0.73 <.001
Tone-counting error 28.74 0.61 <.001
Tracking accuracy 40.86 0.69 <.001

Table 2-2. Analysis of reaction time and accuracy data. One-
way ANOVAs were computed for each measured performance 
variable (across all three conditions where this measure would 
occur) to test for an overall effect. 

Comparisons 2-back accuracy 2-back response times
z β p t β p

2b vs. (2b + Co) -10.66 -1.67 <.001 4.14 0.06 <.001
2b vs. (2b + Tr) -5.91 -0.92 <.001 9.74 0.13 <.001
(2b + Co) vs. (2b + Tr) 4.75 0.74 <.001 5.61 0.08 <.001

Comparisons Tone-counting error Tracking accuracy
z β p z β p

Co vs. (Co + Tr) < 1 - -
Tr vs. (Co + Tr) 2.75 0.31 .017
Co vs. (2b + Co) 6.86 0.81 <.001
Tr vs. (2b + Tr) 8.83 0.99 <.001
(2b + Co) vs. (Co + Tr) 6.23 0.73 <.001
(2b + Tr) vs. (Co + Tr) -6.08 -0.68 <.001

Table 2-3. Comparisons between conditions for reaction times and accuracy data. 
Abbreviations: 2b = 2-back, Co = tone-counting, and Tr = tracking. Comparisons 
were computed by applying a Tukey honest significant difference on a linear mixed-
effects model, which contained the same factors as the one-way ANOVAs of Table 2. 
Significance was not reported for z values smaller than one.
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error distance of the single-task and tone-counting plus tracking condition did not 
differ significantly.

These results confirmed the idea that different combinations of tasks lead to different 
patterns of behavioral interference. The current set of tasks is therefore suitable to test 
our hypothesis of task-dependent brain activity interference patterns. If multitasking 
interference is better explained by a multitasking locus, brain region(s) need to show 
over-additive activity during the dual tasks, and the strength of this activation should 
correlate with the strength of the behavioral interference observed in each dual-task. 
If interference is better accounted for as an interaction between specific tasks, the 
similarity between activation elicited by component tasks should correlate with the 
change in accuracy during the dual-task.

Neuroimaging Results
Statistical parametric maps of all six conditions, relative to baseline, were generated. 
Significance was determined using a voxel-wise FDR (false discovery rate) correction 
at p < .01 and a minimum of 25 significant voxels per cluster. The maxima of significant 

2−back Error

Errors (Proportion)
0.0 0.2 0.4 0.6 0.8 1.0

+ Counting

+ Tracking

Single−task

Tracking Error

Errors (Proportion)
0.0 0.2 0.4 0.6 0.8 1.0

+ Counting

+ 2−back

Single−task

2−back Latency

Reaction Time (Seconds)
0.2 0.4 0.6 0.8 1.0 1.2

+ Counting

+ Tracking

Single−task

Counting Error Size

Distance (Tones)
0.0 0.5 1.0 1.5 2.0

+ 2−back

+ Tracking

Single−task

A B

C D

Figure 2-2. Behavioral data. Black dots represent the mean across subjects, and bars denote 
95% CI. Gray volumes behind the means are (the smoothed estimates of) the underlying 
distribution of the data (Sheather & Jones, 1991). Panel A: The errors in the 2-back task, as 
the proportion of incorrect responses during a trial. Panel B: The tracking error, taken as the 
proportion of time off target. Panel C: Latency for the 2-back, taken as the response time for 
each letter. Panel D: Error size of responses to the tone-counting task. Values represent the 
distance to the correct answer in number of tones.
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clusters are reported in Table 2-4 (single tasks) and Table 2-5 (dual tasks). In addition 
to whole brain analyses, we also performed region-of-interest (ROI) analyses. For 
these analyses we used the Bayesian t-test implemented in the BayesFactor package 
(Morey & Rounder, 2012). This approach was applied because finding evidence 
for additive activation (in contrast to over- or under-additive activation) requires 
evidence for the null hypothesis, which conventional frequentist statistics cannot 
provide.

Single-Task Activation
Maps showing activation compared to baseline for each condition are presented in 
Figure 2-3. When performed as a single-task, the 2-back task (Figure 2-3A) elicited 
widespread activity in both posterior and anterior regions of the brain: both inferior 
parietal lobules, the left dorsolateral prefrontal cortex, left ventrolateral prefrontal 
cortex, supplementary motor cortex (SMA), right premotor cortex, and right 
precentral gyrus were found to correlate significantly with the 2-back task. All of 
these regions have previously been linked to the n-back task in a meta-analysis by 
Owen et al. (2005). The tracking task (Figure 2-3B) elicited a large distribution of 
activity in the left precentral and postcentral gyrus, as well as bilateral recruitment 
of the superior parietal lobules. Other active clusters were found in the SMA, right 
cerebellum, thalamus, and hippocampus, as well as in the inferior and middle 
temporal gyri. The tone-counting task (Figure 2-3C) elicited bilateral activation in 
the superior temporal gyrus, the SMA, and the premotor cortex.

At first glance, the three dual-task conditions (Figure 2-3D to 2-3F) showed activity 
similar to the sum of their component tasks. To assess the similarities and differences 
between single-tasks and dual-tasks more precisely, we compared the underlying 
change in BOLD signal between conditions in the next section.

Single vs. Dual task
To determine the dual-task specific activation, we calculated contrasts as suggested 
by Szameitat et al. (2011). Specifically, we subtracted the activity of the relevant 
single-tasks from the dual-task for each participant. A group-level analysis of these 
contrasts resulted in three t-maps that show the surplus activity found in the dual-
tasks relative to the single-tasks (Figure 2-4 A, B and C; refer to Table 2-6 for an 
overview of cluster maxima).

Tracking plus tone counting is shown in Figure 2-4A, and contains a single cluster 
of additional activation located along the calcarine sulcus. This area, also referred 
to as the primary visual cortex, indicates that the dual-task puts additional strain 
on the visual system. 2-back and tone-counting displayed activity in several regions. 
Again, dual-task specific activity was found in visual areas, indicating an increase 
in visual processing. Hippocampal activation can be distinguished as well, which 
could be indicative of a higher WM load (van Vugt et al., 2010). Finally, the 2-back 
plus tracking dual task shows a widespread cluster of activity that can be linked to 
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increased visual and motor processing: cerebellum, primary visual cortex, thalamus, 
and corpus callosum all present an increase in activation. Increased hippocampal 
activity is evident as well, much like that found in the 2-back and tone-counting 
condition. Furthermore, there is some additional activation in the rostral lateral 
prefrontal cortex.

To determine if any dual-task specific activation could be attributed to a multitasking 
locus, an intersection of all three t-maps was computed (Figure 2-4D). For example: 
activation unique to 2-back and tracking is indicated by red voxels, while green 
voxels were active in two dual tasks: 2-back and tracking, as well as 2-back and tone-
counting. A multitasking locus should show activity in all three maps, and therefore 
appear as a white area in the overlay map. One white cluster does appear, located in 
the primary visual cortex. As all three maps dual-task specific maps show increased 
activity in areas related to visual processing, this is not unexpected. However, areas 
that are considered important in the management of concurrent processing streams 
are typically found in frontal, parietal, or cerebellar regions. Therefore it is likely this 
commonly activated cluster simply indicates that the dual-tasks in our paradigm 
result in increased visual processing.

Brain region (BA) 2-back Tone counting
Coordinates t(18) Size Coordinates t(18) Size
x y z x y z

L Dorsolateral PFC (9/46) -42 2 28 5.45 217
L Inf. parietal lobule (40) -30 -52 46 7.61 350
L Premotor cortex (6) -48 -7 52 9.90 179
L Premotor cortex (6) -54 2 19 5.29 47
R Premotor cortex (6) 54 -1 43 6.24 55
R Sup. temporal gyrus (22) 66 -28 10 11.63 474
L Sup. temporal gyrus (22) -60 -31 10 8.60 490
Supplementary motor (6) 0 2 58 7.72 956 -3 -4 61 8.41 158
L Ventrolateral PFC (45/47) -33 20 -2 6.35 49

Tracking
R Cerebellum 18 -58 -23 9.27 307
L Inf. temporal gyrus (37) -48 -73 -2 9.21 144
R Mid. temporal gyrus (37) 48 -58 -2 9.10 379
R Precentral gyrus (4) 39 -10 52 6.73 47
L Postcentral gyrus (3) -54 -22 43 14.66 2015
R Postcentral gyrus (1/2) 66 -28 25 6.22 121
R Sup. parietal lobule (7) 18 -55 61 6.76 117
L Thalamus -15 -19 7 6.10 38

Table 2-4. Single-task cluster maxima. Coordinates are in MNI space. All results have been 
corrected with a p = 0.01 FDR, and a minimal cluster size of 25. All reported t-values have p 
< .001.would occur) to test for an overall effect. 
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However, we cannot exclude the possibility that there was dual-task specific activity 
in regions found in previous studies. It could be that our analysis was not sensitive 
enough: the activity of other, commonly activated regions might be just below our 
chosen threshold. If so, our evidence of only finding increased visual activity would 
be weak. To address this possibility3, we recalculated the dual-task specific activation 
maps (see Figure 2-4A, B and C for the p < 0.01 results) with a more liberal (but 
still acceptable) FDR of p < 0.05, and computed the intersection that can be seen in 
Figure 2-4E. This new intersection shows an additional large cluster, located in the 
corpus callosum. As the corpus callosum plays a role in the visual system (Berlucchi, 
1972), this activity again seems indicative of increased visual processing. The corpus 
callosum has not previously been linked to the executive control of multitasking. 
Hence, much like the primary visual cortex, the corpus callosum does not seem to be 
a plausible multitasking locus.

ROI Analyses
To further investigate our data in relationship to previous neuroimaging studies of 
multitasking, we selected ROIs that fulfilled two criteria: First, prospective ROIs were 
areas that have previously been shown to correlate with dual tasking. Second, these 
prospective regions were active in one of the dual tasks found in the current study. The 

3 The problem is inherent to this type of analysis, and therefore cannot be fully resolved. See 
(Nieuwenhuis et al., 2011) for a more extensive discussion.

Brain region (BA) 2-back and tone counting 2-back and tracking
Coordinates t(18) Size Coordinates t(18) Size
x y z x y z

L Calcarine sulcus (17) -9 -82 1 11.88 3113
R Calcarine sulcus (17) 6 -79 4 15.86 11825
R Hippocampus 33 -34 -2 5.72 362
Corpus callosum 0 -37 22 4.58 44
L Precuneus (7) -12 -49 46 5.88 111
R Mid. temp. gyrus (21) 48 -1 -14 5.17 85
R Putamen 30 14 -5 4.54 36
L Rostral lateral PFC (10) -36 50 22 4.91 58
R Rostral lateral PFC (10) 33 56 16 3.99 30
L Frontal operculum (44) -30 2 22 6.02 83
R Frontal operculum (44) 33 11 25 5.36 59
R Cingulate gyrus (24) 12 8 31 5.27 141
R Postcentral gyrus (2) 45 -25 49 3.87 44

Tone counting and tracking
R Calcarine sulcus (17) 15 -82 7 7.38 47

Table 2-5. Coordinates are in MNI space. All results have been corrected with a p = 0.01 FDR, 
and a minimal cluster size of 25. All reported t-values have p < .001.
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first criterion was chosen to investigate potential multitasking loci and the different 
types of activation summation (under-additive, additive, and over-additive) found in 
previous studies. The second criterion was chosen to limit the investigated areas to 
those that were found to show activity in the dual-tasks of the current paradigm: as 
brain morphology is unique to each individual, peak coordinates found in previous 
studies might not optimally reflect that region in the participants of the present study. 
These selection criteria were used to define nine ROIs.

Figure 2-3. Supra-threshold voxels for all six experimental conditions, compared to baseline. 
Voxels are colored according to their corresponding t-value, as shown in the bars on the right. 
The brain outline in the top-right indicates the locations of the slices presented in the image 
sequences. 
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For each target region, the ROI voxels were defined as a sphere with a radius of six 
mm. To determine the center point of the sphere, the appropriate supra-threshold 
clusters were identified in the dual-task t-maps4. The center of the sphere was defined 
by the local maxima in the targeted region (see Table 2-5). The exact location of 

4 Circular reasoning (Kriegeskorte et al., 2009) does not apply here, as the ROI selection is based 
on a contrast between dual-task and the baseline, while the main ROI analysis is based on a contrast 
between a dual-task and its component tasks.
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Figure 2-4. Dual-task specific activation. Maps A, B and C result from subtraction of the 
relevant single-tasks from the dual-task. Maps D and E visualize the intersection between 
the dual-task specific maps. Abbreviations: 2b = 2-back, Tr = tracking, Co = tone-counting. 
Overlap between active single-task and dual-task voxels is color coded according to the 
legend shown in the lower-right corner (e.g., a voxel is colored red if it was active during the 
2-back plus tracking condition, but not during either other dual task).
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each ROI can be found in Table 2-7. Bayes factors5 (BF) computed for each ROI 
are reported in Table 2-8 (difference from baseline) and Table 2-9 (summation of 
component tasks vs. dual tasks), which were used to assess the strength of evidence 
against the null effect.

Areas within the frontal region of the brain have been associated with dual-task 
performance in several studies (Collette et al., 2005; Dux et al., 2006; Erickson et 
al., 2005; Herath et al., 2001; Szameitat et al., 2002). The dual-task conditions of the 
current paradigm showed reliable activation in two frontal regions: the dorsolateral 
prefrontal cortex (DLPFC, Figure 2-5A and 2-5B), and the ventrolateral prefrontal 
cortex (VLPFC, Figure 2-5C). The DLPFC showed activity primarily related to 
working memory processes, as evidence for increased activation during 2-back 
conditions was considerable. The VLPFC seems to be involved in 2-back only: there 
is strong evidence for increased activation during conditions involving 2-back, 
while there is considerable evidence against involvement of the VLPFC during the 
remaining conditions. Indeed, a meta-analysis by Owen et al. (2005) indicates that 
the VLPFC has a strong association with the n-back task. In all frontal areas there was 

5 Interpretation of Bayes factors is straightforward: According to Jeffreys (1961, p. 432), a BF > 3 
indicates substantial evidence for the alternative hypothesis, while a BF > 10 indicates strong evidence. 
The inverse also applies: a BF < 1/3 and a BF < 1/10 is substantial and strong evidence against the 
alternative hypothesis, respectively.

Brain region (BA) 2-back and tone counting 2-back and tracking
Coordinates t(18) Size Coordinates t(18) Size
x y z x y z

L Calcarine sulcus (17) -9 -82 1 11.88 3113
R Calcarine sulcus (17) 6 -79 4 15.86 11825
R Hippocampus 33 -34 -2 5.72 362
Corpus callosum 0 -37 22 4.58 44
L Precuneus (7) -12 -49 46 5.88 111
R Mid. temp. gyrus (21) 48 -1 -14 5.17 85
R Putamen 30 14 -5 4.54 36
L Rostral lateral PFC (10) -36 50 22 4.91 58
R Rostral lateral PFC (10) 33 56 16 3.99 30
L Frontal operculum (44) -30 2 22 6.02 83
R Frontal operculum (44) 33 11 25 5.36 59
R Cingulate gyrus (24) 12 8 31 5.27 141
R Postcentral gyrus (2) 45 -25 49 3.87 44

Tone counting and tracking
R Calcarine sulcus (17) 15 -82 7 7.38 47

Table 2-6. Dual-task minus single-task contrast. Coordinates are in MNI space. All results 
have been corrected with a p = 0.01 FDR, and a minimal cluster size of 25. All reported 
t-values have p < .001.
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strong evidence for additive activation, but not for over-additive activation.
Alongside the frontal regions, the parietal lobules have been connected to dual-

task processing (Just et al., 2001; Just et al., 2008; Szameitat et al., 2006), and in the 
current study the dual-tasks showed significant parietal activity, both in the superior 
(SPL, Figure 2-5D) and inferior lobule (IPL, Figure 2-5E). The SPL was found to be 
active during the tracking task. The 2-back plus tracking condition seems to result in 
over-additive activation, but the evidence was inconclusive (Table 2-9). The activation 
pattern of the SPL fits with existing theories of parietal activity, which link the 
supraparietal lobules to visuospatial functions (Culham & Kanwisher, 2001). The IPL 
show strong evidence for involvement in the 2-back task, but mostly evidence against 
involvement for the remaining two tasks. This particular region has previously been 
connected to working memory (e.g., Borst & Anderson, 2013), and could therefore 
be required to perform the 2-back task. Activation during the dual-task conditions 
showed substantial evidence of being additive.

The regions mentioned thus far have been identified mainly due to over-additive 
activation. We are also interested in under-additive behavior, and previous studies 

Region of interest Left coordinate Right coordinate Note
xl yl zl xr yr zr

STG -60 -31 10 65 -28 9
The right hemisphere ROI is the 
average of the (63, -28, 7) and (65, 
-28, 9) maxima of Table 5.

ITG -48 -73 -2 54 -70 -2
IPL -33 -43 40

SPL -21 -55 61

DLPFC 9/46 -51 2 31 45 2 34

DLPFC 10/49 -39 50 22 38 41 31
The right hemisphere ROI is the 
average of the (39, 44, 31) and (36, 
38, 31) maxima of Table 5.

VLPFC -33 20 4 39 20 1  

Cerebellum -18 -55 -23 18 -55 -23

As functioning in the cerebellum 
is lateralized, ROIs for both 
hemispheres were defined, despite 
the dual-tasks only showing t-value 
peaks in the right hemisphere.

pre-SMA -3 6 57

As the division between pre-SMA 
and SMA-proper is debatable, and 
the area was active in multiple 
conditions, the coordinate from 
a recent meta-analysis was used 
(Mayka et al., 2006).

Table 2-7. Definition and origin of regions of interest. When two maxima in Table 5 are in 
close proximity (a maximum distance of 6 for any axis in MNI space) the average of the two 
was taken.
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have shown that under-additive activation can occur strongly in sensory regions 
(Buchweitz et al., 2012; Just et al., 2008). We therefore investigated the superior 
temporal gyrus (STG, Figure 2-5F) and inferior temporal gyrus (ITG, Figure 2-5G), 
which are involved in aural (Celsis et al., 1999) and visual processing (Ishai et al., 
1999), respectively. Indeed, these regions showed strong activation in the current 
paradigm. Examining the activation pattern of the STG across conditions confi rms 
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Figure 2-5. Changes in BOLD signal for diff erent regions of interest in each condition. Red 
triangle: right lateralized region. Blue inverted triangle: left  lateralized region. Black circle: 
average of left  and right. Black diamond: single region. Co: tone-counting, 2b: 2-back, Tr: 
tracking, C+T: tone-counting plus tracking, 2+C: 2-back plus tone-counting, 2+T: 2-back 
plus tracking. Left  and right regions have been plotted separately for regions that showed 
qualitatively diff erent patterns between the two hemispheres.
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its role in auditory processing, as strong evidence for activation is seen only when the 
tone-counting task was performed. The changes in average BOLD response seem to 
indicate that activity in dual tasks containing tone counting was under-additive in 
2-back plus tone counting when compared to single-task tone counting. However, 
the evidence is substantially in favor of an additive explanation. While inconsistent 
with earlier studies, this is due to the deactivation seen in both the tracking and 

Single tasks Dual tasks
ROI (side) Task BF Evidence Task 1 Task 2 BF Evidence
STG Co 4.57×105 >>> Co Tr 3.70×104 >>>

2b 34.2 <<< 2b Co 9.70×102 >>>
Tr 0.30 == 2b Tr 1.32 -

ITG Co 0.32 == Co Tr 1.23×105 >>>
2b 4.11 >> 2b Co 15.2 >>>
Tr 6.23×107 >>> 2b Tr 35.4×105 >>>

SPL (L) Co 19.0 <<< Co Tr 2.15×102 >>>
2b 0.85 - 2b Co 1.31 -
Tr 1.10×102 >>> 2b Tr 4.05×104 >>>

IPL (L) Co 0.24 == Co Tr 3.31 >>
2b 1.32×105 >>> 2b Co 6.08×104 >>>
Tr 1.59 - 2b Tr 1.75×106 >>>

DLPFC 9/46 Co 1.35 - Co Tr 63.3 >>>
2b 7.08×103 >>> 2b Co 2.92×103 >>>
Tr 1.32×103 >>> 2b Tr 3.96×104 >>>

DLPFC 10/49 Co 0.69 - Co Tr 0.24 ==
2b 15.3 >>> 2b Co 1.49×103 >>>
Tr 1.32 - 2b Tr 10.0 >>>

VLPFC Co 0.46 = Co Tr 0.32 ==
2b 1.04×103 >>> 2b Co 6.08×107 >>>
Tr 0.29 == 2b Tr 25.5 >>>

Cerebellum (L) Co 0.25 == Co Tr 48.5 <<<
2b 1.29 - 2b Co 10.76 >>>
Tr 0.29 == 2b Tr 6.83×103 >>>

Cerebellum (R) Co 0.27 == Co Tr 1.26×105 >>>
2b 35.3 <<< 2b Co 1.14 -
Tr 7.52×107 >>> 2b Tr 1.85×108 >>>

pre-SMA Co 55.6 >>> Co Tr 17.7 >>>
2b 6.09×104 >>> 2b Co 6.58×103 >>>
Tr 1.46 - 2b Tr 5.13×102 >>>

Table 2-8. Comparing the sum of component tasks to the dual-task. A paired Bayesian 
t-test was performed between the summed single-tasks and the relevant dual-task. Bayes 
factors present evidence against the null hypothesis. Interpretation of the BF for under-
additive activation: < is moderate, << is substantial, and <<< is strong evidence. Likewise, 
for over-additive activation: > is moderate, >> is substantial, and >>> is strong. Finally, the 
interpretation for additive activation: = is moderate, and == is substantial. A minus sign 
means that evidence was inconclusive.
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2-back single-tasks that, when summed with tone-counting, results in an additive 
effect. The ITG follows a pattern very similar to the SPL, and likewise showed strong 
evidence for an increase in activation during conditions that included tracking or 
2-back. Again, activity found in the dual tasks seems additive for this region, although 
the evidence is not very strong.

All ROIs discussed above were located in the cortex. However, the cerebellum 

ROI Task1 Task2 BF Evidence
STG Co Tr 0.36 =

2b Co 0.25 ==
2b Tr 0.37 =

ITG Co Tr 0.92 -
2b Co 0.40 =
2b Tr 1.83 -

SPL (L) Co Tr 1.19 -
2b Co 3.98 >>
2b Tr 1.67 -

IPL (L) Co Tr 0.25 ==
2b Co 0.31 ==
2b Tr 0.27 ==

DLPFC 9/46 Co Tr 2.04 <
2b Co 0.28 ==
2b Tr 0.33 ==

DLPFC 10/49 Co Tr 0.25 ==
2b Co 0.26 ==
2b Tr 1.72 -

VLPFC Co Tr 0.24 ==
2b Co 0.38 =
2b Tr 0.24 ==

Cerebellum (L) Co Tr 0.80 -
2b Co 0.69 -
2b Tr 10.1 >>>

Cerebellum (R) Co Tr 0.34 =
2b Co 0.76 -
2b Tr 1.91×102 >>>

pre-SMA Co Tr 4.90 <<
2b Co 14.1 <<<
2b Tr 4.47 <<

Table 2-9. Comparing the sum of component tasks to the dual-task. A paired 
Bayesian t-test was performed between the summed single-tasks and the 
relevant dual-task. Bayes factors present evidence against the null hypothesis. 
Interpretation of the BF for under-additive activation: < is moderate, << is 
substantial, and <<< is strong evidence. Likewise, for over-additive activation: 
> is moderate, >> is substantial, and >>> is strong. Finally, the interpretation for 
additive activation: = is moderate, and == is substantial. A minus sign means 
that evidence was inconclusive.
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(Figure 2-5H) has been argued to be involved in dual-tasking as well (Wu et al., 
2013). Of all ROIs, the cerebellum showed the largest differences between the left 
and right regions. This is not surprising given its lateralized role in motor function. 
Activation in the right-sided cerebellum region increased exclusively in the tracking 
task, for which evidence is strong. The left-sided region showed activation related to 
the 2-back task, although the evidence was only substantial for dual-tasks involving 
2-back, and not the single-task. Both left- and right-sided regions showed strong 
evidence for over-additive activation in the 2-back plus tracking condition.

Finally, there are some indications that the pre-SMA is involved in dual-tasking 
(Marois et al., 2006). Indeed, upon visual inspection (Figure 2-3), the area containing 
the approximate location of the pre-SMA indicates activity during all conditions. 
Figure 2-5I shows that especially the 2-back and tone-counting tasks cause large 
increases in activation. Evidence for activation during these WM tasks was strong, 
while evidence for activity during tracking was only equivocal. The dual tasks 
involving 2-back displayed the highest activation, and dual-tasks activation presented 
strong evidence for being under-additive compared to the single tasks.

In summary, none of our ROIs showed evidence for over-additive activation in 
all three dual tasks. Of the ROIs, only the pre-SMA demonstrated under-additive 
behavior during dual-task conditions. In contrast, the cerebellum showed over-
additive activation for the 2-back plus tracking condition. Finally, the sensory and 
prefrontal regions showed considerable evidence for additive activation during dual 
tasks.

To make sure that we did not miss any regions showing over-additive activation 
in all three dual tasks due to our ROI-selection procedure, we performed the same 
analyses on ROIs around the remaining dual-task cluster maxima in Table 2-5 and 
around the single-task cluster maxima of Table 2-4. These analyses yielded very 
similar results as the ones discussed above; none of the additional ROIs showed 
over-additive activation in all three dual-tasks. We report the results in detail in the 
Supplementary Material.

Single-task Overlap and Dual-task Accuracy
In the introduction we hypothesized that dual-task interference is caused by an 
overlap in resource use of the component tasks. If single-task activation is an 
indication of which resources are used for a particular task, overlap in activation 
between single tasks should be predictive of dual-task interference. A seemingly 
straightforward way to compute the overlap between activation in two conditions is 
to count the number of active voxels in the intersection of two maps (e.g., Herath et 
al., 2001). However, there are two concerns with this method. First, the voxel count is 
dependent on the chosen statistical threshold (see Nieuwenhuis et al., 2011). Second, 
because this computation requires a binary representation of activity, voxels that have 
relatively low reliability (that is, they barely exceed the activation threshold) have 
equal weight to voxels that have high reliability. This could lead to an overestimation 
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of the overlap between conditions. Essentially, this voxel-counting approach throws 
away information that could be useful in computing the similarity between voxel 
maps. In order to ameliorate this issue, we propose a modification to this method that 
can handle continuous values, while still resulting in the correct evaluation of overlap 
for the binary case. As such, this approach is a generalization of the voxel-counting 
method.

The inputs of the similarity computation are the t-maps (as produced by SPM) for 
each pair of single tasks at the subject level. The t-values were chosen because they 
contain information on the strength and reliability of the activation in a particular 
voxel, for a certain condition. All voxels with t < 0 are set to 0. Thus, all evidence for 
activation is taken into account, and the concern of using an arbitrary threshold is 
addressed. The calculation used to determine the similarity between the two resulting 
t-maps is 1/(1+d) where d is the Euclidian distance between the t-values of two voxel 
maps in n-dimensional space, with n being the number of voxels in the map. The use 
of this distance measure addressed the concern of voxel weight.

The similarity between two single-task conditions was compared to the average 
decrease in accuracy observed in the dual-task condition. This decrease was computed 
as (T1dual - T1single + T2dual - T2single)/2, where T1single is the average single-task accuracy 
for the first task found in the dual-task, and T1dual is the average accuracy for the 
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Figure 2-6. Panel A: Correlation between single-task similarity and accuracy decrease when 
the two tasks are combined. 95% CI plotted as dotted lines (Chambers & Hastie, 1992). C+T: 
counting with tracking, 2+T: 2-back with tracking, 2+C: 2-back with counting. Panel B: Each 
line is a single-subject regression slope between single-task t-map similarity and accuracy 
decrease. Lines with warm colors have a negative slope, while lines with cool colors have 
a positive slope. Participants with positive slopes show lower accuracy when similarity is 
higher. All slopes have been centered for clarity, and the length of the each line indicates the 
range of values found for that participant.
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same task during the dual-task condition. T2 denotes the second component task of 
the dual-task. In Figure 2-6A this decrease in dual-task accuracy is plotted against 
single-task similarity for each participant. Counting plus tracking showed the lowest 
similarities, whereas 2-back plus tone-counting showed the highest similarities. 
This is mirrored by the accuracy decrease, which was the smallest in counting plus 
tracking, and the highest in 2-back plus tone-counting. To test the significance of 
this relationship, we computed the correlation between similarity and accuracy loss 
over all three dual-tasks within each subject. A Fisher r-to-z transform6 was applied 
to the correlation coefficients, and a one-sample t-test was applied to the resulting 
z-scores. The relationship was significant (t(18) = 4.50, p < .001) and showed a strong 
correlation (r = .47, p < .001).

One might be tempted to evaluate the relationship between similarity and 
accuracy decrease within each dual-task condition. In that light, it seems the effect is 
mostly driven by the 2-back plus tone-counting condition. However, the correlation 
within each dual-task can be misleading, as it is measured across participants. Some 
participants may show a stronger on-task effect, which could lead to a higher degree 
of similarity between tasks. Put differently, participants might be performing a task in 
different ways from each other, which makes it difficult to compare their brain activity 
directly in terms of similarity. However, to better understand the result of Figure 
2-6A, we can look at the relationship between both variables within participants. To 
that end, we plotted the individual regression slopes for the similarity vs. accuracy 
correlation in Figure 2-6B. Overall, the slopes were significantly different from zero 
(t(18) = 2.60, p = .018): Most participants (n = 16) show a positive slope between 
similarity and accuracy decrease. This means that accuracy was lower when the 
similarity between t-maps was higher, which is consistent with the findings of Figure 
2-6A.

Discussion
At the start of this article we hypothesized that brain activation in response to 
multitasking is dependent on the particular tasks that are used, instead of indicating a 
multitasking locus. This idea was based on recent behavioral theories on multitasking 
which assume that multitasking interference is a result of overlapping resource use 
(Meyer & Kieras, 1997; Salvucci & Taatgen, 2008, 2011; Wickens, 2002) and on the 
diverging results of fMRI multitasking studies (Adcock et al., 2000; Just et al., 2001; 
Szameitat et al., 2002). In the current experiment we found no indication of regions 
that correlated exclusively with dual-task performance in all three dual tasks. Instead, 
we found a mix of under-additive, additive and over-additive activation in different 
areas, which is in line with the idea that multitasking activation and interference are 
dependent on the tasks. 

If it is true that single-task resource requirements determine multitasking 
interference and if single-task activation is an index of resource use, the overlap in 

6 Required because Pearson’s r is not distributed normally.
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single-task activation between two tasks should be predictive of dual-task interference. 
In the current experiment we did indeed find a strong correlation between single-task 
activation similarity and accuracy decrease in the corresponding dual task. Hence, 
the neuroimaging findings complement the idea of the recent behavioral theories that 
a higher degree of resource contention between tasks leads to lower performance: 
dual-task accuracy decreases as similarity in activated regions (resources) between 
single-tasks increases.

Although the general pattern of the results seems to be in favor of our hypothesis, 
the question remains whether such a framework can explain the details of the current 
results, as well as the divergent results in the literature. In the remainder of this 
discussion we will explore these issues in some detail.

Differences in Activation Found During Multitasking
In the current study we found a combination over-additive, additive, and under-
additive results. If the observed activation patterns are a result of task interactions, 
it should be possible to explain the different types of dual-task activity based on the 
properties of the component single tasks.

Under-additive Activation
Anderson et al. (2011) hypothesized that under-additive activation occurs when 
resource competition between tasks leads to one process (or task) taking away 
resource time from another process (time sharing), resulting in a smaller net increase 
in activation (see Figure 2-7A). In the current study indications of under-additive 
activation are primarily seen in areas used by just one of the tasks. Time sharing can 
account for this, as all time has to be shared between tasks: resources required by a 
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Figure 2-7. Illustration of all three types of additive activation. The blocks represent activity 
in a certain region. White signals activity for task 1, grey is for task 2, and black represent 
additional activity not inherent to either task 1 or 2.

boekje.indb   33 18/01/16   20:22



34 Chapter 2: Single-task fMRI Overlap Predicts Concurrent Multitasking Interference

single task can thus be accessed less frequently, leading to a smaller gain in activation.
For example, the superior temporal gyrus (Figure 2-5F) shows a drop in activation 

from single-task tone-counting to either of the relevant dual tasks. As this area is 
part of the primary auditory cortex, we can assume that it is used only to process 
the tones. A time-sharing account predicts the decrease because there is less time 
available for auditory processing in the dual task conditions than in the single task 
condition (note that the duration of the complete task was fixed in our experiment). 
In a similar fashion, the supraparietal lobule (Figure 2-5D) and the inferior temporal 
gyrus (Figure 2-5G) show slight drops in activity when comparing the tracking single 
task to the tone-counting plus tracking condition. Time sharing can also be used to 
explain these drops, as the SPL is involved in visual-spatial processes (Culham & 
Kanwisher, 2001), while the ITG plays a role in visual processing (Ishai et. al., 1999). 
Both of these would be required for tracking, but play no role in tone-counting, 
and only a small role in 2-back. Therefore, if the dual task results in less time being 
allocated to tracking, a decrease in activity should occur.

Under-additive activation was also found in the pre-SMA area (Figure 2-5I). The 
pre-SMA has been linked to inhibition and switching behavior (Obeso et al., 2013). 
Its role in switching would fit the activation seen in dual-task conditions, but does 
not explain activation during single tasks. Another possibility for the involvement 
of the pre-SMA is sub-vocal rehearsal, to which it has been linked previously (Awh 
et al., 1996; Koelsch et al., 2009; Marvel & Desmond, 2010). Additional support for 
the use of rehearsal strategies comes from the activation in the premotor cortex for 
both tone-counting and 2-back (Figure 2-3A and 2-3B): the premotor cortex has 
also been implicated in sub-vocal rehearsal (Awh et al., 1996; Henson et al., 2000; 
Koelsch et al., 2009). The rehearsal explanation fits best with the observed differences 
in activation: if rehearsal is performed during both 2-back and tone counting, one 
process takes away some rehearsal time from the other, resulting in a smaller net 
increase. Still, none of these accounts explain why the pre-SMA area shows some 
activity in the tracking task. However, the center of SMA activity during tracking 
appears to be centered more on the SMA-proper (Figure 2-3B), which is engaged in 
motor tasks (Hoshi & Tanji, 2004). As the division between SMA-proper and pre-
SMA is not strictly defined (Mayka et al., 2006), it could be some motor activity has 
been ‘mislabeled’ as pre-SMA activation.

Additive Activation
Additive effects can also be explained by a time-sharing account, if we assume that 
access to resources has been integrated perfectly between two processes and one 
process does not take away time from the other (Salvucci & Taatgen, 2008; Schumacher 
et al., 2001). Thus, the net activation would be the summation of activation caused by 
each process (see Figure 2-7B).

Additive behavior presented itself in frontal regions such as the DLPFC (Figure 
2-5A and 5B) and VLPFC (Figure 2-5C). The DLPFC is associated with declarative 
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memory (Anderson et al., 2008; Borst & Anderson, 2013; Olesen et al., 2004), while 
the left VLPFC has been implied in the cognitive control of memory (Badre & 
Wagner, 2007). Furthermore, the right VLPFC has been associated with numerous 
functions, such as motor inhibition and action updating (Levy & Wagner, 2011). 
Additive behavior would imply efficient integration between tasks for these regions. 
In turn, that would indicate that either component task does not tax these regions 
continuously. As tone counting and 2-back both have time between subsequent 
stimuli, the tasks are not continuous, and processing primarily occurs at discrete 
intervals. Therefore, it is plausible that these regions are not used continuously while 
processing these tasks. For example, if the amount of information retrieved during 
the dual task is the sum of what is retrieved during the single tasks, we would expect 
additive behavior in the DLPFC: retrieving information from declarative memory is 
not a continuous process, and only required at the presentation of a new stimulus. 
Therefore it is likely to be integrated efficiently between tasks.

Over-additive Activation
Over-additive effects can be explained by assuming that the performance of the 
dual-task consists of more than the sum of its component tasks, such that resources 
handle additional processes not found in either component task (see Figure 2-7C). 
This seems to be the case in the 2-back plus tracking condition, which adds a new 
process to the task in order to manage the switching of attention between two screen 
areas, as well as switching between hands for the correct input. Thus, this attention-
switching process only occurs in the dual-task, leading to an over-additive effect on 
activation  (for a parallel of this in the sequential multitasking domain, see Borst, 
Taatgen, Stocco, et al., 2010; Borst et al., 2011).

Over-additive activation was found primarily in the cerebellum (Figure 2-5H). 
The cerebellum is important for visuomotor control (Stoodley & Schmahmann, 
2009). This is consistent with the hypothesis that the extra activation during 2-back 
plus tracking could be explained as additional demands on both visual and motor 
processes. In more general terms, a time-sharing account can explain why surplus 
activity was found in visual areas of all dual-tasks (Figure 2-4): as time is taken away 
from a visual task, the chance of errors for that task increase, as does the effort (and 
resources), required to avoid those errors. For example, finding the tracking target 
might require more work because it has moved a greater distance from its previous 
location. Likewise, processing a 2-back letter might need to be done in less time, 
because the letter was already on the screen for some time before attention shifted to 
the 2-back task, and is at risk of disappearing at any moment.

Multitasking Activation Differences in the Literature
Our account should also be able to explain the differences observed in the literature. 
For example, the under-additive activation encountered by Just et al. (2008) was 
located primarily in areas related to visual processing when driving was combined 
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with an auditory task. The reduction in activity compared to the driving single 
task could be explained by time sharing between tasks, resulting in a smaller net 
activation. In contrast to the results found by Just et al., Adcock et al. (2000) found 
additive activity in a dual-task containing a visual and auditory task. The difference 
is that neither task in the Adcock et al. (2000) study required continuous processing, 
unlike a driving task. Therefore, it is likely that the tasks could be integrated much 
better, with one task not taking away time from the other.

Sometimes the same task can show different types of additive behavior. For 
example, Jaeggi et al. (2003) tested three variations of the n-back task in a dual-task 
setting. The results showed mostly additive activation for the dual 1-back and dual 
2-back conditions, but strong under-additive activation in the dual 3-back. A time-
sharing explanation would be that the memory load (i.e., declarative processing) is 
low enough to be interleaved perfectly in the dual 1-back and dual 2-back conditions. 
However, during the dual 3-back the increased load results in processing times that 
can no longer be interleaved within the available time, which results in one n-back 
taking time away from the other n-back.

In PRP designs, the dual task is usually found to produce over-additive activation. 
This would indicate additional processing stages: a new action that must be performed 
which was not a part of the component tasks. Often these processes are attributed 
to a dual-task specific region or functionality (Collette et al., 2005; Szameitat et al., 
2002). However, there are indications that these extra processes are an artifact for this 
particular task; e.g., a strategy of active inhibition of response to the second stimulus 
(Salvucci & Taatgen, 2008; Schumacher et al., 2001), or switching of response rules 
from stimulus one to stimulus two (Kiesel et al., 2010). The fact that only a fraction 
of dual-task studies show dual-task specific areas further supports this notion. In 
contrast to PRP designs, more complicated dual-task settings often show additive 
and under-additive activation in dual-tasks. Given that more complicated tasks have 
a higher likelihood of contention for resources, the current account of dual-task 
activation would predict these results. Indeed, if there were a multitasking locus, one 
would expect to find such a region especially in more complicated dual-task settings.

In addition to explaining the observed BOLD responses found in dual-tasks 
literature, the time-sharing account also fits well with the accompanying behavioral 
data. It predicts that under-additive and over-additive activation during the dual-
task is accompanied by reductions in performance, due to less time-on-task and 
additional task requirements, respectively. This is clearly supported by the literature 
(e.g., Buchweitz et al., 2012; Dux et al., 2006; Just et al., 2008; Szameitat et al., 2002). 
The prediction for additive activation is different, however: as both tasks can be 
integrated perfectly in this situation, there should be no decrease in component-task 
performance during the dual task. This is supported by the literature as well: the 
results of both Adock et al. (2000) and Jaeggi et al. (2003) showed almost no decrease 
in performance for conditions where the activation was additive.

Different types of activation (under-additive in particular) have also been 
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explained as a capacity limit for activation (Just et al., 2001). This constraint would 
cause a division of activation when multiple processes are performed concurrently. 
Over-additive activation is then explained as task switching during simple tasks, 
which does not reach the total limit. Indeed, the capacity limit theory (formalized 
in 4CAPS; see Just & Varma, 2007) is very similar to our time-sharing account 
(formalized in threaded cognition; see Salvucci & Taatgen, 2008), and both should 
produce comparable predictions for activation. The main difference is that time-
sharing only imposes local (resource or region based) limits on activation, but no 
global limit. Therefore, we believe the time-sharing mechanism provides a more 
parsimonious account of the current data. Furthermore, we have shown that a 
time-sharing account can readily account for over-additive activation in complex, 
continuous tasks (e.g., when tracking is combined with 2-back). Also note-worthy 
is that time-sharing can be extended to explain training effects seen in multitasking 
settings (Dux et al., 2009; Erickson et al., 2007). In these studies, a drop in activation 
is seen after a task has been extensively trained. To explain this, we assume that task 
related processes could be expressed in terms of decision rules, each of which has 
a fixed execution time. After initial learning, a task would be comprised mainly of 
simple rules, representing declarative knowledge of the task. Through practice, these 
simple rules could combine into more complex, proceduralized, rules (for details, 
see Taatgen & Lee, 2003). This causes two optimizations: fewer rules need to be 
executed to perform a task, and many intermediate results (e.g., memory retrievals 
for declarative knowledge) can be omitted. Both of these optimizations lead to lower 
time-on-task, which would mean less resource use over a given time-span, and thus 
lower levels of activation.

Conclusion
In this study we performed an fMRI experiment to investigate whether multitasking 
interference depends on resource overlap. The results indicated that the observed 
activation patterns were caused by interactions between tasks, instead of specific 
multitasking functionality of the brain. In addition, it was shown that similarity, 
and thus overlap, in cortical activity patterns of component single-tasks correlated 
with performance decreases in dual-tasks. Furthermore, diverging results found in 
the literature could be explained by task interactions as well: a combination of time 
sharing between tasks and additional processing stages found only in certain task 
combinations can explain under-additive, additive, and over-additive activation in 
dual-tasks. To conclude, no evidence of a multitasking locus was found. In the context 
of the current study, as well as the existing literature, it appears that the specific 
patterns of performance and cortical activation are a function of the specific tasks 
that are combined, instead of evidence for a specialized multitasking mechanism.
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Abstract
Working memory can be a major source of interference in dual tasking. However, there 
is no consensus on whether this interference is the result of a single working-memory 
bottleneck, or of interactions between different working-memory components that together 
form a complete working-memory system. We report a behavioral and an fMRI dataset 
in which working-memory requirements are manipulated during multitasking. We show 
that a computational cognitive model that assumes a distributed version of working 
memory accounts for both behavioral and neuroimaging data better than a model that 
takes a more centralized approach. The model’s working memory consists of an attentional 
focus, declarative memory, and a subvocalized rehearsal mechanism. Thus, the data and 
model favor an account where working-memory interference in dual tasking is the result 
of interactions between different resources that together form a working-memory system.

Contrasting Single and Multi-Component 
Working-Memory Systems in Dual Tasking
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Introduction
Empirical work has shown that working-memory (WM) conflicts between tasks 
can severely impact overall performance during multitasking (Altmann & Trafton, 
2002; Borst, Taatgen, & Van Rijn, 2010; Gray, Sims, Fu, & Schoelles, 2006; Jiang, 2004; 
Nijboer, Borst, Van Rijn, & Taatgen, 2014; Strayer, Cooper, & Turrill, 2013). However, 
psychological theories of multitasking do not typically address how working memory 
is used during concurrent task performance in any detail, and consequently, how 
working memory conflicts can affect multitasking performance. Existing work on 
multitasking has either described WM as a monolithic, single-component system 
(Altmann & Gray, 2000; Altmann & Trafton, 2002; Best & Lebiere, 2003; Borst et 
al., 2010; Fu et al., 2004; Marois & Ivanoff, 2005; Meyer & Kieras, 1997; Salvucci 
& Taatgen, 2008; Salvucci, 2001; Wickens, 2002; Zylberberg, Fernández Slezak, 
Roelfsema, Dehaene, & Sigman, 2010) or not at all (Aasman, 1995; Pashler, 1994; 
Salvucci, 2005; Schoppek, 2002). This is inconsistent with an increasing number 
of studies that propose differentiated WM mechanisms consisting of several 
subsystems, typically a focus-of-attention, an activation-based short-term memory, 
and modality-specific systems (Baddeley, 2000; Braver & Cohen, 2001; Cowan, 1988, 
1995; Ericsson & Kintsch, 1995; Lewis-Peacock, Drysdale, Oberauer, & Postle, 2012; 
Oberauer, 2002; Unsworth & Engle, 2007; Vosskuhl, Huster, & Herrmann, 2015).

In the current paper, we investigated the role of WM in concurrent multitasking. In 
particular, we investigated whether a single-component WM is sufficient to explain 
observed interference patterns in dual-tasks or whether a multi-component WM 
system is required. We will discuss two experiments, of which we modeled behavioral 
and neuroimaging results in the shape of a cognitive computer model. We show that 
a multi-component view of WM that includes a focus of attention, activated short-
term memory, and an active rehearsal loop is able to better capture WM use during 
multitasking than a monolithic WM. Furthermore, the particular WM components, 
and consequently the interference patterns, vary depending on the particular tasks.

Background

Task Interference
Classical evidence of multitasking costs comes from the Psychological Refractory 
Period (PRP; Telford, 1931). The PRP paradigm consists of two choice-reaction tasks, 
of which the stimuli are presented with a short stimulus onset asynchrony. The goal 
is to respond to the first stimulus (task A) before the second (task B). As the time 
between the onset of the first stimulus and the second stimulus becomes shorter, the 
reaction time (RT) for task B becomes longer. This phenomenon can be explained 
with the response-selection bottleneck model (RSB; Pashler, 1994). The RSB model 
distinguishes three phases in the component tasks of a dual-task scenario: perception, 
response selection, and response. The critical assumption is that perception and 
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response can occur in parallel during a dual-task, but response selection can only be 
performed sequentially (Hazeltine, Ruthruff, & Remington, 2006; Marti, Sigman, & 
Dehaene, 2012; Pashler, 1994; Sigman & Dehaene, 2008). The RSB model has greatly 
influenced multitasking research, but it only addresses one particular type of task 
interference. It cannot, for example, explain interference effects caused by peripheral 
sources (Wu, Liu, Hallett, Zheng, & Chan, 2013) or memory (Hazeltine & Wifall, 
2011; Strayer et al., 2013) or working memory. Working memory interference in 
particular can be detrimental for performance, as it does not only cause delays in 
task execution, but can also lead to the forgetting or misremembering of task critical 
information (Borst et al., 2010; Nijboer et al., 2014; Nijboer, Taatgen, Brands, Borst, 
& Van Rijn, 2013; D. Strayer et al., 2013). For example, Strayer and Johnston (2001) 
found that a complex phone conversation caused drivers to miss traffic signals more 
than twice as often.

Single or Multi-component Working Memory
Understanding how WM interference affects concurrent task performance requires a 
detailed model of the WM mechanisms themselves, as well as a good description of 
how these mechanisms are used within tasks. Recent WM research argues for a multi-
component view of WM: for example, Unsworth and Engle (2007) show evidence 
for a focus of attention combined with an activated short-term memory to retrieve 
relevant information. Similarly Lewis-Peacock et al. (2012) distinguish the focus of 
attention from STM, while Vosskuhl et al. (2015) present evidence for a differentiation 
between WM and STM. These findings are consistent with modern theories of WM 
(Baddeley, 2000; Braver & Cohen, 2001; Oberauer, 2002; Cowan, 1995; Ericsson & 
Kintsch, 1995; Cowan, 1988). In these theories, WM subsystems include elements 
such as a focus-of-attention, an activation-based short-term memory, or modality-
specific systems.

A multi-component WM means that task interference could occur in one or more 
of the mechanisms that together form WM. In addition, it means that tasks that 
require short-term retention or memory manipulation could use different strategies 
in terms of the components that are recruited to perform the task. For example, 
remembering the number of presentations of a certain item could be done by keeping 
this number in the focus of attention, or by keeping the count active in short term 
memory through rehearsal. However, in contrast to recent WM investigations, 
multitasking research has typically conceptualized WM as a single element (Altmann 
& Gray, 2000; Altmann & Trafton, 2002; Bradley & Best, 2003; Borst et al., 2010; Fu 
et al., 2004; Marois & Ivanoff, 2005; Meyer & Kieras, 1997; Salvucci, 2001; Salvucci 
& Taatgen, 2008; Zylberberg et al., 2010; Wickens, 2002). This makes it difficult to 
account for differences between tasks with regard to the employed WM strategy.

Task and Memory Strategies in Multitasking
Evidence for different strategic approaches to multitasking was previously shown 
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by Howes, Lewis, and Vera (2009), who used cognitively bounded rationality (CBR) 
analysis to show that strategies used to perform the PRP task can differ per participant. 
Expanding on this, Janssen and Brumby (2015) showed that participants adapt the 
way they perform dual tasks to external factors, such as task characteristics and 
incentives. These studies show that tasks can be performed using different strategies 
at a very elementary level of cognition, which means that a cognitive component (i.e., 
working memory) can be implemented in different ways across tasks to accomplish 
similar goals. From a concurrent multitasking perspective this means that having 
two tasks that use different WM strategies could lead to different performance from 
tasks that use the same WM strategy, as interference between tasks would occur in 
different mechanisms or components.

The CBR approach is one way to avoid the issue that was pointed out by Roberts and 
Pashler (2000): fitting theories to data does not necessarily provide empirical support 
for the theory. The CBR analysis allows for assessing the strengths of the support 
by systematically searching for the optimal rational strategy as the initial model to 
be tested against the data, thereby constraining the space of implementations of the 
theory. Our approach to avoid the modeling pitfalls identified by Roberts and Pashler 
(2000) was to create model predictions of both behavioral and neuroimaging data 
before running the experiments. This way the model’s behavior cannot be the result 
of overfitting, but is driven by the model’s theoretical design. In particular, we created 
a model beforehand that could perform the paradigm by integrating existing task 
models within our own modeling framework. Subsequently, we made the predictions 
public before performing the actual experiment.

Cognitive Architectures for Multitasking
To evaluate our WM models we integrated them into an existing cognitive architecture. 
This allowed us to model our paradigm in a consistent way using a framework 
for cognition that has been extensively tested. As stated before, current models 
of multitasking are unspecific in how WM is simulated. This extends to cognitive 
architectures in general, such as ACT-R (Adaptive Control of Thought-Rational; 
Anderson, 2007) and EPIC (Executive-Process Interactive Control; Meyer & Kieras, 
1997). For example, EPIC assumes that working memory is not a bottleneck at all 
when combining multiple tasks (Meyer & Kieras, 1997). Like all cognitive resources 
in EPIC, different processes can access working memory in parallel (Kieras, Meyer, 
Mueller, & Seymour, 1999). Instead, task interference in EPIC is the result of a task-
specific control strategies created by the modeler. In ACT-R the working-memory 
function is performed by a combination of a one-element focus of attention and an 
unlimited, but decaying, long-term declarative memory. Both of these resources can 
process just a single chunk of information at a time. Salvucci and Taatgen (2008) 
extended ACT-R with threaded cognition, an account of how a serial architecture can 
account for multitasking. Instead of an explicit control strategy, threaded cognition 
adds a simple interleaving task-scheduling method to ACT-R: an applicable rule is 
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picked from the task with the highest urgency, where the most urgent task is defined 
as the one that has least recently had a rule selected for execution. Furthermore, 
tasks must follow a specific etiquette: Each thread can use modules in a greedy 
manner, but has to release them politely. This means that a thread will use a required 
module as soon as it is available, and release the module as soon as its action has 
been completed. Given these constraints, task interference in ACT-R is the result of 
contention between tasks for cognitive resources, governed by threaded cognition. 
The memory components of EPIC and ACT-R we have discussed here show that 
cognitive architectures lend themselves well for monolithic WM systems, where 
WM content is easily accessed from a single resource. This may have led to a bias in 
existing multitasking models toward single-component WM systems.

Overview
In this work we investigated how working memory is used in multitasking. We focus 
on the complexity of, and control over, the working-memory system, and how this 
complexity affects interference between separate tasks. In particular, we constructed 
an a priori computational cognitive model to examine the interactions between two 
working-memory tasks and one peripheral task. The model tested whether a single-
component WM is able to generate accurate predictions for behavioral and neural 
data. We tested the behavioral predictions of this model in Experiment 1. Next, we 
compared neural predictions of this model to an fMRI dataset previously presented 
in Nijboer, Borst, Van Rijn, and Taatgen (2014), here referred to as Experiment 2. As 
the single-component model could account for the fMRI data, we then compared a 
multi-component WM model against both the behavioral and neuroimaging data 
of Experiment 2. We also test the generalizability of this model by fitting it to the 
behavioral data of Experiment 1. The degree to which the models fit the data and 
generalized over datasets was used to determine whether a multi-component view 
of WM could better explain multitasking interference data than a single-component 
implementation.

In the remainder of this paper we will first explain the details of the experimental 
paradigm and the modeling approach. We will then proceed to discuss the a priori 
model, followed by the comparisons of the model against data from Experiment 1 
and 2. Next, we elaborate on the changes to the model required for a better fit of 
neuroimaging data. We finish with a general discussion of the implications of the 
model for the conceptualization of WM in multitasking. 

Paradigm
Working memory resources involved in multitasking were investigated using three 
different tasks: n-back, tracking, and tone-counting. During n-back, a series of letters 
is presented on screen. The participant is asked to indicate for each letter if it was the 
same as, or different from n letters ago. In terms of resources, the n-back task uses 
motor, visual, and WM resources (Juvina & Taatgen, 2007; Owen, McMillan, Laird, & 
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Bullmore, 2005).  In this paradigm we used n = 2, and in the remainder of the paper 
we will refer to this task as the 2-back task. In the tracking task, the goal was to keep 
a cursor close to a randomly moving target using a left and right button (Martin-
Emerson & Wickens, 1992). Two lines that flanked the target signaled the maximum 
allowed error. The tracking task was predicted to use visual and motor resources, 
making it the only task not to use memory resources. Finally, during tone-counting a 
random series of low and high pitch tones were played at different intervals. The goal 
was to only count the high pitch tones. After a trial, participants were asked to enter 
the total count. The tone-counting task was expected to use aural and WM resources 
during the trial, and the motor resource during the response phase.

We designed a set of six conditions: the 3 single-task and all 3 possible dual-task 
conditions (i.e. A, B, C; AB, AC, and BC). This setup has two desirable properties. 
Foremost, cognitive resources can be examined through interactions between tasks, 
as different task combinations result in different resource conflicts. Furthermore, the 
possible modeling space is more constrained: models need to capture the component 
task behavior as well as the interactions with both other component tasks. Detailed 
methods will be reported below.

Modeling Approach
We based our models1 on threaded cognition (Salvucci & Taatgen, 2008), which itself 
is an extension of the ACT-R cognitive architecture (Anderson, 2007). ACT-R is a 

1 The models in this work can be found at http://www.mennonijboer.nl/
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general psychological theory that has been instantiated as a simulation environment 
in which computational cognitive models can be developed. These models allow 
for precise tests of the theory by forcing one to formally implement all theoretical 
assumptions. 

ACT-R contains modules for cognitive and peripheral functions, shown in Figure 
3-1. Procedural memory is used to coordinate actions between these modules, using 
a set of if-then rules. A rule can for instance be ‘if the visual module contains a letter, 
then store this letter in declarative memory’. Execution of a rule takes 50 ms, and 
rules are executed serially. In other words, the procedural module creates a bottleneck 
(Anderson, Taatgen, & Byrne, 2005; Byrne & Anderson, 2001). While access to 
the remaining modules is serial as well, different modules can process requests in 
parallel. Threaded cognition extends the procedural system by adding the possibility 
to interleave the execution of production rules from different tasks: The procedural 
system will pick an applicable rule from the task with the highest urgency. The most 
urgent task is defined as the one that has least recently had a rule picked for execution. 
If no rule of the most urgent task matches, the next most urgent task is selected. To 
stop tasks from keeping modules occupied indefinitely, they are required to release 
a module as soon as its action has been completed. This makes it possible to have 
concurrently performed tasks: the production system works as a dispatcher, sending 
requests to various different modules and waiting for those requests to complete in 
order to continue. So as long as two tasks share few or no resources, the procedural 
bottleneck does not need to impede execution of either task, as the modules work on 
the tasks independently.

While ACT-R has no dedicated WM system, it has two modules that can be used 
as part of a WM strategy: declarative (long-term) memory and the problem state. 
Although the capacity of declarative memory is essentially unlimited, the chance of 
being able to retrieve an item decreases over time. This is implemented by giving each 
item an activation value, which is a numerical expression of its strength in memory. 
This activation value decays over time (Anderson, 2007), but increases when the 
associated fact is retrieved: Items that have been used more often or more recently 
will have a higher activation. The activation value is used during the retrieval phase, 
where it determines how long the retrieval will take (a higher activation value results 
in shorter retrievals), and whether retrieval is possible at all (a chunk can only be 
retrieved if its activation value exceeds a predefined retrieval threshold value).

The problem state is a buffer that can contain a single piece of intermediate 
information used by a task (Borst et al., 2010). Thus, it is similar to the ‘focus of 
attention’ concept (McElree, 2001; Oberauer, 2009). For example, when presented 
with a ‘solve-for-x’ equation with two steps, an intermediate solution can be stored in 
the problem state. This partial solution can then be used to calculate the final answer. 
While information in the problem state is accessed without a time cost, replacing it 
takes a relatively long time (the ACT-R default value is 200 ms, see Anderson, 2007, 
which has functioned well to account for multitasking interference in the past, e.g., 
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Borst et al., 2010; Borst, Taatgen, & Van Rijn, 2015). When a problem state is replaced, 
the old state is stored as an item in declarative memory. The problem state is therefore 
also the place where new declarative knowledge can be built. In general, there are 
more methods to support a working memory function besides declarative memory 
and the problem state: a subvocalized rehearsal loop, using hands and fingers, and, 
by extension, pen and paper. 

ACT-R can be used to make predictions of the fMRI BOLD (Blood-Oxygen-Level 
Dependent) signal (Anderson, 2007), as the different ACT-R modules have been 
mapped to specific brain regions. These regions have been developed from literature 
(for an overview see Anderson, Fincham, Qin, & Stocco, 2008) and refined through 
a data-driven model-based approach (Borst & Anderson, 2013; Borst, Nijboer, 
Taatgen, Van Rijn, & Anderson, 2015). The regions that were used for the current 
analysis are from the data-driven mapping from Borst et al. (2015). They selected the 
best fitting regions through a meta-analysis of five very different tasks, which were 
modeled independently from these regions. In particular interest to the current work 
are the regions corresponding to the problem state and declarative memory, which 
are part of the fronto-parietal network that is frequently associated with working 
memory, cognitive control, and attentional selection (Cole & Schneider, 2007; 
Dosenbach et al., 2007). Specifically, Borst and Anderson (2013) found that a region 
of the intraparietal sulcus correlated exclusively with the problem state, while the 
declarative module correlated exclusively with a region of the inferior frontal gyrus. 
This is consistent with earlier literature regarding these areas, which implicate the 
intraparietal sulcus in memory retrievals and updates (Bunge, Hazeltine, Scanlon, 
Rosen, & Gabrieli, 2002; Olesen, Westerberg, & Klingberg, 2004; Sohn et al., 2005; 
Wager & Smith, 2003), and prefrontal region in episodic-memory retrievals and 
working memory activity (Buckner & Wheeler, 2001; Cabeza et al., 2003; Dobbins & 
Wagner, 2005; Smith & Jonides, 1998).

Activation in the ACT-R modules can be compared to fMRI activity in the 
corresponding brain regions, making it possible to constrain models not only with 
behavioral data, but also with fMRI data (Anderson, 2007; Anderson et al., 2011). 
To predict the BOLD response, the activity of each ACT-R module is convolved 
with a hemodynamic response function that represents the BOLD response (in this 
paper we use the HRF proposed by SPM, which is a mix of two gamma functions; 
Friston, Ashburner, Kiebel, Nichols, & Penny, 2007). The result of this convolution 
is the activity of the module over time, expressed as a BOLD curve. Furthermore, by 
calculating the area under this curve we obtain the total activation for that module 
during a certain timespan. For a more detailed overview of this technique, see Borst 
and Anderson (2015).

The goal of this work is to explore the level of complexity of working memory 
that is required to explain interference patterns observed during concurrent task 
performance. To accomplish this, we created an a priori model to generate behavioral 
and neuronal predictions of the paradigm. The a priori model assumed that WM 
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interference is caused by a single bottleneck: the problem state resource (cf. Borst et 
al 2010; Borst et al., 2013). These predictions were compared against experimentally 
obtained data. The model was used to construct a second model that uses a working 
memory system with multiple potential bottlenecks. The two distinct model 
implementations were examined to investigate how working-memory interference 
occurs dual task situations, and what mechanisms control interleaving of working-
memory processes in concurrent dual tasking.

Model 1
The general modeling approach that we have taken is to design models for the 
individual tasks, and then combine these models without the need to add anything 
specific for multitasking coordination (see Salvucci & Taatgen, 2008). In designing the 
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components for Model 1, we tried to be as parsimonious as possible: WM mechanisms 
were limited to the problem-state and declarative-memory modules. Furthermore, 
declarative memory is only used when the memory load of a task exceeded a single 
item. Given that threaded cognition does not specify how the problem state can be 
shared by two tasks, we used the same strategy as Borst et al. (2010): if a task needs 
the problem state resource, it can take it (greedy), even if it contains information for 
another task. This means that from the perspective of an individual task, its problem 
state may suddenly be missing. If that is the case, it will need to recover its state from 
declarative memory (or from other sources, see Borst, Buwalda, Van Rijn, & Taatgen, 
2013).

The basis of the 2-back task model was the low-control model by Juvina and 
Taatgen (2007).  It perceives the stream of letters belonging to the 2-back task, and 
maintains a problem state that contains the previously attended letter and a reference 
to the 2-back letter in declarative memory. This is a simplified version of the “time 
tags” used by Juvina and Taatgen (2007): Their low-control model used the time 
of stimulus encoding to determine the recency of a letter in declarative memory. 
This age indicator can be used to judge if the retrieved letter is the target n-back. 
The original implementation is quite sophisticated as it was used to model learning 
effects. This is not of interest in the current work, so in our model, the reference in 
the problem state is simply used to search for the letter in declarative memory that 
has the appropriate expected age. As such, the problem state represents the head of a 
linked list of every letter stimulus observed by the model, with all other letters stored 
in declarative memory. When the model attends a new letter, the 2-back letter is 
retrieved from declarative memory and compared against the new letter. The model 
then gives a response with its left hand for ‘same’ or ‘different’, depending on the 
retrieved letter. If the 2-back letter cannot be retrieved because its activation fell 
below the retrieval threshold, the model guesses either ‘same’ or ‘different’ with equal 
likelihood. Following the response, the problem state is replaced with a new state 
containing the current letter and a reference to the old problem state. This causes 
the old state, which contains the 1-back letter, to move into declarative memory. 
Figure 3-2A shows a timeline of the model when it perceives a new letter. It should 
be noted that the Juvina and Taatgen (2007) model does not use the problem state, 
but relies purely on declarative memory. We changed the model to rely primarily on 
the problem state, in line with the more recent findings pointing to posterior-parietal 
areas involved in representing a single-component WM system. Thus, declarative 
memory in this case is used as a general information store that requires specific cues 
to retrieve information from.

The 2D tracking model of Chavez and Salvucci (2003) was the inspiration for our 
tracking model. Some adaptations were required to make the original model suitable 
for our paradigm, where the tracking was 1D and the input was a keyboard instead 
of a joystick. The model first perceives the positions of the cursor and the moving 
target dot (Figure 3-2B). While tracking these positions, the distance between the 
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50 Chapter 3: Contrasting Single and Multi-Component Working-Memory Systems in Dual Tasking

target and cursor is observed. If this distance exceeds 5 pixels, the model presses 
the key required to reposition the cursor on top of the target, using its right hand. 
Movements of the cursor will be rapid when it is far removed from the target (more 
than 10 pixels), but slow when it is close to the target, as the model will re-evaluate 
the distance between cursor and target when they are close to each other. This allows 
the model to make precise tracking adjustments. The tracking model uses visual and 
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Figure 3-3. Process timelines for dual tasks in Model 1-pre. Panel A: Tracking causes a 
delayed response to a newly presented letter of the 2-back task. Panel B: Performing 2-back 
and tone counting concurrently results in problem state switching. Panel C: Tracking and 
tone counting can be performed with very little interference as the production rules can be 
interleaved almost optimally.
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manual resources, but neither the problem state nor declarative memory.
The tone-counting task model was based on the counting task model from an 

ACT-R tutorial (see http://act-r.psy.cmu.edu/software/). The model stores the current 
count in a problem state. After a high tone is perceived, the model increments the 
current count from n to n+1. This can be seen in Figure 3-2C. When this process 
is complete, the problem state is updated with the new count value. Low tones are 
ignored after they have been identified. When the trial has ended and the count input 
screen appears, the task model uses the appropriate hand to input the count that is 
currently in the problem state.

In Model 1 interference during multitasking arises from two sources. The first 
source is visual attention: When 2-back is combined with tracking, the visual 
module has to divide its time between the letters on the left half of the screen and 
the tracking target on the right side (Figure 3-3A). While both tasks use the manual 
module, interference is limited as the two tasks use different hands, and the 2-back 
task only requires periodic input. As presented in Figure 3-3B, the second source 
of interference is memory related: Both the 2-back and tone-counting threads use 
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Figure 3-4. Comparison of model 1 with behavioral data of Experiment 1. Light-blue bars 
belong to the Model 1-pre prediction made before running the experiment. Dark-grey 
bars represent the averages of the collected data, and the dark-blue bars are the final fit of 
Model 1-post to the data. All model data was averaged over 1500 runs. See the text for the 
descriptions of Model 1-pre and 1-post.
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declarative memory and the problem state. As switching out problem states has 
been found to take a significant amount of time (estimated at 200 ms; see Anderson, 
2007; Borst et al., 2010; Borst et al., 2013), this should lead to a larger decrease in 
performance than the visual interference. This is reflected in the a priori prediction2 

of the model, which can be seen in Figure 3-4 (light-blue bars), and is referred to as 
Model 1-pre. Model 1-pre predicts that the single tasks show the best performance. 
When counting is combined with tracking, the tracking task is predicted to shows 
a slight increase in errors, while in the tone-counting task accuracy is predicted to 
remain maximal: as Figure 3-3C shows, the tasks can be interleaved almost perfectly. 
Performing 2-back together with tracking results in a noticeable predicted increase in 
errors for both tasks. However, 2-back with tone counting clearly leads to the largest 
predicted increase in errors for both tasks. To test these predictions, we conducted 
Experiment 1.

Experiment 1

Participants
A total of 29 participants performed Experiment 1 (19 female, Mage = 23.0, age 
range: 19-30). The Ethical Committee Psychology of the University of Groningen 
granted approval for the experiment, and written informed consent was obtained 
from all participants. Participants received €10 upon completion. All participants 
had normal or corrected-to-normal vision. We excluded one participant who did not 
follow the instructions correctly, and three others for performing the 2-back task at 

2 This prediction was generated before the experiment was performed; it was posted on 
the ACT-R mailing list on October 29, 2012.

2-back & tracking tone-counting & tracking 2-back & tone-countingA B C

R R

Figure 3-5. The possible dual-task screens as presented to the participants. Panel A: The left 
side of the screen shows one of the letters presented during the 2-back task, with the right side 
shows inaccurate tracking during the tracking task: the vertical lines indicate the maximum 
allowed distance between the cursor (blue circle) and the target (white dot). They are colored 
red when the cursor is outside this boundary. Panel B: Tone-counting is represented on the 
left side as a fixation cross and tracking is again on the right, with a correct cursor position. 
Panel C: The left side contains 2-back, with the green circle indicating a correct response, and 
to the right is the tone-counting task.
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chance level, leaving 25 participants for analysis.

Design
Participants started with a practice block in which they performed each single-task 
condition twice. The practice block was followed by 62 trials distributed over all six 
conditions. These 62 trials were split in two blocks of 31 trials, with a short break in 
between. Of each 31 trials, 1 trial consisted of the presentation of just a fixation point. 
During this fixation-only trial, participants did not need to perform any task. To 
minimize learning effects the conditions were presented in a pseudo-random order: 
each condition appeared every six trials, resulting in 10 trials per condition. The 
fixation trial was inserted into the trial order at a random place.

Task performance was measured for each task. For the 2-back we measured the 
number of correct responses to the letter stimuli, as well as the reaction time, which 
was defined as the time between the appearance of a letter and the key press response. 
Tracking error was defined as the percentage of a trial in which the cursor was not 
located between the two lines that flanked the target. Finally, for tone counting we 
took the proportion of correct counts given at the end of all trials combined.

Materials and Procedure
During the instructions participants were told not to prioritize any task over the 
others, and that they should perform both tasks to the best of their ability. Next they 
were given short descriptions of each task and the possible conditions present in the 
paradigm. 

The 2-back task (Figure 3-5A and 3-5C) consisted of 12 letters that were presented 
for 1000 ms with a blank screen presented between each letter that lasted for 1500 
ms. The response window started at the presentation of the letter, and lasted up to 
1500 ms after the onset of the presentation. Participants were instructed to press E to 
indicate that the letter was the same as the letter 2-back, or R if it was not. After the 
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Figure 3-6. Timeline for the n-back task. Two different situations are presented: a response 
before the ISI, and one after.
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response (or expiration of the response period) a green circle was shown for a correct 
choice, and a red circle for an incorrect choice or a too late response. Feedback 
remained visible until the next letter appeared. A detailed timeline of the 2-back task 
can be seen in Figure 3-6.

In the tracking task (Figure 3-5A and 3-5B), participants had to track a white circle 
(the target) from left to right with a small blue circle (the cursor). The position of 
the cursor could be moved to the left or right using the U and I keys, respectively. 
On either side of the target circle was a line that indicated the maximum allowed 
distance between the cursor and the target. When the cursor position fell outside 
these two lines, their color changed from green to red. Perturbation of the target 
was implemented in the same way as in Martin-Emerson and Wickens (1992): a 
summation of different sinusoid terms that resulted in an unpredictable curve, which 
can be used as perturbation for the target. Using this function the chance of a tracking 
error increased by 20% every second, on average.

Finally, in the tone-counting task (Figure 3-5B and 3-5C) participants were 
presented with 20 tones. The interval between tones was randomized between 0.5 
and 1.5 seconds. The low tone had a pitch of 260 Hz, while the high tone had a pitch 
of 490 Hz. The tones lasted for 200 milliseconds. The number and order of high tones 
was randomized; out of the 20 tones, between 10 and 17 tones were high pitched. 
After the trial a response screen was presented, giving participants 9.5 s to provide 
a response. This response was generated using two keys, required to increment 
the displayed count number. The keys used for this were U and I if tone counting 
was combined with 2-back, and E and R in all other conditions: E/U increased the 
number of tens, while R/I increased the number of ones. The numbers loop around, 
so 0 would come after 9. After 10 seconds passed the count on the screen would be 
submitted as the final answer. After the response, feedback indicating whether the 
response was correct or not was presented for 500 ms.

Participants were instructed to position their left index and middle-finger over the 
R and E key, while keeping their right index and middle-finger over the U and I keys. 
This was done in order to minimize input differences with Experiment 2, which was 
performed in an MRI machine.

Results

Data
Unless mentioned otherwise, all p-values of the main effects are from analyses of 
variance performed on linear mixed-effects models (LME). Within the models the 
condition was used as fixed effect, with random slopes and intercepts for participants. 
Accuracy data were modeled using binomial LMEs. The p-values of individual 
comparisons between conditions were computed by performing a Tukey honest 
significant difference test on each LME. All models were constructed and analyzed in 
R (3.0.2) with the lme4 package (1.0-5). All error bars in figures depict the upper half 
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of 95% confidence intervals for the mean.
The dark-grey bars in Figure 3-4 show the averaged participant data, and Table 

3-1 shows that all differences between conditions were significant. In Figure 3-4A 
the 2-back error is defined as the proportion of incorrect responses per trial. This 
subfigure shows that having to perform a second task affected the error rate on the 
2-back task. Furthermore, the increase in error rate depended on the properties of 
the second task. On average, the proportion of errors increased by 9% when 2-back 
was combined with tracking, but by 17% when combined with tone counting. The 
2-back latency data presented in Figure 3-4C shows a pattern that differs from the 
error data. While single-task 2-back has the lowest RT on average, it is the 2-back 
plus tracking condition that has the highest RTs, not 2-back plus tone counting: a 
difference that was significant.

Examining Figure 3-4B, tracking error appears to be higher in both dual-
task conditions. The 2-back plus tracking conditions has the largest increase in 
average error, as well as the largest variance in error across participants. While the 
difference between the single-task and tracking plus tone-counting appears small, all 
comparisons were significant.

Tone counting yielded significantly different error proportions depending on the 
condition. As seen in Figure 3-4D, the error increased by 13% in the tone-counting 
plus tracking condition, but by 45% in the 2-back plus tone-counting condition; 
almost four times the single-task error. 

The behavioral data indicates that dual-task costs depend strongly on the particular 
combination of tasks. When performed simultaneously, tasks that are expected to 

Comparisons 2-back error rate 2-back latency
z β p z β p

2b vs. (2b + Co) 9.36 1.32 < .001 -2.90 -0.05 .010
2b vs. (2b + Tr) 6.54 0.89 < .001 -7.02 -0.13 < .001
(2b + Tr) vs. (2b + Co) 5.49 0.43 <. 001 6.00 0.08 < .001

Tone-counting error rate Tracking error rate
z β p z β p

Co vs. (Co + Tr) 3.09 0.90 .006
Co vs. (2b + Co) 8.94 2.57 < .001
(2b + Co) vs. (Co + Tr) -7.50 -1.69 < .001
Tr vs. (Co + Tr) 7.72 0.55 < .001
Tr vs. (2b + Tr) 11.73 1.78 < .001
(2b + Tr) vs. (Co + Tr) -9.27 -1.23 < .001

Table 3-1. Between-conditions comparisons of the reaction times and accuracy 
data of Experiment 1. Abbreviations: 2b = 2-back, Co = tone counting, and Tr 
= tracking. Comparisons were computed by applying a Tukey honest significant 
difference on the linear mixed-effects models. The resulting z values, p values, and 
estimates (β) are reported.
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have a significant overlap in resource use lead to more frequent errors than tasks 
that have a small degree of overlap. Behavioral patterns of a task are not necessarily 
the same in both accuracy and latency, as seen in the 2-back results. This indicates 
different sources of task interference, most likely involving peripheral and central 
cognitive resources.

Model 1-post
When we compare the a priori prediction to the observed data (Figure 3-4, light-
blue vs. dark-grey bars), we find that the prediction has a good qualitative fit to the 
data (Table 3-2), taking into account that these predictions were generated before 
collecting the data. The only pattern that was not entirely predicted was that of the 
tone-counting errors. Model 1-pre made no mistakes in the single task and tone 
counting plus tracking conditions, whereas participants did make some mistakes. 
Overall, the model performed slightly worse than participants did.

In order to assess what changes were required to the model to better fit the data, 
we made several small changes that together resulted in Model 1-post: To accurately 
capture tone-counting performance, we introduced the possibility of making a 
mistake during counting. Anecdotal evidence suggested that participants were 
sometimes mistaking low tones for high tones. Therefore, a new production rule was 
added to the tone-counting thread that sometimes counted a low tone as a high tone, 
instead of ignoring it. This rule competes with the correct rule for handling low tones, 
but has a much lower utility. The effect of this rule is a lower performance ceiling for 
tone counting across all conditions. Finally, model parameters were adjusted (Table 
3-3) to optimize the quantitative fit: The retrieval threshold determines the minimal 
amount of activation required to retrieve a chunk. The activation noise is the amount 
of random activation added or subtracted to individual chunk activations. The 
latency-scaling factor scales the retrieval times of chunks based on their activation. 
Finally, the sound-decay time determines how long sounds observed by the aural 
module are available for further processing before they are discarded.

Discussion
The general conclusion that can be drawn from Model 1 and the participant data is 

Measurement Model 1-pre Model 1-post
R2 RMSE R2 RMSE

2-back error .84 .05 .97 .03
2-back latency .91 .22 .78 .13
Tracking error .99 .05 1.0 .01
Tone-counting error .92 .18 .99 .02

Table 3-2. Measurement fit for the prediction and fit model.
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that interference depends on the overlap in resources used by the individual tasks, 
which is in agreement with earlier multitasking research (Nijboer et al., 2013, 2014; 
Salvucci & Taatgen, 2008). Looking at working memory specifically, the interference 
effects between 2-back and tone counting indicates that the problem state can be a 
source of interference between tasks. Consequently, the model indicates that WM 
interference in dual tasking can be described by a single bottleneck. Furthermore, 
the observed WM interference is more substantial than interference in other areas: 
Visual interference as produced when 2-back is combined with tracking led to lower 
accuracy loss than WM interference between 2-back and tone counting. When there 
were no overlapping resources overall performance was highest, as evident from the 
tone-counting plus tracking results.

A different explanation for the results is that the 2-back task was simply more 
difficult than the other two tasks, causing the observed task interactions. But this 
possibility runs counter to both the a priori model prediction and the data: while 
2-back plus tone-counting showed the highest error rate increase, it showed only an 
intermediate reaction time increase. Instead, 2-back plus tracking showed the highest 
reaction time increase: If the 2-back difficulty itself were the source of the interaction 
pattern, one would expect the same pattern across conditions for both error rate and 
reaction times.

Model 1-post shows that a very close match to the participant data is possible. 
As the conflict between WM tasks in this model is based on the assumption that 
interference occurs through problem-state contention, it strengthens the argument 
for the problem state as a WM interference source. However, the current model is 
based on behavioral results, which give us limited insight into the processes occurring 
in the brain. Functional MRI provides an additional stream of data that can be used 
to further constrain the modeling space of the paradigm. In particular, because 
ACT-R modules have neural correlates (Anderson, 2007; Borst et al., 2015), the data 
can be used to evaluate the cognitive resources that are used during a particular task. 
Therefore, we compared Model 1 to fMRI data previously acquired by Nijboer et 
al. (2014). While the investigation of Nijboer et al. focused on a different area of 
multitasking, the data was found suitable for comparison against Model 1. It should 
also be noted that Model 1 was developed before the fMRI study was performed, and 
is therefore Model 1-post provides true predictions of the results in the fMRI study.

Parameter Model 1-pre Model 1-post
Retrieval threshold τ 0.1 0.03
Activation noise εi 0.1 0.05
Latency-scaling factor F 0.1 0.14
Sound-decay time Sd 3.0 0.4

Table 3-3. ACT-R parameters for Model 1-pre and Model 1-post.
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Experiment 2

Paradigm
Experiment 2 was previously reported in Nijboer et al. (2014), where we investigated 
whether neural activity found in dual tasks is simply the summation of the single-task 
activity, or includes an additional, dual-task specific, component. Nijboer et al. (2014) 
found that dual-task activation was a summation of the single-task activity, and that 
dual-task interference could be predicted from the overlap in active brain regions 
in single-task conditions, however, no formal model was provided in Nijboer et al. 
(2014). The paradigm was identical to that of Experiment 1, except that participants 
were placed in an fMRI scanner to collect neuroimaging data in addition to the 
behavioral data.

Participants & Procedure
A total of 20 right-handed adults participated in Experiment 2. While the paradigm 
remained unchanged from Experiment 1, several changes had to be made for fMRI 
compatibility. Instead of a regular computer screen, the experiment was projected 
onto a mirror mounted to the fMRI head coil. Furthermore, participant input was not 
gathered with a keyboard, but with a four-button response box that was placed on the 
abdomen. Before the scanning session, participants performed a 20-minute practice 
session with the paradigm outside of the scanner. In a second session, participants 
performed six 10-minute blocks while in the scanner. Each trial lasted 30 seconds, 
with an additional 10 seconds to enter the tone count if needed. Functional MRI data 
were acquired with a TR of 2 seconds, which resulted in 15 scans per trial. For a more 
detailed overview of the experimental setup we refer to Nijboer et al. (2014).

Model 2-pre
For Experiment 2 we also generated a priori predictions. To this end, we adapted 
Model 1-post to the setup of Experiment 2: in terms of cognitive processes Model 
1-post and Model 2-pre are identical. The behavioral predictions of Model 2-pre are 
presented as light-green bars in Figure 3-7. The model predicts large interference 
between 2-back and tone counting (4A and 4D), moderate interference between 
2-back and tracking (4A and 4B), and little interference between tone counting and 
tracking (4B and 4D).

In Figure 3-8, the fMRI predictions of the model are presented3. The length of each 
bar represents the total activity during a trial of the problem state module (Figure 
3-8A) and declarative memory (Figure 3-8B). It should be noted that the scale of 
the model results is not meaningful: the BOLD signal is a relative measure, and thus 
we can only compare the activation patterns. The main prediction of Model 2-pre 

3 This prediction was posted on the ACT-R mailing list on January 16, 2013.
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is a strong over-additive effect in both the problem state and declarative memory 
when tone-counting and 2-back are performed concurrently. This is the result of 
contention for the problem-state resource: as task rules are interleaved, the problem 
state has to be switched to te state of the second task whenever a rule of that second 
task is executed. Hence, the problem-state resource will be very active when two tasks 
need to use it. Because the problem state that needs to be switched in is retrieved 
from declarative memory, we also see a large over-additive effect in that resource.

Results

Behavioral Results
As seen in Figure 3-7, the data of Experiment 2 mirrors the results of Experiment 14. 
Performance was slightly better than in Experiment 1, which might have been caused 

4 Statistical details can be found in Chapter 2 or Nijboer et al. (2014). All behavioral 
measures showed significant main effects of condition. All individual comparisons were 
significant, with the exception of tone counting versus tone counting plus tracking.
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Figure 3-7. Comparison of Model 2-pre and Model 2-post against behavioral data of 
Experiment 2. Light-green bars belong to Model 2-pre. Dark-green bars belong to Model 
2-post of Experiment 1. Dark-grey bars represent the averages of the collected data. All model 
data was averaged over 1500 runs. See the text for a description of Model 2-pre and Model 
2-post.
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by participants having an additional practice session in Experiment 2. Despite the 
differences in preparation and performing the experiment in the scanner, the only 
qualitative difference with the data of the previous experiment is that the difference 
between the tone-counting and tone-counting plus tracking conditions is no longer 
significant (see Nijboer et al., 2014).

Neuroimaging Results
The dark-grey bars in Figure 3-8 shows the summed BOLD response during a trial, 
averaged over all participants. These BOLD data show that the problem state is 
active primarily in conditions that involve the 2-back task, as the tone counting task 
showed hardly any problem state activity at all. Much like the problem state region, 
the declarative memory area shows strong activation for the 2-back task. However, 
there was also considerable activity in the remaining conditions that included tone 
counting.
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Figure 3-8. Experiment 2 neuroimaging data compared against Model 2-pre and Model 
2-post. The bars represent the area under the curve for each ROI and condition combination. 
Light-green bars: Model 2-pre. Dark-green bars: Model 2-post. Dark-grey bars: participant 
fMRI data. The AUC was normalized within each ROI or module to make values comparable 
between model and fMRI data. All model data was averaged over 30 runs. See the text for a 
description of Model 2-pre and Model 2-post.
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Model 2-pre Evaluation
Figure 3-7 indicates that the behavioral predictions of Model 2-pre qualitatively fit 
the data – as expected, given that the task was the same. In contrast, the Model 2-pre 
BOLD predictions were not supported by the data: no over-additive effects were 
found. The problem state shows that the 2-back plus tone counting condition had 
the lowest activity for all conditions involving 2-back, instead of the highest. The 
prediction for declarative memory represented the data marginally better. However, 
the low amount of predicted activity during tone counting does not fit with the 
neuroimaging data, and the predicted over-additive effect was not found.

Attempts to fit the parameters of Model 2-pre to better represent the data did not 
change the overall fit in a quantitative or qualitative way. Thus, Model 2-pre was not 
able to predict the BOLD signal for memory resources, despite the good behavioral 
fit for Experiments 1 and 2. The main difference lies in the tone-counting task and 
the interaction between tone counting and 2-back: In contrast to the model, the 
neuroimaging data indicated that the problem state is not used during tone counting. 
Furthermore, the data indicate that participants use declarative memory more 
during tone counting than our model predicted. Taken together, this indicates that 
participants used a different memory strategy to keep track of the current tone count 
than the model predicted.

Model 2-post
The fMRI data indicated that the memory strategies applied to the tasks in the 
paradigm are different from the monolithic system hypothesized in Model 1. For 
that reason Model 2-post uses a multi-component WM. Consequently, dual-task 
interference can originate from one or more systems that play a role in information 
retention. In particular, both 2-back and tone counting now use declarative memory 
and subvocalized rehearsal. This means that in Model 2-post, the 2-back thread uses 
the problem state in a slightly different manner to allow for interference in declarative 
memory: as shown in Figure 3-9A, the most recent letter is no longer explicitly stored 
in the problem state. Instead, all previously seen letters are kept in declarative memory, 
and the problem state itself contains only a reference to the chunk in declarative 
memory that contains the most recently presented letter. As in the Model 1-pre 
2-back model, this is similar to the “time tags” used by Juvina and Taatgen (2007) in 
their n-back model. Retrieving this letter requires passing the reference to declarative 
memory, which will retrieve the associated chunk. The 2-back letter is determined 
by retrieving the two most active letter chunks in declarative memory. The chunk 
that is not equal to the reference stored in the problem state will typically be the 
2-back (but possibly an older letter). Hence, the model iterates through the letters 
that are most active in memory, and picks the 2-back letter by excluding the one that 
has been tagged as the 1-back. After judging the most recently seen letter it can be 
considered the 1-back, and this new information is stored in declarative memory. To 
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keep declarative chunks active enough for retrieval, the model performs subvocalized 
rehearsal when there is time (i.e., when there is no new stimulus to process). During 
rehearsals, letter chunks are retrieved from declarative memory, and using the vocal 
buffer of ACT-R the thread repeats the letters back to itself. Rehearsals are alternated 
between the 1-back and 2-back letter in order to keep activation of both chunks high.

Earlier research argues that focal working memory (and thus the problem state) is 
only needed when information needs to be updated while its being used (Oberauer, 
2009). Otherwise it only needs to be kept active in long-term memory. This is reflected 
in the 2-back task, where several novel items need to be kept track of, and whose role 
within the task changes over time. Thus, there is considerable incentive to use focal 
working memory. However, tone counting is a very different type of memory task: 
the counting ability it requires is a very basic skill that has been extensively trained. 
Therefore, an alternative strategy to remember the tone count might be to increase 
the activation of numbers stored in declarative memory directly through rehearsal, 
thereby bypassing working memory. As such, the Model 2-post iteration of the tone-
counting task shown in Figure 3-9B no longer stores the current count in the problem 
state. Instead, the count is stored in declarative memory. Rehearsals are performed 
in order to try and keep the correct count as the most active counting chunk. To 
summarize, instead of the general strategy that Borst et al. (2010) used, we assume a 
WM strategy that tries to move information that will no longer change to declarative 
memory as early as possible, thereby incidentally adhering to the politeness policy of 
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threaded cognition. This is also consistent with work by Lewis-Peacock et al. (2011) 
that indicates information is removed from WM when it is not needed anymore. 

Model 2-post as described up to here was often able to interleave rules of two 
tasks perfectly, resulting in little to no interference. This can occur more easily 
compared to Model 1 because WM is now distributed over several systems that 
can work in parallel. Threaded cognition would predict perfect interleaving when 
tasks are trained extensively: training causes the initially learned task procedures 
to be compiled into more efficient and faster versions (Taatgen & Anderson, 2002). 
Consequently, when two tasks are performed concurrently, these faster procedures 
have a higher chance of being interleaved perfectly (Anderson et al., 2005; Salvucci 
& Taatgen, 2008). However, experiments in which this perfect interleaving was 
achieved, for example Schumacher et al. (2001), required up to five days of training. 
Therefore the participants in our experiments cannot be considered experts, as they 
had no experience with the paradigm beforehand. This is supported by the data, 
which does not show any ceiling effects for task accuracy. To mimic the novice 
models of Anderson et al. (2005), production rules of a task are executed in groups, as 
shown in Figure 3-10. This makes the organization of task rules more like the initially 
learned task procedures: Each group has a modular function, such as identifying a 
stimulus and determining the correct action, or retrieving a chunk and evaluating its 
content. These chained production rules lock the other threads out of the production 
system for the duration of the chain. Hence, interleaving of tasks happens between 
task procedures implemented as chained production rules, instead of individual task 
rules.

Production chaining had the unintended side effect of reducing tracking 
performance when combined with 2-back, as less tracking input was produced. 
However, participant data showed similar rates of tracking input when compared to 
the tracking single-task condition. It is possible that participants were adapting to a 
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different strategy for this task combination in which they were predicting the correct 
tracking input while focusing on the 2-back task. To approximate this behavior, the 
2-back task model will periodically allow the tracking task to intrude, where it will 
generate motor responses in the direction the target was last seen moving without 
visually focusing on the tracking task. As visual focus is not shifted, this heuristic 
approach to tracking the target is used to relieve some of the constant visual switching 
between the tasks. This is a departure from a core concept of threaded cognition, 
where implicit interleaving of independent task models fully explains observed 
behavior: while interleaving is able to capture most of the behavior, it does not 
address possible adaptations people make to tasks in certain situations. This fits with 
our investigation of WM, which shows that the WM strategies employed depend on 
the task, and possibly the particular combination of tasks as well.

Model 2-post Evaluation
Model 2-post was fit to the data, and the dark-green bars of Figure 3-7 shows its 
behavioral results compared to the participant data. It is clear that Model 2-post 
shows the same qualitative prediction as Model 2-pre. Quantitatively Model 2-post 
has a better fit for the 2-back task, both in terms of accuracy and reaction times: the 
2-back single-task reaction time is now estimated correctly (Table 3-4).

More importantly, Model 2-post accurately captures the BOLD activity for the 
problem state and declarative memory (Figure 3-8, dark-green bars; Table 3-5). 
The model no longer predicts a strong over-additive effect for the 2-back plus tone 
counting condition. Instead, when compared to the other dual-tasks, activity in the 
problem state drops slightly in the 2-back plus tone counting condition. In contrast, 
activity rises slightly in the declarative memory resource for this condition. Both of 
these predictions are in agreement with the neuroimaging data. Furthermore, the 

Measurement Model 2-pre Model 2-post
R2 RMSE R2 RMSE

2-back error .88 .11 .99 .01
2-back latency .81 .11 1.0 .03
Tracking error .99 .08 .97 .04
Tone-counting error .99 .02 .99 .02

Table 3-4. Experiment 2 behavioral fit for all relevant models. 
RMSE = root mean square error.

Module Model 2-pre Model 2-post
R2 RMSE R2 RMSE

Problem State .36 .39 .89 .22
Declarative Memory .73 .31 .87 .14

Table 3-5. Fit measures of the area-under-the-curve BOLD data 
for Model 1 and 2. RMSE = root mean square error.
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model no longer predicts problem state activity for the tone-counting task, and a 
substantial amount of activity for tone counting in declarative memory. Again, these 
results are consistent with participant data. The model does seem to overestimate 
the activity for the 2-back task. According to the model, 2-back single-task leads to 
higher activity in both the problem state and declarative memory when compared to 
2-back plus tracking. In the neuroimaging data, however, the opposite is true. Possible 
explanations for this discrepancy are that participants are less engaged during the 
2-back single-task than Model 2-post is, or that the 2-back plus tracking condition 
contains some minor additional processes that are not included in the model.

In order for Model 2-post to be considered as a good explanation of the observed 
behavior and fMRI data, it should generalize to other datasets. At the very least, it 
should be able to fit the behavioral data of Experiment 1. As seen in Figure 3-11 and 
Table 3-6, Model 2-post also provides an excellent fit for Experiment 1. The model 
parameters presented in Table 3-7 indicate show that the values for Experiment 1 and 
2 are surprisingly similar, given that both the participant groups and the environment 
in which the study was performed were different.

To summarize, we see that Model 2-post is more in line with the neuroimaging 
data than Model 2-pre. Quantitatively, the behavioral prediction of Model 2-post has 
improved as well: the 2-back RT pattern is much closer to the participant data than 
before. Thus, all results suggest that Model 2-post is a better explanation of the data 
than Model 2-pre, and generalizes over both experiments.
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Discussion
In Experiment 2 we used fMRI data to further investigate working memory 
interference during dual tasking: Together, Experiment 1 and 2 show that the 
observed task interference in our paradigm is robust and consistent. Results 
showed that Model 2-pre was unable to accurately predict the neuroimaging data: 
The problem state as singular WM bottleneck, as used by Model 2-pre, could not 
explain the BOLD response observed between the 2-back and tone-counting tasks. 
Consequently, we created Model 2-post with a distributed approach to WM, which 
was able to fit both behavioral and neuroimaging data. Thus, the neuroimaging data 
proved to be an important tool to evaluate the plausibility of our model (Borst et al., 
2015). The neuroimaging data were also invaluable in constraining our modeling 
space during construction of Model 2-post: activity in participants indicated that 
declarative memory and rehearsal played a larger role than we anticipated. By 
using these constraints we were able to obtain a good fit for both behavioral and 
neuroimaging data.

Although declarative memory seems to play a larger role, the BOLD response for 
2-back with tone counting in Figure 3-8 shows a much lower value in Model 2-post 
compared to Model 2-pre. This is due to the problem state switching mechanism of 
Model 2-pre: When two tasks both need to use the problem state, this results in the 
content of the problem state constantly being switched in and out. The information 
that is put in the problem state comes from declarative memory, which is therefore 
used very intensively. Model 2-post does not use this mechanism, so no additional 
declarative memory activity is generated when interference between the two tasks 
occurs. In effect, having the tasks rely more on declarative memory causes less total 
activity in the declarative module.

Measurement R2 RMSE
2-back error .99 .02
2-back latency .87 .03
Tracking error .99 .02
Tone-counting error 1.0 .04

Table 3-6. Experiment 1 behavioral fit for Model 
2-post. RMSE = root mean square error.

Parameter Experiment 1 Experiment 2
Retrieval threshold τ 0.168 0.142
Activation noise εi 0.042 0.043
Latency-scaling factor F 0.155 0.1
Sound decay time Sd 1.5 1.5

Table 3-7. ACT-R parameters of Model 2-post for 
Experiment 1 and 2.
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The neuroimaging constraints furthermore led to the use of production chaining. 
Production chaining seems to show that in working-memory tasks, rule interleaving 
is more complicated than threaded cognition would predict: There is additional 
control over interleaving, causing rules of a task to be executed as a group before 
control is given over to the other task. Production chaining could be indicative of 
novice behavior: Because the participants were not given much training, the task 
rules have not been proceduralized, resulting in inefficient (and slow) task execution 
(Taatgen & Lee, 2003).

General Discussion
Over the course of two experiments we tested and refined a cognitive model of dual 
tasking that focuses on the way in which working memory is used in multitasking 
situations. In particular, we were interested in how interference can occur when 
multiple working memory tasks are performed concurrently, and what mechanisms 
are involved.

For Experiment 1, our model predicted that a 2-back task combined with a tone-
counting task would result in the largest increase in errors, while tone counting 
combined with tracking would have the lowest increase. This strong interference 
between 2-back and tone counting in the model was due to contention for the problem 
state resource, which stores the information required to perform either memory task. 
Behavioral data from Experiment 1 supported the model prediction, and the fitted 
Model 1-post showed an excellent quantitative fit to the data, with the exception of 
the 2-back single-task reaction time. However, when we tested fMRI predictions of 
this model in Experiment 2, it turned out that the predicted strong over-additive 
effect for the problem state resource was absent in the data. Instead, the data indicated 
a much stronger declarative-memory component when compared to the prediction. 
To match both the neuroimaging and the behavioral data, we changed the model’s 
working memory from a strong focus on a single resource to a collaboration of 
several resources with distinct roles. Interference between 2-back and tone counting 
occurred as contention for declarative memory and rehearsal opportunities. The 
good fit of Model 2 to both behavioral and neuroimaging data indicated that WM 
interference in dual tasks is an interaction between several resources that together 
form the working-memory strategy.

Creating and adapting a model for working-memory interference in dual-tasking 
situations has provided valuable insight into the recruitment and function of WM 
resources. In particular, examining WM models of different complexity allowed us 
to form a description of the circumstances required to recruit the problem state and 
declarative memory in a working-memory task. This can be seen in Table 3-8, which 
details what components are used by which model iteration. The model revisions 
highlight the importance of having sufficient constraints when building a cognitive 
model. While the interactions between three separate tasks by itself imposes strong 
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constraints on the modeling space, behavioral data points alone did not prove 
sufficient to accurately validate the model. This was evident from Model 2-pre, which 
fit the behavioral data, but not the fMRI results: The neuroimaging data proved to 
be invaluable for model construction, by giving additional insight into the resources 
recruited by a task over time.

The modeling work indicates that working memory is a bottleneck, but not 
necessarily in the same way as the classic response-selection bottleneck (Pashler, 
1994): Working memory consists of multiple parts, each of which may be considered 
a serial bottleneck in itself. The particular working-memory parts used by a task 
can be adapted according to task requirements, and the particular working memory 
mechanisms used by a task play an important role in how working memory 
interference affects performance. We have found three components involved in 
working memory during dual tasking: the problem state, declarative memory, and 
subvocalized rehearsal. Based on Experiment 1 and 2, we hypothesize that the problem 
state resource is exclusively engaged when information needs to be manipulated. 
Furthermore, declarative memory is recruited when the information that needs to 
be maintained is simple, requires no manipulation, or exceeds the capacity of the 
problem state. Subvocalized rehearsal functions as an additional support system for 
declarative memory, as it counters the activation decay of the relevant stored items.

While the exact organization and functionality of working memory is still debated 
(Baddeley, 2012), the working-memory system used in our model can be considered 
a fully functional system according to the definition by Oberauer (2002): The three 
working-memory components used by our model are very similar to the three 
functionally-distinct components outlined in Oberauers’ (2002) concentric model. 
As mentioned, the problem state is very similar to the focus of attention, which holds 
a single item that can be used to perform cognitive operations. The declarative-
memory module can be considered an activated long-term memory, which contains 
recently activated items that are not directly available for further cognitive processing 

Task Property Models
2-back 1-pre 1-post 2-pre 2-post

Problem state    
Declarative memory    
Production chaining 
Rehearsal 

Tone counting
Problem state   
Declarative memory    
Production chaining 

Rehearsal 

Table 3-8. Resources and mechanisms used by working memory tasks, evaluated 
across models.
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(Cowan, 1995; Oberauer, 2002). The third component proposed by Oberauer is the 
direct-access region, which holds a small set of items that can be immediately used by 
other cognitive operations. While ACT-R does not contain a direct equivalent to this, 
our model implements a similar functionality through subvocalized rehearsal: both 
systems have a small capacity that is limited by competition for memory retrievals. 
The direct-access region is substantially more complex than the subvocalized 
rehearsal however, as it is able to integrate distinct elements into a single structure. 
In our model, this would occur in the problem state, where new structures can be 
constructed. While the problem state and the focus of attention are very similar, the 
latter functions solely as a direct access point to a specific element. Taken together, 
these differences in functionality point out that the specific functionalities attributed 
to each working-memory component are distributed differently in our dual-task 
model when compared to the Oberauer (2002) concentric WM model.

The particular working-memory components recruited by the tasks depended on 
task complexity: If the information that needs to be maintained is very simple, such as 
highly trained memory items (letters, numbers), then the problem-state component 
of working memory can be omitted. Instead, the items can be rehearsed directly from 
declarative memory to keep them sufficiently active for immediate recall. However, 
when a task requires new information chunks to be constructed, and the content of 
these chunks can change over time, the problem state will be used.

The multi-component WM system we present can help address the issues that 
EPIC and ACT-R have in regards to WM use during multitasking: EPIC has no 
constraints at all on working memory, and does not explain how strategies for novel 
task combinations are formed. The greedy-polite policy of threaded cognition, on 
the other hand, is troublesome for WM: Assuming that only one task can use WM 
at any given time results in a conflict when multiple tasks require WM at the same 
time. Furthermore, a task cannot keep WM occupied indefinitely (Borst et al., 2010). 
Thus, when performing two WM tasks, control of WM by one task must be released 
at some point to allow the other task(s) access to it. However, ACT-R/threaded 
cognition has no method to determine when this release of WM occurs, since that 
would require knowing beforehand how long the information needs to be available 
in WM. Our model shows that a mix of both the EPIC and ACT-R approaches can 
be used: individual resources of working memory behave as serial bottlenecks, much 
as threaded cognition would predict: only one task has access to the problem state 
or declarative memory at any given time. However, the interleaving of operators 
in a working-memory dual task seems to share some similarities with EPIC. The 
production rule chaining used in Model 2-post indicates that some form of strategy 
plays a role, at least at the novice level: operators (or rules) that belong to the same 
action of a task are executed as a single block before control is given to the other task. 
Production chaining has led to a possible solution for determining when control of 
the problem state is released in threaded cognition. Namely, control of the problem 
state is released when the action performed on the item currently loaded into the 
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problem state has been resolved. These actions can be extensive: such as the retrieval 
of an item from declarative memory, altering the content of this item, and returning 
the item to declarative memory.

The ability to revise our model to include things such as production chaining, while 
remaining in a constrained modeling space, is a strength of our modeling approach: 
In methods such as CBR (Howes et al., 2009) the model space that can be searched is 
determined beforehand. This works well with relatively simple paradigms where this 
space can be covered to a significant degree, but is difficult with more complex tasks. 
Because certain model variations of complex tasks are unlikely to be considered by the 
modeler (such as production chaining in our case), the selected model space might 
not include the optimal model. By making strong initial predictions, and ensuring 
that models generalize over all datasets, we attain more flexibility in model selection 
by integrating findings from model validation into subsequent model iterations. We 
believe an even more strenuous model selection process would use both methods: 
using prediction and generalization to generate several model candidates, from 
which the optimal model is selected using CBR.

The difference in resource use between 2-back and tone counting leads to an 
interesting question: what are the circumstances that cause a specific memory-
related resource to be utilized? The models we have constructed suggest that there is 
substantial strategic freedom within the constraints of the cognitive architecture. In 
the 2-back task, there is strategic choice whether to keep the last item in the problem 
state, or to consolidate it in declarative memory as soon as possible. In the tone-
counting task, the count can be maintained by either storing it in the problem state, 
or to use a combination of subvocalization and declarative memory. In both cases 
the evidence suggests that the dominant choice is to use the problem state resource 
as little and briefly as possible. This strategy is consistent with the “politeness” policy 
of threaded cognition, and makes it easier to support a smooth alternation between 
multiple tasks that need working memory.

To conclude, both the model and the data indicated that WM interference is the 
result of an interaction between multiple resources as opposed to a single bottleneck. 
Furthermore, what particular resources are used in the working-memory strategy 
is strongly task dependent. The consequence of this finding is that estimating the 
performance of a WM dual task is more complicated than previously thought: if WM 
is not a singular bottleneck, then parallel processing can occur between the different 
systems that make up WM as a whole, and it is hard to predict the resulting dual-task 
performance.
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4Where we examine the positive and negative effects multitasking 
can have on driving performance.
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Abstract
Previous research has shown that multitasking can have a positive or a negative influence on 
driving performance. The aim of this study was to determine how the interaction between 
driving circumstances and the cognitive requirements of secondary tasks affect a driver’s 
ability to control a car. We created a driving simulator paradigm where participants had 
to perform one of two scenarios: one with no traffic in the driver’s lane, and one with 
substantial traffic in both lanes, some of which had to be overtaken. Four different secondary 
task conditions were combined with these driving scenarios. In both driving scenarios, 
using a tablet resulted in the worst, most dangerous, performance, while passively listening 
to the radio or answering questions for a radio quiz led to the best driving performance. 
Interestingly, driving as a single task consistently led to worse performance than driving in 
combination with one of the radio tasks. These results suggest that drivers switch to internally 
focused secondary tasks when nothing else is available during monotonous or repetitive 
driving environments. This mind wandering appears to have a stronger interference effect 
with driving than non-visual secondary tasks.

Driving and Multitasking: The Good, the Bad, 
and the Dangerous
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Introduction
A great deal of research has been done on the effects of engaging in multitasking while 
driving a car. Many types of tasks have been found to reduce driving performance 
(Ranney, Garrott, & Goodman, 2000), ranging from phone conversations (Strayer 
& Johnston, 2001; Treffner & Barrett, 2004) to music listening (Brodsky, 2001). 
However, recent evidence has indicated that multitasking could also be beneficial 
for driving when the right circumstances are met (Atchley & Chan, 2010; Gershon, 
Ronen, Oron-Gilad, & Shinar, 2009; Ünal, Steg, & Epstude, 2012). In this work 
we investigate the interaction between the cognitive demands of the driving task 
and the secondary task. We aim to answer the following questions: How does the 
interaction between driving circumstances and requirements of various secondary 
tasks affect driving behavior? And when is the effect on driving negative or positive?  
In particular, we used a simulated driving experiment to investigate how perceptual 
and working-memory requirements of both the driving task and the secondary task 
affect driving performance in reasonably realistic settings and durations.

Driving and Multitasking
The findings that driving performance decreases when combined with other tasks 
are consistent with psychological theories of multitasking. When two tasks require 
the same perceptual or cognitive resource, they are said to overlap with regards to 
that resource. Overlap in resource use between concurrently performed tasks leads 
to contention for those resources (Pashler, 1994; Salvucci & Taatgen, 2008; Wickens, 
2002). In turn, this contention typically leads to reduced task performance (e.g., 
Borst, Taatgen, & Van Rijn, 2010; Just, Keller, & Cynkar, 2008; Nijboer, Borst, Van 
Rijn, & Taatgen, 2014; Strayer, Cooper, & Turrill, 2013). This does not only hold for 
central-cognitive resources such as working memory, but for perceptual and motor 
resources as well. Driving requires all of these resources to some degree (Anstey, 
Wood, Lord, & Walker, 2005; Herbert, 1963), so according to these theories driving 
should be negatively affected by most secondary tasks.

Tasks that have been found to interfere with driving often contain perceptual 
(visual and auditory; Chaparro, Wood, & Carberry, 2005; Gherri & Eimer, 2011) or 
motor (manipulation of equipment; Briem & Hedman, 1995; Brookhuis, de Vries, 
& de Waard, 1991; Janssen, Brumby, & Rae, 2012) factors that disrupt driving 
performance. However, cognitive requirements of secondary tasks turned out to be 
at least as important. Of all tasks found to interfere with driving, cell-phone use has 
received much attention due to the high number of traffic accidents attributed to 
such devices (Redelmeier & Tibshirani, 1997). In an influential study, Strayer and 
Johnston (2001) showed that it is primarily the attentional component of holding a 
conversation that disrupts driving performance. They concluded this by ruling out 
explanations related to holding the phone, speaking, or listening. Several studies have 
shown that holding a complex conversation in particular affects driving performance 
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(Briem & Hedman, 1995; McKnight & McKnight, 1993).
In contrast to the findings presented so far, some studies have shown that driving 

improves when concurrently performing another activity. Gershon et al. (2009) 
showed that a multiple-choice trivia game improved driving performance under 
monotonous driving circumstances. Atchley and Chan (2010) had similar results 
with a verbal word-association task in combination with a monotonous driving task. 
These findings raise an interesting question: what causes performance to improve 
when a secondary task is introduced?

Research in other areas has also shown that a secondary task can improve 
performance on the primary activity. For example, doodling on a piece of paper 
while performing a memory task has been found to improve recognition accuracy by 
improving overall concentration (Andrade, 2010; Singh & Kashyap, 2015). Andrade 
(2010) argues that doodling improves performance because it reduces the chance to 
engage in daydreaming, which is also referred to as mind wandering. When mind 
wandering the attention is shifted away from the task at hand and instead focuses 
on task-irrelevant thoughts. This behavior will typically occur when tasks have low 
processing demands, and are thus experiences as boring or repetitive (Forster & 
Lavie, 2009; Giambra, 1995). This internal focus results in a decoupling of perception 
and environment (Cheyne, Carriere, & Smilek, 2009; Smallwood & Schooler, 2015), 
which can have a negative impact on performance of the main task (He, Becic, Lee, & 
McCarley, 2011). Killingsworth & Gilbert (2010) estimated that up to 50% of everyday 
life is spent mind wandering. This is in line with research that has shown that people 
actively seek out opportunities to multitask (Czerwinski, Horvitz, & Wilhite, 2004; 
González & Mark, 2004; Gould, Brumby, & Cox, 2013). Thus, a boring drive might 
lead to mind wandering, which has been shown to have a negative impact on visual 
attention during driving (He et al., 2011). 

Therefore, adding a secondary task during a monotonous driving setting could 
have the same effect as doodling has on a boring memory task: it reduces the chance 
of other, more interfering tasks – such as mind wandering – to intrude the primary 
activity. This would imply that a secondary task does not make driving performance 
itself better, but is the lesser of two evils: The interference of mind wandering has a 
more substantial effect on the driving task than the secondary task does. Alternatively, 
complete focus on the driving task might lead to drivers over-regulating their driving 
behavior: according to the execution-focus theory, increased attentional control 
to highly proceduralized sensory-motor skills can disrupt execution of these skills 
(Baumeister, 1984; Beilock & Carr, 2001). This is typically observed in sports, but 
might also lead to a decrease in driving skill under circumstances where the cost 
of failure is significant. We will further discuss those possible explanations after we 
report our results.

Driving and Working Memory
Some of the additional activities that are performed during driving, such as having 
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a (phone) conversation, will require the temporary retention of some information 
conveyed by the conversational partner (e.g., Van Rij, Van Rijn, & Hendriks, 2010, 
2013). However, the direct effect of working-memory load during driving has received 
little interest in the literature. Radeborg, Briem, and Hedman (1999) found that 
driving had a negative effect on a concurrently performed word-recall task. Changes 
in driving performance itself were not reported. Gugerty (1997) concentrated 
on the working-memory aspect of driving by having participants remember the 
locations of all the cars they encountered during a driving segment. Memory load 
was manipulated by varying the traffic density. While performance on the memory 
task correlated with traffic density, no significant effects on driving performance were 
found. However, performance on the driving task was at ceiling, so effects may have 
been obscured. Alm and Nilsson (1995) asked participants to perform a word-recall 
task over the phone while driving, and found that this significantly decreased the 
distance kept to the car ahead of the participant. Other measurements such as lane 
deviation were not reported. In general these results are in line with other research, 
which has shown that multitasking situations where both tasks have a significant 
working-memory load lead to substantially decreased performance in one or both 
tasks (e.g., Borst, Taatgen, Stocco, & Van Rijn, 2010; Just et al., 2008; Nijboer et al., 
2014; Nijboer, Taatgen, Brands, Borst, & Van Rijn, 2013; Strayer et al., 2013). 

In determining the effect of working-memory load on driving, not only the working-
memory load of the secondary task is relevant: the working-memory requirements 
of the driving task are very important as well. If driving does not require working 
memory, it will not be disrupted by a secondary task that needs working memory. 
The working-memory load of driving is strongly dependent on the traffic: when the 
road is empty the driver only has to remember information regarding the current 
state of the car, which can be easily retrieved from visual and aural queues that are 
constantly present in the environment. When there is substantial traffic, however, 
the driver has to keep a detailed mental model of the surrounding vehicles (Gugerty, 
1997), as these will not always be visible: they might reside in the blind spot of the car, 
or be obscured by other vehicles. In the current study we therefore used two different 
driving scenarios: one with high working-memory requirements, and one with low 
working-memory requirements.

Current Study
We investigated the contrast between beneficial and detrimental multitasking during 
driving by exploring a diverse set of combinations of secondary tasks and driving 
scenarios. We varied the working-memory, perceptual, and motor load of both the 
secondary task and the driving task to determine under what conditions a particular 
type of secondary task has a positive or negative influence on driving performance. 
In particular, we performed a driving experiment where we tested two groups of 
participants in one of two driving conditions that differed in traffic density and 
associated working-memory load. To test the effects of secondary tasks on these 
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driving conditions, the drivers in each group performed four different secondary-
task conditions: no secondary task, passive radio listening, a radio quiz, and a tablet-
based quiz. This resulted in a detailed evaluation of the effect of secondary tasks with 
different cognitive requirements on driving performance under contrasting traffic 
circumstances.

In the remainder of this paper we will first explain the driving paradigm in detail, 
followed by the results of the experiment. We finish with a discussion of how the 
results yield new insight into the interaction between driving conditions and 
concurrent execution of a secondary task.

Method

Paradigm
We created a paradigm that tested the effect of four different secondary activities on 
driving performance during two different driving scenarios, referred to as the No-
Traffic and Traffic scenarios. Driving scenario was a between-subject variable, while 
the four different secondary tasks are within-subject variables. For each condition we 
record a number of measurements during driving (lane keeping, speed, secondary-
task performance, and steering). Both scenarios used a two-lane highway in a desert 
environment. The road contained two five-meter-wide lanes (cf. the minimum 
highway lane width in the US is 3.7m1, while the standard highway lane width in 
the Netherlands is 3.5m) and had a subtle curvature, approximately 3.5 cm of lateral 
displacement per meter of road, to ensure that minor changes to the car heading 
needed to be made on a regular basis. The car that was driven was a 1966 Ford 
Mustang, with a width of approximately 1.7 meters and a length of 4.6 meters. In 
both scenarios participants were instructed to drive 80 km/h (50 mph), and to not 
exceed this speed.

The No-Traffic scenario was constructed to test the effects of secondary tasks 
with different cognitive loads during situations where the driving itself was easy. 
In the No-Traffic scenario the highway had no traffic in the right lane: participants 
were occasionally overtaken by other cars, but did not have to overtake any cars 
themselves. This is illustrated in Figure 4-1A. With no relevant traffic to keep track 
of, the working-memory load of the No-Traffic scenario was low. 

The Traffic scenario was designed to test how multitasking affects typical highway 
driving when the road situation has to be monitored constantly. This was achieved by 
introducing traffic in both driving lanes. Participants were often overtaken by other 
cars, and also had to overtake slower cars in the right lane as shown in Figure 4-1B. 
The slow right lane traffic was distributed such that at 80 km/h participants would 
overtake approximately 60 cars during a 30-minute block, or 2 cars per minute. The 

1 AASHTO Green: A Policy on Geometric Design of Highways and Streets (2001). Fourth edition, 
American Association of State Highway and Transportation Officials
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distance between right-lane cars varied between 60 and 95 meters. The left-lane 
traffic would overtake the participant at set points, distributed over the span between 
the previously overtaken right-lane car and the next right-lane car: at approximately 
25, 40, 55, and 75% of the total inter-car distance these cars could appear, with a 50% 
probability for each possibility – so on average participants would be overtaken by 
two of these cars before having to overtake again themselves.

While most cars in the left lane would overtake the participant at random 
moments, there were two special types of cars. The first type overtook participants 
at the time they needed to overtake a slow car in the right lane themselves, forcing 
them to wait until the faster car had passed. This encouraged participants to keep a 
mental model of the traffic around them. The second special type of car would drive 
behind the participant in the left lane at a reasonable distance until the participant 
overtook a slower car in the right lane. The car would then change lanes to stick 
behind the slow car. These cars were added to reduce the predictability of left-lane 
traffic: if all left-lane traffic overtakes the participant, then it would always be optimal 
to just wait in the right lane until no more traffic can be seen in the rear-view mirror. 
However, if some cars never pass, this requires a more active role of the participant 
in anticipating the best time to overtake the leading car. The two special types of cars 
(who also have a 50% probability to appear, like all other left-lane traffic), together 

Driving in the No-Traffic Scenario

0 1 2 3

Driving in the Traffic Scenario

0 1 2 3

Time (minutes)

Time (minutes)

A

B

Figure 4-1. Two examples of typical driving paths for the two different scenarios. The blue 
line is the path taken by the participant. The green dotted line is the center of the right lane, 
and the white dashed line is the division between the two lanes. Red cars represent slower 
left-lane traffic that the participant needs to overtake.
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with the random left-lane traffic and randomly spaced slower right-lane cars, created 
a dynamic highway situation.

To determine how the working-memory, perceptual, and motor requirements of 
the secondary task affect driving performance we created four different secondary 
task conditions. (1) No Secondary Task Condition (Single): In the Single condition 
there is no secondary task. (2) Listening Condition: A radio talk show would play 
during the entire block. Because participants were informed that no information 
presented in the talk show would need to be recalled later, we assumed that this 
condition had a low cognitive load. The perceptual load was low as well, given 
that the show was presented aurally. (3) Radio-Quiz Condition: In the Radio-Quiz 
condition, fragments of a radio talk show, similar to shows in the previous condition, 
were played split into multiple fragments. A multiple-choice question followed each 
audio fragment, and participants had to choose between three answers using buttons 
on the steering wheel. In this condition we assume that the working-memory load 
is higher than in the Listening condition, as the information presented in the radio 
show needs to be retained in memory to answer the questions. The motor load is 
also slightly higher as a button needed to be pressed to respond to the questions. (4) 
Tablet-Quiz Condition: A variation of the Radio Quiz where all information, both 
the text of the talk show and the questions, was presented on a tablet in the lower-left 
corner of the screen instead of aurally. The working-memory and motor loads are 
expected to be similar to the Radio Quiz, but the perceptual load is much higher as 
participants has to shift their gaze from the road to the tablet.

To motivate participants to perform well, they could increase their financial reward 
by collecting bonus points. Each bonus point was worth 10 cents, and the starting 
bonus was 40 points. The maximum bonus was 100 points. Points could be earned 
during the radio and tablet quiz. Each correct answer was worth 1 point. However, 
participants could lose points by either driving off the road (-1 point per second off-
road), hitting other cars (-2 points per hit), or not signaling properly when changing 
lanes (-1.5 points per offense).

Participants
We recruited 48 native Dutch speakers that were divided over two experimental groups 
of 24 participants each. The first group drove in the No-Traffic scenario (16 female, 
Mage = 24.6, age range: 20-36), while the second group drove in the Traffic scenario 
(13 female, Mage = 23.6, age range: 20-32). Both groups contained experienced drivers 
(No-Traffic: Mlicense = 5.0 years, Mdriven = ~65000 km. Traffic: Mlicense = 5.4 years, Mdriven 
= ~60000 km). The two groups can be considered comparable, as the Bayes Factors2 
of the difference between groups for license years and kilometers driven were 0.31 
and 0.29 respectively. Participants received a minimum of €20 upon completion, 
and could earn up to an additional €10 depending on task performance. The average 

2 According to Jeffreys (1961, p. 432), a Bayes Factor <1/3 qualifies as substantial evidence against 
the alternative hypothesis (in this case that the groups are different).
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received bonus was €6,40. All participants had normal or corrected-to-normal vision.

Materials and Procedure
Apparatus. The driving scenarios were built and executed in a driving simulator 
designed and programmed specifically for our paradigm. A steering wheel (Logitech 
driving force GT) with feet pedals was used to control the car, which had an automatic 
transmission. The center of the steering wheel contained three buttons on the right 
side that were used to answer the quiz questions. On the back of the wheel two buttons 
(one on each side) could be used to activate the left or right turn signal. Participants 
wore headphones for the auditory stimuli. The simulation was viewed on a 23-inch 
LCD display at 120 Hz, at a distance of approximately 70 cm from the participant. 
The simulation environment can be seen in Figure 4-2. Visible are the hood of the 
car, the windscreen wipers, a speedometer, turn signal indicators, a rear-view mirror, 
and the current bonus score. The hood of the car is shown to better judge the road 
position while driving and to give a sense of size to the information presented in 
the outside world. Continuous data from the simulation was recorded at 50 Hz. We 
recorded the car position, pedal pressure, wheel angle, speed, direction indicators, 
and contact with other cars.

Listening stimuli. For the passive radio-listening condition we selected 30-minute 
segments of two episodes of a popular-science public-radio talk show. The topics of 
the shows were addiction and music perception. The two shows were balanced across 
participants within each scenario, with half of the scenario group listening to the first 
show, and the other half listening to the second.

Radio-Quiz stimuli. For the quiz we used two episodes of the same science talk 
show, but that were different from the ones used in the Listening condition. This time 
the topics were depression and improving mental health. We generated 30 questions 
for each talk show, with 3 possible answers per question. The Apple OSX text-to-
speech function was used to create the audio files. As all stimuli were in Dutch we 
used the ‘Xander’ voice to ensure intelligibility. Like the listen-only radio shows, the 

Figure 4-2. The simulated driving environment. Left: The environment during the Single, 
Passive Listening, and Radio-Quiz conditions. Right: The environment during the Tablet-
Quiz condition.
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presented show was balanced across participants within each scenario group.
Tablet-Quiz stimuli. The stimuli for the Tablet Quiz were transcripts of the talk 

show fragments and questions used in the radio quiz. The rate of sentence presentation 
was matched to the length of the original audio fragments, and each presentation of 
a new sentence was accompanied with a tone sound. The display accommodated a 
maximum of 10 lines at a time, which covered around 30% of the width of the entire 
screen. A sentence was on screen for at least 10 seconds. The radio and tablet quizzes 
were paired in such a way that participants were not presented the same topic twice.

Procedure. The experiment lasted slightly under 2.5 hours. Participants started 
with a 5-minute training session to familiarize themselves with the driving task and 
how to overtake other cars. To become accustomed to handling a secondary task 
while driving, participants performed a second 5-minute driving session during 
which they also carried out the tablet task. The actual experiment consisted of four 
30-minute blocks, resulting in a drive length of 120 minutes in total. Therefore each 
block was slightly longer than the average commute time in the United States (25 
minutes; McKenzie & Rapino, 2011). Each block corresponded to one of the four 
secondary task conditions, which was performed in the driving scenario that the 
participant was assigned to. The order of conditions was counter-balanced across 
participants using a Latin square to avoid order effects. After each block there was an 
opportunity for participants to take as long a break as they required before continuing 
on to the next block.

Results
Unless mentioned otherwise, all p-values of the main effects are from analyses of 
variance performed on linear mixed-effects models (LME). Accuracy data were 
modeled using binomial LMEs. The p-values of individual comparisons between 
conditions were computed by performing a Tukey honest significant difference test 
on each LME. All models were constructed and analyzed in R (3.0.2) with the lme4 
package (1.0-5). All error bars in figures depict the upper half of 95% confidence 

Radio-Quiz Accuracy

Error Proportion (Percent)

0 20 40 60 80 100

Traffic

No-Traffic

Tablet-Quiz Accuracy

Error Proportion (Percent)

0 20 40 60 80 100

Traffic

No-Traffic

A B

Figure 4-3. The performance on the quiz tasks. Black dots represent the mean across subjects, 
and bars denote 95% CI. Panel A: Performance on the Radio Quiz in both driving scenarios. 
Panel B: Performance on the Tablet Quiz in both driving scenarios.
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intervals for the mean, corrected for a within-subject design. Gray volumes behind 
the means are (the smoothed estimates of) the underlying distribution of the data 
(Sheather & Jones, 1991). Bars along the side of the figures indicate a significant 
difference between the two indicated conditions. Stars without any bars indicate that 
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Driving Path Measures

Driving Speed Measures

Steering Wheel Measures

Road Center

A
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C

lane deviation absolute deviation abs. mean deviation
direction change maximum dev/min lane deviation SD

car speed mean car speed

wheel angle absolute angle abs. mean angle

Figure 4-4. Measurements taken from a random participant in the No-Traffic condition. Red 
lines are the raw data, light-grey lines are the absolute values of that data. The segment between 
two vertical grey lines denotes one minute of driving. Panel A: Measurements taken from the 
position of the car. The red line is the deviation from the center of the lane, while the light 
grey line is the absolute deviation from the lane. The black line with thick dashes is the center 
of the road, consisting of two lanes. The center of the right lane is denoted by 0 on the y-axis. 
The solid-black line is the average car position. The distance between the solid-black line and 
the dotted-black line is the SD of the car position. The black circles located on the dark-grey 
line are direction changes, where the heading of the car shifted from left to right, or vice versa. 
The dashed-grey line segments are the observed maximum absolute deviation from the center 
of the lane for each minute of driving time. Panel B: Measurements taken from driving speed. 
The red line shows the driving speed, while the solid-black line is the average observed speed 
over the block. Panel C: Measurements taken from the steering wheel position. The red line 
is the steering angle plotted over time, while the light-grey line is the absolute steering angle. 
The solid-black line is the average absolute position of the wheel over the block.
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the condition was significantly different from all other conditions. The statistics are 
reported in Tables 4-1 through 4-4.

Overall, the Tablet-Quiz condition led to the worst driving performance, followed 
by the Single (no secondary task) condition. The Listening and Radio-Quiz conditions 
resulted in the best driving performance. This pattern appears in most of the variables 
that were measured, over both driving scenarios, and therefore appears robust. We 
will now discuss the separate measures in more detail.

Secondary Tasks
Before examining the driving itself, we will look at the performance on the two quiz 
tasks. Figure 4-3A shows that the error proportion of the Radio Quiz was low for 
both driving scenarios, indicating that participants did perform the secondary task 
while driving. The performance on the Tablet Quiz in Figure 4-3B has a similar range 
to that of the Radio Quiz. The seems to indicate that performance was better for the 
combination of a No-Traffic road with the Tablet Quiz when compared to the Radio-
Quiz performance. However, this difference did not reach significance.

Lane Deviation and Swerving
The distance to the center of the driving lane, or lane deviation, is a standard measure 
to investigate driving performance: a large standard deviation indicates a large degree 
of “swerving” across the road (see Figure 4-4A). The average and standard deviation 
of the car position were plotted for both driving scenarios in Figure 4-5. The values 
of each participant were demeaned using the grand mean of the participant over all 
conditions, in order to remove any inherent bias of a participant for a specific position 
in the lane. For the Traffic scenario all driving segments where participants were 
overtaking other cars were discarded: These were defined as all data points ranging 
from 3 seconds before signaling a lane change to the left lane (using the blinkers) until 
3 seconds after the center of the car crosses the center of the road from the left lane to 
the right lane, after overtaking a car. The differences between conditions are similar 
for both driving scenarios: The worst lane-keeping performance occurred when 
participants had to perform the Tablet Quiz while driving: the degree of swerving 
was larger, and the average distance to the ideal lane position was also larger. The 
best performance was obtained when participants were in either the Listening or 
the Radio-Quiz condition. Consequently, the Single condition results were ranked in 
the middle of all conditions. However, only the difference between the Tablet-Quiz 
condition and all other conditions was significant.

Lane deviation by itself is a limited means of evaluating the consistency and safety 
of a driver’s lane-keeping behavior, as it reduces all the complexities of driving into a 
single value. In order to study lane keeping in more detail we devised two variables 
that characterize lane-keeping behavior: the number of changes in car heading, and 
the maximum observed distance to the ideal lane position (per minute; see Figure 
4-4A). Essentially this divides swerving as calculated by the standard deviation into 

boekje.indb   82 18/01/16   20:22



Results 83
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Figure 4-5. Lane deviation during the No-Traffic driving scenario and the non-overtaking 
sections of the Traffic driving scenario. Black dots represent the mean across subjects, and 
bars denote 95% CI. All data has been demeaned for each participant using the grand mean 
over all conditions. Panel A and C: The mean deviation from the center of the right lane. Panel 
B and D: The standard deviation of the car position.

Comparisons Lane Deviation (M) Lane Deviation (SD)
No-Traffic Scenario z β p z β p
Single vs. Listening 1.21 .017 .611 1.12 .023 .668
Single vs. Radio-Quiz 1.08 .018 .694 1.35 .026 .519
Radio-Quiz vs. Listening -.105 -.001 .999 -.205 -.003 .997
Tablet-Quiz vs. Single 3.64 .079 < .01 4.07 .099 < .001
Tablet-Quiz vs. Listening 4.93 .096 < .001 4.78 .122 < .001
Tablet-Quiz vs. Radio-Quiz 4.78 .097 < .001 5.27 .125 < .001

Traffic Scenario z β p z β p
Single vs. Listening 1.50 .025 .133 1.60 .041 .111
Single vs. Radio-Quiz 1.40 .028 .161 .667 .024 .505
Radio-Quiz vs. Listening -.240 -.004 .810 .604 .016 .546
Tablet-Quiz vs. Single 2.88 .065 < .01 1.41 .065 .158
Tablet-Quiz vs. Listening 4.55 .090 < .001 2.92 .106 < .01
Tablet-Quiz vs. Radio-Quiz 4.16 .094 < .001 2.06 .090 .040

Table 4-1. Between-conditions comparisons of measurements related to lane 
deviation in both driving scenarios. Comparisons were computed by applying a 
Tukey honest significant difference on the linear mixed-effects models. The resulting 
z values, p values, and estimates (β) are reported. Bold numbers indicate significance 
at the 0.05 level.

boekje.indb   83 18/01/16   20:22



84 Chapter 4: Driving and Multitasking: The Good, the Bad, and the Dangerous

Comparisons Direction Changes Max Lane Deviation
No-Traffic Scenario z β p z β p
Single vs. Listening 2.01 14.6 .045 1.19 .055 .232
Single vs. Radio-Quiz 1.57 11.5 .116 2.19 .070 .029
Radio-Quiz vs. Listening .467 3.08 .641 -0.38 -.015 .706
Tablet-Quiz vs. Single 1.57 11.5 .012 3.68 .267 < .001
Tablet-Quiz vs. Listening 4.55 45.4 < .001 4.58 .322 < .001
Tablet-Quiz vs. Radio-Quiz 4.24 42.3 < .001 5.54 .337 < .001

Traffic Scenario z β p z β p
Single vs. Listening .343 2.17 .732 .599 .043 .549
Single vs. Radio-Quiz -.136 -.833 .892 .147 .012 .883
Radio-Quiz vs. Listening .384 3.00 .701 .307 .031 .759
Tablet-Quiz vs. Single 31.8 5.49 < .001 2.05 .160 .040
Tablet-Quiz vs. Listening 33.9 3.73 < .001 2.52 .203 .012
Tablet-Quiz vs. Radio-Quiz 30.9 4.12 < .001 1.46 .173 .145

Table 4-2. Between-conditions comparisons of measurements related to lane keeping 
in both driving scenarios. Comparisons were computed by applying a Tukey honest 
significant difference on the linear mixed-effects models. The resulting z values, p 
values, and estimates (β) are reported. Bold numbers indicate significance at the 0.05 
level.
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Figure 4-6. Performance variables related to lane-keeping consistency. Data for the No-
Traffic group were recorded over the entire block, while data of the Traffic group were filtered 
to remove sections where participants were overtaking other cars. Black dots represent the 
mean across subjects, and bars denote 95% CI. Panels A and C: The number of heading 
changes made during a block. Panels B and D: The mean of the maximum absolute deviation 
from the center of the lane, computed for every minute of driving.
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two separate measures that quantify driving consistency and safety. The directional 
changes (Figure 4-6A and 6C) and maximum deviation (Figure 4-6B and 6D) are 
consistent with the u-shaped lane deviation results of Figure 4-5: in both graphs 
the Tablet Quiz clearly leads to the worst lane-keeping performance, while the 
Radio-Quiz and Listening conditions result in the best performance. This pattern is 
most pronounced in the No-Traffic condition. The number of direction changes is 
higher across conditions in the No-Traffic scenario. This is because there is less data 
available for the Traffic scenario as the overtake sections have been taken out. Again, 
the Tablet-Quiz condition is significantly different from all but one of the other 
conditions. In terms of direction changes the Single condition performs significantly 
worse than Listening condition in the No-Traffic scenario. Examining the maximum 
lane deviation the Single condition performs significantly worse than the Radio-Quiz 
condition in the No-Traffic scenario.

Steering and Speed
Additionally, driving performance was measured using the steering-wheel and car-
speed data (recorded as shown in Figure 4-4B and 4C). Figure 4-7A and 7C show that 
these data are consistent with the lane-keeping data: The significantly larger angle in the 
Tablet-Quiz condition indicates that participants made sharper steering corrections 
compared to the other conditions. While steering is related to lane deviation, the 
steering angle does give different information: the deviation shows the magnitude of 
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Figure 4-7. Driving performance measured for steering and speed variables. Data for the No-
Traffic group were recorded over the entire block, while data of the Traffic group were filtered 
to remove sections where participants were overtaking other cars. Black dots represent the 
mean across subjects, and bars denote 95% CI. Panels A and C: The mean absolute angle of 
the steering wheel position. Panels B and D: The mean driving speed.
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swerving across the lane, while the steering angle gives more information regarding 
how fast corrections were made. Again, the Radio-Quiz and Listening conditions 
resulted in the best performance, while in the Traffic scenario the Single condition 
was significantly worse than the Listening condition, but better than the Tablet-
Quiz. Across all conditions the steering angle was higher in the Traffic scenario when 
compared to the No-Traffic scenario. Finally, the average speed shown in Figure 4-7B 
and 7D shows that while participants were able to keep to the instructed speed quite 
well, the Tablet-Quiz condition consistently led to the slowest driving speed, and was 
significantly different from all other conditions in both scenarios. In addition, the 
Radio-Quiz and Listening conditions differed significantly in the Traffic scenario.

The most immediate difference between the No-Traffic and Traffic scenarios is 
seen in the average speed patterns of Figure 4-7: while the Tablet Quiz condition still 
deviates the most from the 80 km/h target speed, none of the conditions result in 
average speeds that exceeded the target. The Listening condition came closest to the 
target speed. The patterns of the directional changes and maximum deviations are 
less pronounced when compared to the data of the No-Traffic scenario. This is likely 
because less data were available for the Traffic scenario, as all data where participants 
overtook other cars were removed for this analysis. A difference from the No-Traffic 
data is that here the number of directional changes indicate that the Single condition 
did not lead to more frequent swerving compared to the Listening and Radio-Quiz 
conditions.

Comparisons Steering Angle Driving Speed
No-Traffic Scenario z β p z β p
Single vs. Listening 1.41 .252 .158 1.78 .463 .075
Single vs. Radio-Quiz 1.78 .263 .076 1.58 .407 .113
Radio-Quiz vs. Listening -.069 -.011 .945 .325 .055 .745
Tablet-Quiz vs. Single 6.62 2.16 < .001 -2.55 -1.65 .011
Tablet-Quiz vs. Listening 7.63 2.41 < .001 -2.07 -1.19 .038
Tablet-Quiz vs. Radio-Quiz 9.70 2.42 < .001 -2.17 -1.25 .030

Traffic Scenario z β p z β p
Single vs. Listening 2.37 .271 .018 -1.42 -.601 .157
Single vs. Radio-Quiz 1.48 .221 .139 .314 .116 .753
Radio-Quiz vs. Listening .408 .050 .683 -2.83 -.716 < .01
Tablet-Quiz vs. Single 15.5 2.28 < .001 -4.48 -2.07 < .001
Tablet-Quiz vs. Listening 15.0 2.55 < .001 -7.36 -2.67 < .001
Tablet-Quiz vs. Radio-Quiz 13.7 2.50 < .001 -5.83 -1.95 < .001

Table 4-3. Between-conditions comparisons of measurements related to driving 
performance in both driving scenarios. Comparisons were computed by applying 
a Tukey honest significant difference on the linear mixed-effects models. The 
resulting z values, p values, and estimates (β) are reported. Bold numbers indicate 
significance at the 0.05 level.
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Overtaking
To evaluate how the overtaking of other cars was affected by secondary tasks we 
considered three variables. The first is the number of cars a participant hit, collapsing 
over hits to left-lane and right-lane traffic. The second variable is accurate turn signal 
use. Accurate use was defined as using the left turn signal when moving to the left 
lane and the right turn signal when moving to the right lane. Any other combination, 
or not using the turn signal at all, was registered as an error. Finally, the overtake-
distance was the distance between the participant’s car and the leading car at the 
moment the participant’s car crosses the center of the road to overtake that car by 
switching to the left lane.

In accordance with the lane-keeping measurements, all three variables in Figure 
4-8 present the Tablet Quiz as the secondary task that resulted in the worst overtaking 
performance. The Radio Quiz led to the least number of cars hit (Figure 4-8A), while 
the Listening and Single conditions performed similarly to each other. Approximately 
89% of the cars that were hit were faster cars in the left lane, while the remaining 11% 
were slower cars in the right lane: left-lane cars are the cars that will overtake the 
participant, and hitting them indicates that either the participant did not see that car, 
or misjudged when that car would overtake the participant. The right-lane cars are 
the cars the participant had to overtake. Hitting them indicates that the participant 
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Figure 4-8. Measurements of overtaking performance. Black dots represent the mean across 
subjects, and bars denote 95% CI. Panel A: The number of cars the participant connected 
with. Panel B: The mean distance to the leading car before the participant initiated an overtake 
maneuver. Panel C: The accuracy of the turn-signal use when changing lanes. Panel D: The 
standard deviation of the distance to the leading car when initiating an overtake maneuver.
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did not steer accurately (while overtaking), or misjudged the speed at which the 
other car was moving, as this speed varied over time. In terms of turn-signal use 
(Figure 4-8C) the Listening condition outperformed all others, with the Radio-Quiz 
and Single conditions sitting in the middle. Figure 4-8B and Figure 4-8D present 
the differences in overtake distance. The only condition that stands out is the Tablet 
Quiz: performance of the other conditions was similar for both the average and the 
standard deviation.

The act of overtaking might reduce secondary-task performance if the driving 
task is prioritized. For both the Radio-Quiz and Tablet-Quiz tasks we investigate 
how likely drivers would answer questions during overtaking when that question 
was prompted during the first half of an overtake maneuver. If the secondary tasks 
were not affected by overtaking, we would expect to find a ratio around 1:1 between 
responding during overtaking and responding afterwards. However, we found that 
drivers were twice as likely to respond to questions after the overtake maneuver was 
completed for both the Radio Quiz (65%; p < .001 given P(H) = 50%) and Tablet 
Quiz (68%; p < .001 given P(H) = 50%). When examining the accuracy on questions 
answered during overtaking we found a reduction in accuracy for the Tablet Quiz. 
However, neither the difference in the Tablet Quiz (74% vs. 67%; β = -.640, z = -1.91, 
p = .057) nor the difference for the Radio Quiz (74% vs. 78%; β = .120, z = .439, p = 
.660) reached significance.

Comparisons Cars Hit Overtake Distance (M)
No-Traffic Scenario z β p z β p
Single vs. Listening -.134 -.083 .893 .458 .365 .647
Single vs. Radio-Quiz 1.34 .792 .173 .759 .542 .448
Radio-Quiz vs. Listening -1.43 -.875 .153 -.205 -.177 .838
Tablet-Quiz vs. Single 2.20 2.08 .028 2.04 1.30 .042
Tablet-Quiz vs. Listening 2.22 2.00 .027 2.60 1.66 < .01
Tablet-Quiz vs. Radio-Quiz 3.70 2.88 < .001 2.61 1.84 < .01

Turn Signal Overtake Distance (SD)
Traffic Scenario z β p z β p
Single vs. Listening -2.34 -.924 .019 -.144 -.054 .886
Single vs. Radio-Quiz .529 .145 .596 -.262 -.101 .793
Radio-Quiz vs. Listening -3.20 -1.07 < .01 .148 .047 .882
Tablet-Quiz vs. Single -2.79 -.889 < .01 2.20 1.29 .028
Tablet-Quiz vs. Listening -4.60 -1.81 < .001 3.39 1.23 < .001
Tablet-Quiz vs. Radio-Quiz -2.69 -.743 < .01 2.50 1.19 . 012

Table 4-4. Between-conditions comparisons of measurements related to overtaking 
actions. Comparisons were computed by applying a Tukey honest significant 
difference on the linear mixed-effects models. The resulting z values, p values, and 
estimates (β) are reported. Bold numbers indicate significance at the 0.05 level.
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Summary of Empirical Results
When taken together, the measurements we computed using the driving data 
present a comprehensive evaluation of driving consistency and safety under varying 
different loads for working-memory, perception, and motor actions. The influence of 
secondary tasks on driving performance was compared by ranking the performance 
of each secondary task, per variable, for each of the scenarios as presented in Table 
4-5: ranks were assigned from worst performance (--) to best performance (++) 
according to the averages presented in earlier plots. For a comprehensive analysis of 
the ranked data we refer to the Appendix.

The Tablet Quiz is the worst scoring secondary task, ranking lowest in almost all 
variables across both scenarios. The remaining three conditions see some variation 
across scenarios: In the No-Traffic scenario, the Single condition resulted in the lowest 
performance after the Tablet-Quiz condition, while the Radio-Quiz and Listening 
conditions scored equally well. In the Traffic scenario the Single condition remains 
the second-lowest performing. However, there is a difference between Radio Quiz 

Measurement Single Listening Radio Quiz Tablet Quiz
No-Traffic
Lane Deviation (M) - + ++ --
Lane Deviation (SD) - + ++ --
Direction Changes - ++ + --
Max Lane Deviation - + ++ --
Steering Wheel Angle - ++ + --
Driving Speed -- ++ + -
Average - +/++ +/++ --

Traffic
Lane Deviation (M) - + ++ --
Lane Deviation (SD) - ++ + --
Direction Changes + ++ - --
Max Lane Deviation - ++ + --
Steering Wheel Angle - ++ + --
Driving Speed + ++ - --
Average - ++ + --

Car Hits + - ++ --
Overtake Distance (M) - + ++ --
Overtake Distance (SD) ++ + - --
Turn Signal Accuracy - ++ + --
Average - +/++ +/++ --

Table 4-5. A ranking of all measurements made for the No-Traffic and Traffic 
scenarios, as well as the measurements related to overtaking.  The ranking of 
best performance to worst performance is ++, +, -, and finally --.
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and Listening, with the Radio Quiz leading to slightly lower driving performance 
overall. Looking at the variables related to overtaking, the order of the conditions 
is much less defined (with the exception of the Tablet Quiz): The Single condition 
leads to performance that is only slightly worse than the two aural conditions. The 
two remaining conditions, Listening and Radio Quiz, showed performance similar 
to each other.

Discussion
In this study we expanded on previous research regarding the positive and negative 
effects of multitasking during driving. We compared different secondary tasks 
and driving scenarios within a single paradigm. Furthermore, we used typical 
commute durations of 30 minutes for each condition to approximate realistic driving 
circumstances. This paradigm allowed us to compare secondary tasks and driving 
scenarios based on the cognitive requirements placed on the driver. To summarize, 
we found that when ordering the different secondary-task conditions based on the 
expected interference with driving (i.e., visual working-memory task, aural working-
memory task, aural task, and finally no secondary task), a u-shaped pattern appears 
that was consistent across measurements. This pattern indicated that a visual 
working-memory secondary task resulted in the worst driving performance, while 
aural secondary tasks led to the best driving performance – better than not having 
a secondary task. The overtaking data did not show a consistent pattern, except for 
the visual tablet task, which led to significantly lower driving performance across 
measurements. 

Thus, all results clearly show that the visual secondary task led to the worst driving 
performance across measures. However, the result that stands out was that driving 
without a secondary task did not lead to the best performance; instead listening to the 
radio resulted in better driving. This is in line with earlier research on monotonous 
driving conditions with very sparse traffic (Gershon et al., 2009; Atchley and Chan, 
2010). We extended these results to a driving scenario with a substantial number of 
vehicles. Under these circumstances the driving task is more engaging because the 
driver must monitor, and react to, traffic.

As discussed in the introduction, at least two theories can explain why driving 
without a secondary task might lead to worse performance under both circumstances. 
Execution-focus theories imply that increasing the step-by-step attentional control of 
skilled processes – which is the case with driving as a single task – might disrupt 
proceduralized processes in sensorimotor tasks (Baumeister, 1984; Beilock & Carr, 
2001). Actions that are normally executed as a single uninterrupted unit are divided 
up it to smaller units that are executed separately, leading to slower actions. Thus, 
over-regularization of the driving task can lead to a decrease in performance because 
the actions that must be performed are slowed down. This is similar to explicitly 
thinking of how each foot is placed while walking. The issue with these theories is 
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that they assume that the driver is under significant performance pressure, which is 
unlikely in our paradigm for both of the traffic scenarios.

Another possibility is that while the traffic scenario that we used is not quite 
as monotonous as the sparse-traffic scenarios in previous studies, it is still quite a 
repetitive sequence of lane keeping and overtaking, which likely leads to boredom over 
a 30-minute drive. This might cause people to shift focus towards internal processes, 
resulting in a decoupling from the external environment (Cheyne et al., 2009; 
Smallwood & Schooler, 2015). This type of mind wandering can have a significant 
negative impact on driving behavior because it affects how well a driver observes the 
surroundings (He et al. 2011). To us, this seems the more likely explanation. To test 
this possibility, it would be interesting to measure mind wandering during driving 
directly, for example with EEG or pupil dilation (e.g., Mittner et al., 2014).

In general, the effects we found were small, with differences typically in the order 
of 10%. People seem to adapt their behavior to the driving circumstances. This is 
most evident in the average driving speed presented in Figures 7B and 7D: The 
difficulty of the visual tablet task leads drivers to slow down. In addition, there are 
indications that drivers prioritize the driving task during overtaking, given that they 
are inclined to postpone a response to a task until the maneuver has been completed. 
Despite this, concurrent performance of the task involving a tablet did clearly lead to 
the worst overtaking performance. This result could be explained if we assume that 
even during overtaking an occasional switch of attention to the secondary task would 
occur: a glance at the tablet is more costly compared to the other tasks, as visual 
interference has a larger impact on driving performance than aural interference 
because the environment can no longer be monitored.

The results of this study provide a more complete understanding regarding the 
interaction between secondary tasks and driving circumstances and the resulting 
driving performance. Essentially, the observations are in line with current theories 
of multitasking (Salvucci & Taatgen, 2008; Wickens, 2002): performance is primarily 
reduced when there is a resource conflict. A driving scenario with no right-lane traffic 
has low working-memory and motor load. Under these circumstances the driving 
task is complemented by tasks that require aural and working-memory facilities, as 
there is no resource overlap. While driving without a secondary task is expected to 
lead to the highest driving performance, it is also the condition with the highest risk 
of mind wandering. The effects of mind wandering are consistent with the observed 
driving performance: mind wandering can lead to a narrowed visual focus, which 
could cause insufficient monitoring of the environment (He et al., 2011). Finally, 
a visual task interferes strongly with driving task even when there is no traffic to 
account for, as lane keeping still requires constant visual attention.

When there is other traffic that needs to be reacted to, driving has a much 
higher working-memory and motor load: the location of surrounding vehicles has 
to be monitored, and the environment has to be navigated (Gugerty, 1997). As a 
consequence, driving performance was affected when a secondary task required 
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additional information to be maintained in working memory:  a concurrently 
performed aural working-memory task led to worse driving performance than 
an aural listening task, as primarily seen in the average driving speed. This is not 
observed when there is no surrounding traffic, thus it is likely due to the overlap in 
working-memory requirements. The effect is only minor, however, as driving without 
a secondary task still leads to comparatively worse driving performance. A visual 
working-memory task again leads to the lowest driving performance, as there is 
overlap in two crucial resources.

The study we performed shares similarities with the work by Gershon et al. (2009) 
and Atchley and Chan (2010), who both showed that a secondary task during driving 
could have a positive effect. Furthermore, Brookhuis et al. (1991) found that on 
monotonous stretches of highway a telephone conversation would improve a driver’s 
swerving behavior. However, whereas these previous investigations tested the effect 
of either a single secondary task on driving performance or a single driving scenario 
(or both), we tested a range of different tasks with different resource requirements, 
under different driving conditions. The paradigm we used made it possible to directly 
compare secondary tasks, as well as investigate the interaction between secondary 
task and driving circumstances. This allowed us to determine that a simple listening 
task complements driving more consistently under varying traffic circumstances 
than the relatively complex tasks used by Gershon et al. (2009) and Atchley and Chan 
(2010). Furthermore, we found no evidence that a more involved secondary task can 
have a stronger positive effect on driving than the passive listening task. 

To conclude, safe multitasking during driving depends on engaging in tasks that 
complement the requirements of driving at that particular time. When the driver is 
fully engaged, such as when driving through city traffic, it is best to focus fully on 
driving as indicated by previous research (Neyens & Boyle, 2007; Stein, Parseghian, 
& Allen, 1987). However, on roads with low traffic density the driving task is much 
less demanding, and may lead to mind wandering. Such an internally focused 
distraction can lead to bad driving performance because the environment is no 
longer monitored sufficiently. While mind wandering is not as dangerous as a visual 
distraction during driving, this work shows that it might be sensible to engage in 
mildly distracting activities such as listening to the radio. These can prove beneficial 
to driving performance by providing a less interfering task alternative.

Appendix: Integrated Driving Performance
Here we report the performance differences between conditions and driving scenarios 
when integrating the different measurements. When combined, the measurements 
we computed using the driving data present a comprehensive evaluation of driving 
consistency and safety under varying cognitive and peripheral loads. For each 
dependent variable an order can be determined per participant that ranks the four 
different conditions from worst to best performance. From best to worst, conditions 
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were given a rank from 0 to 3 depending on the performance of the particular 
participant. To visualize these rankings they were summed to determine a total score 
per condition, the averages of these scores can be seen in Figure 4-9. A higher score 
indicates worse overall performance for that condition. To score the lane keeping 
performance we summed the ranks of average lane deviation, directional changes, 
max deviation, wheel angle, and average speed. The limitation of this scoring approach 
is that it is based on an ordinal scale, and therefore not continuous. However, it is 
the best method we have found to integrate the dissimilar measurements of driving 
performance.

To determine if the ranks achieved by participants were significantly different 
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Figure 4-9. Aggregated performance scores for each condition. Black dots represent the mean 
across subjects, and bars denote 95% CI. Panel A: The mean penalty for driving performance 
during the No-Traffic scenario. Panel B: The mean penalty for driving performance during the 
non-overtaking sections of the Traffic scenario.

Comparisons No-Traffic Traffic
z β p z β p

Single vs. Passive -2.61 -.562 .014 -2.21 -.463 .033
Single vs. Radio-Quiz -2.27 -.484 .028 -2.47 -.524 .020
Radio-Quiz vs. Passive -.371 -.078 .711 .289 .061 .773
Tablet-Quiz vs. Single -8.89 -2.19 < .001 -9.48 -2.40 < .001
Tablet-Quiz vs. Passive -11.0 -2.75 < .001 -11.1 -2.87 < .001
Tablet-Quiz vs. Radio-Quiz -10.8 -2.67 < .001 -11.3 -2.93 < .001
Table 4-6. Between-conditions comparisons of ranked measurements related 
to lane keeping in both driving scenarios. The resulting z values, p values, and 
estimates (β) are reported. The p-values were corrected for multiple comparisons 
using a False Discovery Rate correction. Bold numbers indicate significance at the 
0.05 level.
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between conditions, we computed cumulative-link models (Agresti, 2002) for both 
traffic scenarios. The output of these models can be seen in Table 4-6. Integrated 
driving performance scores for the No-Traffic (Figure 4-9A) and Traffic (Figure 
4-9B) scenarios followed the same u-shaped pattern seen in plots of individual 
measurements in the main text. The Tablet-Quiz has the highest average aggregated 
score, which was significantly different from the remaining three conditions. The 
scores of the Listening and Radio-Quiz conditions were significantly lower than the 
Single condition in both driving scenarios, and thus the two auditory conditions led 
to the best performance on average.
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Abstract
While multitasking has received a great deal of attention from researchers, we still know little 
about how well people adapt their behavior to multitasking demands. In three experiments, 
participants were presented with a multicolumn subtraction task, which required working 
memory in half of the trials. This primary task had to be combined with a secondary 
task requiring either working memory or visual attention, resulting in different types of 
interference. Before each trial, participants were asked to choose which secondary task they 
wanted to perform concurrently with the primary task. We predicted that if people seek to 
maximize performance or minimize effort required to perform the dual task, they choose 
task combinations that minimize interference. While performance data showed that the 
predicted optimal task combinations indeed resulted in minimal interference between tasks, 
the preferential choice data showed that a third of participants did not show any adaptation, 
and for the remainder it took a considerable number of trials before the optimal task 
combinations were chosen consistently. On the basis of these results we argue that, while 
in principle people are able to adapt their behavior according to multitasking demands, 
selection of the most efficient combination of strategies is not an automatic process.

Decision Making in Concurrent Multitasking: Do 
People Adapt to Task Interference?
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Introduction
Multitasking has become a staple of modern society: its influence reaches into just 
about every aspect of our daily lives. The prevalence of multitasking affects the grades 
of students (Junco & Cotten, 2012), the way jobs are performed (Mark & Gonzalez, 
2005), our safety during driving (Borst et al., 2010; Borst, Taatgen & Van Rijn, 2010, 
Bratzke, Rolke & Ulrich, 2009; for an overview see Brumby et al., 2011), and even 
performance during sports (Green & Helton, 2011).

Multitasking research has focused on determining the performance cost of 
executing several tasks concurrently compared to performing a single task. One 
important part of multitasking behavior that has received less attention is how people 
determine which activities to do simultaneously, and at what time. Factors that are 
important in these decisions are intrinsic motivation (enjoyment, expertise), and 
personality traits such as impulsivity or sensation seeking (Sanbonmatsu, Strayer, 
Medeiros-Ward, & Watson, 2013). Some of these factors could influence the utility 
(Rescorla & Wagner, 1972) of a task, which determines how likely a task is chosen 
in a multitasking context. This raises an interesting question: Is utility purely based 
on aspects of the task itself, and therefore independent of multitasking, or can the 
multitasking context change the utility of tasks and therefore the decision process? 

We hypothesize that task utility can also be influenced by how effectively a 
second task combines with the primary activity: some combinations of tasks may 
decrease overall performance, while other tasks do not. If people want to maximize 
their utility, they should combine tasks that minimize the performance decrement. 
Although there is some evidence for this from the area of sequential multitasking 
(i.e., people alternating between tasks (Kushleyeva, Salvucci, & Lee, 2005; Salvucci 
& Bogunovich, 2010)), almost no data is available in the context of concurrent 
multitasking: research has been limited to the influence of task priority imposed by 
instructions to the participants (Brumby, Davies, Janssen, & Grace, 2011).

In this paper we investigate whether people adapt their choices in concurrent 
multitasking to combinations of tasks that work together well, even though it is 
not immediately obvious what these combinations are. Furthermore, we examine 
whether this adaptation is part of a learning process, or determined instantly.

Interference in Multitasking
The decrement in performance that can occur when multiple tasks are performed 
concurrently is typically attributed to interference between the tasks. Theories 
regarding the effect of interference can roughly be divided into theories emphasizing 
processing bottlenecks versus theories emphasizing capacity sharing. According to 
bottleneck theories, certain processing stages (e.g., perception, response) cannot be 
performed in parallel: when two tasks require such a stage at the same time, one task 
will be delayed until the other task no longer requires it (Pashler, 1994). Proposed 
bottleneck theories hold different views regarding which stages or resources can 
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become a bottleneck, and which can be used in parallel (Borst, Taatgen, & Van Rijn, 
2010; Bratzke, Rolke, & Ulrich, 2009; Marti, Sigman, & Dehaene, 2012; Pashler, 1994).

Capacity-sharing theories state that resources can be shared by tasks. However, 
when two tasks have to share the capacity of a single resource, performance degrades 
(Navon & Gopher, 1979). A well known account of this type is multiple resource 
theory (Wickens, 2002). According to Wickens, interference increases when tasks 
share more resources. These resources can be cognitive or response-related stages, 
but also sensory modalities or information channels. While this gives us a measure 
of the amount of interference we can expect, it does not explain the mechanism that 
leads to the performance decrease.

The bottleneck and capacity sharing theories have both influenced the development 
of cognitive architectures. This resulted in several different computational accounts 
of multitasking interference. In EPIC (Executive-Process Interactive Control) (Meyer 
& Kieras, 1997), all central-cognitive resources (e.g., declarative memory, production 
memory) can, but peripheral resources (e.g., vision, motor) can not be used by 
multiple tasks at the same time. Use of the resources is accomplished through a 
decision rule system, and serial behavior is a result of a combination of peripheral 
bottlenecks and a strategy that interleaves production rules of multiple tasks.

A more recent explanation of multitasking interference is threaded cognition 
(Salvucci & Taatgen, 2008). According to threaded cognition, all cognitive resources 
(i.e., visual perception, motor control, working memory) can only be used by a 
single process at any given time. Interference will occur when use of a resource by 
one process will delay another. Task scheduling is achieved by a straightforward 
interleaving process: whenever a task needs a particular resource and that resource is 
not in use by another task, it can use it, otherwise it has to wait. Threaded cognition 
has been used to explain a variety of multitasking results (Borst, Taatgen, & Van Rijn, 
2010; Salvucci & Taatgen, 2011; Taatgen, Juvina, Schipper, Borst, & Martens, 2009), 
and is in line with recent investigations into multitasking interference, which identify 
both serial and parallel components in task processing (Sigman & Dehaene, 2008). 
This led us to use predictions from threaded cognition to develop a paradigm suitable 
for investigating how people adapt their multitasking behavior.

Paradigm
To test whether people adapt their choices to minimize multitasking interference, 
we developed a paradigm where the expected severity of multitasking interference 
was varied between four possible task combinations. Participants were given a fixed 
primary task, multicolumn subtraction, which had to be performed in every trial. 
The subtraction task consisted of ten columns that had to be solved digit-by-digit 
in standard right-to-left order. There were two types of subtraction problems: in 
the easy condition all upper-term digits were larger than the corresponding lower-
term digits. Participants therefore did not need to remember any carries in order to 
solve the problem. In hard condition, six of the ten columns required the participant 
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to perform a carry operation. The subtraction task requires visual (attention and 
processing), manual (motor control of the hands), as well as declarative memory 
(retrieving facts about subtracting numbers) resources. 

The difference between the two subtraction conditions is that in the hard 
condition the state of the carry must be maintained between the columns. Based on 
earlier research we believe this carry to be stored in working memory (WM) (Borst, 
Taatgen, & Van Rijn, 2010). The concept of WM we employ is very similar to that 
of the focus of attention (Borst, Taatgen, & Van Rijn, 2010; Oberauer, 2002), and is 
based on the memory system present in ACT-R (Anderson, 2007). This focal WM 
can contain only a single chunk of information. When multiple chunks have to be 
remembered, only one chunk will be in the focus, and the rest will be in declarative 
memory (DM). Thus, requiring WM-like access to multiple chunks will require that 
chunks be swapped between focal WM and DM. As swapping from DM takes time 
(in the order of several hundred milliseconds, (Borst, Buwalda, Van Rijn, & Taatgen, 
2013; Salvucci, Taatgen, & Borst, 2009), and there is a risk that a chunk can no longer 
be retrieved from DM because it has been forgotten, requiring WM-like access to 
multiple chunks causes interference. 

At the start of every trial, participants were shown the subtraction condition 
(easy or hard), and were given a choice between two secondary tasks: tone counting 
or tracking. In the tracking task (Martin-Emerson & Wickens, 1992) participants 
had to keep a moving dot within a circle using a trackball peripheral device. From 
a cognitive standpoint, the tracking task used both visual and manual resources, 
but WM is unlikely to be involved. In the tone-counting task tones were presented 
to participants through a pair of headphones. After completing the last digit of the 
subtraction task, participants were prompted to type in the number of tones they had 
heard. The tone-counting task required aural (auditory attention and processing) and 
WM resources, but not the visual resource.

There is no contention for WM resources when either tone counting or tracking 
is combined with the easy subtraction task since the easy subtraction task does 
not require WM. However, since both tracking and subtraction require the 
visual and manual resources, threaded cognition predicts that easy subtraction is 
more compatible with tone counting than with tracking. However, during a hard 
subtraction problem, there is significant overlap with each of the secondary tasks: 
The overlap with tracking is in the visual and manual resources, while the overlap 
with tone-counting is in the WM resource. Overlap in the WM resource is typically 
thought to be more disruptive than overlap in the visual and manual resources: 
visual and manual interference typically lead to delays in the order of 100-200ms, 
while reinstating WM contents from declarative memory consumes much more time 
and has a chance of failure (Borst et al., 2013; Borst, Taatgen, & Van Rijn, 2010). 
Based on these results, we predict that hard subtraction is more compatible with 
the tracking task than with the counting task. To summarize, the conditions form 
an interference gradient ranging from no interference (easy subtraction and tone-
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counting) to severe interference (hard subtraction and tone counting), as a function 
of both resource overlap and resource type. We predict that if people adapt their 
choices to maximize utility during multitasking, they will choose task combinations 
that minimize interference.

We present three experiments aimed at investigating if and how behavior adapts to 
multitasking interference. In Experiment 1 we investigated whether task combinations 
led to the expected interference patterns and preference. Participants were first trained 
on all combinations of primary and secondary tasks, and were then given the choice 
of secondary tasks at the onset of every trial. In Experiment 2 we further investigate 
preference, as well as the learning behavior that leads to task preferences. We more 
strictly controlled the motivation to perform well, and participants were no longer 
trained on the task combinations before they were allowed to choose the second 
task freely. In Experiment 3 we further explore the degree of interference required 
for correct determination of ideal task combinations, by making the difference in 
interference between combinations more distinct.

Experiment 1 

Participants
A total of 23 participants (16 female, Mage = 21.0, age range: 18-24) were recruited 
for the experiment. This study was approved by the Ethical Committee Psychology 
of the University of Groningen, and written informed consent was obtained for all 
participants. Participants received €10 per hour for their participation. All participants 
had normal or corrected to normal vision.

Materials and Methods
The setup consisted of the subtraction task with either tracking or tone counting. 
Participants were instructed to perform both tasks concurrently as well as they could. 
The subtraction was either an easy or hard problem. In all of the subtraction problems 
only the column to be solved was visible to the participants, with all other columns 
masked by hash marks. This was to prevent participants from using visual cues instead 
of WM to keep track of carries in the carry subtraction condition (cf. Borst, Taatgen, 
Stocco, & Van Rijn, 2010). The left hand was positioned on the numeric keypad of 
a keyboard to solve the subtraction. Feedback on subtraction was only given during 
practice trials by coloring the number either green for correct or red for incorrect.

For tracking, the right hand was placed on the trackball. Feedback was audio-
visual: each time the dot went outside the circle, the participant would be signaled by 
a beep, and the color of the circle would change from black to red. Given that motor 
skills can vary widely, we adapted task difficulty to the performance profiles of each 
participant: when the dot stayed in the circle for three seconds its movement speed 
would increase by 7% of the base speed. Whenever the dot went outside the circle, the 
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movement speed would decrease by 14% of the base speed. Typically, this caused the 
dot to be inside the circle around 90% of the time.

In the tone-counting task participants had to click a trackball button with their 
right thumb when they heard a tone. This was done to keep both hands occupied, 
keeping participants from counting using their fingers. Participants had to respond 
at the end of the trial. If they reported the wrong number of tones when prompted, a 
buzzer sounded and the text ‘Wrong’ with the correct number of tones was displayed 
for six seconds. When answered correctly, the text ‘Correct’ would appear for half a 
second.

The study consisted of a single-task practice block (Block 0: 16 subtractions, 
divided into eight easy and eight hard trials, one tone-counting, and one tracking 
trial) followed by a dual-task practice block (Block 1: 16 trials, with every concurrent 
task combination appearing four times). The order of combinations in Block 1 was 
counterbalanced between participants. This dual-task block with fixed combinations 
was added to give participants some experience with all possible combinations 
before introducing free choice of the secondary task. In the 48 trials of Block 2 the 
subtraction task alternated between easy and hard every two trials: before each trial 
the participants were shown the subtraction difficulty of the upcoming trial and could 
choose whether they wanted to perform tone counting or tracking concurrently with 
subtraction.

Results
All reported F- and p-values are from repeated-measure ANOVAs, and all accuracy 
data were transformed with a logit transformation before performing ANOVAs. For 
the accuracy and latency data only Block 1 data were considered, as the number of 
trials per condition in Block 2 were unbalanced as the participants chose the task 
combinations. Table 5-1 summarizes the results.

Subtraction Task
Accuracy Response Times

Source F(3,66) p ηp
2 F(3,66) p ηp

2

Type 89.35 <.001 .58 148.39 <.001 .83
Secondary Task 6.91 .011 .09 1.83 .181 .03
Type x Secondary Task 4.77 .033 .07 <1 - -

Secondary Task
Tone-counting Tracking

Source F(1,22) p ηp
2 F(1,22) p ηp

2

Type 29.76 <.001 .57 4.07 .056 .16

Table 5-1. Summary of ANOVA results for Experiment 1. Type = Subtraction 
type.
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Interference Effects
Analysis of the subtraction accuracy data (Figure 5-1A) shows a main effect of 
subtraction type (F(3, 66) = 89.35, p < .001, ηp

2 = 0.58), indicating that the accuracy of 
hard subtraction was lower than easy subtraction.  There was an effect of secondary 
task (F(3, 66) = 6.91, p = .011, ηp

2 = 0.09), as the reduction in subtraction accuracy 
between easy and hard was smaller when subtraction was combined with tracking 
instead of tone-counting (6% vs. 10% accuracy reduction). There was also an 
interaction between type and secondary task (F(3, 66) = 4.77, p = .033, ηp

2 = 0.07): 
while easy subtraction performance is very similar for either secondary task, hard 
subtraction performance degrades more when combined with tone counting. 

A post-hoc Tukey honest significant difference (HSD) test showed that, apart 
from easy subtraction with tracking versus easy subtraction with tone counting, 
conditions were significantly different from each other (at the p < .001 level, except 
for hard subtraction with tracking versus hard subtraction with counting, which 
was significant at the p < .01 level). Contrary to tone-counting, and in line with 
the hypotheses, the addition of tracking did not affect subtraction accuracy much: 
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Figure 5-1. Performance results of Block 1 for Experiment 1. Averages for each condition 
are shown as a black dot, with a corresponding 95% confidence interval. The gray volume 
behind the averages is an estimate of the density, computed from the distribution of the 
data underlying the averages (Kampstra, 2008). Panel A: Percentage of incorrect columns 
in a subtraction problem. Panel B: Latency on solving a single subtraction column. Panel C: 
Percentage of time outside the circle during the tracking trials. Panel D: Error distance of tone 
counting answers.
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participants performed only slightly worse compared to subtractions with no 
secondary task (a 0% error increase for easy subtractions, and a 1% error increase 
for hard subtractions). Th is indicates the visual interference resulted in only a mild 
performance reduction. For latency (Figure 5-1B) there is a main eff ect of subtraction 
type for solving a single column (F(3, 66) = 148.39, p < .001, ηp

2 = 0.83), as hard 
subtractions take considerable more time to complete.

Examination of the performance on the tone counting and tracking tasks shows 
that while tracking accuracy (Figure 5-1C) is hardly aff ected by subtraction type (F(1, 
22) = 4.07, p = .056), tone counting (Figure 5-1D) is associated with lower accuracies 
when the subtraction task is hard: the mismatch between the given and the correct 
answer is larger (F(1, 22) = 16.20, p < .001, ηp

2 = 0.42). Th e eff ect of resource overlap 
is clear in the performance of the secondary task: tracking performance does not 
change much depending on the subtraction type, but participants make signifi cantly 
more mistakes in tone-counting.

Th e tracking task adapts to the participant, so it is possible that a reduction in 
tracking speeds during hard subtraction trials causes the performance to remain 
steady. However, no diff erence was found between the average adapted tracking 
speeds of easy and hard trials as the average tracking speed during hard subtractions 
was 0.2% higher compared to easy subtractions (F < 1). As such, it is unlikely that 
the stable performance results from variances in tracking diffi  culty. Th is stability is 
expected if the interference between tracking and subtraction does not change when 
carries are introduced. 

All Participants
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Counting 50/50 Tracking

Hard Subtraction
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Preferred Counting
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Hard Subtraction
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Counting 50/50 Tracking
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Switched
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Figure 5-2. Secondary task choices for Experiment 1. Averages and 95% CI are plotted and 
the gray volume behind the averages is a plot of the estimated density of the underlying 
data (Kampstra, 2008). Panel A: Average choices for the best task combinations over all 
participants. Panel B, C and D: average combination choices for the participants that favored 
counting, tracking, and switching secondary task, respectively.

boekje.indb   103 18/01/16   20:22



104 Chapter 5: Decision Making in Concurrent Multitasking: Do People Adapt to Task Interference?

Task Preference
Th e performance results are highly compatible with our initial prediction, and 
suggest that our paradigm is suitable to investigate choice adaptation to multitasking 
interference. An analysis of the Block 2 choice data (Figure 5-2A) shows that on 
average participants selected tone counting in 82% of the trials where the subtraction 
task had no carries. When faced with hard subtraction condition, there was a 
signifi cant (F(1, 22) = 8.13, p < 0.01, ηp

2= 0.27) shift  towards selecting the tracking 
task, which was chosen in 41% of all trials. Th is implies that participants had a strong 
preference for the optimal combination when subtraction was easy, but showed much 
less certainty when subtraction was hard, as secondary task preference was close to 
chance when subtraction was hard. 

How well choices conform to the expected optimal task combinations can be 
described in terms of signal-detection theory (Green & Swets, 1966). If we reason 
from the perspective of the tone-counting task, each secondary task choice can fall 
into one of four categories: hit (easy & tone-counting), false-alarm (hard & tone-
counting), miss (easy & tracking), and correct rejection (hard & tracking). To measure 
detection performance, the true positive rate (TPR, also known as sensitivity) can be 
compared against the false positive rate (FPR, or one minus specifi city). Within our 
paradigm, the TPR can be defi ned as the proportion of easy & tone-counting choices. 
Similarly, the FPR is the proportion of hard & tone-counting choices.

We performed a two-dimensional hierarchical clustering of the participants based 
on their TPR and FPR scores (Ward, 1963), and found three distinct groups (shown 
in Figure 5-2B, 5-2C and 5-2D): participants who chose tone-counting almost 
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Figure 5-3. Change in preference over time for Experiment 1. Task 
preference over time is shown for the participants that switched between 
secondary tasks. Th eoretically, the lowest interference is obtained when 
easy subtraction problems (“+”) are combined with counting, and hard 
subtractions (“x”) are combined with tracking.
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exclusively (n=14, or 61%), participants who chose tracking almost exclusively (n=2, 
or 9%), and participants who, as predicted for sufficient interference sensitivity, 
switched secondary task (n=7, or 30%). Choices of the participants who switched are 
in the direction of the expected combinations, but did not seem to show a learning 
effect: preferences over trials as presented in Figure 5-3 show no convergence toward 
the predicted optimal combinations during Block 2, as during later trials participants 
still combined hard problems with counting and easy problems with tracking.  

Discussion
With Experiment 1 our aim was to determine whether the predicted interference 
between certain combinations of tasks held, and whether or not people base their 
choice of tasks only on the tasks themselves, or also on the multitasking context. The 
behavioral results were in line with our predictions: the task combination with the 
highest expected interference, hard subtraction with tone counting, leads to the lowest 
performance. This is followed by hard subtraction with tracking; the remaining two 
combinations result in the least interference, and thus in highest performance. This is 
consistent with the concept of overlap in resources leading to interference, and that 
WM interference is more detrimental to performance than visual interference. Of the 
secondary tasks, only tone counting showed large interference effects; indicating that 
tracking and subtraction are quite compatible within this paradigm.

As the Block 1 performance results were within expectations, we predict that, if 
people adapted to multitasking interference, tone counting would be chosen for easy 
subtractions, while tracking would be chosen for hard subtractions. The data showed 
a strong preference for tone counting when subtraction was easy, but a much weaker 
preference for tracking when subtraction was hard: participants seem to adapt only 
partially. A closer look revealed large individual differences in decision behavior. 
Most participants always selected the same secondary task, even though it resulted in 
suboptimal performance. This indicates that for these participants the interference did 
not affect task utility enough to switch tasks strategically. The remaining participants 
showed strong adaptation to the different subtraction conditions by switching 
between secondary tasks. However, only a portion of that group made decisions that 
conformed to the optimal combinations. The other switching participants showed 
the general expected pattern, but did not converge to the optimal choices over time. It 
is possible these participants were still experimenting with task combinations to find 
the optimal solution when the experiment ended.

The results argue that most people do not adapt their choices to minimize the 
multitasking interference, at least not in the time available in the experiment. A 
possible explanation is that their preference for one of the tasks outweighed the 
possible advantage of avoiding multitasking interference. An additional potential 
benefit of always selecting the same secondary task is that it keeps things simpler, and 
offers more opportunity for speed improvements due to practice. 
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Experiment 2 
The goal of experiment 2 is to diminish the impact of preference for one of the 
two secondary tasks, thereby boosting the possible effect of multitasking context. 
Moreover, it will investigate whether learning occurred in the choice process.

Importantly, the experiment was set up to discourage participants from picking 
the same secondary task all the time. This was accomplished by changing the 
difficulty of the secondary tasks depending on the choices of the participant. After 
each trial, the difficulty of the chosen secondary task increased, while the difficulty 
of the not-chosen secondary task decreased. In order not to give participants any 
additional clues regarding the nature of the experiment, they were informed that 
the task difficulty could change, but not when and how this change would occur. 
We assume that increased difficulty of a secondary task decreases the motivation of 
participants to choose it, and we therefore expect to see more participants exhibit 
switching behavior. As such, it will not be the switching per se that will measure 
whether participants adapted their choices to the interference, but how much higher 
the proportion of optimal combinations (in line with the expected preferences) is 
compared to the proportion of switches that can be considered random (performed 
in order to keep difficulty manageable). As preferences were mostly stable after Block 
1 of Experiment 1, we did not include a block with predetermined task combinations: 
this should result in a clear measurement of a possible learning effect for optimal 
task combinations. Furthermore, we increased the number of trials during which 
participants could choose a secondary task, in case convergence to optimal preferences 
takes longer than we previously anticipated. As shown by the previous experiment, 
free choice in task combinations can result in an unequal number of observations per 
condition, which leads to an unbalanced design. A solution would have been to stop 
the experiment only after each condition has been seen an equal number of times. 
However, in practice this could prove infeasible: as some participants never explore 
all possible combinations, the experiment might not end. Therefore the number of 
trials was kept at a fixed number.

Participants
A total of 41 new participants (28 female, Mage = 22.1, age range: 18-25) were recruited 
for the experiment. This study was approved by the Ethical Committee Psychology 
of the University of Groningen, and written informed consent was obtained for all 
participants. Participants received €10 per hour for their participation. All participants 
had normal or corrected to normal vision.

Materials and Methods
All three tasks used in the setup were identical to those in the previous experiment. 
Participants performed the same practice block used in Experiment 1. After the 
practice trials the participants were presented with a single block of 72 trials in 
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which the subtraction condition was randomized such that in every four trials the 
participants would see both subtraction types twice. The difficulty of the secondary 
task depended on the history of choices: if the secondary task chosen in trial n is the 
same as that of trial n-1, the difficulty of that task will be increased after the trial. The 
difficulty of both secondary tasks had limits: from the starting difficulties DCs and 
DTs (reflecting the difficulty of the “C”ounting and the “T”racking task respectively) 
both tasks could increase and decrease by a maximum of 7 steps, resulting in a total 
of 15 difficulties per task. For tracking, one step was a change of 10% of DTs, (taken as 
the average adapted tracking speed in Experiment 1, minus one standard deviation) 
leading to a speed range from 0.3DTs to 1.7DTs. In similar fashion, one difficulty 
step for tone-counting was a change of 0.2 seconds in average tone interval, giving an 
average tone interval range of 0.5 to 3.5 seconds. Note that the tracking adaptation 
using in Experiment 1 was not used in Experiment 2.

Results
As the number of observations per condition was inherently unbalanced due to the 
design of the paradigm, we used linear mixed-effects models instead of ANOVAs to 
interpret the results. Table 5-2 summarizes the results.

The performance within each group bear a strong qualitative resemblance to the 
results of Experiment 1 (represented by the gray crosses in each panel of Figure 5-4 for 
easy comparison), indicating that the task combinations that minimize interference 
were not influenced by changes to the paradigm. Subtraction accuracy (Figure 5-4A) 
shows a main effect for subtraction type (β= -2.30, z = -23.81, p < .001), which argues 
that easy subtractions were indeed easier than hard subtractions. Furthermore, there 

Subtraction Task
Accuracy Response Times

Source β z p β t p
Type -2.30 -23.81 <.001 2.09 36.92 <.001
Secondary Task -1.05 -6.07 <.001 -0.03 1.58 .113
Type x Secondary Task 0.83 7.05 <.001 -0.04 <1 -
Difficulty -0.53 -4.88 <.001 0.27 3.82 <.001

Secondary Task
Counting Accuracy Tracking Accuracy

Source β z p β z p
Type -1.10 -2.76 .005 0.18 2.14 .032
Difficulty 1.03 6.67 <.001 -47.09 -26.27 <.001
Type x Difficulty -0.15 <1 - -4.28 -2.33 .020

Table 5-2. Summary of mixed-effects model results for Experiment 2. Type = 
Subtraction type, difficulty = Secondary task difficulty.
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was an interaction between subtraction type and secondary task (β = 0.27, z = 2.84, p 
< .001), indicating that subtraction accuracy decreased less from easy to hard when 
tracking was used as secondary task. In Figure 5-4B, subtraction latency shows a 
pattern very similar to accuracy. Latency only shows a main eff ect of subtraction type 
(β = 2.09, t = 36.92, p < .001), just as we observed in Experiment 1: hard subtractions 
took much longer to complete than easy subtractions.

Tracking performance (Figure 5-4C) is numerically higher in the hard condition 
(β = 0.18, z = 2.14, p = .032). Th ere was a large eff ect of tracking diffi  culty on accuracy 
(β = -47.09, z = -26.27, p < .001), as well as an interaction between tracking diffi  culty 
and subtraction type (β = -4.28, z = -2.33, p < .020), indicating that increased diffi  culty 
led to lower tracking performance when subtraction was hard. Th is is likely due to 
the higher latency of hard subtractions, which left  less time for tracking. Much like 
tracking accuracy, the size of tone-counting errors (Figure 5-4D) depended strongly 
on tone-counting diffi  culty (β = 1.03, z = 6.67, p < .001). While there was no main 
eff ect of subtraction type on the size of the errors (β = -0.15, z < 1), this main eff ect 
was found for the number of correct counts (β = -1.10, z = -2.76, p = .005). Th is 
indicates that there were more errors during hard subtractions, but the spread of the 
error distance remained the same between the two subtraction types. Overall, the 
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Figure 5-4. Performance results for Experiment 2. Similarly to Figure 5-1, averages and 95% 
CI are plotted and the gray volume behind the averages is a plot of the estimated density of the 
data (Kampstra, 2008). Observed averages of Experiment 1 are plotted as gray crosses. Panel 
A: Percentage of incorrect columns in a subtraction problem. Panel B: Latency on solving a 
single subtraction column. Panel C: Percentage of time outside the circle during the tracking 
trials. Panel D: Error distance of tone counting answers.
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qualitative performance diff erences are very similar to what was found in Experiment 
1, with changes in task diffi  culty having a signifi cant negative impact on each task.

Similar to the analysis of Experiment 1, we used a hierarchical clustering (Ward, 
1963) on the TPR and FPR scores to group participants. Two distinct groups were found: 
participant who switched regularly between secondary tasks (n = 21, or 51%, number 
of switches: Mswitch = 31.57, SDswitch = 11.57), and participants who hardly switched 
at all (n = 20, or 49%, number of switches: Mswitch = 4.05, SDswitch = 4.49). By plotting 
the TPR against the FPR we visualize samples in Receiver Operating Characteristic 
(ROC) space (Green & Swets, 1966) as presented in Figure 5-5A: points closer to the 
top-left  corner indicate a greater adaptation to the optimal combinations, points on 
the diagonal mean chance-level task choices, and points closer to the bottom-right 
equal lower-than-chance adaptation. Against expectation, the majority of the not-
switching group (n = 15, or 75% of the not-switchers) only used the tracking task 
(bottom left  corner), which is an inversion of the tone-counting preference (top right 
corner) found in Experiment 1. Of the participants that switched, those clustered 
around the middle of the diagonal showed a random switching pattern (n = 6, or 40% 
of the switchers). Th e remaining switchers are in the top-left  corner, and conformed 
to the expected optimal choices (n = 9, or 60% of the switchers). Th is means that of 
the participants who switched, the majority adapted their choices to the multitasking 
interference, and that out of all the participants slightly over a fi ft h adapted their 
behavior (9 out of 41, or 22%).

For the optimally switching participants, the preference over time is presented 
in Figure 5-5B. Optimal switchers did not immediately exhibit the predicted 
switching behavior: the preferences are unstable during early trials. About halfway 
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Figure 5-5. Adaptation to interference for Experiment 2. Panel A: Sensitivity of each 
participant, grouped according to ta hierarchical clustering of the preference data. Panel B: 
Change in preference over trials of the optimally switching participant group.
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through the experiment the secondary task preferences converged to the predicted 
minimal interference combinations, giving strong evidence that adapting behavior 
to multitasking interference progresses as a learning curve. Preferences for both 
difficulties start out with a bias for tracking as secondary task. This seems in line with 
the not-switching participants, who also largely prefer tracking. However, this is a 
departure from the counting bias found in Experiment 1, and could be caused by the 
absence of the fixed combinations block, which could influence preference before the 
start of the free-choice block. 

Discussion
Based on the hypothesized explanation that the penalty for suboptimal performance 
was too low in Experiment 1, we predicted that a larger proportion of participants 
would show switching behavior in Experiment 2. The increased proportion of 
switching participants supports this hypothesis. Furthermore, due to the removal of 
the block with fixed task combinations, we obtained a better description of changes 
in preference over time.

Although some participants chose the same secondary task exclusively, it is clear 
that when participants are made more aware of the increased costs of suboptimal 
combination of tasks, their concurrent multitasking decisions improve. A possible 
explanation why some participants never switched is the prioritization of the 
subtractions: the second task becomes less relevant, and performance on that task is 
largely ignored in favor of high performance on the subtraction, even though overall 
performance suffers. Prioritizing the concurrently performed task that is perceived as 
most important has been observed in other research as well (Janssen, Brumby, & Rae, 
2012). Furthermore, participants could have been prioritizing a single secondary 
task: instead of having to learn two additional tasks, they focused on improving their 
performance in either tone-counting or tracking, ignoring the other task.

The majority of participants that focused on one secondary task chose tracking. 
This is not a bad choice: tracking is optimal with hard subtraction, and only slightly 
worse than tone counting for easy subtractions. The small difference between tracking 
and tone counting for easy subtractions might have caused a substantial number of 
participants to be stuck in this sub-optimal solution. Of the switching participants, 
about half eventually converge toward task preferences that minimize interference. 
However, this learning curve takes considerable time, at approximately the same rate 
for both subtraction conditions.

The data of Experiment 2 imply that a fifth (9 out of 41) of participants adapt their 
choices to minimize interference, and almost half of all participants performed sub-
optimally. Several factors could have contributed to this result: for easy subtractions 
the difference in performance between tone counting and tracking might have 
been too small to be noticed by the majority of participants. Furthermore, the 
random-switching and not-switching behavior might also have arisen due to a lack 
of instruction regarding mechanism that determined secondary task difficulty. In 
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Experiment 3 we investigate how these factors affect adaptation to multitasking 
interference.

Experiment 3
The effects of instruction clarity and interference strength were investigated by 
introducing two changes to the paradigm. First, before the experiment the participants 
were informed how the secondary task difficulty changed depending on their choices. 
Second, to increase the visual interference between tracking and easy subtraction, 
the easy subtraction task was visually degraded (see Figure 5-6), thereby increasing 
the visual processing load. This change should make the interference difference for 
secondary tasks more explicit in the easy condition, while maintaining the difference 
between secondary tasks in hard subtractions. We predict that these changes will 
increase the proportion of participants that switch secondary task, compared to 
Experiment 2.

Participants
For the final experiment 28 new participants (13 female, Mage = 20.9, age range 17-
25) were recruited. This study was approved by the Ethical Committee Psychology 
of the University of Groningen, and written informed consent was obtained for 
all participants. Participants received €10 per hour for their assistance, and all 

3367882495

2245670381

Easy subtraction

3649772514
1852983463

Hard subtraction

Figure 5-6. Subtraction task used in Experiment 3. The easy subtraction 
was visually degraded to increase the cost of visual attention switching 
when combined with tracking. In the actual experiment all columns 
except the one to be solved were masked with # marks.
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participants had normal or corrected to normal vision.

Materials and Methods
Apart from the changes listed here, the paradigm was similar to Experiment 2. The 
largest change was the visual degradation: the font was changed from the highly legible 
‘Courier’ to the more difficult to process ‘Mlurmly’, and lines with a thickness of three 
pixels were drawn across the numbers at regular intervals (Figure 5-6). By using the 
legibility measure proposed by Van Rossum (1997), we determined that the new easy 
subtraction text was 53% less legible than the old text: while still readable, processing 
the new easy subtraction task should take slightly longer now. In addition, before 
the start of the experiment participants were instructed that changes in difficulty 
were based on their history of task choices. Finally, the main trial block was slightly 
shorter, as it now consisted of 60 trials.

Results
As in Experiment 2, the performance data was analyzed using a mixed-effects model 
to account for the differences in the number of observations per condition. Table 5-3 
summarizes the results.

When comparing the results of Experiment 3 (error bars in Figure 5-7) with the 
results of Experiment 2 (see Figure 5-5 for the full data, or the crosses in Figure 5-7 
for easy comparison), a number of notable differences can be observed: Participants 
were slower at performing the subtraction task, and easy subtraction performance 
was worse due to the visual degradation we introduced. There was an interaction 

Subtraction Task
Accuracy Response Times

Source β z p β t p
Type -0.07 <1 - 2.17 28.06 <.001
Secondary Task -0.27 -2.13 .033 1.21 8.56 <.001
Type x Secondary Task 0.98 9.73 <.001 -0.53 -4.88 <.001
Difficulty 0.17 1.52 .129 -0.06 <1 -

Secondary Task
Counting Error Size Tracking Accuracy

Source β z p β z p
Type 3.55 4.66 <.001 0.66 10.98 <.001
Difficulty -0.93 -3.24 .001 -77.59 -46.14 <.001
Type x Difficulty -0.90 -2.23 .026 -4.49 -2.91 .004

Table 5-3. Summary of mixed-effects model results of Experiment 3. Type = 
Subtraction type, difficulty = Secondary task difficulty.
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between subtraction type and secondary task (β = -0.27, z = -2.13, p = .033), as tone-
counting caused a larger accuracy loss when subtraction changes from easy to hard, 
whilst subtraction combined with tracking shows the opposite pattern. Th us, the 
visual degradation change seems to have had the desired eff ect on the subtraction 
task. Furthermore, subtraction diffi  culty seems to have become more similar between 
both types compared to the earlier experiments. For latency, we see a main eff ect for 
subtraction type (β = 2.17, t = 28.06, p < .001): hard subtractions required more time 
than easy subtractions. Th ere is a main eff ect for secondary task (β = 1.21, t = 8.56, 
p < .001) as well, as tracking leads to longer subtraction latency than tone-counting 
does.  However, the interaction between subtraction type and secondary task (β = 
-0.53, t = -4.88, p < .001) suggests that for tracking the latency increased less when 
the subtraction becomes hard when compared to tone-counting.

Tracking shows a clear main eff ect of subtraction type (β = 0.66, z = 10.98, p < 
.001), as well as a main eff ect of secondary task diffi  culty (β = -77.59, z = -46.14, p 
< .001): Compared to Experiment 2 diffi  culty was better controlled on average as 
instructions regarding the changing secondary task diffi  culty were more clear, but 
the visual degradation in the easy subtractions reduced time available for the tracking 

Subtraction Error

Wrong Columns (Proportion)
0 10 20 30 40 50

Hard & Tracking

Easy & Tracking

Hard & Counting

Easy & Counting

Subtraction Latency

Latency (Seconds)
0 1 2 3 4 5 6

Hard & Tracking

Easy & Tracking

Hard & Counting

Easy & Counting

Tracking Error

Time Outside Target (Proportion)
0 20 40 60 80 100

Hard Subtraction

Easy Subtraction

Tone-Counting Error  

Error Distance (Tones)
0 2 4 6 8 10

Hard Subtraction

Easy Subtraction

A B

DC

Figure 5-7. Performance data for Experiment 3. Averages and 95% CI are plotted and the 
gray volume behind the averages is a plot of the estimated density of the underlying data 
(Kampstra, 2008). Observed averages of Experiment 2 are plotted as gray crosses. Panel A: 
Percentage of incorrect columns in a subtraction problem. Panel B: Latency on solving a 
single subtraction column. Panel C: Percentage of time outside the circle during the tracking 
trials. Panel D: Error distance of tone counting answers.
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task. Overall tone-counting performance has improved a bit compared to Experiment 
2, and clearly shows main eff ects for subtraction type (β = 3.55, z = 4.66, p < .001).

As in the fi rst two experiments, a hierarchical clustering was performed to identify 
distinct groups of behavior (Figure 5-8A). As only a few participants kept selecting 
tracking almost all the time (n = 3, or 11%), the changes to the paradigm seem to have 
had the anticipated eff ect by preventing the majority of participants from choosing 
suboptimal task combinations. Th is means that in accordance with our prediction, 
most participants displayed switching behavior (n = 25, or 89%). Almost two-thirds 
of the switching participants are located in the top left  corner, indicating that they 
showed the predicted choice preferences (n = 16, or 64% of the switchers), while the 
rest switched more or less randomly by choosing the optimal preferences at chance 
level (n = 9, or 36% of the switchers). Hence, the proportion of expected to random 
switching has changed only slightly compared to Experiment 2. Within the predicted 
switching group, the convergence to the expected preference (Figure 5-8B) seems to 
occur at the same rate as in Experiment 2. Th us, the larger interference diff erence 
between secondary tasks in the easy subtraction condition does not seem to have had 
any eff ect on the learning speed.

Discussion
In Experiment 3 almost all participants show switching behavior, which is a clear 
diff erence from Experiment 2. However, both the ratio of optimal to random 
switching (60% vs. 64% of switching participants) as well as the convergence to the 
predicted preferences was comparable to the results of Experiment 2. Th is would 
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Figure 5-8. Adaptation to interference for Experiment 3. Panel A: Detection sensitivity for 
each participant group, as determined by the hierarchical clustering. Panel B: Change in 
preference over time for the participants that show the predicted preferences.
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imply that while the changes in the experiment promoted switching between 
secondary tasks, they did not affect how secondary task utility was influenced by the 
paradigm: the severity of interference has only a small effect on adaptation of choices 
to the interference. Given that the proportion of participants switching randomly 
to participants switching in an optimal manner is very similar in two experiments, 
this seems to be a robust finding. This could mean that there are people who are less 
sensitive to multitasking interference, or that some were simply not motivated enough 
to take the effort to find optimal combinations. However, if motivation were truly an 
issue, then it would be less effortful to simply pick the same task every time instead 
of reasoning about which task to pick at each trial, so it seems more likely that the 
differences in interference were too subtle for the randomly switching participants.
The rate of adaptation towards optimal combinations also seems to suggest that 
utility dynamics were not affected by the changes in the paradigm. While discovering 
optimal combinations took time, the speed of learning was very similar to Experiment 
2. Thus, an increased difference in interference severity between two selectable dual-
task alternatives did not affect the rate at which task utility changed. This could imply 
that the change in interference was too subtle to cause any changes in adaptation rate, 
or that the task utility for non-optimal tasks was higher at the start of the experiment 
for this batch of participants. Alternatively, it could be that some sort of evidence 
accumulation process, which is independent of utility, influences how fast preferences 
converge to optimal combinations.

In conclusion, as Experiment 2 and 3 are in agreement regarding how many 
people adapt to multitasking interference and how fast this adaptation occurs, we 
have strong evidence that a small majority of people will adapt their choice behavior 
to reduce interference between tasks, and that this adaptation has a considerable 
learning curve.

General Discussion
We investigated whether people adapt their decisions to minimize the interference 
found in a concurrent dual-task. We found that most people are indeed sensitive to 
subtle effects of interference. A series of three experiments show increasing levels 
of choice adaptation when preference for a single secondary task is ruled out as 
much as possible. However, it takes time before the choices are fully adapted to the 
multitasking context: combinations that minimize interference are not recognized 
immediately.

Despite our attempts to discourage a preference for a single secondary task, some 
participants did not exhibit any switching behavior. It seems that the preference for a 
certain task is so strong that our manipulations are not yet sufficient to entice them 
to explore other possibilities. To put this in terms of utility, there are two possibilities 
why some participants do not switch: it could be that the a priori utility of a one 
secondary task is so high that it cannot be surpassed by another secondary task in 
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the time it took the experiments to complete. The second possibility is that for some 
participants the utility for secondary tasks is simply not affected by the manipulations 
of the paradigm. This could be the case if secondary task utility was ignored in order 
to concentrate on the primary subtraction task. If subtractions were prioritized in 
such a way, it could be that the change in utility was ignored, or utility was no longer 
affected in a meaningful way by the effects of task interference. In our experiment we 
did not investigate the effect of task prioritization on choice adaptation, so this area 
is left open for further exploration.

Of all the participants that switched secondary task, some did so randomly. The 
simplest explanation is that while these participants were not able to detect what 
combinations have the lowest interference, they did try to adapt to the increasing 
difficulty of trials. This explanation would mean their task choices were not based 
on the utility of any of the involved tasks. A more intricate version of this account 
that does take task utility in account is that it could be another possible response 
to prioritizing the subtraction task: by keeping the secondary task difficulty low its 
impact on the subtraction task remains small.

Prioritizing the primary subtraction task seems to be a recurring explanation 
for not adhering to the optimal switching behavior. Even though participants were 
instructed to perform both tasks equally well, the constant presence of subtractions 
might have created a subconscious bias toward that task. Unfortunately, the current 
work offers no way to infer the subtraction priority for individual participants. 
Establishing the effect of priority on secondary task preference would be a valuable 
addition that supplements the current work, and therefore and interesting topic for 
further investigation.

Alongside task priority, the learning rate of optimal combinations also leads to new 
questions. Surprisingly, increasing the difference in inference between competing 
combinations did not show an effect on learning rate. From a utility standpoint this is 
sub-optimal: A greater difference in interference should result in a greater difference 
in reward for either choice, with the reward of the better choice being higher. This 
should lead to the utility of the corresponding task to increase more rapidly, and as 
such the preference for that task should increase faster as well. As of yet, the cause of 
the static learning rate is still an open issue.

Finally, it is important to highlight one difference with everyday multitasking. 
While participants had some freedom in task choices, the choice of whether or not to 
multitask was fixed: participants could not choose to perform just one task. As such, 
our findings are only relevant to situations where multitasking is strongly promoted 
or required. More generalizable conclusions about adaptation to interference would 
require a paradigm where one of the options available to the participants is to focus 
solely on a single task.

In conclusion, it seems that people are in principle able to make correct judgments 
about the costs of multitasking, although it might take some time and experience. 
Thus, the adage stating that people are poor at multitasking might need to be amended.
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6Where we summarize the findings of this dissertation and discuss the 
implications.

Summary and Conclusions
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Summary and Conclusions
A fundamental question about multitasking behavior is how the brain manages to 
perform multiple tasks concurrently. Several answers are possible. There might be a 
special multitasking center in our brains that is tasked to manage how multiple tasks 
are executed at the same time (Baddeley, 1986; Miller & Cohen, 2001). Multitasking 
may also be strategic in nature: each task combination requires learning a specific 
control strategy that prescribes how they should be performed concurrently (Meyer 
& Kieras, 1997). These strategies are likely to vary from person to person (Howes, 
Lewis, & Vera, 2009). Finally, it could be a distributed architecture where a simple 
scheduling mechanism uses the availability of the various cognitive resources to 
determine how task processes are interleaved (Salvucci & Taatgen, 2008). This would 
mean that cognitive mechanism that makes multitasking possible should be similar 
across the population. These different views are not necessarily mutually exclusive: 
how people multitask could be a combination of these ideas. In this thesis our 
starting assumption was that multitasking performance is the result of a distributed 
architecture in the brain. We examined how well this assumption fit the observed 
data, and how the other possible explanations play a role.

According to the architectural view, when two tasks require the same cognitive 
or peripheral function (i.e., vision, hearing, memory, or motor control) those tasks 
are said to overlap for that function. Overlap between tasks is likely to lead to 
interference, as only one task can use any of these functions at any given time due to 
the way the brain processes information. Interference between tasks will affect how 
(well) the tasks are performed. We found evidence for a distributed architecture of 
multitasking at several levels of description: it can be seen at the neurological and 
cognitive levels (Chapter 2 and Chapter 3), in resulting behavior (Chapter 4), and 
can even be observed in the combinations of tasks that people decide to perform 
concurrently (Chapter 5). These results imply that multitasking only has negative 
consequences. However, we show that is some cases multitasking can be beneficial to 
performance (Chapter 4). In the remainder of this chapter I will summarize our main 
results, and discuss the implications of our findings.

The Neural Basis of Concurrent Multitasking
In Chapter 2 we examined the brain activation patterns that occur during concurrent 
multitasking. There were several questions that we addressed: Is there a multitasking 
center in the brain? How can we explain the different patterns observed in previous 
multitasking neuroimaging data? And finally, can we use brain activation data of tasks 
to predict how well people perform when these tasks are performed concurrently? 
To that end we used a multitasking paradigm with three different tasks that are 
presented either individually, or in pairs of two. Thus, there were a total of six different 
conditions: three single tasks and three dual tasks. The tasks were selected to vary in 
the resources they required in order to be performed. In short, one task used visual 
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and working-memory resources, one used aural and working-memory resources, 
and the last one used visual and manual resources. The overlap in resources required 
by each task was expected to lead to three different expressions of interference in 
the dual-task conditions: working-memory interference, visual interference, or no 
interference. We asked participants to perform these tasks in an fMRI scanner to 
measure their brain activity.

We found that the similarity between brain activity patterns of single-tasks was 
indeed predictive of the decrease in performance when those tasks were performed 
concurrently. As more similarity in the patterns means more similarity in the brain 
regions that are active, this indicates that task interference during multitasking is at 
least partially due to overlap in the resources used by each task. In line with this, we 
found no evidence of a multitasking-specific brain region, such as inferred previously 
(Collette et al., 2005; Dux, Ivanoff, Asplund, & Marois, 2006; Herath, Klingberg, 
Young, Amunts, & Roland, 2001; Szameitat, Lepsien, von Cramon, Sterr, & Schubert, 
2006; Wu, Liu, Hallett, Zheng, & Chan, 2013).

This suggests that the interpretation of these data contradicts a number of earlier 
studies. However, we are able explain why some studies attribute their results to a 
multitasking center. We argue that the brain activity found to indicate a specialized 
multitasking area is caused by an interaction between tasks. Interactions between 
tasks can lead to a total of three different types of activity, which were all found in 
our data. Firstly, the activity in the dual task can be less than the sum of both single 
tasks (Just, Keller, & Cynkar, 2008). This occurs when tasks have to share time and 
resources. Secondly, the activity can be equal to the sum (Adcock, Constable, Gore, & 
Goldman-Rakic, 2000). This happens when tasks do not have to share: both can use 
resources they require within the time that is given. Finally, the activity can be more 
than the sum (Szameitat, Schubert, Müller, & Von Cramon, 2002). This indicates that 
additional processes are required for the dual task that are not part of the individual 
tasks. An example of this would be switching visual attention between two tasks. The 
activation caused by this third type of task interaction can be mistaken as evidence 
for a multitasking-specific area, as the activity of these processes is not present in the 
neuroimaging data of either individual task. In conclusion, all the neuroimaging data 
point towards multitasking being largely defined by a distributed architecture: task 
overlap was predictive for dual-task performance, and no multitasking center was 
found. Furthermore, neural activity found during multitasking can be explained by 
looking at the time and resource requirements of tasks.

Modeling Concurrent Multitasking
While the neuroimaging data helps us understand how multitasking manifests itself 
in terms of brain activity, it does not directly tell us what mechanisms cause this 
neural activation. One important mechanism that we still know relatively little about 
in terms of multitasking is working memory. Does working memory as it is used 
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during concurrent multitasking behave as a singular system, or several systems that 
work together? An example of a singular system would be a small storage space 
containing a set of items that are immediately available for any sort of processing. 
When not present in this small storage, items need to be retrieved from long-term 
memory before they can be operated upon (see also: Altmann & Trafton, 2002; 
Meyer & Kieras, 1997; Salvucci & Taatgen, 2008). An example of a multi-component 
system might have a storage space that can contain and operate upon only a single 
information item. This concept is sometimes referred to as a focus of attention (see 
also: Lewis-Peacock, Drysdale, Oberauer, & Postle, 2012; Oberauer, 2002; Unsworth 
& Engle, 2007). Quick access to other items can be achieved by keeping them active 
in long-term memory, which would be achieved by introducing a rehearsal loop to 
the system. Essentially, when compared to the single-component system this multi-
component system separates the item being operated upon from the total set of task 
relevant items being maintained. We built cognitive models of both the single and 
multi-component working-memory systems, and tested them against two data sets. 
The first data set contained behavioral data from the paradigm detailed in Chapter 
2, while the second dataset contained both behavioral and neuroimaging data of that 
same paradigm. To reiterate, in this paradigm participants performed each of the 
three tasks in isolation, as well as all three combinations of these tasks. 

The model that used a single-component working-memory was used to generate 
predictions of behavioral data and neural activity in certain brain regions. These 
regions were related to the cognitive resources required to perform the tasks in the 
paradigm. While the model could predict the behavioral data quite well, it failed to 
reproduce the neural activity observed in the second data set. The multi-component 
working-memory model was able to reproduce the behavioral data of both sets as 
well as the neuroimaging data, and argues that the singular model view is not correct. 
Instead it shows that the interference caused by two tasks requiring working memory 
at the same time is the result of interactions between several resources, instead of 
contention for a single system. This has consequences for the way we think about 
working memory in multitasking research: If working memory is not a single system, 
then its individual parts can work in parallel.

The multi-component model shows that some strategic control is required to use 
working memory during concurrent multitasking: when these parts become available 
again is determined by the task currently using it. Additionally, the particular parts of 
working memory that are used will depend on the particular task being performed. 
Together these findings indicate that predicting how working memory interference 
affects multitasking performance is more complicated than previously assumed. The 
fit of the multi-component model to the data supports the results of the neuroimaging 
study in that multitasking is primarily implemented as a distributed architecture. 
However, there also seem to be strategic components to multitasking. As indicated by 
working memory, it is possible to manage the availability of resources on a strategic 
level, overriding the default possession and release mechanisms. Perhaps a single 

boekje.indb   121 18/01/16   20:22



122 Chapter 6: Summary and Conclusions

strategic procedure could even string the use of several resources together, only 
releasing them for use by another task when the procedure finishes as a whole.

Driving Performance When Multitasking
Driving is another task that shows how difficult it can be to predict multitasking 
performance: researchers have shown that in some circumstances driving 
performance will improve when concurrently performing a second task (Atchley & 
Chan, 2010; Gershon, Ronen, Oron-Gilad, & Shinar, 2009). As an extension of these 
previous studies we created a simulated driving paradigm that allowed us to examine 
the effect of a variety of secondary tasks on driving, under different traffic situations. 
The purpose of this experiment was to illuminate under what conditions secondary 
activities might be beneficial to driving. Four secondary task conditions were used: 
driving without an extra task, passively listening to a talk show while driving, 
listening to segments of a talk show and answering a multiple-choice question for 
every segment, and finally reading transcript segments of a talk show on a tablet and 
answering a multiple-choice question for each. Thus, every condition taxed drivers 
in a different way in terms of working-memory, peripheral, and motor resources. 
Two traffic scenarios were tested: one with no traffic in the driver’s lane, and one 
where some traffic needed to be overtaken. Driving was a low-workload task when 
the right lane was empty, as it only required the driver to maintain a safe position in 
the lane. However, the scenario with more dense traffic had a substantial workload as 
it required drivers to maintain a mental model of traffic, check the rear-view mirror, 
and steer around other cars when overtaking.

We ranked the conditions based on how well the drivers did on the driving task. 
Surprisingly, the results indicated that driving performance was not optimal in the 
condition without an additional task, regardless of the traffic circumstances. Instead, 
we found that the two radio tasks resulted in best driving performance, while the tablet 
task led to the worst. The ranking of tasks has several implications for multitasking 
during driving. The first, somewhat obvious, implication of this outcome is that 
visual interference affects driving more than aural or working-memory interference. 
The second implication is that some process separate from driving itself might affect 
driving when no secondary task is present. We argue that this process occurs in both 
driving scenarios. As both traffic situations are boring either through monotony 
or repetitiveness, drivers might engage in mind wandering. When someone starts 
mind wandering the attention is shifted from the drivers’ surroundings towards task-
irrelevant thoughts (Forster & Lavie, 2009; Giambra, 1995). Thus, people are creating 
their own distraction to alleviate boredom. Mind wandering can be seen as a type of 
self-induced visual interference: it causes the environment to no longer be monitored 
adequately (He, Becic, Lee, & McCarley, 2011), and driving performance suffers as a 
consequence. While this interference is not as strong as that which occurs with the 
tablet task, it does appear to impair driving ability more than the radio tasks. This 
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means that the mildly interfering tasks we tested do not improve driving ability on 
a highway, they simply interfere less with driving than mind wandering does. That 
people mind wander during the study argues that they seek out multitasking. As the 
driving task itself is not very arousing in these circumstances, multitasking could be 
used as a strategy to increase arousal by increasing the number of cognitive resources 
that are used. Given how much time people spend mind wandering (Killingsworth & 
Gilbert, 2010), this is likely not a deliberate strategy, but perhaps a mechanism meant 
to keep one sufficiently aroused in order to stay awake.

Making Multitasking Decisions
In Chapter 4 we found evidence that drivers might not always make the best 
multitasking choices: sometimes they may choose to engage in mind wandering, 
which distracts from the main driving task. In Chapter 5 we explored this further 
by investigating whether the decisions people make about multitasking are rational. 
If they can choose what tasks to combine, do they try to maximize performance, or 
at least avoid the worst combination? Much like Chapter 2 and Chapter 3, we used a 
paradigm with three unique tasks to investigate this question. The main task was a 
subtraction problem that came in an easy and a hard variation. In the easy variation 
each column could be subtracted separately to calculate the answer, while in the hard 
variation people had to sometimes remember to carry between columns. The two 
secondary tasks were a counting task that used aural and working-memory resources, 
and a tracking task that used visual and motor resources. Based on the theory 
that resource overlap causes task interference due to the architectural constraints 
of the brain (Salvucci & Taatgen, 2008; Wickens, 2002), we can predict what task 
combinations work well together, and which do not. We predicted that combining an 
easy subtraction with the counting task would lead to the best performance, as there 
is no resource overlap between the tasks. We expected the lowest performance from 
a hard subtraction with the counting task, as overlap in working memory can have a 
substantial negative impact on performance (Borst, Taatgen, & Van Rijn, 2010; Jaeggi 
et al., 2003; Strayer, Cooper, & Turrill, 2013). Every thirty seconds participants were 
shown the difficulty of the next subtraction problem, and were able to choose what 
secondary task to perform. If people are able to evaluate how well they can multitask, 
and act rationally upon this, we would expect them to choose the counting task when 
subtraction is easy and the tracking task when subtraction is hard.

In a series of three experiments we showed that the performance result followed 
the a priori predictions that were based on the architectural limits of information 
processing. However, people appear to have a difficult time finding the task 
combinations that work best: around one in three did not adapt their secondary task 
choice to complement the subtraction difficulty. Of the remaining group, a small 
portion selected the secondary task seemingly at random, while the rest adapted to 
the combinations that had minimal overlap. Learning the optimal combinations was 
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not a trivial undertaking: on average it took around half of the experiment, which 
corresponded to about 20 minutes, before task preferences stabilized. Thus, while 
(most) people have the capacity to make rational multitasking choices, there is a 
considerable learning curve. The fact that it takes time to understand what tasks 
combine well means that this is a strategic adaptation, and that the distributed 
architecture of multitasking itself does not help one intuitively understand what the 
limits of the multitasking mechanism are.

Concluding Remarks
The general perception towards multitasking has historically not been very positive. 
There is certainly sufficient evidence that supports the view that juggling several 
tasks at the same time should be avoided. Even in this thesis we found that people 
do not intuitively understand what activities can be performed well together. They 
may even choose to create an extra activity that does not complement the primary 
task, as we saw with mind wandering during driving. However, we have also shown 
that multitasking can improve driving ability in some circumstances, by providing a 
better alternative.

In this thesis we set out to determine what multitasking theory best explains the 
results of the driving experiment and the other paradigms. We considered three 
possibilities: performance suffers because there is a multitasking center that takes 
time away from task processes, due to structural limits of information processing 
in the brain that are exceeded during multitasking, or because the control strategies 
used for multitasking are not optimal. While we found no evidence for a multitasking 
center, untangling the remaining two options proved more difficult. In general, 
resource overlap between tasks was found to be an accurate predictor of multitasking 
interference. In other words, individual resources are used as serial bottlenecks whose 
availability is used to schedule how tasks are interleaved and executed. However, 
in order for working memory to behave as a serial bottleneck, we found that some 
additional task-dependent strategic control is required to manage the availability of 
working memory. Thus, the way in which the brain combines tasks concurrently is 
neither strictly architectural nor strictly strategic. Tasks are interleaved by a simple 
scheduling system that can be influenced by architectural and strategic factors. The 
studies in this thesis indicate that an architectural factor would be resource availability, 
while a strategic factor would be control over the availability of working memory.

Given the findings in this work, there is no simple answer whether or not you 
should choose to multitask. We can only supply a general guideline, which is that it is 
best to avoid combining activities that tax the same cognitive or peripheral systems. 
Such an understanding of the cognitive requirements of a task will likely reduce the 
learning curve observed when people try to understand what activities combine well. 
Beyond that, how well certain things can be done at the same time depends not only 
on the activities, but how experienced you are with them. Sufficient training can 

boekje.indb   124 18/01/16   20:22



Concluding Remarks 125

reduce the time required to perform a task, which makes it more likely that two tasks 
can be combined without interfering with each other. What is important to keep in 
mind is that there are many instances where multitasking does not come at a cost, 
yet allows us to perform several activities at the same time. In fact, it can even have 
positive effects as we saw with driving performance. Therefore, multitasking can be 
considered a very useful ability so long as it is used with some forethought.
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Samenvatting
Om tegenwoordig nog iets voor elkaar te krijgen is het verstandig om je telefoon uit 
te zetten, de internetverbinding uit de muur te trekken, de vitrage dicht te draaien 
en dan hopen dat niemand je lastig valt. In andere woorden: mijd multitasking te 
allen tijde. En hoewel ik het eens ben met dit gebod, moeten we niet vergeten dat 
multitasken tegenwoordig een integraal onderdeel is van onze maatschappij. Dat 
heeft zowel positieve als negatieve gevolgen. Eén van de slechtere ontwikkelingen 
is bijvoorbeeld alle fietsers die ik dagelijks tegenkom die alleen maar oog hebben 
voor hun mobieltje. Daartegenover staat wel dat we dankzij multitasken in staat zijn 
ingewikkelde taken te verrichten zoals het leiden van vliegtuigverkeer. Naast mijn 
eigen observaties is er ook door middel van onderzoek aangetoond dat wij een groot 
deel van onze tijd met meerdere dingen tegelijk bezig zijn. Daarom is het belangrijk 
om te begrijpen hoe onze hersenen meerdere activiteiten tegelijk uitvoeren, en 
wanneer dit een goed of een slecht idee is.

Er zijn drie hypotheses die vaak aangehaald worden om te verklaren hoe onze 
hersenen kunnen multitasken. Een doelstelling van dit proefschrift was om uit te 
zoeken welke hypothese onze bevindingen het best kan verklaren. Eén van de 
hypotheses is dat er een centraal multitaskinggebied bestaat in de hersenen dat het 
tegelijktijdig uitvoeren van meerdere activiteiten regelt. Het is echter ook mogelijk 
dat multitasken een verzameling strategieën is: voor elke combinatie van activiteiten 
die wij doen, verzinnen onze hersenen een nieuwe strategie die aangeeft hoe die 
activiteiten tegelijk uitgevoerd moeten worden. Als laatste kan het zijn dat multitasking 
voornamelijk impliciet geregeld wordt door de architectuur van onze hersenen: door 
te kijken naar de beschikbaarheid van hersenfuncties die door de activiteiten gebruikt 
worden (zoals de verwerking van visuele of auditieve invoer, of het onthouden van 
een aantal letters) kan de uitvoering van die activiteiten geïntegreerd worden.

Aan de hand van een serie van experimenten heb ik uitgezocht welke hypothese 
– of welke combinatie van hypotheses – het beste benadert hoe onze hersenen 
multitasken. Bij elk experiment gingen we uit van de derde hypothese dat multitasking 
impliciet geregeld word door de hersenarchitectuur, omdat deze hypothese sterke 
voorspellingen kan maken over het gedrag bij multitasken. Vervolgens kijken we hoe 
goed deze hypothese bij de observaties past en of de andere twee hypotheses mogelijk 
een rol spelen. De experimenten die ik heb gedaan onderzoeken multitasking op 
verschillende niveaus. Zo zal er gekeken worden naar neurale activiteit tijdens 
multitasken, welke cognitieve processen een rol spelen, wanneer mensen goed of 
slecht zijn in multitasken en wat voor beslissingen mensen maken als ze ervoor 
kiezen om te gaan multitasken.

De Neurale Basis van Multitasken
Om te kijken welke delen van de hersenen actief zijn tijdens multitasken hebben 
wij een fMRI-experiment uitgevoerd. Tijdens een fMRI-experiment komen mensen 
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in een MRI-scanner te liggen. Deze meet de zuurstofconcentratie in de hersenen. 
De zuurstofconcentratie geeft aan hoeveel zuurstof hersencellen nodig hebben in 
een bepaald deel van de hersenen op een bepaald moment en meet dus indirect de 
hersenactiviteit.

In het experiment moesten mensen, terwijl ze in de fMRI-scanner lagen, een aantal 
taken alleen of gelijktijdig met een andere taak uitvoeren. Deze taken waren op een 
aantal manieren verschillend: zo was er bijvoorbeeld een auditieve taak waar tonen 
geteld moesten worden en een visuele taak waar letters onthouden moesten worden. 
Als we er van uitgaan dat multitasken sterk bepaald wordt door de architectuur van 
hersenprocessen, dan zou het mogelijk moeten zijn om voorspellingen te maken over 
hoe goed taken tegelijk kunnen worden uitgevoerd. Als taken overlap hebben in de 
hersenfuncties die nodig zijn om ze uit te voeren, bijvoorbeeld wanneer beide taken 
visuele aandacht vereisen, dan verwachten we dat deze taken niet goed tegelijk uit 
te voeren zijn. Dit komt omdat een hersenfunctie maar voor één taak tegelijk bezig 
kan zijn. Dus wanneer twee taken dezelfde hersenfunctie tegelijk nodig hebben, dan 
moet één van de twee taken uitgesteld worden totdat de andere de hersenfunctie 
niet meer nodig heeft. Dit heet taakinterferentie en heeft negatieve gevolgen voor de 
reactietijden en accuratesse die behaald worden op de taken.

Uit de fMRI-data blijkt dat de overlap tussen taken inderdaad voorspellend is: als de 
overlap in hersenactiviteit tussen twee taken groter is, zijn de prestaties lager wanneer 
deze taken tegelijk uitgevoerd worden. Daarnaast konden we in de data geen bewijs 
vinden voor de hypothese dat er een speciaal multitaskinggebied in de hersenen 
bestaat. Samen suggereren deze bevindingen dat onze mogelijkheid tot multitasken 
sterk afhankelijk is van de gedistribueerde architectuur van hersenfuncties en hun 
beschikbaarheid.

Het Modelleren van Multitasking
Het meten van de hersenactiviteit helpt ons begrijpen hoe de hersenen betrokken 
zijn bij multitasking, maar vertelt ons niet hoe de mechanismen werken die deze 
activiteit veroorzaken. Zo weten we bijvoorbeeld nog weinig over het gebruik van 
werkgeheugen tijdens multitasken. Het werkgeheugen is een tijdelijke opslagplaats 
voor gegevens die snel toegankelijk moeten zijn. Dat kan bijvoorbeeld het 
huisnummer zijn waar je naar op zoek bent in een straat. Een interessante vraag 
is uit welke componenten werkgeheugen precies bestaat tijdens het multitasken. Zo 
zou werkgeheugen in deze situatie kunnen bestaan uit een enkele component waarin 
een aantal stukken informatie paraat gehouden worden om snel opgevraagd of 
aangepast te worden. Het is echter ook denkbaar dat er meerdere componenten mee 
gemoeid zijn, een zogenaamd multicomponent systeem: bijvoorbeeld een systeem 
waarbij het paraat houden van informatie en het aanpassen daarvan in verschillende 
componenten gebeurt.

Om uit te zoeken of het werkgeheugen dat we tijdens multitasken gebruiken uit 
één of meerdere componenten bestaat hebben we een cognitief model gemaakt 
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voor beide varianten. Een cognitief model is een manier om uit te vinden hoe een 
mechanisme of proces in de hersenen werkt door er een formele omschrijving van te 
maken. Dat kan een wiskundige formule zijn, maar ook een verzameling regels die 
het mechanisme volgt. Deze omschrijving kan vervolgens gebruikt worden om een 
voorspelling te maken van het gedrag dat mensen vertonen wanneer het mechanisme 
toegepast wordt. Deze voorspelling kan daarna getoetst worden aan de hand van een 
experiment met mensen.

De cognitieve modellen die wij gemaakt hebben zijn computersimulaties die 
door middel van regels omschrijven hoe multitasken in de hersenen werkt. Ze zijn 
ontwikkeld in een cognitieve architectuur genaamd ACT-R (Adaptive Control of 
Thought – Rational). Een cognitieve architectuur is kort gezegd een theorie over 
menselijke cognitie die een aantal precieze aannames heeft over hoe cognitie precies 
in elkaar steekt. Het voordeel van het implementeren van een model binnen een 
bestaande architectuur is dat we deze aannames niet nog apart in ons model op 
hoeven te nemen en dat ze eerder al uitgebreid onderzocht zijn.

De modellen waren in staat het eerder genoemde fMRI-experiment uit te voeren 
en moesten dus een aantal taken alleen of in combinatie uitvoeren. De simulaties van 
deze modellen leverden voorspellingen op voor gedrag (reactietijden en accuratesse) 
en hersenactiviteit. We vergeleken deze voorspellingen onder andere met de data 
van het eerder uitgevoerde fMRI-experiment. Daaruit bleek dat het model waar 
werkgeheugen uit één component bestaat wel de gedragsdata goed kon benaderen, 
maar niet de hersenactiviteit. Het zogenaamde “multicomponentmodel” kan echter 
zowel de gedragsdata als de data van hersenactiviteit goed voorspellen. Dit betekent 
dat taakinterferentie binnen werkgeheugen ingewikkelder is dan tot nu toe werd 
gedacht, omdat het uit meerdere elementen bestaat waarin los van elkaar interferentie 
kan plaatsvinden.

Hoewel beide modellen sterk argumenteren voor een architecturale verklaring van 
het multitaskingsmechanisme, lijkt er ook een strategisch component aanwezig te 
zijn. Het multicomponentmodel geeft namelijk aan dat het bezetten en vrijgeven van 
werkgeheugen niet grotendeels automatisch geregeld is, zoals bij andere cognitieve 
functies, maar afhankelijk van de taak die uitgevoerd wordt. Dat is maar goed ook: 
onze hersenen weten niet van te voren hoelang de gegevens in het werkgeheugen 
vastgehouden moeten worden. Als dit wel automatisch werd geregeld, dan zou je 
plotseling kunnen vergeten welk huisnummer je ook alweer zocht, terwijl je er recht 
voor staat.

Rijgedrag Tijdens Multitasking
Autorijden is ook een activiteit die laat zien hoe moeilijk het is om multitaskingprestaties 
te voorspellen. Onderzoek heeft namelijk laten zien dat het rijgedrag soms béter kan 
worden wanneer mensen tegelijkertijd met iets anders bezig zijn. Om verder uit te 
zoeken waardoor dat komt heb ik een experiment met een rijsimulator uitgevoerd 
(Figuur 7-1). Het autorijden gebeurde in twee scenario’s die je op de snelweg ook 
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tegenkomt: een bijna lege weg waar je alleen maar rechtuit hoeft te rijden, of een 
weg waar je regelmatig verkeer inhaalt en zelf ook ingehaald wordt. Het tweede 
rijscenario eist dus veel meer inspanning dan het eerste. Naast het autorijden moesten 
de bestuurders vaak ook een andere activiteit doen. Er waren er drie: als eerste was er 
een radioshow waar mensen naar luisterden. Als tweede was er een reeks fragmenten 
uit een radioshow, waarbij na elk fragment een meerkeuzevraag beantwoord moest 
worden. Als derde was er een scrollende tekst op een tablet die gelezen moest worden 
en waarover wederom meerkeuzevragen beantwoord moesten worden. Naast deze 
drie taken moesten mensen ook een stuk rijden zonder een tweede activiteit, zodat 
ze zich helemaal konden concentreren op het autorijden zelf. In totaal waren er dus 
vier condities.

Om te kijken wanneer mensen de beste rijprestaties vertoonden werden de vier 
rijcondities in een rangorde geplaatst. Het was geen verrassing dat de taak waar tekst 
op een tablet gelezen moest worden met ruime marge tot de slechtste rijprestaties 
leidde. Je zou daarnaast kunnen verwachten dat autorijden zonder tweede bezigheid 
het hoogst eindigt. Dit was voor zowel het rustige als het inspannende rijscenario 
echter niet het geval: het waren namelijk de twee radiotaken die voor de beste 
rijprestaties zorgden.

Dit lijkt op het eerste gezicht in te gaan tegen alles wat wij over multitasken weten. 
Het is echter wel te verklaren. Beide rijscenario’s waren niet echt stimulerend voor 
de autorijders: het rustige scenario was saai, terwijl zelfs het inspannendere scenario 
zeer repetitief was. Wanneer mensen dingen moeten doen die saai of repetitief zijn, 
dan kunnen ze gaan dagdromen. Er is zelfs onderzoek gedaan wat aangeeft dat we wel 
tot 50 procent van onze dag hiermee bezig zijn. Dit betekent dat mensen hun eigen 
afleidende activiteit creëren als we er niet eentje aanbieden, zoals bijvoorbeeld de 
radioshow. Waarschijnlijk is het dagdromen geen bewuste keuze, maar een strategie 
om genoeg geprikkeld te blijven zodat men niet in slaap valt tijdens het rijden.

Dagdromen zorgt voor interferentie met het autorijden. Hoewel deze interferentie 
veel minder zwaar is dan datgene wat de tablet taak veroorzaakt, is het wel sterker 
dan de interferentie van de twee radiotaken. Kortom, de radiotaken leiden niet zo 

Figuur 7-1. De rijsimulator. Links: rijden zonder extra taak. Rechts: rijden terwijl er van een 
tablet gelezen moet worden.
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zeer tot de beste rijprestaties, maar tot de minst slechte.

Keuzes Maken in Multitasken
Bij het autorijden zien we dat mensen niet altijd de beste keuzes maken wanneer het 
op multitasken aankomt: soms gaan ze namelijk dagdromen tijdens het autorijden. 
We hebben dit verder onderzocht door te kijken hoe rationeel de keuzes zijn die 
mensen maken wanneer ze beslissen om te gaan multitasken. Dat wil zeggen, kiezen 
ze ervoor om taken tegelijk te doen die goed samengaan, of ontwijken ze ten minste 
combinaties die erg slecht samengaan? Het experiment dat we gebruikt hebben om 
dit te toetsen lijkt erg op het fMRI-experiment. Mensen konden echter steeds zelf 
kiezen welke taak ze tegelijk met een andere vooraf bepaalde taak gingen uitvoeren. 
Elke gekozen combinatie werd dertig seconden lang uitgevoerd en daarna moest 
er een nieuwe combinatie gekozen worden. Dankzij de inzichten die we verkregen 
hebben over de effecten van overlap in cognitieve functies tussen taken konden we 
voorspellen welke combinaties van taken wel tot goede prestaties zouden leiden en 
welke niet.

De gedragsdata lieten zien dat de voorspellingen gebaseerd op de overlap tussen 
taken correct waren: prestaties waren lager voor taken die meer overlap hadden. Een 
groot deel van de mensen die het experiment gedaan hebben vond het echter moeilijk 
om uit te zoeken welke taken goed samen gingen: Ongeveer een derde selecteerde 
altijd dezelfde taak, ongeacht of deze wel of niet goed samenging met de andere taak. 
Van de resterende mensen koos een klein deel vrij willekeurig. Echter het grootse 
deel koos taken zodat de overlap tussen de taken die ze tegelijk moesten uitvoeren 
minimaal was. Ontdekken welke taakcombinaties de kleinste hoeveelheid overlap 
hadden bleek verre van simpel te zijn: het duurde bijna de helft van het volledige 
experiment voordat de keuzes die mensen maakten stabiliseerden. Mensen lijken dus 
in staat om rationele keuzes te maken die prestaties optimaliseren, maar er is een 
aanzienlijke leercurve. Dat het tijd kost om dit te leren geeft ook weer aan dat er een 
strategische aanpassing bij multitasking aanwezig is: de manier waarop multitasken 
geïmplementeerd is op het niveau van hersenarchitectuur helpt ons niet om intuïtief 
te begrijpen wat de limieten van het multitaskingmechanisme zijn.

Conclusies
In dit proefschrift hebben we ons gericht op het bepalen van de theorie die het best 
de resultaten van verschillende multitaskingsexperimenten kan verklaren. Daarbij 
namen we drie mogelijke verklaringen onder de loep. De eerste verklaring is dat 
prestaties achteruit gaan tijdens multitasken, omdat er een centraal gebied is dat alles 
in goede banen moet leiden en daardoor tijd wegneemt die anders aan de taken was 
toegekend. De tweede verklaring is dat we allemaal verschillende controlestrategieën 
toepassen tijdens het multitasken die mogelijk niet optimaal zijn. De laatste 
verklaring is dat er limieten zijn aan onze capaciteit om informatie te verwerken, 
vanwege de structuur waaruit onze hersenen zijn opgebouwd. Wij vonden geen 
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bewijs voor een centraal gebied dat multitasking regelt. Het onderscheiden tussen 
de overige twee theorieën bleek echter een stuk lastiger. Multitasking lijkt dan ook 
een combinatie van de twee te zijn.  In het algemeen is overlap in cognitieve functies 
een goede voorspelling van multitaskingprestaties. Daaruit kunnen we afleiden 
dat de beschikbaarheid van functies een grote rol speelt in het organiseren van het 
gelijktijdig uitvoering van meerdere activiteiten. Onze multitaskingmodellen laten 
daarnaast zien dat in sommige gevallen de beschikbaarheid van cognitieve functies 
beïnvloed kan worden door de strategie die gebruikt wordt om een activiteit uit te 
voeren.

Multitasking wordt over het algemeen in een slecht daglicht geplaatst. Dit is niet 
verwonderlijk als we kijken naar de overvloed aan voorbeelden waar multitasken 
niet echt een goed idee bleek te zijn. Zelfs in dit proefschrift zien we dat mensen niet 
intuïtief begrijpen welke activiteiten goed tegelijktijdig uit te voeren zijn. We zien bij 
autorijden zelfs dat mensen in bepaalde gevallen zelf een activiteit creëren die niet 
goed samengaat met de primaire bezigheid. We zagen echter ook dat multitasken de 
rijprestaties kan verbeteren, door een beter alternatief aan te bieden.

Maar hebben we ook geleerd wanneer multasking goed is? Ik kan alleen een 
vuistregel geven: kijk naar de cognitieve, motorische en perifere functies die je nodig 
hebt om een activiteit uit te voeren en mijd gevallen waar er te veel overlap is met 
datgene wat je gelijktijdig wil gaan doen. Wat we vooral moeten onthouden is dat er 
veel gevallen zijn te bedenken waar er weinig overlap is, terwijl multitasken ons dan 
wel in staat stelt om meerdere activiteiten tegelijk te doen. In onze drukke levens kan 
dit soms wel het één en ander aan stress schelen. Daarom kan multitasken als een 
nuttige vaardigheid beschouwd worden als men het gebruikt met een beetje gezond 
verstand.
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