Mapping Attention Across Multiple Media Tasks

Abstract

Successful media processing requires that an individual attend to relevant information embedded among
numerous competing options. Although the factors that drive individuals’ attention toward or away from a
single media processing task are relatively well characterized, there is a lack of understanding regarding how
the allocation of attention proceeds in the presence of multiple, concurrent tasks. In four experiments, we show
that attention during media processing is contingent on features of the “primary” task, but also on features of
other available tasks. Specifically, we find evidence suggesting that “secondary” tasks during media processing
elicit more attention when they are more rewarding and that the attention-capturing influence of these tasks
is magnified when the “primary” task is more cognitively effortful. These results provide support for recent
theoretical advancements in media psychology research and point to promising future directions using models
of motivated attention to predict the allocation of attentional resources across multiple concurrent media tasks.
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Communication is dynamic, information-rich, and often occurs across multiple modalities and channels
simultaneously (Lang, 2000; Lang & Ewoldsen, 2009). Because human beings can only process a finite
amount of information at any given time (e.g., Hasher & Zacks, 1979; Shiffrin & Schneider, 1977), an
individual must decide (either consciously or unconsciously) what information should be selected
for processing and what should be filtered out. This selection process is often referred to as attention
(Broadbent, 1958). Attention has been called the sine qua non of message reception (Cartier & Harwood,
1958), and is a precursor, moderator, or outcome of interest in a myriad of communication theories. As
such, understanding how, when, and why humans direct their attention to communication and media
tasks has been a core question for communication researchers for decades (Chaffee & Berger, 1987).

In this time, communication scientists have made much progress toward understanding how certain
features of tasks and messages influence attention, as well as how attention influences outcomes of interest
like memory, enjoyment, or persuasion (for a recent review, see Fisher et al., 2018a). At present, though, it
is unclear to what extent models describing how people pay attention to a single, isolated media task can
be used to understand how people allocate attentional resources across multiple, concurrent tasks. This
gap in current knowledge is especially salient given the recent rise of media multitasking (Segijn et al.,
2018; Wang et al., 2015), now the de facto mode of media consumption in the industrialized world (Deloitte,
2017).

To address this gap, we begin with a review of recent advancements in attention research that conceptualize
attention in terms of a “priority map” that integrates top-down, bottom-up, and motivational signals to
guide information processing (Failing & Theeuwes, 2018; Zelinsky & Bisley, 2015). We contextualize this
literature in view of recent updates to the limited capacity model of motivated mediated message processing
(LCAMP; Fisher et al., 2018a, 2018b; Lang, 2000, 2009), to generate predictions regarding how individuals
will direct attention within and between concurrent media tasks. We focus specifically on the roles of
reward and cognitive load, hypothesizing that more rewarding media tasks will elicit more attention and
that increasing cognitive load in a “primary task” will both: a) reduce attentional performance across all
tasks, and b) will magnify the attention-capturing of rewarding alternative tasks. We test these hypotheses
across four experiments using a novel experimental paradigm that directly manipulates reward and
cognitive load across multiple concurrent media tasks while controlling for potential confounds.!

1. All code and data from this experiment are available on OSF https://osf.io/49673/?view_only=a3b043c03f61497e81ea5fe7b032305d.



From a Spotlight to a Map

Individuals direct their attention using a suite of neural and behavioral processes developed over
evolutionary time to enable efficient acquisition of relevant information from the environment (Lang,
2000, 2009; Weber et al., 2009). Early models described attention as a “spotlight” or a “zoom lens” (Eriksen
& St. James, 1986; Posner et al., 1980) with a single, indivisible focal point and a central capacity limitation—
usually related to working memory (Baddeley & Hitch, 1974). Attention was described as either “top-down”
(deliberate, based on current goals) or “bottom-up” (pre-conscious, driven by stimuli in the environment;
Corbetta & Shulman, 2002; Desimone & Duncan, 1995). However, mounting evidence over the last two
decades indicates that this “spotlight” model of attention falls short in a number of ways. Most notably, it
has become clear that attention can be distributed across multiple items at the same time (Awh & Pashler,
2000; McMains & Somers, 2004), and seems to be strongly influenced by associative learning processes that
blur the boundaries between what is “top-down” and what is “bottom-up” (Awh et al., 2012).

These findings have catalyzed the adoption of a new framework in which attention is described in
terms of a “priority map” that integrates top-down, bottom-up, and (learned) motivational signals into
a common representational space (Bisley & Mirpour, 2019; Fecteau & Munoz, 2006; Zelinsky & Bisley,
2015). The topography of this map serves to guide attention among potential targets to resolve conflict
and direct information processing (Failing & Theeuwes, 2018). Peaks of neural activation on the priority
map correspond to spatial locations (or features) that are more likely to be attended, predicting orienting
responses, visual saccades, and other forms of attentional resource allocation (B. A. Anderson et al., 2011,
Chelazzi et al., 2014; Ptak, 2012), as well as memory for certain stimuli over other ones (Fine & Minnery,
2009; Zelinsky & Bisley, 2015).

Evidence indicates that the attentional priority of a given stimulus is a product of three interacting
factors. The first of these is salience, or the extent to which the stimulus is brighter, louder, or otherwise
distinct from surrounding stimuli (Itti & Koch, 2001). The second is the goal-relevance of stimulus features
(Corbetta & Shulman, 2002; Theeuwes, 2010, 2019). This is most clearly demonstrated in the phenomenon
of “attention blindness,” in which stimuli that would normally be very noticeable go almost completely
unattended in the presence of a salient goal (e.g., Simons & Chabris, 1999). Finally, attention to a stimulus
is influenced by its (learned) associations with previous rewarding or punishing outcomes, in a way that
is largely independent of currently held goals (Chelazzi & Santandrea, 2018). Reward- or punishment-
associated stimuli robustly and persistently “capture” attention even when they are not salient or relevant
to current goals (B. A. Anderson, 2016; Failing & Theeuwes, 2018).

This value-driven modulation of attention is undergirded by neural signals that encode the expected
reward that will be attained by selecting a given behavior in view of a particular goal (Floresco et al., 2008;
Rangel & Hare, 2010). These neural signals are largely analogous to one another across a wide range of
value-related stimuli, including love, money, information, and material goods (Gu et al., 2019; Kobayashi
& Hsu, 2019). Additional work has shown that there are also neural signals that seem to serve to “discount”
the reward value of a given option as a function of the costs (e.g. opportunity cost, effort, or threat; Shenhav
et al., 2013; Westbrook & Braver, 2015) that may be incurred if it is selected. As the cost of a given option
increases relative to its reward value, other options with a more satisfactory balance of reward and cost
become more likely to be chosen. It is theorized that this “common currency” (Levy & Glimcher, 2012) of
reward and cost enables the brain to compute the marginal value of a diverse array of stimuli and to redraw
the priority map in favor of relatively more valuable options (Grabenhorst & Rolls, 2011).

Critically, these “priority maps” are not unique to early stages of attentional processing. In fact, they have
been observed throughout the cortical hierarchy (Behrens et al., 2018; Wilson et al., 2014) and seem to be
instrumental in guiding even very complex selection processes (Chelazzi & Santandrea, 2018; Zelinsky &
Bisley, 2015). These findings have begun to blur the lines between the (historically largely separate) fields
of attention, decision making, and cognitive control research, and have produced growing consensus that
attention may be merely an example of a domain-general neural process through which organisms select
certain behaviors over other ones in order to reach their goals (B. Anderson, 2011; Gottlieb & Balan, 2010;
Krauzlis et al., 2014).



Maps and concurrent media processing tasks

These findings have begun to be contextualized within the communication and media literature in a
recent update to the Limited Capacity Model of Motivated Mediated Message Processing (LC4MP; Fisher
et al., 2018b). In the LC4MP, it is proposed that attentional performance in a secondary task (usually
operationalized as reaction time to an auditory and/or visual probe) during media processing is an index
of resources available—cognitive resources that were allocated to the primary task that were not required
to successfully process it (Fox et al., 2007; Lang, 2009; Lang et al., 2006). This conceptualization has served
to greatly increase our understanding of how people pay attention to single messages but also limits the
ability of the model to generate predictions in media multitasking situations, in which “secondary” task
performance may depend on characteristics of the secondary task itself (e.g. its salience, goal-relevance,
or reward), rather than just on characteristics of the primary task.

Incorporating the updated conceptualization of attention outlined above into the LC4MP provides the
theoretical scaffolding necessary to update the model so that it can better account for attention during
multiple concurrent media tasks. Recall that rather than assuming that attention is a “spotlight” with a
single, central focus, this framework assumes that attention can be proportionally allocated to multiple
items in parallel and that this allocation process is guided by neural signals encoding the (relative)
attentional priority of each item. It follows, then, that attentional resources need not “pass through” the
primary task to the secondary task, as currently described in the LCAMP. Instead, it can be proposed that:
resources are concurrently distributed across all available tasks as a function of their relative priority, and
that attentional performance in any given task is an indicator of the resources allocated to the task minus
the resources required to successfully complete it.

These theoretical propositions generate a few central predictions: First (H1), more rewarding media tasks
should elicit more attention. Second (H2), as cognitive load (i.e. the effort or costs required to complete
a task) increases, overall attentional performance should diminish, reflective of a reduction in available
cognitive resources. Third (H3), as a given task increases in cognitive load, the attention-capturing influence
of rewarding alternative tasks should be magnified, reflective of a change in the relative reward value of the
“primary” task as compared to the rewarding alternative. Finally (H4), Once a critical threshold is reached,
resources should be allocated away from the primary task and toward the secondary task. Herein, we test
these predictions (and rule out potential confounds) across four experiments designed to investigate how
reward and cognitive load in concurrent media processing tasks act and interact to influence the allocation
of attention within and across each task.

Methods

General overview

Four behavioral experiments were conducted to investigate the influence of reward and cognitive load
on the allocation of attention across multiple concurrent media processing tasks. In each experiment,
participants played Asteroid Impact,? an interactive, open-source computer game programmed in Python.
Playing Asteroid Impact involves using the mouse to move a spaceship around the screen to collect crystals
and avoid crashing into quickly moving asteroids. Participants also were asked to complete a concurrent
task, in which they pressed a button on a computer keyboard when they saw a particular shape appear
on the screen. These reaction time (RT) probes appeared in a randomized position on the screen each
time they were generated and were accompanied by an auditory tone.? In order to encourage meaningful
participation, participants were told that the top three scorers in the game overall would receive a $50 gift
card. The game was presented in a lab setting on Dell 1600 x 900 monitors with a 60 Hz refresh rate. Audio
was presented through Bose QuietComfort 15 headphones with computer volume set to 15/50. All stimuli
and procedures were approved by the human subjects committee of the university.

2. https://github.com/asteroidimpact/asteroid_impact_py3
3. The frequency, duration, and required keypress for the secondary task varied slightly from experiment to experiment. These differences
are outlined within the sections devoted to each experiment.



Participants

Participants in all four experiments were drawn from the human subjects pool at a large university in
the western United States (for final n’s and relevant demographic information for each experiment, see
Table 1). Recent work has revealed considerable variability in effect sizes across studies in communication
research (Rains et al., 2018). As such, a small effect size was assumed (Cohen’s d =.2). A power analysis was
conducted using the simr package in R,4 revealing that a sample of 60 participants would be sufficient for
80% power to detect such an effect (Green & MacLeod, 2016). As such, we were sure to recruit at least 60
participants for each study.

n Mean Age (SD) % Female Mean Video Game Skill (SD)
Experiment 1 123 19.79 (1.38) 62.60 3.64 (1.67)
Experiment 2 238 19.59 (1.40) 70.60 3.61 (1.56)
Experiment 3 89 19.98 (2.04) 71.91 3.94 (1.54)
Experiment 4 65 19.59 (1.42) 61.54 3.93 (1.55)

Table 1: Summary statistics describing final subject pools in each of the four experiments.

Variables

Manipulating cognitive load. Cognitive load was manipulated in all experiments by including a 1-back
working memory maintenance task into the crystal collection portion of the video game. These tasks
have been widely used and validated within the cognitive effort literature (see e.g., Veltman et al., 2003).
Participants were told that collecting two of the same colored crystal in a row (e.g. collecting a blue crystal
and then immediately collecting another blue crystal) would result in a loss of 1000 points. This required
the participants to maintain the identity of the crystal they had just collected in working memory while
pursuing other crystals, and to constantly update the identity of the last crystal collected, thus loading
working memory and increasing the complexity of the primary task.

Manipulating reward. In all experiments, reward was manipulated by assigning varying point values to
the probes that were presented in the RT task. In experiments 1 and 2, the rewardingness of the RT task
was manipulated on a trial-by-trial basis within each round, with high and low reward probes presented
at random within the same round. This allowed us to test the influence of reward on attentional resource
allocation within the secondary task. In experiments 3 and 4, the rewardingness of the RT task was
manipulated between rounds, such that every probe presented in a given round was either high or low
reward. Changing the overall rewardingness of the secondary task at this longer timescale allowed us to
test the influence of reward on attentional resource allocation across the two tasks. In all experiments,
the high reward probe was worth 1000 points and the low-reward probe was worth 10 points (for a visual
depiction of reward conditions, see Figure 1).

Measuring attention and task performance. Recall that participants were asked to complete two
concurrent tasks: a crystal collection task and a reaction time task. In each experiment, task performance
within the crystal collection task was calculated by summing the number of crystals that a participant
collected within each thirty-second window of gameplay and then dividing that number by the number
of times that the subject crashed into an asteroid during that window. Performance was calculated for
each participant and each 30-second window in each round and each of these observations was treated as
one data point within the linear mixed-effects model described below. This measure was approximately
equally distributed across all four experiments. Performance in the RT task was recorded as the interval
(in milliseconds) between when the probe first appeared on screen and when the appropriate button

4. https://cran.r-project.org/web/packages/simr



was pressed. Each probe remained on screen for a maximum of ten seconds. If the incorrect button was
pressed or the probe remained on the screen for more than ten seconds, the trial was recorded as a miss.
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Figure 1: Schematic of reward conditions across all four experiments. In all conditions, the primary task was to navigate a space ship
around the screen and collect crystals while avoiding asteroids. In all experiments, there was also a secondary task in which participants
were asked to press a key when they see a particular shape (a reaction time probe) appear on screen. In Experiment 1, high and low
reward RT probes were present within the same condition, and were consistent across the entire game play period. In Experiment 2, high
and low reward RT probes were present within the same condition, but the value of each of the two probes was switched in between lev-
els such that each probe was sometimes high reward and sometimes low reward. In experiments 3 and 4, there was only one type of RT
probe within each condition (a white star), and the probe was either high reward or low reward. In experiment 4, RT probes were much
more frequent, occurring once every ~2 seconds as opposed to once every ~10 seconds.

Analysis procedures

All frequentist analyses were conducted using linear mixed-effects modeling. Models were created using
the Ime4 package (Bates et al., 2015) in the R statistical computing language (R Core Team, 2013).° Cognitive
load, reward, and the interaction between load and reward were treated as fixed effects in each model.
Random intercepts and slopes were included for each participant and for each experimental condition
nested within each participant.

As an additional test of the hypotheses put forward in this study, Bayesian analyses were also conducted
(Morey et al., 2016).° The primary coefficient of interest in a Bayes factor analysis is the Bayes factor (BF,),
which gives an indication of the likelihood that a model (M,) is true (compared to a particular null model,
M,) given the evidence provided by the data. For example, if M, has a BF, of 8, this means that the data
suggest M, is about 8 times more likely to be correct than M, given the data observed in the study. For each

5. Amore precise list of the computational environment used for these analyses is available on the OSF repository for this project https://osf.
i0/49673/?view_only=a3b043c03f61497e81ea5fe7b032305d.

6. All Bayesian analyses were conducted using the TmBF () function in the BayesFactor package in R (Morey et al., 2018). Note that Bayes
factors in factorial designs must be numerically estimated via monte-carlo simulations (Rouder et al., 2017). As such, a replication analysis
with the provided data will lead to Bayes factors that vary slightly within the reported range.



of the main effects of interest, the null model consisted of only random effects. For the interaction effects,
the null model consisted of the random effects and the main effects of each of the variables of interest. All
Bayesian analyses are reported in Tables 2 and 3.

Experiment 1

Methods

A total of 123 participants participated in Experiment 1. In this experiment, participants played 19 minutes
of Asteroid Impact. There was a 1-minute practice round followed by one six-minute round of gameplay
in each of three conditions (baseline, perceptual load,7and cognitive load). All rounds except the practice
round were presented in randomized order. In this experiment, one RT probe (a blue triangle) was
associated with low reward and the other (a purple square) was associated with high reward.

Results

Reward. We predicted that high reward would increase the amount of attentional resources allocated to
a task, reflected in reduced RTs relative to low-reward stimuli. As high and low reward RT probes were
intermingled in this experiment, we did not expect any influence of reward on the crystal collection
(primary) task performance. These predictions were supported (See Figure 2.1c, Table 2). Participants
responded faster to the high reward probes (M =923.16, SD = 163.90) compared to the low reward probes
(M =1092.94, SD = 215.14).

Cognitive load. It was predicted that increased cognitive load would result in decreased availability of
attentional resources, leading to longer RTs and reduced task performance. These predictions were
supported (See Figure 2.1a, b, Tables 2, 3). In the baseline condition participants’ RTs were faster (M
=932.59, SD = 186.30) than in the cognitive load condition (M = 1157.84, SD = 240.41). Participants also
performed better in the crystal collection task in the baseline condition (M = 33.93, SD = 3.64) than in the
high load condition (M = 24.51, SD = 4.55).

Interaction between reward and load. We also predicted an interaction between reward and cognitive
load such that the gap between high and low reward RT probes should be larger when cognitive load was
higher, reflecting prioritization of high-reward stimuli as the “cost” of attending to the task increased. This
prediction was supported (see Figure 2.1d, Table 2). The distance between high and low reward RT probes
was larger in the high load condition (AM = 397.85) than in the baseline condition (AM = 139.06).

Discussion

In this experiment, we showed that participants responded faster to high-reward RT probes compared
to low-reward RT probes, supporting H1. We also showed that increased cognitive load led to decreased
performance both in the crystal collection task and in the reaction time task, suggesting an overall
decrease in the availability of attentional resources as the cognitive effort required to complete the crystal
(primary) task increased, supporting H2. Finally, we showed that the gap between high- and low-reward
RTs is magnified whenever cognitive load is high, supporting H3.

Experiment 2

Methods

Experiment 2 was designed to replicate findings from Experiment 1 in a larger sample and to test the
prediction that observed responses to differently rewarding probes are the result of learning and updating
value representations rather than on other stimulus-specific features known to drive attention (e.g.
differences in sensory salience between the probes). In total, 238 participants completed Experiment 2.
This experiment was identical to Experiment 1, with two exceptions. First, rather than one of the RT probes

7. Perceptual load was manipulated in each experiment in view of other research questions, but as perceptual load is not relevant to the
hypotheses presented herein, these data are not further reported.



being high reward and the other being low reward throughout the experiment, the value of each of the
probes switched in between each round of gameplay. This means that a different probe (either the square
or triangle) was of high value in each round. Second, to accommodate the extra rounds needed to switch
probe values between each round, participants played two five-minute rounds in each load condition
rather than one six-minute round.

Results

Reward. Also replicating Experiment 1, RTs were faster for the high reward probe than for the low reward
probe (See Figure 2.2¢c, Table 2). Despite the fact that the identity of the high-value probe was switched
each round, the high reward probes elicited faster RTs (M = 839.47, SD = 163.89) than did the low reward
probes (M =1030.14, SD = 269.48).

Cognitive load. Replicating Experiment 1, increased cognitive load was shown to reduce overall attentional
resource availability, leading to reduced task performance and lengthened RTs (See Figure 2.2a, b, Table
2, 3). RTs were slower in the high load condition (M = 1030.14, SD = 269.48) compared to the baseline
condition (M = 839.48, SD = 163.89). Participants also performed worse in the crystal collection (primary)
task in the high load condition (M = 22.26, SD = 6.17) than they did in the baseline condition (M = 30.83, SD
= 5.80).

Interaction between load and reward. Even though the identity of the high-reward probe was switched
between rounds, an interaction between load and reward was still observed (See Figure 2.2d, Table 2).
In the baseline condition, the RT gap between high and low reward probes was 73.75ms, but this gap
expanded to 253.59ms in the high load condition.

Discussion

In this experiment we replicated the findings from Experiment 1, supporting H1-3 in a larger sample and
providing evidence that the effects we observed in Experiment 1 were not confounded by differences
in sensory features of the stimuli. These results provide clear evidence for the priority-driven nature of
attentional resource allocation across stimuli within a particular task—between high- and low-reward RT
probes. It remains unclear, however, whether this priority map approach can also account for situations
in which resources are allocated away from a given media task in favor of another, concurrent task, as is
commonly observed in communication and media research. As such, experiments 3 and 4 were designed
to manipulate the overall rewardingness of the RT task relative to the crystal collection task.

Experiment 3

Methods

A total of 92 participants were included in experiment 3. Participants completed a 1-minute practice
round followed by two six-minute rounds of gameplay in each of three conditions (baseline, perceptual
load8 , cognitive load). All rounds except the practice round were presented in random order. In the RT
task, participants were asked to press the spacebar when they see a probe appear on the screen (a white
star). One RT probe was presented at random within each 10-second block of gameplay. Probes remained
on screen for a maximum of 10 seconds before disappearing. As mentioned above, in this experiment,
the rewardingness of the RT probes was manipulated between rounds, allowing us to investigate how
performance in the crystal collection task is influenced relative to the overall rewardingess of the RT task.
In one of the rounds within each load condition, responding to the RT probe was worth 1000 points (high
reward), and in the other round, it was worth 10 points (low reward).

8. Again, perceptual load was manipulated in each experiment in view of other research questions, but as perceptual load is not relevant to
the hypotheses presented herein, these data are not further reported.



Results

Reward. The main effect of reward on RT observed in Experiments 1 and 2 was replicated in Experiment
3 (See Figure 1.3e, Table 2). Participants responded faster to high reward probes (M = 701.95, SD = 147.38)
compared to low reward probes (M = 1022.03, SD = 871.99). Analyses also revealed a significant (although
very small) effect of reward on primary task performance such that participants performed worse in the
crystal collection task when the RT task was high reward (See Figure 2.3b, Table 3).

Coghnitive load. The main effect of cognitive load on both RT and performance was replicated (See Figure
2.3a, d, Table 2, 3). Participants responded more quickly to RT probes in the baseline condition (M = 666.82,
SD = 133.34) than in the high load condition (M = 951.85, SD = 395.21). Participants also performed worse
in the crystal collection task in the high load condition (M = 22.55, SD = 4.49) than they did in the baseline
condition (M = 30.58, SD = 2.99).

Interactions between load and reward. Replicating Experiments 1 and 2, the gap in response time between
high and low reward RT probes was wider when cognitive load was high (AM = 524.47) than when load
was low (AM = 147.62; See Figure 2.3f, Table 2). It was also predicted that load and reward would interact
to influence primary task performance such that the presence of high reward RT probes should reduce
primary task performance to a greater extent when cognitive load was high. This prediction was also
supported (See Figure 2.3c, Table 3).

Discussion

In Experiment 3, we replicated the findings of Experiments 1 and 2 regarding the main effects of reward
and load (H1-2), and also the interaction between load and reward on attentional priority (H3). Results
from Experiment 3 also extend the findings of Experiments 1 and 2 in showing that when the overall
rewardingness of the RT task increased, performance in the crystal collection task decreased and that
this effect is magnified when the crystal collection task was more cognitively effortful. This supports H4
and suggests that decreased RTs observed for high-reward probes is due to attentional resources being
reallocated from the crystal collection task in order to respond more quickly to the rewarding RT task.

Experiment 4

Methods

A total of 65 participants completed Experiment 4. This experiment was designed to replicate the findings
of Experiments 1, 2 and 3 and to investigate whether increasing the frequency with which participants had
to respond to the RT task (thus further increasing the attentional resource requirements of the task) would
magnify the effects that were observed in Experiment 3, further supporting H3 and H4. This experiment
was identical in design to Experiment 3, with the exception that the RT probes appeared once per 3-second
window of gameplay rather than once per ten-second window. Probes remained on screen for a maximum
of 2 seconds before disappearing.

Results

Reward. All main effects of reward were replicated in this experiment (See Figure 2.4e, Table 2). Participants
responded faster to high reward RT probes (M = 642.84, SD = 158.41) than to low reward RT probes (M =
1041.27, SD = 297.66). Participants also performed worse in the crystal collection task whenever RT probes
were more rewarding (M = 28.98, SD = 5.28) compared to when they were less rewarding (M = 31.32, SD =
5.03; See Figure 2.4b, Table 3).

Cognitive load. All main effects of load were replicated (See Figure 2.4a, d, Table 2, 3). Participants
responded slower to the RT probes when cognitive load was high (M = 866.05, SD = 209.04) than they did in
the baseline condition (M = 680.50, SD = 163.95). Participants also performed worse in the crystal collection
when load was high (M = 23.51, SD = 5.89) compared to the baseline condition (M = 36.24, SD = 4.38).

Interactions between load and reward. Replicating Experiment 3, we predicted an interaction between
cognitive load and reward on both performance and RTs. This prediction was supported (See Figure 2.4c, f,



Table 3). In the baseline condition, participants performed similarly in the crystal collection task whether
the RT task was high or low in reward (AM = 1.47), but in the high load condition, participants’ performance
in the crystal collection task dropped when the RT task was high reward (AM = 8.72). An interaction between
cognitive load and reward on RTs was not observed in this experiment, a result which we discuss below.

Discussion

In this experiment, we replicated the main effects (H1-2) observed in Experiments 1-3. We also extended
the findings of Experiment 3 by showing that increasing the resource requirements of a rewarding
alternative task can drive individuals to allocate attentional resources away from a “primary” task, and
toward the alternative task especially when the primary task requires a great deal of cognitive effort
(supporting H4). The lack of an observed interaction between cognitive load and reward on RTs, coupled
with the large decrease in crystal collection performance when load and reward are both high suggests that
some participants may have entirely abandoned the crystal collection task in favor of the RT task in this
condition, allowing them to respond rapidly to probes regardless of the load requirements of the primary
task. Indeed, we see intimations that this may be the case (see Figure 2d). A clear subgroup of participants
shows quite low performance in the crystal collection task when load and reward are both high. If these
participants simply reallocated (or offloaded) attentional resources from the crystal collection task to the
RT task in this condition, RT patterns would be expected to resemble those observed here. These results
indicate that task priority is contingent upon the balance of reward and effort across concurrently available
media tasks and that when this balance is interrupted (i.e. when load is high in one task and reward is high
in another), participants will reallocate attentional resources away from the cognitively demanding task
and toward the rewarding one.

Manipulation Experiment (DF), B 95% CI Cohen’s d BF
Cognitive Load 1 (1, 122), .222%** [.185, .260] 0.452 2.29 x 10° (+ 2.43%)
2 (1,237), .157%**  [.132,.182] 0.328 1.79 x 10* (+ 1.44%)
3 (1, 88), .314%**  [.265, .363] 0.665 1.54 % 10° (+ 1.09%)
4 (1, 64), .205**  [.157, .251] 0.435 1.21x 10° (+ 1.03%)
Reward 1 (1, 122), -.168°*  [-.191, -.145] -0.336 4.88 x 10° (+ 1.09%)
2 (1, 237), -.081*** [-.107, -.055] -0.176 206.86 (+ 1.15%)
3 (1, 88), ~.253***  [..317, -.187] -0.482 3.06 x 10* (+ 1.29%)
4 (1, 64), -.345"**  [..399, -.291] -0.738 1.06 x 10' (+ 1.349%)
Cognitive Load x 1 (1, 122), -.050***  [-.069, -.037] - 2.32x 10° (+ 3.16%)
Reward
2 (1, 237), -.026*** [-.036, -.017] - 2.35x 10° (+ 1.54%)
3 (1, 88), ~.092%**  [..134, -.049] - 5.12 x 10 (+ 3.75%)
4 1, 64), -.027 [-.078, .024] - 0.18 (+ 3.40%)

Table 2: Influence of cognitive load and reward on STRTs. Cognitive load increased STRTs across all four experiments, whereas reward
decreased STRTs across all four experiments. When cognitive load was high, reward had a stronger influence on STRTs than when cognitive
load was low.




Manipulation Experiment (DF), 8 95% CI Cohen’sd BF,,
Cognitive Load 1 (1, 122), -.368*** [-.401,-.335] -0.779 2.58 x 10% (+ 1.05%)
2 (1, 237), -459%**  [..487,-432] -0.992 1.76 x 10% (+ 2.02%)
3 (1, 88), -.344***  [..387,-302] -0.731 1.97 x 102 (+ 0.89%)
4 (1, 64), -511%**  [..568, -455] -1.14 5.25x 102 (+ 1.12%)
Reward 3 (1, 91), -.040% [-.074,-.006] -0.073 0.36 (+ 0.96%)
4 (1, 64), -.086** [137,-.036] -0.184 6.20 (+ 1.70%)
Cognitive Load x 3 (1, 88), -.711** [-1.13,-.292] - 3.01x10° (+2.81%)
Reward
4 (1, 64), -.670%* [-1.11, -.232] 1.86 x 10" (¢ 3.01%)

Table 3: Influence of cognitive load and secondary task reward on primary task performance. Cognitive load reduced performance across
all four experiments. The influence of secondary task reward on primary task performance was only testable in experiments 3 and 4. In each
of these experiments, performance was slightly reduced when the secondary task was more rewarding. When cognitive load was high, the
detrimental influence of a rewarding secondary task was magnified.

General Discussion

In four experiments, we showed that attention both within and between concurrent media processing
tasks is driven by the balance of reward and cognitive load (effort required to execute the task) between
each of the available tasks. When the secondary task was more rewarding, it “captured” more attentional
resources, reflected in faster RTs to high reward probes (supporting H1). When cognitive load was high,
task performance was reduced in both the primary and the secondary task across all four experiments
(reflective of reduced attentional resource availability; supporting H2). Furthermore, the gap in RTs
between high- and low- reward probes was larger when cognitive load was high (supporting H3). Finally,
increasing the rewardingness of one task led to a decrease in attentional resource allocation to other
tasks, and this effect was also magnified by cognitive load. Finally, results suggest that when a rewarding
secondary task requires enough attentional resources to preclude effective performance of both tasks, the
primary task is likely to be abandoned in favor of the secondary task (supporting H4).

Motivated multitasking

Previous work (e.g, Lang et al., 2006) proposed that variation in media processing performance and/or
secondary task reaction times (STRTs) during message processing are an indicator of a change in resources
available (the resources allocated to the message minus the resources required by the message; Lang et
al., 2006; Lang & Basil, 1998). The results presented here indicate that this proposition can be extended to
allow for the idea that resources can be directly allocated to multiple concurrent tasks, rather than needing
to pass through the primary task. As such, changes in performance within any concurrently performed
task, reflect either: a) a change in the overall availability of cognitive resources (e.g. due to changes in the
resource requirements of a given task), or b) a change in the prioritization of that task relative to other
available tasks. This theoretical rationale aligns with recent work from cognate fields demonstrating that
attention within and between tasks is guided by neural competition between potential resource allocation
targets (Itti & Koch, 2001; Theeuwes, 2010; Zelinsky & Bisley, 2015), and with empirical evidence that the
ability of a given stimulus to elicit attention is contingent on current cognitive effort requirements (Watson
et al., 2019), and on the context in which the stimulus occurs (Otto & Vassena, 2020).

In providing support for the idea of multiple concurrent attentional loci during message processing,
these results also build a bridge between models of attention to individual media processing tasks
(like the LC4AMP) and models of how people direct their attention across multiple concurrent media



processing tasks—most notably the “threaded cognition” model (David, 2017; Salvucci & Taatgen, 2008)
and the multiplex model (Feng et al., 2014). In this study, we showed that attentional resource allocation
among multiple concurrent media tasks is driven by characteristics of each of the tasks—namely their
rewardingness and the cognitive effort that is required to engage in them. These findings stand to assist
researchers in incorporating motivational considerations within extant multitasking models, seeking to
address not only how people multitask with media, but also why people choose to switch among a given
set of media tasks. The potential of future work in this area is especially salient in view of extant efforts to
formally model task-switching behaviors in a media context (Fisher & Hamilton, 2021; Wang et al., 2011),
and to understand when visual and auditory media stimuli rely on the same resources, and when they rely
on separable resource pools (Fisher et al., 2019).

Overload or offload?

Media scholars have long been interested in the factors that drive individuals to direct their attention
away from a particular mediated message and toward something else. One body of work has shown that
large increases in the complexity of a message processing task are associated with a precipitous decline in
message processing performance, and often with increased performance in a secondary task (Fox et al.,
2007). In the same vein, messages that induce affective conflict (e.g. a highly negative message paired with
appetitive cues) can elicit similar cognitive patterns—decreased performance in the message processing
task and increased performance in a secondary task (Clayton et al., 2018, 2020; Liu & Bailey, 2018).

The results presented herein provide a hint as to a common mechanism that may be at play in the attention
shifting patterns observed during both cognitive overload and defensive processing. As the crystal
collection (“primary”) task increased in cognitive load, participants preferentially allocated resources to
more rewarding alternative tasks (responding to high-value RT probes). When cognitive load in the crystal
collection task was high, and all of the probes were highly rewarding, participants allocated resources away
from the primary task and toward the alternative task—especially in Experiment 4 when the alternative
task was most intrusive. This hints at the possibility that a common, cognitive offloading process driven
by shifts in the relative priority of available tasks may underlie both cognitive overload and defensive
processing. Lending credence to this possibility, recent work by Clayton and colleagues (Clayton et al.,
2018, 2020) suggests that individual differences in motivational reactivity predict the alternative task that a
person chooses when allocating resources away from a message. Individuals who were low in motivational
reactivity tended to avoid the message and allocate resources toward the secondary task, but those high in
motivational reactivity tended to engage in counter-arguing, leading to reduced performance in both the
primary and secondary tasks.

Limitations and future directions

The implications of the experimental results presented herein should be considered in view of two primary
limitations. First, this study used a very direct and straightforward manipulation of reward (in-game points)
thatwas clearly communicated to the participants. Itis clear that the associative learning processes involved
in assigning value to everyday stimuli and tasks are much noisier, and that the rewardingness of certain
behaviors in the real world are rarely directly advertised. Indeed, reward is notoriously multifarious and
contextual (Juechems & Summerfield, 2019), as are the “costs” by which reward is discounted (Inzlicht et
al., 2018; Shenhav et al., 2017). Although converging evidence indicates that these concepts are instantiated
in the brain via context-independent neural signals (Hauser et al., 2017; Levy & Glimcher, 2012; Rushworth
et al., 2011), the exact nature of the connection(s) between neural responses and reward-driven behavior
in the real world is still very much a science in development.

Second, this study only directly manipulated reward in the “secondary” (RT) task, and only manipulated
cognitive load in the “primary” (crystal collection) task, although the theoretical model employed herein
eschews the idea of a strict hierarchy between primary and secondary (or tertiary, etc.) tasks. Future
research should seek to manipulate reward and load across all concurrent tasks and test the effect of reward-
cost/effort ratios among all concurrent tasks. Relatedly, the two tasks employed in these experiments
were somewhat different from one another, potentially introducing confounds related to sensorimotor



processes or intrinsic motivation between the tasks. Future efforts should aim to maximize the functional
equivalence between concurrent tasks in view of optimally controlling the costs and rewards of each.

Finally, this study manipulated cognitive load and reward in a binary fashion (high/low load, high/low
reward), limiting the informativeness of these results for inferring the parametric relationship between
reward and effort requirements as it relates to attentional priority. Extant work suggests that attention
networks in the brain respond to increased cognitive demands in a nonlinear fashion (Weber et al., 2018),
exhibiting a pattern of initial robustness to perturbation followed by a rapid transition into different states.
Manipulating reward and load along a continuum will allow for a deeper understanding of how the human
processing system chooses among multiple alternatives within a media environment, as well as how
these processes may be influenced by individual differences and attention-related cognitive disorders like
attention/deficit hyperactivity disorder (ADHD).

Conclusion

Using a custom-developed video game stimulus, across four experiments, we showed that attention within
and between multiple concurrent media tasks can be explained in terms of a cognitive “priority map” that
is shaped by the rewardingness and cognitive effort requirements of available tasks. Using both reaction
time and performance measures, we found that increased cognitive load in one task leads to reduced
performance across concurrent tasks, that increased reward leads to increased attention to the rewarded
task, and that the attention-capturing influence of rewarding tasks is magnified under high cognitive
load. These results provide support for proposed updates to LC4AMP which modify its description of the
resource allocation process in a way that allows it to account for the interacting influence of multiple
concurrent tasks. This work also serves as a foundation for the development of integrative frameworks
for understanding how people direct their attention among multiple concurrent media tasks and suggest
a common mechanism undergirding frequently observed phenomena in communication and media
research such as cognitive overload and defensive processing.
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Figure 2: Summary of experimental findings. Across all four experiments, it was shown that: a) increased cognitive effort reduces performance in the primary task (1-

4a), b) increased cognitive effort increases RTs (1b, 2b, 3d, 4d); ¢) reward reduces RTs (1c, 2c, 3e, 4e); d) effort requirements and reward interact such that the influence
of high-reward RTs is magnified when effort requirements are high (1d, 2d, 3f, 4f). Whenever the RT task itself was either high or low reward (Experiments 3 and 4), the
rewardingness of the RT task influenced performance on the primary task such that performance in the primary task decreased when the RT task was high reward.



