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Abstract  

This Scientific Report documents the results of a review of scientific literature pertaining to cognitive 
workload. The literature review examined defining characteristics of cognitive workload, as well as 
measurement techniques and theoretical accounts. Although different theoretical perspectives provide 
different explanations of cognitive workload, there is general agreement that workload results from the 
allocation of limited cognitive processing capacity to activities requiring controlled information 
processing. Some researchers argue that the subjective experience of cognitive workload acts as a 
motivational state; i.e., as part of a system that regulates the allocation of cognitive processing capacity. 
This regulation operates on an optimizing principle to ensure limited cognitive capacity is used 
efficiently. Despite advances in explaining cognitive workload, there is no clear quantitative assessment 
of the factors that predict subjective cognitive workload and objective performance implications. A 
program of research is proposed to examine this issue, as well as the potential for qualitative differences 
in motivational state associated with different environmental conditions. 

Significance to defence and security  

Soldiers have access to an unprecedented amount of information through networked battle management 
and soldier support systems, such as the Integrated Soldier System – Suite (ISS-S). This creates a risk of 
excessive cognitive workload that could impair soldiers’ ability to perform tasks effectively. Under 
WBE 3.4 of the Human System Performance Project, research is being conducted to determine ways to 
accurately measure cognitive workload and predict its effects on soldier performance. This Report 
presents the results of a comprehensive review of the relevant scientific literature. The Report is a 
necessary first step in developing a program of research to quantify the effects of predictive factors and 
develop a method for assessing cognitive workload across tasks and work environments. 
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Résumé  

Ce rapport présente les résultats d’un examen de la documentation scientifique relative à la charge de 
travail cognitive. Cet examen de la documentation a permis d’étudier la définition des caractéristiques de 
la charge de travail cognitive ainsi que les techniques de mesure et les comptes rendus théoriques. Bien 
que diverses perspectives théoriques fournissent des explications différentes de la charge de travail 
cognitive, on s’entend généralement pour dire que la charge de travail est le résultat de l’attribution d’une 
capacité limitée de traitement cognitif aux activités nécessitant un traitement contrôlé des renseignements. 
Certains chercheurs soutiennent que l’expérience subjective de la charge de travail cognitive agit comme 
un état motivationnel, c.-à-d. dans le cadre d’un système qui régit l’attribution de la capacité de traitement 
cognitive. Ce système fonctionne selon un principe d’optimisation qui permet de voir à ce que les 
capacités cognitives limitées soient utilisées efficacement. Malgré les progrès réalisés dans l’explication 
de la charge de travail cognitive, il n’existe pas d’évaluation quantitative claire des facteurs qui prédisent 
la charge de travail cognitive subjective et les répercussions objectives sur le rendement. On propose un 
programme de recherche pour étudier cette question ainsi que la possibilité de différences qualitatives 
dans l’état motivationnel associé aux diverses conditions environnementales. 

Importance pour la défense et la sécurité  

Les soldats ont accès à une quantité sans précédent de renseignements au moyen des systèmes de gestion 
des batailles et de soutien des soldats en réseau, comme la suite d’équipement intégré du soldat (SEIS). 
Cette situation engendre un risque de surcharge de travail cognitif qui pourrait nuire à la capacité des 
soldats de s’acquitter efficacement de leurs tâches. Dans le cadre du projet sur le rendement 
humain-système en ce qui a trait au fardeau cognitif, des recherches sont en cours pour trouver des 
moyens de mesurer avec précision la charge de travail cognitive et de prévoir ses effets sur le rendement 
des soldats. Le présent rapport fait état des résultats d’un examen exhaustif de la documentation 
scientifique pertinente. Le rapport constitue une première étape nécessaire à l’élaboration d’un 
programme de recherche visant à quantifier les effets des facteurs prédictifs et à mettre au point une 
méthode d’évaluation de la charge de travail cognitive pour l’ensemble des tâches et des milieux de 
travail. 
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Executive summary 

This Report documents the results of a review of scientific literature pertaining to cognitive workload. 
Early accounts defined cognitive workload as a state of discrepancy between the amount of cognitive 
processing demanded by a task and the capacity of the individual to engage in that processing. Cognitive 
workload is, however, a multi-dimensional phenomenon, encompassing external demands for information 
processing, internal processes, and subjective experience. Cognitive workload is experienced as an 
aversive phenomenological state that appears to discourage the exertion of cognitive effort. 

Cognitive workload is associated with three key characteristics of the cognitive system. First, humans 
have a limited capacity to engage in cognitive processing, as evidenced by interference effects observed 
when people try to perform multiple tasks simultaneously. Overall, cognitive workload seems to be 
associated with the use of executive controlled cognitive processing and activities that generate cognitive 
workload generally seem to require such processing. Second, people are able to freely allocate cognitive 
processing to whatever activity or task they choose. Allocation of cognitive capacity is only limited in the 
sense that interference effects are greater the more similar are the processing demands. Finally, engaging 
in cognitive processing may deplete one`s capacity to perform subsequent processing, although this idea 
has become controversial. These characteristics allow researchers to distinguish cognitive workload from 
related but distinct phenomena such as task interference, task demand, attention, arousal, and task 
performance.  

This Report reviews various types of measurement techniques used to assess cognitive workload. These 
techniques include direct and indirect performance measures, subjective measures, physiological 
measures, and value-based measures. To date, indirect (e.g., dual-task interference) and subjective 
measures have been the most frequently used and both approaches have been validated. Physiological 
measures are attractive to researchers because they can be assessed continuously and promise an 
objective, quantifiable indicator of cognitive workload. The main drawback of psychophysiological 
measures is that they are indirect and likely sensitive to many factors unrelated to workload. Value-based 
measures derive from a cost-benefit framework and seek to quantify cognitive workload in terms of the 
value of allocating effort. The demand select task method, for example, determines the magnitude of 
reward needed to induce a person to engage in a cognitive activity. 

Three primary theoretical accounts of cognitive workload are examined: 1) decompositional models, 
2) resource models, and 3) cost-benefit models. Decompositional models predict cognitive workload by 
analysing complex cognitive activities into sequences of elementary processes or functional units and 
then summing the demand on cognitive processing imposed by each process. Resource models conceive 
of cognitive processing capacity as a resource that must be managed in order to engage in cognitive 
processing. Cognitive workload results from consumption of the limited resource to perform tasks and is 
proportional to the depletion of the resource. Cost-benefit models focus on the decision process 
underlying allocation of cognitive effort, which is assumed to be an optimizing process that allocates 
cognitive capacity to activities that offer the greatest ratio of benefits (rewards) to costs. Costs assigned to 
cognitive activities may be based on inherent limits on cognitive processing or opportunity costs 
associated with forgoing alternative activities. 

Cognitive workload is distinguished from cognitive fatigue. Whereas cognitive workload reflects the 
immediate impact of exerting cognitive effort, cognitive fatigue reflects the accumulated effects of task 
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performance. This suggests cognitive workload and cognitive fatigue are related but distinct phenomena 
that operate on different time scales. It is hypothesized that subjective cognitive workload is a 
phenomenological state that motivates one to avoid excessive focus on a current task. Cognitive fatigue is 
hypothesized to be a phenomenological state that motivates one to conserve metabolic resources to ensure 
their long-term availability. 

A key question that remains is to what extent the multiple theoretical approaches can be reconciled as 
explanations of cognitive workload. This question can be approached empirically by examining the extent 
to which different factors (e.g., task demand, effort, available cognitive capacity, time pressure, task 
rewards) predict task performance and subjective cognitive workload. A multitask research paradigm is 
proposed in which potential predicting factors are systematically varied and the magnitude of their effect 
on cognitive workload estimated. The objective of this research is to quantify the impact of predictive 
factors and create a function for predicting cognitive workload based on task, environment, and individual 
characteristics in the context of soldier cognitive workload. 

A speculative framework is proposed to characterize qualitative differences in subjective cognitive 
workload. The framework is based on cost-benefit models that frame cognitive workload as a 
motivational state. Different motivational feelings could be associated with different levels of utility 
associated with alternative activities. The proposed framework argues that four distinct motivational 
states (bored, energized, unfocused/distracted, and stressed) arise from the pairwise combination of high 
or low utility of a primary task with high or low utility of alternative activities that could be performed.  
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Defining cognitive workload 

The concept of cognitive workload 

Although it is a key concept in the fields of human factors and ergonomics, cognitive workload defies a 
simple, agreed-upon definition [1]. Attempts to operationalize cognitive workload have often focused on 
objective characteristics of the task and work environment as well as measurable aspects of human 
performance (e.g., [2]). From this perspective, cognitive workload is determined by the demands of a task 
and the mental work or effort exerted by a person [2].  

Explanations of cognitive workload have focused on the cognitive mechanisms that mediate between task 
demands and behaviour to achieve task outcomes [3]. For example, some researchers conceive of 
cognitive effort as a limited resource that affects information processing performance (e.g., speed, 
accuracy) such that increasing demands for cognitive resources will increases the workload associated 
with the task (e.g., [4], [5]). Others have argued that cognitive workload reflects the operation of a 
regulatory system for allocating limited cognitive processing capacity (e.g., [3], [6]). Cognitive workload, 
however, is not exclusively a phenomenon of observable behaviour or intermediary systems; the 
subjective experience of an individual performing cognitive work is also an important component [7]. 

Whatever the relative contributions of behavioural, cognitive, and subjective elements, cognitive workload 
is something dynamic, changing constantly from moment to moment as one works on a task [8]. 
Cognitive workload is affected by factors related to the particular task and work environment as well as 
factors related to the individual, which can make it difficult to predict cognitive workload across different 
people and environments [2].  

One aspect of cognitive workload is sometimes overlooked despite—or perhaps because—it is so fundamental 
is that exerting cognitive effort is aversive. By aversive, it is meant that people seek to minimize their 
expenditure of cognitive effort that leads to excessive cognitive workload. The idea that cognitive effort is 
inherently aversive is longstanding and it has widely been believed that people make decisions about 
cognitive tasks, at least in part, with the aim of limiting cognitive effort [9], [10]. Kool et al. [11] have 
demonstrated a “law of least mental effort” in which people exhibit a systematic bias toward options that 
require the smallest cognitive workload possible (see also [12], [13], [14], [15]. Researchers, however, 
have struggled to explain why we try to minimize cognitive effort, or what makes one task more or less 
difficult than another, or why some people are more willing to expend cognitive effort than others [10]. 
The aversiveness of cognitive effort may be related to biological mechanisms but it is also important to 
consider the decision making process involved in optimizing the use of the cognitive system [10]. 

Note on terminology 

Concepts in psychology tend to acquire a range of terminologies and cognitive workload is no exception. 
This can cause confusion as multiple terms come to be used to refer to the same concept. Before 
examining cognitive workload in greater detail, this section will clarify some of the terminology used in 
this Report. 

The first set of terms in need of clarification is that used to refer to the construct of cognitive workload 
itself. The term cognitive workload will be preferred in this Report but mental workload has also been 
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frequently used in the scientific literature. Even more confusing, the terms cognitive fatigue and mental 
fatigue have likewise sometimes been used to describe cognitive workload. This usage, however, is 
especially problematic because, as will be discussed later in this Report, the term cognitive fatigue is 
better applied to a phenomenon distinct from cognitive workload. In this Report, the term cognitive 
fatigue will be used to describe conditions that result from prolonged cognitive activity, whereas 
cognitive workload will be used to describe the immediate condition, in the present moment, which 
accompanies performance of cognitive tasks. This later phenomenon could be termed acute cognitive 
workload to distinguish it from cognitive fatigue, although its acuteness should be considered implied in 
the usage of the term cognitive workload. 

Another possible source of confusion comes from the many terms used to describe cognition in general, 
and deliberate or controlled cognitive processing in the specific. The concept of controlled cognitive 
processing, as will be seen, plays an important role in theories of cognitive workload. Perhaps because of 
this importance, many terms have been devised that refer to this construct. The central executive system, 
developed by Alan Baddeley in his model of working memory, is an early and influential term for an 
hypothesized central executive system that manages the functioning of other cognitive subsystems 
([16], pp. 70–71). As this concept has developed, it has also come to refer not just to a component of 
working memory but to the action of cognitive systems to perform conscious, deliberate processing of 
information. Thus, terms such as cognitive control, controlled cognitive processing, and executive 
capacity can be found applied to the same underlying concept. In this Report, the term controlled 
cognitive processing will be preferred as the descriptor for the broad range of deliberate cognitive 
processes that can be distinguished from non-conscious processing, although the term cognitive 
processing will sometimes be used as shorthand for controlled cognitive processing. 

Cognitive effort refers to the degree of controlled cognitive processing engaged in by an individual. Thus, 
automatic processes, which do not engage controlled processing, should not be associated with any 
cognitive effort. Cognitive capacity refers to the total amount of controlled cognitive processing an 
individual can perform. This can vary from moment to moment on the basis of the individual’s state 
(physical, neurological) and demands for processing that reduce the total amount of controlled cognitive 
processing available for concurrent activities. The term cognitive load is often used for the demand for 
controlled cognitive processing imposed by a task; i.e., the cognitive effort an individual must exert to 
perform the task. In this Report, cognitive load will be used synonymously with terms such as cognitive 
demand, task load, and task demand. 

Key properties 

In addition to being aversive, cognitive workload is closely associated with several key characteristics of 
the cognitive system. Notably, the capacity to perform cognitive work is: a) limited, b) allocatable, and 
c) (possibly) depletable. 

Limited capacity 

Patel et al. [17] draw an analogy between cognitive processing capacity and the operation of an electrical 
circuit. The functioning of an electrical circuit is governed by three parameters: the current, which is the 
flow of electricity, the voltage, which refers to the work necessary to move an electrical charge, and the 
resistance, which impedes the flow of electricity. In their analogy, cognitive activity is like the current of 
a circuit and, as in an electrical circuit, there is a finite amount of such cognitive activity. Task difficulty, 
which is analogous to resistance, determines the effort needed to accomplish task performance. Overall 
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current in a circuit is reduced by adding resistances. In a similar fashion, available cognitive capacity is 
reduced by each task to which that capacity is devoted. Thus, total cognitive workload is determined by 
the discrepancy between the cognitive capacity available and the total cognitive demand or load [8], [18].  

That cognitive capacity is limited is evidenced largely by the results of experiments in which people 
perform multiple concurrent tasks. Pashler [19] notes that many studies have demonstrated interference 
between concurrent cognitive tasks, including tasks that are not difficult or demanding. Task performance 
in these experiments is almost always impaired relative to a single-task baseline, demonstrating a strong 
interference effect among cognitive operations. Participants in multiple-task experiments exhibit both 
increased response latency and reduced accuracy for at least one, if not, both tasks (e.g., [20]). To be 
clear, however, overall performance is impaired under concurrent task conditions but people can employ 
strategies to maintain baseline performance in one task, with greater impairment of the other.  

Wickens [21] notes that early research showed that, in dual-task situations, neither the overall difficulty of 
the tasks nor the strategy for allocating resources (i.e., favouring one or other task) entirely accounted for 
cognitive workload. Repeated experiments have shown that task interference depends on the qualitative 
nature of the tasks being performed—in particular whether they have a common perceptual component 
(e.g., visual or auditory)—leading to the view that the cognitive system contains multiple components, 
each with a limited capacity [18]. Tasks with dissimilar requirements impose less total workload than 
tasks with similar requirements.  

Several hypotheses have been put forward to explain why cognitive capacity is limited [3]. A common idea 
is that metabolic resources necessary for cognitive processing are limited [22]. Others have proposed that 
the brain’s capacity to maintain task-relevant information is limited such that there is only a fairly small 
amount of information available for cognitive processing at any given time [3]. Still others have suggested 
that multiple controlled processes cause interference among shared information representations [23]. 

Freely allocatable 

People are often called upon to manage multiple demands. In the workplace, for example, it is common 
for people to juggle multiple tasks serially or in parallel [24]. Likewise in the military, soldiers are being 
equipped with more and more communications and data processing devices that impose greater cognitive 
demands than ever before (e.g., [25]). This creates an adaptive problem of simultaneity; that is, given 
restrictions on performing multiple activities at the same time, the cognitive system requires a way to 
determine how cognitive capacity is applied to achieving multiple goals [6]. Thus, the cognitive system 
must act to prioritize activities and to allocate capacity as warranted [6].  

Cognitive capacity is typically assumed to be freely allocatable; that is, people are able to assign cognitive 
capacity to one or more activities based on their own prioritization (e.g., [19]. When confronted with 
multiple demands, one can determine how much effort to put into each demand and potentially preserve 
performance in one task at the expense of another. Empirical evidence supports this idea, indicating that 
cognitive workload is affected by the strategies adopted to manage cognitive resources [19], [21]. People 
seem to strategically adjust the amount of effort devoted to tasks to achieve the optimal ratio of benefits 
to cognitive effort expended (e.g., [24]).  

As mentioned previously, however, Wickens [21] has argued that there are some limits to the allocation 
of cognitive capacity. In particular, Wickens’ Multiple Resource Theory (discussed in detail later in this 
report) posits multiple distinct types of cognitive resources, each of which can be applied to specific types 
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of cognitive processes. It is assumed that a particular cognitive resource can be freely allocated to 
appropriate cognitive tasks but shared in only a limited fashion to tasks requiring different kinds of 
cognitive processing [4], [21].  

Depletable capacity 

The claim that cognitive capacity is depletable has become somewhat controversial in recent years 
(e.g., [2]). By depletable, researchers have meant that the amount of cognitive capacity a person has 
available can be reduced, or even exhausted, by prolonged performance of a cognitive task [26], [27], [28]. 
Whereas limited capacity indicates a finite potential for cognitive effort at any given moment, depletable 
capacity indicates a finite total capacity from which cognitive effort is drawn. The total pool of capacity 
can be reduced over time, although the cognitive system is assumed to replenish that capacity at some rate. 

People do tend to exert less cognitive effort on tasks when performing immediately after some period of 
effortful processing, suggesting a depletion of a cognitive resource [3]. Some researchers have explained 
depletion of cognitive capacity by arguing that engaging in cognitive tasks causes the depletion of neural 
metabolic resources such as blood glucose. If true, cognitive workload might be experienced as a state 
that works against the overuse of glucose in the brain by biasing an individual to disengage from a task 
[10], [19]. However, researchers have not been able to unambiguously identify a biological resource that 
is depleted by cognitive effort. Blood glucose, for example, is problematic as a candidate because blood 
glucose fuels cognitive processes that do not deplete (e.g., vision) and changes in blood glucose observed 
after controlled cognitive processing are relatively small [3].  

Some researchers now question whether cognitive capacity really can be depleted. Patel et al. [17], for 
example, in drawing the analogy between cognitive work and an electrical circuit, note that electrical 
current in a circuit is limited but not depletable. Adding resistances to the circuit subtracts from the usable 
current but, as long as the source of electricity is turned on, the available current is not reduced. 
Kurzban et al. [6] articulate this argument for cognitive capacity in a model of cognitive workload based 
on the concept of cost-benefit analysis. Their model argues that, after performing a task, a person is 
capable of exerting the same level of cognitive effort as before but makes a decision concerning how 
much effort to devote to the next task.  

Controlled cognitive processing 

Cognitive workload can be most convincingly linked to the concept of controlled cognitive processing. 
Researchers have long pointed to a central executive control system as the means by which people 
monitor, coordinate, and implement other cognitive functions [3], [26], [29]. Baddeley’s [16] highly 
influential model of working memory, for example, posits an executive control subsystem that is 
explicitly linked to performance multiple tasks, in particular the coordination of simultaneous cognitive 
processes [30]. The concept of executive control has been expanded over time to include a broader range 
of higher-order, deliberate mental processes linked to controlled cognitive processing [31], [32]. Initially, 
controlled cognitive processing was conceived as a unitary entity (i.e., a single controller for all types of 
processes) but researchers have come to view it as a multi-faceted or even multi-system entity that 
governs the functioning of subordinate cognitive systems [26], [33]. 

Controlled cognitive processing is widely considered a candidate for the “limited resource” underlying 
cognitive workload [3], [26]. A key reason for this is that the allocation of this sort of executive control, 
across a wide range of tasks, feels effortful [6]. Westbrook and Braver [10] note the similarities between 
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cognitive effort and controlled cognitive processing, as effortful tasks are generally complex and require 
extensive cognitive control. Cognitive workload seems to be highly correlated with controlled cognitive 
processing when one considers the spectrum of cognitive tasks from automaticity to highly controlled 
(requiring a great deal of cognitive control to accomplish information processing); effort is seen as 
increasing from essentially zero for purely automatic processing to extreme for the most intense cognitive 
control [4].  

In addition to feeling effortful, controlled cognitive processing is also limited in capacity. This limit is 
seen in multi-task interference effects, which demonstrate that people are able to coordinate only a very 
small number of concurrent cognitive processes [4]. The limit on controlled cognitive processing does not 
appear to be simply an artifact of limited Working Memory (WM) capacity. Heathcote et al. [20], using a 
dual-task methodology with the N-back working memory task [34], [35], demonstrated that WM tasks 
draw on a limited processing capacity that is independent of the limited storage capacity of WM. In their 
experiment, performing two concurrent WM tasks produced interference effects even when the total 
amount of information retained was well under a participant’s memory span. 

Research has shown that exerting controlled cognitive processing is aversive and people seek to minimize 
the amount of cognitive control required when deciding to perform tasks or choosing strategies for 
performing tasks [36], [37]. Exerting cognitive control has an intrinsic cost that is experienced as effort [38].  

Contrasting cognitive workload to related concepts 

Task interference 

The study of cognitive workload has been intimately linked to questions of multi-task performance. 
Indeed, one important motivation for study in the area has been to predict performance when one is 
confronted with multiple demands [21]. In general, concurrent tasks, or even interrupting tasks performed 
serially, reduce a person’s effectiveness and slow overall performance [39], [40]. As a result, the common 
phenomenon of task interference might be seen as synonymous with cognitive workload. However, 
interference is better characterized as a consequence of high workload rather than a component of it. 

Pashler [19] contrasts three accounts of multi-task interference: capacity sharing, bottlenecks (task 
switching), and cross talk. The most widely accepted view, capacity sharing, is closely aligned with 
resource models of cognitive workload. According to this account, people possess a general processing 
capacity that can be shared among tasks. When multiple tasks are performed simultaneously, less capacity 
is available for each task and task performance is reduced to the extent that the combined demand for 
processing capacity exceeds available resources. The bottleneck account posits that it may be impossible 
to perform some mental operations in parallel and so the cognitive system is forced to coordinate serial 
switching between tasks. A bottleneck occurs when one or more tasks are delayed because the system is 
performing an operation that does not permit parallel processing [41]. Cross-talk models, also associated 
with resource models, propose that interference occurs when multiple processes attempt to operate on the 
same, or similar, data, and the manipulation of information from one operation negatively affects the 
manipulation of that information by other operations.  

Task demand 

Many researchers have focused on task demands—the amount of cognitive effort needed to perform a 
task—as the primary determinant of cognitive workload (e.g., [42]). Indeed, many researchers have 
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defined cognitive workload in terms of the relation between the demand for resources by a task and the 
capacity of the operator to supply resources to meet that demand [21]. This can give the false impression 
that cognitive workload is largely synonymous with, or at least in practice determined by, the demands of 
the task at hand [43]. Cognitive workload, however, is affected by a number of other variables [44].  

Sweller [45] has proposed that the sources of cognitive load can be divided into three categories. In this 
scheme, intrinsic cognitive load refers to the demand placed on an individual by the primary task at hand. 
As such, it reflects the difficulty of that task in terms of the complexity or information processing 
requirements of the task [18]. Extraneous cognitive load, in contrast, refers to load created by factors 
external to the primary task, such as the work environment, time pressure, competing tasks or interests, 
and basic bodily functions [18], [44]. Finally, germane cognitive load is linked to strategies and learning 
processes by which an individual adapts to intrinsic and extraneous loads [18]. These meta-processes 
themselves require some amount of cognitive effort and the more an individual employs adaptive 
strategies, the greater the germane workload will be [44]. Germane load can be a complex issue as the 
coping strategies will generally reduce intrinsic and extrinsic loads but add some cognitive load that may 
be difficult to assess independent of other factors [43]. 

Attention 

Cognitive workload has sometimes been operationalized in terms of the consumption of attention that 
could be devoted to cognitive tasks [2], [46], [47]. Task performance is assumed to engage attention as 
the limited resource underlying cognitive task performance. In multi-task situations, a person must 
manage the allocation of attention among tasks to achieve desired levels of performance on each task [41]. 

Perhaps the main reason to equate cognitive workload and attention is that the limited capability of the 
cognitive system to perform multiple concurrent tasks is akin to the phenomenon of limited attention [6]. 
Distractibility, also associated with reduced control of attention, is similarly a symptom of extended 
cognitive effort [48]. Both attention and cognitive workload are linked to the concept of controlled 
cognitive processing [21], which suggests that attention cannot be completely excluded from any 
definition of cognitive workload [49]. 

Nevertheless, cognitive workload and attention should be distinguished. Attention connotes awareness, 
which is not necessary for task performance. In fact, many automatic tasks nevertheless impose 
measurable workload, indicating that workload and attention are not always aligned [10], [21].  

Arousal 

Cognitive workload is linked to physiological arousal, which is seen as a driver of human performance. 
The Yerkes-Dodson Law [50] has been used to characterize the relationship between arousal and 
performance, although the law originally specified the relationship between stimulus strength and rapidity 
of habit formation [51]. In its modern form, the Yerkes-Dodson Law indicates that performance on any 
sort of task is expected to increase with physiological arousal up to some critical point, after which 
increases in arousal lead to a steady decrease in performance, forming a characteristic “inverted-U” 
function [52]. The specific level of arousal associated with peak performance depends on the particular 
task. In particular, cognitively difficult tasks are generally thought to require a lower level of arousal to 
achieve peak performance than cognitively easy tasks for which greater arousal is needed to motivate 
performance [53].  
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The rising portion of the inverted-U of the Yerkes-Dodson Law is typically explained in terms of the 
energizing effect of arousal. Task performance is assumed to require a certain level of arousal and, to a 
point, increasing arousal translates into better performance. The downward part of the inverted-U is 
explained in terms of the presumed disruptive effects of arousal on aspects of cognition, such as 
producing “attentional tunneling,” which works against effective performance [54]. 

Cognitive workload does seem to be related to physiological arousal, which supports the logic of using 
physiological measures to assess cognitive workload. Measures of arousal, such as skin conductance, 
heart rate, and respiration rate, generally increase with increasing cognitive workload, at least up to the 
point at which task performance begins to decline [55], [56]. However, the nature of this relationship is 
somewhat complex. Strenuous exercise, for example, which increases physiological arousal, has 
inconsistent effects on cognitive task performance. Decrements in cognitive performance often occur 
initially with exercise but after a short time, perhaps 20 minutes, cognitive performance can actually be 
enhanced by exercise [57]. This result is found in studies designed specifically to examine whether 
exercise produces an inverted-U function of performance with physiological arousal.  

Although one might be tempted to equate cognitive workload and arousal, they are theorized to affect 
performance in different ways. According to the Yerkes-Dodson Law [52], arousal initially plays an 
energizing role but then produces decrements in performance by disrupting cognitive processes [54]. In 
contrast, some researchers have argued that low levels of cognitive workload will have little to no effect 
on performance as long as sufficient cognitive processing capacity is available (e.g., [4], [5]). Moreover, 
cognitive workload is assumed to have a negative effect on performance as a result of the diversion of 
cognitive processing capacity away from a task, such as when a concurrent task places demands on an 
individual. In other words, it is the lack of cognitive capacity reflected by high cognitive workload that 
causes decrements in performance, rather than disrupting effects of the sort expected from a high level of 
arousal. 

In addition, arousal is caused by many factors, social, physiological, and motivational, unrelated to 
cognitive workload. One can envision a situation in which a person is working on a moderately 
demanding cognitive task and experiencing a low level of cognitive workload. That person could 
experience increased arousal due to caffeine consumption, memories of an unpleasant interpersonal 
conflict, or so on, which causes his/her performance on the task to decrease without a concomitant 
increase in cognitive workload. This is especially important for soldiers as their work involves operating 
in high stress environments. Indeed, the tools and computer devices given to soldiers to aid them in their 
work can themselves end up contributing to the soldier’s stress [58]. 

Performance 

Some have considered the level of task performance to be a defining characteristic of cognitive workload, 
along with task demands, cognitive effort, and an individual’s subjective experience [1], [2]. Performance 
is generally a negative function of cognitive workload, but it is affected by many other factors as well [8], [10]. 
This is evident especially when one contrasts data-limited and resource-limited tasks. One can improve 
performance of a resource-limited task by increasing effort. Data-limited tasks, however, such as reading 
degraded text, are those in which increasing effort does not improve performance [10].  

The confusion between cognitive workload and task performance is seen in the fact that performance has 
been considered both a result of cognitive workload but also a factor in explaining it. Models of cognitive 
workload have been developed in part to allow the prediction of task performance under various different 
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conditions of workload. Wickens [4], for example, premises his model on the assumption that cognitive 
workload does relate to performance. Thus, when total task demand is less than available cognitive 
capacity, performance is good, but when total demand exceeds resource availability, performance is 
impaired relative to the unburdened level (see e.g., [5]). The causal arrow, however, can be reversed, such 
that level of performance is a variable determining cognitive workload. Indeed, Hockey [59] argues that 
reducing performance goals or criteria is a ubiquitous strategy for reducing cognitive workload.  

Cognitive fatigue 

The phenomena of cognitive workload and cognitive fatigue are related but nevertheless functionally 
distinct (e.g., [6], [60]). Acute cognitive workload is a subjective experience, with an accompanying 
objective decrease in performance, associated with performance of multiple tasks or a single, 
highly-demanding task. The effect of acute cognitive workload can be stress and performance 
impairment, even to the point of overload (i.e., being unable to perform a task at all). In contrast, 
cognitive fatigue results from prolonged exertion of cognitive effort and tends to result in gradually 
declining task performance, the subjective feeling of tiredness, an aversion to continuing a task, and a 
decrease in effort given to the task [61], [48]. Fatigue seems to result from prolonged heavy cognitive 
demands on a given task rather than the total time spent on a series of tasks [62]. Whereas a person can 
quickly recover from acute workload with the elimination of the excessive task demand, fatigue requires 
more prolonged rest to recover [62]. 

The fatigue a person experiences after a period of cognitive activity depends on the controllability of the 
task environment; that is, how much discretion the person has over the performance of activities [63]. 
Highly controllable environments allow a person to decide how to carry out activities, how to budget 
time, which tasks to work on at any given moment, and so on. Hockey and Earle [64] found that when 
people performed simulated office work, they experienced fatigue if task demands were high, but only 
when they had low control of the situation (i.e., being forced to work to a task schedule).  

In line with this idea, self-initiated activities, those pursued according to one’s own discretion to achieve 
one’s own goals, seem not to generate cognitive fatigue, at least not at the same rate as externally 
mandated tasks [63]. Play, which is the prototypical self-directed activity, is not associated with fatigue, 
regardless of how much intense cognitive activity is involved. People pursue play, including cognitively 
demanding games and hobbies, without becoming fatigued—they may even become excited and 
energized [63], [65]. 
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Measurement techniques 

Before discussing theories of cognitive workload, it is worth reviewing the many techniques developed to 
measure it. Accurate measurement has been critical to the study of cognitive workload and to the evaluation 
of conflicting theoretical claims. Three broad categories of workload measures—self-assessment or 
subjective rating scales, performance measures, and psychophysiological measures—have dominated 
research methods, although other useful techniques have also been employed [7]. 

Key considerations in developing workload measures are the sensitivity, diagnosticity, and intrusiveness 
of the measures [1]. To be effective, a measure of cognitive workload should be quantitative, able to 
distinguish different levels of workload across tasks, and sensitive to factors that affect task difficulty [7]. 
To be diagnostic, measures must clearly differentiate cognitive workload from other factors that affect 
performance or subjective feeling. Finally, a method should ideally be unobtrusive and minimally 
interfere with the performance of tasks; in particular the method should not add an additional source of 
cognitive workload beyond the tasks [1], [7]. 

The following sections briefly review the prominent cognitive workload methodologies. In general, all 
techniques seek to assign a quantitative value to workload and all achieve some level of success. But any 
measurement technique is a tool to be selected and adapted to suit one’s particular needs. Xie and 
Salvendy [66], for example, have advocated a variety of more specific derived measures of workload, 
such as distinguishing peak from accumulated workload, to address different research questions. 

Direct performance measures 

Brunken et al. [18] characterize measurement techniques along the dimensions of objectivity and causal 
relationship. Measures are objective to the extent they are based on observable behaviour as opposed to 
subjective feeling. Causal relationship refers to the link between the measure and the theoretical construct 
of cognitive workload, such that direct measures assess something believed to be an immediate effect of 
cognitive workload. In contrast, indirect measures assess something that is affected by cognitive workload 
through intermediary variables.  

By this characterization, the secondary- or dual-task methodology is an objective and direct measure of 
cognitive workload. In this technique, a concurrent task (the secondary task), which is not of theoretical 
interest, is paired with a primary task, which is of theoretical interest. The secondary task creates 
competing demands for cognitive capacity that interfere with performance of the primary task [7]. By 
varying the difficulty of the primary task, a researcher can chart the impact on secondary task 
performance and infer relative levels of cognitive workload. Cognitive workload is assumed to be 
proportional to the performance decrement seen in either the primary or secondary task relative to a 
single-task baseline [4]. 

The effect of the secondary task on task performance is often explained in terms of competition for 
cognitive capacity, with the secondary task reducing the capacity available for the primary task. Thus, 
secondary tasks assess the level of cognitive resources that remain when a person is engaged in the 
primary task. Cain [7] describes two ways in which the secondary task effect can be harnessed to assess 
workload. In auxiliary task methods, the person is told to maintain a constant level of performance on the 
primary task and the decrease in performance on the secondary task is the indicator of the person’s excess 
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capacity. In the loading task approach, the person is told to maintain a constant level of performance on 
the secondary task, such that the goal is for the secondary task to degrade performance on the primary 
task. The degree of impairment of performance on the primary task is the indicator of excess capacity. In 
this way, a more difficult primary task will suffer greater performance reduction. 

The Detection Response Task (DRT) is a good example of the secondary task methodology [67], [68]. 
Developed to study the impact of distracting information on automobile driving performance, the DRT 
requires a driver to perform a secondary, non-driving-related task (e.g., changing the radio station, setting 
the air conditioning, using a mobile phone, or entering information to a navigation device). Changes in 
the driver’s secondary task performance serve as indicators of cognitive workload [67]. 

Results from DRT trials, when z-transformed, can be used to generate a standardized metric for 
distraction potential that indicates the relative impact of different activities on driving. Multiple studies 
have used the DRT method with a wide range of activities that are often performed in conjunction with 
driving (e.g., listening to a radio or audio book, conversation with a passenger or on a handheld cell 
phone) and validated the sensitivity of DRT to factors known to affect cognitive workload while driving 
[67], [68]. A standardized version of the DRT, with defined visual and tactile stimuli types and specific 
areas for stimuli placement relative to the driver, was developed in 2016 [69], [70]. 

A drawback of the secondary task methodology is that it is fairly intrusive [7]. Thus, adding a secondary 
task may alter a person’s strategy for allocating cognitive effort to the primary task, making the measure 
potentially invalid [71]. This drawback can be mitigated somewhat by using verbal protocols in 
conjunction with the secondary and primary tasks. Piolat et al. [72], [73] demonstrated such a technique 
for assessing cognitive workload in writing tasks. Participants were asked to periodically state their 
thoughts, in particular regarding what task elements they were working on, while performing concurrent 
tasks. The verbal protocols link performance effects to specific aspects of the primary and secondary 
tasks, which helps determine how performance decrements can be attributed to competition for cognitive 
capacity. 

Indirect performance measures 

Another way to measure cognitive workload is to simply look at performance levels for a task in the 
absence of any secondary or interfering task. In this approach, typical performance measures such as 
response latency and accuracy are collected and cognitive workload is inferred from an individual’s level 
of performance [44]. According to Brunken et al.’s [18] taxonomy, such performance measures are 
considered objective but indirect because, in any given instance, the extent to which performance is 
determined by workload is unclear [18]. Performance presumably reflects numerous factors, so there is no 
simple function for translating performance into an index of cognitive workload. Moreover, a person may 
adjust his/her level of cognitive effort to maintain a constant level of performance. 

A concern with this approach is that performance measures may be subject to a tradeoff between speed 
and accuracy, depending on individual response strategies. It is possible to deal with a potential 
speed/accuracy tradeoff by controlling the focus on preserving one or the other in responding, or by 
calculating a composite standardized z-score for each participant [74], [75]. Careful analysis of the 
speed/accuracy trade-off can be an effective approach to measuring cognitive workload. Hockey [59] 
advocates a derived measure of efficiency, comparing levels of performance with a measure of the cost of 
achieving that level of performance. Thus, for two tasks in which a person exhibits the same level of 
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accuracy, one might be able discern differences in cognitive workload by considering the ratio of 
accuracy to response latency. 

Subjective measures 

Self-rating of cognitive workload has been one of the most frequently used measurement techniques, due 
in large part to the ease and low cost of administration [7]. In Brunken et al.’s [18] taxonomy, self-rating 
scales are subjective and indirect but research has demonstrated that subjective ratings of cognitive 
workload are generally good predictors of task performance [62], although predictive accuracy declines 
when the operator is over- or under-loaded [76]. The relationship between subjective workload and task 
performance is also affected by operator skill, with more skilled individuals better able to adapt to high 
workload [62]. 

There are dozens of subjective rating scales that have been developed to assess cognitive workload, many 
of which are specific to a particular domain or type of task [7]. Among the most frequently used general 
subjective rating measures are the NASA Task Load Index (NASA-TLX) [77] and the Subjective 
Workload Assessment Technique (SWAT) [78].  

In the NASA-TLX, respondents rate demand on six factors, three of which—mental demand, physical 
demand, temporal demand—assess task demand properties and three of which—performance demand, 
effort required to meet performance demand, and experience of frustration—assess the person’s response 
to those demands [62]. The original NASA-TLX included a weighting process to rank order the dimensions 
but a simplified unweighted version correlates very highly with the original NASA-TLX [62], [79]. 
Interestingly, a computerized version of the TLX generally results in higher workload ratings relative to 
the paper-and-pencil version for the same task [62]. The computerized version of the TLX seems to itself 
place some demand on the individual [80].  

The SWAT asks people to rate workload on three dimensions: time load, mental effort, and psychological 
stress [7]. SWAT also makes use of a complex card sorting procedure, rendering it somewhat impractical 
[81], [82]. Respondents are asked to sort 27 cards that contain all possible combinations of the three 
levels of the three dimensions into a rank order that reflects the user’s judgment of increasing workload. 
Scaling procedures transform this rating into numeric scores. Modified versions of SWAT, however, 
which use continuous rating scales and replace the card sorting procedure with more straightforward 
weighting procedures, have proven equally valid and sensitive [82]. 

Both the NASA-TLX and SWAT have a long history in human factors and ergonomics research and have 
been extensively evaluated [44]. In a review of 550 studies reporting independent evaluations of the 
NASA-TLX over a wide range of tasks, work environments, and foci (interface design, workload 
evaluation, teamwork analysis, etc.), Hart [79] found the measurement tool has proven to be valid and 
reliable, and applicable across many domains. A number of studies have shown that scores on both 
NASA-TLX and SWAT are highly correlated with mental workload and sensitive to variations in 
workload demand for many different types of tasks [44], [81], [83], [84], [85]. They are considered 
among the most sensitive, most transferable, and the least intrusive techniques for workload estimation [1].  

Nevertheless, some research has found discrepancies between subjective and performance measures of 
cognitive workload [7]. Vidulich [86], for example, argues that subjective measures are more sensitive to 
workload in working memory but less sensitive to workload in execution demands. Others have criticized 
self-rating measures on methodological grounds. For example, despite the fact that rating scales generate 
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ordinal data, researchers often treat the data as interval or ratio data and apply inappropriate statistical 
operations [7].  

Physiological measures 

A range of psychophysiological measures have been developed that take advantage of the fact that many 
bodily processes are affected by cognitive workload. Psychophysiological measures include muscular 
tension, respiration rate, adrenaline level, pupil diameter, electroencephalography (EEG) wavelength, and 
heart rate variability [7], [87]. Cognitive workload can also be measured by metabolic correlates of 
cognitive activity, such as glucose absorption rate [87]. Psychophysiological measures are attractive to 
researchers because they can be assessed continuously, even when the task is largely cognitive and does 
not elicit overt behaviour, and because they promise an objective, quantifiable indicator of cognitive 
workload [7], [44].  

The main drawback of psychophysiological measures is that they are indirect, being reactions of bodily 
systems to cognitive events [7]. As a result, psychophysiological measures are affected by many factors 
and often lack sufficient sensitivity and/or discriminability to be useful measures. For example, 
psychophysiological measures are very sensitive to physical exertion, so they can only be used as 
measures of cognitive workload when physical activity is strictly controlled [44]. Additional problems of 
psychophysiological measures are that they generally require intrusive equipment and careful attention to 
developing individualized baseline measures [7]. However, most of the problems of psychophysiological 
measures are considered technological and researchers continue to work on more sensitive and less 
intrusive techniques [7]. 

Value-based measures 

Recently, researchers have proposed that cognitive workload can be understood through a cost-benefit 
framework, which is a foundation of economic decision making [10]. In the cost-benefit framework, 
expending cognitive effort is viewed as part of a decision making process regarding the allocation of 
cognitive capacity. Decision outcomes are determined by an optimization process that works to ensure 
cognitive capacity is devoted to activities that will yield the greatest benefit in relation to cost [10].  

This framework opens up new methods, taken from behavioural economics, to measure cognitive 
workload. Based on the cost-benefit approach, it is possible to use the Demand Selection Tasks (DST) 
methodology to assess the cost of exerting cognitive effort. In this method, participants are given 
recurring choices between two actions that differ in the level of cognitive effort demanded [11]. 
Participants are free to allocate their effort however they want but, in addition to different levels of task 
demand, different reward values are associated with each task. By seeing how much reward a participant 
is willing to forego in exchange for performing the easier task, researchers can assess the difference in 
cognitive effort associated with the two tasks. 

Kool and Botvinick [36] employed this methodology to explore peoples’ relative preference for reward 
versus rest. They looked to the economics theory of labour supply, which relates to decisions about how 
to allocate time to work versus leisure. Given that workers value both income and leisure, labour supply 
theory has attempted to explain the labour/leisure allocation of time in terms of a joint utility function [88]. 
Given this type of function, workers will tend to choose work hours that maximize utility, which will 
have a balance of work and leisure. Kool and Botvinick created an experimental version of the 
work-labour trade-off in which participants were able to freely allocate time to two tasks: a highly 
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demanding cognitive task which paid a wage and a non-demanding task that offered no reward. By 
manipulating the cognitive effort demanded by each task, along with the reward given for performing the 
demanding task, Kool and Botvinick were able to measure the changes in time allocation induced by a 
particular reward manipulation. In this case, the value participants assigned to cognitive effort was 
quantified in terms of both monetary reward and time allocated to a low effort task. 

A somewhat more sophisticated version of this methodology was developed by Westbrook et al. [89] who 
adapted a technique from the study of economic decision making to assess cognitive effort in terms of 
revealed preference.1 This procedure can produce quantitative measures of subjective value that are 
expressed in terms of monetary units. Their specific method, called the Cognitive Effort Discounting 
Paradigm (COG-ED), is a discounting procedure in which a participant is offered a choice between 
performing a relatively low-effort task for a given monetary reward or performing a higher-effort task for 
a larger monetary reward [89], [90]. Through repeated choices of this sort (while varying the discrepancy 
in difficulty between the tasks and the sizes of the rewards), the amount offered for the low-effort task is 
“titrated until subjective equivalence is reached (the offers are equally preferred)” [89]. The difference in 
cognitive effort between two levels of task difficulty is quantified by the additional amount of money 
required to make the high-effort task equally preferable to the low-effort task. 

Westbrook et al. [89] employed the COG-ED methodology paired with the N-back memory task in two 
experiments. In the N-back task, participants are shown a series of letters or digits and must respond when 
the current stimulus matches a previous letter/digit [34]. Difficulty of the task is manipulated by the 
number of intervening letters/digits between the stimulus and its previous appearance. By systematically 
varying the relative rewards offered for lower- and higher-effort versions of the N-back task, Westbrook 
et al. [89] were able to determine the subjective value associated with the amount of effort required to 
perform an N-back task. Participants in the experiments turned out to be “cognitive misers” in that they 
were willing to forgo substantial monetary reward to perform the easier version of the task [89]. 
Moreover, the monetary value assigned to cognitive effort (the reward required for a participant to accept 
a given level of difficulty) corresponded well with both objective (response latency and error rate) and 
subjective (self-rating) measures of cognitive effort. 

                                                      
1 Revealed preference procedures are those in which a person’s preferences are inferred from the choices they make. 
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Theoretical accounts 

This section reviews the prominent classes of cognitive workload theories: decompositional models, 
resource models, and cost-benefit models. Each type of theory represents a unique perspective on the 
definition of cognitive workload as that construct has evolved over the years. Decompositional models 
have focused on task demands that elicit cognitive effort and developing predictive models to estimate 
cognitive workload in different task environments. Resource models have focused more on the nature of 
cognitive capacity and how its allocation across multiple tasks determines cognitive workload.  
Cost-benefit models are more recent and concentrate on the decision process that determines allocation of 
cognitive capacity.  

Decompositional models 

Early on, researchers sought to understand the phenomenon of cognitive workload through an analogy to 
serial computer systems. In this analogy, the brain corresponds to hardware that performs various 
computational processes, and complex cognitive functions are likened to software that can be 
decomposed into a sequence of elementary mental operations. The operations within a given functional 
sequence (linked serially or in parallel or some combination) combine to produce action at the system 
level [91], [92]. Researchers demonstrated that it is possible to decompose even complex cognitive tasks 
into component mental operations (e.g., [93]). Elementary mental operations are assumed to be 
components that can be flexibly recruited to perform any kind of complex task, such as reading a word, 
allocating attention, or so on, that involves multiple mental operations [94].  

Elementary information processes 

The decompositional approach was first formalized by the concept of “Elementary Information 
Processes” (EIP) put forward by Newell and Simon [95] and Chase [96]. EIPs serve, in some sense, as a 
language for describing cognitive activities [97]. As originally conceived, the EIP approach assumes that 
basic information processes operate on internal symbolic representations according to a set of rules that 
sequence basic operations into “programs” that can perform complex tasks [98]. The program exists as a 
very specific set of operations and so can explain behaviour only with respect to a specific type of 
problem [99]. However, because all programs are composed from the same set of basic operations, there 
is similarity amongst different programs. 

To explain task performance, EIP models must first identify the component EIPs for a complex task, and 
then represent the process flow among the components. To predict cognitive workload induced by the 
task, the model must also estimate each EIP’s processing demand, which is the EIP’s contribution to 
overall cognitive workload [97]. Predictions of performance and workload at the overall task level depend 
on these individual contributions and on enforcing logical dependencies (e.g., sequence, overlap, 
necessary inputs) among EIPs that affect how cognitive workload accumulates through a program [100]. 

In an example of this approach, Bettman et al. [97] developed an EIP model of the cognitive process 
involved in solving multiple-attribute choice problems. These problems took the form of a chart in which 
two to six alternatives were listed along the vertical axis and two to four attributes were listed on the 
horizontal axis. Under the attributes were rows indicating the attribute values for each alternative, the 
weights assigned to each attribute, and the cutoff values to be applied in those decision strategies that 
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used cutoff values. Using the table, participants selected the best alternative, according to the weighted 
sum of attribute values. 

Bettman et al. [97] began by analysing the choice task into a finite set of EIPs to represent the basic 
cognitive operations involved: READ (enter an alternative’s value for an attribute into working memory), 
COMPARE (compare two alternatives on an attribute), DIFFERENCE (calculate the size of the 
difference between two alternatives for an attribute), ADD (add the values of an attribute in working 
memory), PRODUCT (weight one value by another), ELIMINATE (remove an alternative or attribute 
from consideration), MOVE (go to the next element of the external environment), and CHOOSE 
(announce preferred alternative and stop process). The next step was to develop computational strategies 
for solving the choice problems. These strategies consisted of logical flow diagrams indicating how 
individual EIPs were linked to one another to perform the task. Bettman et al. [97] considered a number 
of prominent strategies for this type of problem, including the Weighted Additive (WADD), Equal 
Weighted additive (EQW), Lexicographic (LEX), Elimination By Aspects (EBA), and Satisficing 
(conjunctive) rule (SAT). Each strategy requires a different configuration of EIPs and so was expected to 
involve differing levels of cognitive workload. 

Bettman et al. [97] were then able to compute predictions of processing time and cognitive workload for 
each strategy. They did this by counting the number of each type of EIP required by a strategy for each 
level of problem difficulty (determined by the number of alternatives and number of attributes). 
Comparisons of the model predictions to human participants’ response time data, self-reported cognitive 
effort, and self-reported problem difficulty made it possible to infer the plausibility of each model. All of 
the models exhibited a fairly good level of fit to human data and the best-fitting models accurately 
reflected performance by human participants, in particular that key aspects of performance varied with 
task complexity and strategy, with the effect of strategy interacting with both number of alternatives and 
number of attributes. Overall, the results of this study supported the idea that a complex cognitive activity 
can be decomposed into a set of cognitive primitives, which can then be arranged in unique strategies for 
the prediction of cognitive workload. 

The EIP approach has been criticized on a number of grounds (see [101]). The approach focuses heavily 
on the number of steps in a process but that is not the only determinant of task complexity or effort. In 
particular, later resource models of cognitive workload pointed to conflicts among cognitive operations 
that were presumed to rely on a common cognitive capacity as the main factor in producing cognitive 
workload [101]. The EIP approach does consider the logical constraints on how and when EIPs can be 
activated, but typically in a strictly serial fashion, ignoring the possibility of elementary operations 
occurring in parallel [101].  

Human performance models 

Integrated human performance models are mathematical or computational models designed to make 
predictions regarding human performance, such as task completion times, error rates, and cognitive 
workload [41]. By integrated, it is meant that the models are intended to represent the entire human 
information processing system from sensory input to motor output [102].  

Human performance models share the decompositional framework of the EIP approach but seek to 
decompose complex tasks into networks of functional sub-tasks as the base unit of analysis, rather than 
networks of elementary information processing operations [42], [103]. The rules used to link sub-task 
units to performance and workload outcomes are more abstract in human performance than EIP models. 
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Instead of conceiving of outcomes as results of identified mental operations, human performance models 
simply assign values such as latency and workload to task characteristics. In effect, human performance 
models treat the cognitive system as something of a black box, but one that produces predictable effects 
for each specified sub-task. In this way, performance can be predicted without requiring detailed 
specification of underlying mental operations. 

The integrated modelling approach begins with task network modelling which is implemented in software 
to create networks of component tasks and sub-tasks that represent an overall task and the environment in 
which it is performed [41]. Networks lay out the components, their information processing links, 
sequencing, resource requirements, and rules, which allows the model to make predictions regarding how 
tasks will be performed with respect to timings and resource requirements. The network model is linked 
to information processing models or algorithms that translate the impact of task activities into predictions 
of performance (latency, effort, and so on). These algorithms are necessary to turn a dynamic 
representation of task structure into a predictive model [41]. 

The use of human performance modelling has been facilitated by the development of the Systems 
Analysis of Integrated Networks of Tasks (SAINT) software system for creating task network models, 
followed by an even more user-friendly application called Micro Saint [102]. These applications make it 
easier to represent task networks and incorporate models of human cognition to predict aspects of human 
performance. Numerous special-purpose applications along the lines of SAINT and Micro Saint, such as 
Improved Performance Research Integration Tool (IMPRINT) and the Integrated Performance Modelling 
Environment (IPME) have been developed to model performance in specific domains [102]. 

The Information Processing model (IP) is a good example of the decompositional approach [103]. The 
model assumes that tasks and sub-tasks require a certain amount of information processing (i.e., impose a 
certain intensity of demand), which can be quantified in bits. The human operator is assumed to possess a 
limited capacity to process information, expressed in terms of a rate of bits per second. The IP model 
explains cognitive workload in terms of both the time pressure and the intensity of cognitive demands 
imposed by a sub-task [42]. The time to complete a sub-task is equal to the task demand (bits) divided by 
the operator’s rate of information processing (bits per second). Cognitive workload arises in the 
discrepancy between time available and decision time, such that the smaller the ratio of decision time to 
time available, the lower is the operator’s workload. Thus, excessive cognitive workload occurs when the 
ratio of time required to process information exceeds the time available [42].  

The IP model explains interference effects between concurrent tasks in terms of limitations on the use of 
processing structures. When multiple tasks are performed simultaneously, the tasks compete for common 
processing structures that can only perform one task at a time [104]. This requires some mechanism to 
supervise task switching, which can occur in a strictly serial ordering of tasks or a more complex 
switching, in which tasks can be partially performed while others are put on hold, with switching among 
partially completed sub-tasks [103]. Competition by task demands results in longer decision times, as 
tasks must wait while others are being processed [103].  

Resource models 

Resource models of cognitive workload are based on the premise that people possess some limited 
cognitive resource necessary for information processing. The limited nature of this resource means that it 
must be managed in order to effectively perform cognitive tasks [59]. Performance of a task is tied 
directly to the amount of cognitive resource allocated to that task, although performance could be a 
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negatively accelerating function of allocated resource such that performance reaches some asymptote 
level after which added resource produces virtually no further gain [104]. In a resource model, cognitive 
workload is viewed as a state of mismatch between the amount of cognitive resource available and the 
amount demanded by tasks [59].  

Although resource models come in various forms, with some proposing a single, unitary resource [5] and 
others multiple resources [4], [21], the notion that the resource is finite is a universal concept. Being 
finite, the availability of the cognitive resource limits the amount of overall controlled cognitive 
processing possible [33]. The cognitive resource is also typically viewed as freely allocatable [19] and 
depletable [33], although debate continues on just how freely the resource can be allocated and whether 
the resource is actually depleted by its use [4], [6]. 

Hockey’s [59] control-feedback model illustrates the notion of resource management at the heart of 
resource models. Hockey’s model features two control loops that work together to regulate cognitive 
effort. One loop regulates effort in routine situations in which cognitive resources are ample relative to 
demand. The second loop responds when task demands are greater and it is necessary to engage in a more 
complex analysis of required effort. Both are negative feedback loops that work by comparing goal-related 
performance targets to cognitive effort requirements and altering effort to reduce or eliminate the 
discrepancy between required and actual effort allocation. The two loops allow the system to respond to 
both task demands (primarily the first loop) and short- and long-term goals that require deliberate 
attention (second loop) [59].  

A key point of Hockey’s [59] model is that task performance and cognitive workload are explained in 
terms of a compensatory trade-off between meeting task goals and conserving cognitive resources. That 
is, cognitive activity involves a regulatory process of allocating cognitive effort to meet task demands 
while conserving, to as great an extent possible, the underlying metabolic resource [59]. The subjective 
awareness of cognitive workload derives mostly from the second loop, which can engage strategic 
processes to manage goals and performance expectations while maintaining resource allocation [59]. For 
example, one can respond to high demands by allocating more cognitive capacity or by decreasing the 
expected level of performance with lower levels of effort. 

Energetical framework 

There is extensive debate over the precise nature of the cognitive resource. At its vaguest, the cognitive 
resource is defined as the capacity to perform cognitive operations [21]. Some models speak of cognitive 
resources as metaphors for unspecified underlying processes, whereas other models seek to link resources 
to specific neural and computational processes [6]. Some researchers, for example, suggest that the 
conserved resource is controlled cognitive processing, whether unitary or multiple, which must be drawn 
upon to engage in deliberate cognitive processing [26]. Others, however, have tried to link the resource to 
some form of biological substrate or process through the cognitive-energetical framework, in which 
cognitive effort is based on an identifiable metabolic resource that energizes cognitive processing [10].  
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Blood glucose, in particular, has been pointed to as the energizing biological substrate [5], [21], [33], 
[87], [105].2 As blood glucose is used to fuel cognitive processing, it is believed that cognitive workload 
is experienced to the extent that glucose is overused relative to its replenishment in the blood.  

There is some evidence that performing cognitive processing consumes metabolic energy. For example, 
people do tend to exert less cognitive effort on tasks when performing immediately after some effortful 
processing, suggesting a depletion of metabolic energy [3]. However, researchers have not been able to 
unambiguously identify a biological resource that is depleted by cognitive effort. Studies using functional 
near infrared (fNIR) spectroscopy have shown that changes in blood oxygenation level are strongly 
associated with cognitive processing, suggesting that oxygen is a necessary metabolic resource for 
cognition [106]. It is unclear, however, that oxygen is a limiting metabolic resource under normal 
circumstances. The idea that cognitive workload is tied to depletion of blood glucose has been criticized 
by researchers who note that variability in glucose use by the brain during easy and demanding tasks is 
extremely low [59]. Moreover, the use of glucose seems to be fairly stable regardless of cognitive effort 
[59]. Finally, blood glucose is used for processes that are not subject to depletion effects (e.g., vision) 
and, in any event, changes in blood glucose after cognitive processing are relatively small [3].  

Single resource models 

Early resource models tended to favour the idea of a single cognitive resource that could be freely 
allocated across all tasks, regardless of type [4], [5]. In this case, the resource is considered 
“undifferentiated”; and as long as the total resource capacity exceeds all task demands, performance is 
normal on all tasks. When capacity is less than total demand, however, performance on one or more tasks 
is impaired relative to the normal baseline [107]. Typically, the unitary resource is associated with 
attentional or controlled cognitive processing capacity [46], [20], [63], [107].  

One attractive feature of the single resource view, embodied in the general capacity hypothesis [46], is 
that it simplifies individual differences in experienced cognitive workload to a single characteristic by 
which people vary, regardless of task or work environment [108]. Research on multitasking, however, has 
revealed that the single resource approach is too simple and cannot adequately explain observed patterns 
of interference in multi-task settings [4]. Some tasks create more or less interference when performed 
concurrent to certain other tasks, suggesting that people have multiple types of cognitive resources that 
are differentially required by different tasks [4].  

Multiple resource models 

The multiple resource view arose in response to findings indicating that, in multi-task situations, 
cognitive workload depends on the qualitative nature of the tasks—in particular whether they had a 
common perceptual component (e.g., visual or auditory)—rather than overall difficulty [21]. The Multiple 
Resource Theory (MRT) [109] proposes distinct information processing components that perform 
different types of processing on information and internal representations. The model argues that 

                                                      
2 Others have argued that neural activity produces waste products that accumulate and that these waste products, 
such as amyloid beta, reduce the effectiveness of neurons up to a point at which activity is no longer possible [59]. 
Normally cleared from cells, the production-to-clearance ratio of amyloid beta increases during controlled tasks, 
suggesting more is produced than can be cleared per unit of time [59]. There is, however, little solid evidence that a 
build-up of toxins in the brain produces a decrease in cognitive processing capacity [3]. 
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concurrent tasks will interfere with one another to the extent that the tasks require the same types of 
processing (i.e., same resources) [4].  

Wickens’ MRT model proposes four distinct functional resource dimensions, each with two contrasting 
resource types: modality (visual vs. auditory), processing codes (spatial vs. verbal), visual channels (focal 
vs. ambient), and processing stage (perception/cognition vs. responding) [21]. Modality refers to the form 
of input to the processing stages, and tasks involving different modalities generally suffer less 
interference than tasks involving the same modality [21]. Processing code refers to the distinction 
between verbal and spatial formats for processing information throughout the processing stages 
(perception, cognition, responding). The terms are broad, with verbal encompassing categorical/symbolic 
processes and spatial encompassing analog visuo-spatial processes [21]. The visual channel dimension is 
nested within the visual perception domain. Tasks requiring focal vision (largely high acuity perception) 
rely on different resources than tasks requiring ambient vision (distributed across the entire visual field, 
including peripheral vision) [4]. The perception and cognition stages of processing seem to draw on the 
same resources but these are different than the resources used in responding [21]. Thus, greater 
interference is expected between perceptual and cognitive processing than between those stages and 
responding.  

Wickens [21] describes a computational version of the MRT model for predicting cognitive workload in 
multiple-task situations. Each task is represented as a vector of its resource demands (both type of 
resources and quantitative assessment of amount of resource). The amount of resource demanded is 
task-dependent and is operationalized by an ordinal rating scale ranging from 0 to 4 [4]. When multiple 
tasks compete for resources, the loss of performance for one or both tasks, relative to single task levels, is 
calculated by a formula made up of two components. The first is the total resource demand of two tasks, 
which is computed as the sum of the average resource demands of each task. This captures the impact of 
overall task difficulty. The second component is the total pairwise conflict across resource types for the 
two tasks. This is summed from a conflict matrix that indicates the level of competing demands for the 
two tasks across all resource dimensions (see [21], for a detailed description of the process of creating a 
conflict matrix for concurrent tasks). In general, the larger the demand of both tasks, the greater is the 
overall performance loss. Likewise, the greater the overlap in demanded resource types, the greater is the 
overall performance loss. The degree of performance loss for each individual task, however, is 
determined by an allocation policy that assigns priority tasks.3 

The MRT model was developed to explain a wide range of dual-task phenomena [4], [21] and subsequent 
studies have further confirmed the model. For example, Wickens, Sandry, and Vidulich [110] found that a 
verbal concurrent task interfered less with a spatial tracking task than did a spatial concurrent task. Also, 
verbal responding and auditory presentation interfered less with tracking than the spatial side task. Both 
Wickens, Harwood, Segal, Tkalcevic, and Sherman [111] and Wickens, Larish, and Contorer [112] found 
that the model predicted workload for a simulated helicopter flight task with concurrent tasks, although a 
model based on total demand per unit time also had substantial predictive power. Wickens’ [21] 
predictive model has also proven to perform well in tracking performance decrements caused by 

                                                      
3 Wickens [21] cautions that precise values of the task interference generated by the computational model should not 
be over-interpreted; that is, the numeric interference values should be treated as guides to the relative interference 
among concurrent task pairs. Model outputs can be used informally as a guide to the design of a system, suggesting 
combinations of input modalities, representation formats, and response types that will minimize interference among 
tasks. 
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multi-tasking [113], especially if combined with a task time-line that accounts for the overlap of task 
components [114]. 

Criticisms of resource models 

Resource models of cognitive workload have been criticized on the grounds that researchers have been 
unable to unambiguously characterize the exact nature of cognitive resources (e.g., [10]). Without a clear 
biological substrate, the concept of cognitive resource can be seen as abstract and more of a metaphor 
than an explanatory variable [33]. Moreover, resource models are generally unable to specify how 
allocation decisions are made or the criterion that govern allocation [3], although some sort of allocation 
mechanism must be assumed [4], [19].  

Although not a feature of all resource models (see [4], [21]), some researchers have argued that cognitive 
capacity is a depletable resource (e.g., [27], [28]). This view is supported by findings that performing a 
cognitive task for some period of time generally leads to performance decrements over time and to 
subsequent tasks, suggesting that task performance reduces the amount of available cognitive resource. 
Yet, studies have shown that performance on a task after some period of “resource depletion” can be 
equivalent to, or even better than, the level of performance expected when a person is rested [33]. 
Motivation, for example, affects perceived cognitive workload and task performance in ways that are 
inconsistent with the depletion of a necessary resource [6]. Providing participants with rewards after an 
extended period of vigilance will lead them to perform subsequent tasks as well as they would when 
rested [115]. Rewards can only promote better task performance if a necessary resource is available [116].  

Cost-benefit models 

Kurzban [117] argues that all models of cognitive workload are, at their core, choice models concerned 
with decisions on what actions to take to maximize benefits and minimize costs in terms of a cognitive 
resource. The cost-benefit approach of cognitive workload was developed specifically to explain the 
decision making processes underlying the allocation of cognitive effort. The approach is not strictly a 
rejection of resource models but it does shift the focus away from the availability of cognitive capacity to 
the role of choice in allocating that capacity to activities. Kurzban et al. [6], for example, argue that the 
basic question of cognitive effort is not the degree to which a person is capable of exerting effort but the 
conditions under which a person chooses to exert effort.  

Given limited capability of cognitive systems to perform multiple controlled cognitive operations 
simultaneously, an individual needs some way to prioritize activities—what Kurzban et al. [6] term 
“prioritization among possible computations.” In this sense, allocating cognitive effort is an optimization 
problem in which people seek behavioural options that will produce the greatest benefit to the self, 
relative to cost of that behaviour [3], [48], [118].  

Prioritization of cognitive activities requires the assignment of costs and benefits to possible activities. 
This is potentially difficult because costs and benefits can come in many different currencies. Costs can 
be physical, mental, or reflect negative outcomes of behaviour, and benefits can reflect internal states, 
such as biological needs or intrinsic interest, or external rewards, such as money, social status, or the like. 
Adaptive fitness—the cumulative effect of traits and behaviours on the propagation of one’s genes—is 
the ultimate currency of costs and benefits but this cannot be directly assessed by computational 
mechanisms. Therefore a cost-benefit analysis system needs some proxy measure to represent costs and 
benefits in common currencies [6]. 
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Neuroeconomic approach 

Cost-benefit models of cognitive workload have been advanced largely within the context of the 
neuroeconomic approach to cognition. The premise of neuroeconomics is that the synergy of economics, 
psychology, and neuroscience can result in insights and understanding of behavioural phenomena that 
cannot be achieved from any one discipline alone [119]. An attractive feature of this approach is that, in 
drawing on economics, psychology, and neurobiology, it has access to disciplines that produce 
explanations of behavioural phenomena at different, but mutually constraining, levels [120].  

The field of economics provides a way of viewing cognition as a fundamental process of choice and 
judgment [119]. Choice refers to the evaluation of options, whereas judgment is the estimation of 
probability based on available information and knowledge. From the economic perspective, cognitive 
effort is seen as a choice problem, namely the choice of how to allocate effort in response to a set of demands 
and goals [121]. A key premise of the neuroeconomic approach is that people evaluate whether an action, 
mental or physical, is worth performing in relation to the rewards associated with the outcome of that 
action [122]. Actions are performed only if the subjective value—reward devalued by cost (effort)—is 
great enough. 

In general, neuroeconomic studies seek to correlate neural activity elicited by a decision making task to 
particular functional brain systems. This has been applied to many decision problems, including, but not 
limited to, cooperative behaviour, product choices, altruistic punishment, trust, and framing effects [123]. 
The neuroeconomic approach suggests that it should be possible to find a neural circuit that performs this 
choice in a way that is logically consistent with cost-benefit analyses. Indeed, the cost-benefit models 
described below were developed in parallel with neurobiological models of the brain circuits believed to 
underlie effort monitoring and allocation [33].  

One major way in which neuroeconomics differs from classic behavioural economics is in rejecting the 
notion that human judgment and choice are based on a single, unified system [119]. Neuroscience 
supports the view that the brain is a weakly modular system; that is, it is composed of functional modules 
that can participate in regulation of some behaviours but not others. Some modules can function 
automatically, in parallel with little or no conscious awareness, whereas other modules support controlled 
behaviour [71]. The automaticity of many brain functions is consistent with views that cognitive effort is 
required only for those activities that require active, conscious deliberation or choice (see [59]). Because 
controlled processes are limited, their operation can be seen in terms of allocation processes based on 
cost-benefit analysis.  

Relating workload to the concept of value 

The first step in developing a cost-benefit model of cognitive workload is to link the concept of effort to a 
metric of value. This is done by considering the outcomes of actions in relation to motivational states of 
the individual. Motivational systems evolve to either increase the achievement of benefits or decrease 
costs to the organism. Thus, phenomenological states, such as hunger and pain, reflect underlying fitness 
adaptations (i.e., the states motivate behaviour that results in outcomes that enhance the reproductive 
fitness of the individual) [6].  

As noted earlier, exerting cognitive effort is inherently aversive, which has led several researchers to 
suggest that cognitive workload is an phenomenological state, like pain, that exists to motivate an 
individual to avoid fitness costs [36], [117]. However, where pain is a clear example of a motivational 



  

24 DRDC-RDDC-2019-R188 
 

  

state, the sensation of cognitive workload is, at least on the surface, anomalous [117]. Although the 
experience of cognitive effort is aversive, actions that require cognitive effort can be associated with the 
external rewards (e.g., work that advances one’s career, improves health and social standing) that make 
those actions beneficial. Thus, it is not clear why cognitive actions are associated with an unpleasant 
sensation of effort. Kurzban [117] suggests that the resolution to this conundrum lies in considering how a 
person manages cognitive effort not just in the moment but at longer timespans as well. He argues that the 
aversive state of cognitive workload motivates a person to avoid behaviours that can have positive 
benefits in the long term while encouraging rest, which is positive in the short term because it conserves 
energy. As the models described in the next sections will suggest, however, it is more likely that the 
aversive state of cognitive workload motivates a person to avoid behaviours that have immediate or 
near-term benefits while encouraging rest, which has a long-term benefit in rationing metabolic energy 
over the course of a day or longer (see [105]). 

The aversive aspect of cognitive effort is summarized in the “law of least effort” that states that people 
will minimize the effort exerted to obtain a reward [90]. This law is consistent with the idea that humans 
and animals assign subjective value to rewards in such a way that the value of a reward is devalued by the 
physical and cognitive effort (cost) of obtaining that reward [90]. In an experiment to test this idea, Apps 
et al. [90] had participants perform a visual monitoring task in which participants were allowed to choose, 
from trial to trial, between performing a low-effort baseline task or a task that promised greater reward 
but also greater effort. Participants’ choice data indicated that they devalued the task rewards such that, as 
the effort required by an offer increased, the less likely participants were to accept the more difficult 
option relative to the baseline. 

One current theory argues that assigning value to benefits and costs (i.e., subjective valuation) is 
performed by a domain-general neural system, spanning the Anterior Cingulate Cortex (ACC), 
Dorsolateral Prefrontal Cortex (dlPFC), anterior insula (AI), intraparietal cortex, and several amygdala 
nuclei [122]. Experiments with functional Magnetic Resonance Imaging (fMRI) data collection have 
revealed that, when people choose between low- and high-effort versions of cognitive tasks, activity is 
observed in this particular neural circuit. Chong et al. [122] interpret this neural circuit as a “subjective 
value calculator” that assigns a value to an option based on its devalued reward. Studies of brain function 
have also found evidence for separate systems for processing information related to reward magnitude 
and reward probability [119].  

Although researchers have discovered a potential neural system devoted to assessing subjective value, it 
should be noted that the benefits of cognitive actions generally come from external rewards, immediate or 
delayed, that are associated with that activity [48], [65].4 The costs of cognitive effort seem to derive from 
two sources: opportunity costs and a metabolic cost [3], [117]. Whatever a person is doing, they incur an 
opportunity cost based on the benefit that could otherwise be gained by engaging in other activities 
(i.e., the benefits that are forfeited by engaging in the chosen activity) [10], [124]. It is adaptive to have a 
mechanism that biases a person away from continuing an activity if the person can switch to a different, 
more beneficial activity. So the feeling of effort can signal that the current activity is no longer the best 
(in terms of maximizing fitness) and that another activity may yield a more favourable cost-to-benefit 
ratio [3]. An implication of such opportunity costs is that a person could experience the same cognitive 
activity as more or less costly depending on the set of alternative activities open to the person at that time 
[62]. It may be possible to link the cost of cognitive effort to fitness by some metabolic intermediary. 
Christie and Schrater [105] propose that the metabolic process of glycogen expenditure comprises a cost 
                                                      
4 People are also sometimes motivated by (poorly understood) intrinsic interest [48],[65]. 
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element in computation of cognitive utility. This will be discussed later in this Report in the discussion on 
cognitive fatigue. 

Expected value of control 

The cost-benefit approach has been formalized in Shenhav et al.’s [3], [118] Expected Value of Control 
model, which was developed to explain the function of the dorsal Anterior Cingulate Cortex (dACC). 
Shenhav et al. [118] proposed that the dACC integrates information about rewards (positive and negative 
outcomes) and the costs of cognitive activities to compute an Expected Value of Control (EVC) for those 
activities. In this model, operational workload corresponds to the underlying neural constraints on task 
performance (i.e., the limited availability of controlled cognitive processing) [3]. A person’s subjective 
workload, however, corresponds to the person’s mental assessment of the cost/benefit ratio of pursuing 
certain cognitive activities, assessed in relation to: a) environmental demands, b) goals, and c) limited 
resources. 

The EVC model assumes that controlled cognitive processing has an intrinsic cost [3]. This cost, it is 
argued, derives from three factors: 1) metabolic resources in the brain are limited (biological energy is the 
limited resource), 2) the brain’s capacity to maintain task-relevant information is limited, and 3) multiple 
controlled processes cause interference to arise among shared representations. Shenhav et al. [3] also 
allow that opportunity costs involved in foregoing alternative activities contribute to the overall cost 
associated with an activity. 

EVC is used to guide decisions regarding the allocation of cognitive processing capacity to cognitive 
activities. The dACC system is believed to make these decisions in terms of: a) selecting a course of 
action to pursue, and b) selecting the intensity of effort to devote to that action [125]. The EVC model 
states that cognitive capacity is allocated to those tasks having the highest EVC. Thus, a cost-benefit 
analysis selects the cognitive activity that optimizes long-term utility within the bounds of limited 
information, time, and human cognitive capacity.  

The heart of the EVC model is a decision process that selects a “control signal” and determines that 
signal’s intensity [3], [118]. The term control signal comes from the literature on reward-based choice and 
refers to a path of neural activity that mediates between behaviour selection and response. The EVC 
computed for each alternative action is a function of the control signal, which Shenhav et al. [118] 
characterize as a vector that includes the identity of the activity and the intensity of effort to be devoted to 
it, and the state, which is the current environmental conditions and internal factors that will affect 
demands on the person.  

Both the outcome of the signal and the cost associated with the signal determine expected value as 
follows [118]: 

, | , ∙  (1) 

The right side of Equation (1) indicates that EVC is calculated as the sum of values of the expected 
outcomes of implementing the control signal minus the cost associated with implementing the signal. 
Outcomes correspond to the subsequent states that arise from implementing the signal in the context of 



  

26 DRDC-RDDC-2019-R188 
 

  

the current state. Both the probability of an outcome and its value contribute to computation of the EVC. 
The final term in the equation, Cost(signal), is assumed to be a monotonic function of control signal 
intensity. 

The value of an outcome is defined recursively using the following formula [118]: 

,  (2) 

The immediate reward can be positive or negative; it is the assessment of the value of the immediate 
consequences of the signal. The maximization of EVC in the second term is over all conceivable control 
signals, with outcome replacing state. What this means is that the expected value for a control signal is 
determined, in part, by a calculation of the value expected in the future given the implementation of the 
candidate signal in the “now” and implementation of other signals, with assumed outcomes, in the future. 
Shenhav et al. [118] state: “The estimation of outcome value thus folds in the EVC of control signals 
implemented in future states.” The term γ in Equation (2) is a discounting factor set between 0 and 1 that 
determines the degree to which value is weighted toward future rewards.  

Given the calculation of outcome value in Equation (2), the EVC calculated for any alternative control 
signal (Equation (1)) equals the sum of expected rewards, weighted by the probability of each reward, 
minus the cost of the alternative, which depends on the intensity component of the control signal [118]. 

To determine the control signal that will yield the greatest expected value, the cognitive system compares 
the EVC across a set of candidate control signals seeking the optimal control signal, signal*, which is the 
option with the greatest value. 

∗ ← ,  (3) 

Once the signal with the maximum EVC is selected, it is implemented and maintained. The system then 
monitors conditions for changes in the state. When change is detected, the decision process proceeds 
again and the best option is chosen, which may be the same control signal or a different one. The decision 
process can be envisioned as considering a set of potential cognitive activities, each with multiple 
instantiations corresponding to different levels of effort applied [3]. Each option is linked to positive and 
negative outcomes that determine the overall value expected from selecting that option.  

Shenhav et al. [118] link the functions specified in the EVC model to a specific cortical network 
consisting of the dACC, anterior insula, lateral prefrontal cortex, and lateral parietal cortex (see also [3]). 
The dACC is associated with determining physical and cognitive actions and has been linked quite 
strongly to the concept of executive control [30]. A large number of studies have demonstrated that 
damage to prefrontal structures result in impaired executive control and neuroimaging data further 
supports at least a partial localization of executive control in the prefrontal lobes [30], [32]. The authors 
suggest the dACC integrates signals relevant to the EVC and determines the levels of cognitive control 
for potential actions that will maximize the EVC. The anterior insulate is proposed to be an input to 
control allocation decisions, carrying information about the environment (e.g., rewards, errors) that 
indicate a need to adapt control. The lateral prefrontal cortex is proposed to be an output from control 
allocation decisions, playing a role in execution and/or regulation of control policies. 
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Musslick et al. [125] tested a computational version of the EVC model and its ability to predict several 
common findings from the cognitive control literature. The authors simulated the EVC model in the 
context of a dual-task experimental setting in which a participant could perform one of two tasks with free 
switching between them. For each individual trial, the EVC was calculated as the sum of the values for 
the two tasks, weighted by probability of each task being selected, minus the cost (modelled by response 
time) of the trial. On each trial, the model chooses the task that has the greatest EVC. Musslick et al.’s 
[125] EVC model was able to account for observed phenomena from the cognitive control literature. For 
example, on trials immediately following an error (doing the wrong task, the option other than that 
directed by the experimenter), participants show an adjustment effect in which they exhibit longer 
response times and lower error rate. The model also explained participants’ sensitivity to the rewards 
associated with tasks. When participants were allowed to freely choose which task to perform, they 
reliably chose the option with lower control cost, given equal rewards, as predicted by the EVC model. 
As rewards were made larger for the more effortful option, participants tended to switch their choice to 
that option. 

Opportunity cost model 

Like the EVC model, Kurzban et al.’s [6] opportunity cost model explains the performance effects and 
subjective experience associated with cognitive effort as the result of cost-benefit calculations and the 
comparison of relative value across a range of possible cognitive activities. The opportunity cost model 
differs from the EVC model in that it assumes that the costs of performing a given mental activity are 
assessed strictly in terms of opportunity costs. When performing a task (A), the costs of performing that 
task include the benefits of performing other tasks (B, C, D, etc.) that are forfeited by performing task A 
[10]. Thus, the specific opportunity cost of a cognitive activity depends on the situation, including the 
payoff structure of the current task, the number of alternative tasks, the payoff structures of those tasks, 
and costs imposed by switching tasks.  

According to Kurzban et al. [6], the subjective experience of cognitive workload is a motivational state in 
which the cognitive experience accurately reflects the opportunity costs associated with performing an 
ongoing task. This state serves the purpose of directing an individual toward the activity that offers the 
greatest benefit-to-cost ratio (see also [11], [63]).  

The general process flow of the opportunity cost model is as follows. First, estimates of the benefits and 
costs are derived for all potential cognitive activities in which the individual may engage. Based on these 
estimates, the relative values of cognitive activities are compared to determine which offers the greatest 
value. This creates a subjective state of workload that motivates the individual to allocate some amount of 
cognitive capacity to pursuing the most valuable activity. The intensity of effort is proportional to the 
expected value of the selected activity, with more capacity allocated the greater the expected value (see [10]). 
The allocated cognitive capacity determines the level of performance achieved by the activity. The 
process is then continually repeated, with adjustments to the intensity of effort or, if another activity 
becomes more valuable, a shift in allocation of effort. 

One implication of the opportunity cost model is that the addition of a new opportunity—a cognitive 
activity to which a person could devote effort—will alter a person’s subjective cognitive workload. As an 
example, Kurzban et al. [6] contrast the situation in which a research participant is left in a room to 
perform a simple math calculation task for monetary reward. In the empty room, the participant’s 
plausible options are to perform the math task or daydream. Assuming that the monetary payment gives 
the math task greater subjective benefit than daydreaming (which conveys benefits in the form of 
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avoiding a boring task, reflection on past events, and such), the participant will choose to do the math task 
and achieve greater value than the alternative option. However, the participant’s choice may be different 
if a third option, playing with a smartphone, is available. Here, the benefits of playing with a smartphone 
include checking email, reading news, and consulting social media. For the sake of the example, 
Kurzban et al. [6] assume the net utility of that choice is greater than daydreaming but still less than doing 
the math problems, which conveys a monetary reward. According to the model, the set of three options 
will yield a different computation of relative value. In the second case, the availability of a more attractive 
alternative, closer in utility to performing the math problems, will increase the participant’s subjective 
workload relative to the first case that offered only the math task and daydreaming options.  

In another example, Kurzban et al. [6] illustrate how context can affect the valuation of benefits and costs. 
They consider the situation from above, with a research participant left in a room to perform a boring 
math task. Two conditions can be contrasted, one in which the experimenter is present and another in 
which the experimenter is out of the room. When the experimenter is present, Kurzban et al. [6] assume 
that the participant experiences some degree of social approval for doing the math task, adding to its 
subjective valuation. When the experimenter is gone, however, the value of social approval is removed 
from the math task, whereas the opportunity costs remain the same. This leads to a lower net utility, 
which could lead the participant, who allocated effort to the task when the experimenter was present, to 
reevaluate the relative utilities and decide to daydream instead. 

The opportunity cost model can explain the interference effect produced by multitasking. Kurzban et al. [6] 
assume that the cognitive system not only compares utilities of allocating all effort to one activity or 
another but also compares options that involve allocating partial capacity to multiple activities. Allocating 
partial capacity to two tasks will have associated benefits and costs in the same way allocating all 
capacity to one task will. Thus, in the case of the research participant, dividing effort between the math 
task and daydreaming results in some benefits associated with each task. The participant will still receive 
the monetary payment even if he performs poorly on the task, as well as some measure of social approval 
(albeit less than if he had given the task his all). Added to this will be some fraction of the benefit 
expected from daydreaming. Costs will similarly be divided as well. Thus, the participant may find that 
splitting capacity between the two activities will result in expected utility greater than that of devoting full 
effort to performing the math task or daydreaming alone. The reduced allocation of capacity to the math 
task, however, will show in poorer performance. Kurzban et al. [6] assume that the utility of any task can 
be adjusted by a factor representing the decrease in marginal utility from allocating less cognitive 
capacity to it.  

The opportunity cost model rejects the notion that cognitive capacity can be depleted by use, becoming 
unavailable until a person is able to replenish it [27], [116]. Depletable cognitive capacity implies that 
performing any cognitive task for some duration should have negative implications for performing a 
subsequent task. The opportunity cost model, although it assumes that cognitive capacity is finite and 
allocatable, argues that cognitive effort can be directed to any given task indefinitely with no decrease in 
performance [6]. Any decrease in task performance over time is assumed to result from changes to the 
relative utilities of cognitive activities [6]. 

The opportunity cost model predicts not only that a person is capable of continued, undiminished 
performance after performing a task, but that it is possible for a person to exhibit a greater level of 
performance [6]. This can happen if the perceived utility of a task increases over time—for example, if 
external rewards are offered. Moreover, subjective workload should also decrease as the relative utility of 
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a task increases relative to alternative activities, even when the person has been performing a task for an 
extended period of time.  

Like Shenhav et al. [118], Kurzban and colleagues point to the prefrontal cortex as the likely seat of a 
specialized neural system dedicated to performing the kind of cost-benefit analysis that lies at the heart of 
the opportunity cost model [6]. In particular, they argue that the ventromedial prefrontal-ventral striatal 
network creates a common currency of costs and benefits that have diverse origins. Furthermore, this 
network is connected to regions that support controlled, executive function. Evidence suggests that 
activity in the anterior cingulate cortex, or dopamine levels in the prefrontal cortex, send signals that 
engage the limited capacity executive network [6]. Thus, the prefrontal-ventral striatal network is able to 
communicate information about the balance of rewards and costs associated with cognitive activities to 
the executive system that is engaged for controlled cognitive processing. 

A major criticism of the opportunity cost model is that, in focusing on opportunity costs, the model fails 
to adequately capture other cost factors [38], [65]. Westbrook and Braver [33], for example, argue that 
factors affecting the allocation of cognitive effort include delay, risk, and physical effort. They point to 
results of Westbrook et al. [89] in which participants’ choice of cognitive tasks to perform were affected 
by the difficulty of the tasks, despite rewards being adjusted in conjunction with task difficulty. 
Participants discounted rewards according to the cognitive load imposed by the tasks even though 
opportunity costs should not have changed.  

Hofmann and Kotabe [126] have also argued that the computational effort of a task must be considered as 
part of the cost of that task. They note that the opportunity cost model would predict that when a person is 
performing a cognitively demanding task, A, and there is no alternative task, B, that possesses a close 
expected utility, the person would be expected to perform task A indefinitely with no decrease in 
performance, which seems unlikely. Hofmann and Kotabe [126] also suggest that adding subjective effort 
to the cost computation could allow the model to explain why people choose to stop performing cognitive 
tasks to “take a break” before returning to the task. Bruyneel and Dewitte [127] echo this concern and add 
that, in addition to the inherent costs of cognitive processing, the process of conducting the cost-benefit 
analysis in choosing how to allocate processing capacity contributes to the overall cost associated with a 
task. They suggest that when performing a demanding task, a person will have less capacity available to 
allocate to cost-benefit analysis, thereby resulting in a decrement to the individual’s ability to accurately 
assess expected utilities.  
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Cognitive workload and cognitive fatigue 

Cognitive fatigue is a subjective state that results from prolonged cognitive task performance [31], [48]. 
This state includes feelings of tiredness, an aversion to continuing tasks, and a decrease in effort given to 
tasks [48], [128]. Cognitive fatigue also has a number of documented effects that lead to poorer 
performance, including difficulty focusing attention, increased distractibility (poor sustained attention), 
difficulty switching cognitive strategies in response to feedback, poor response planning, and less 
frequent correction of mistakes [48], [61].5 Although cognitive fatigue results from engaging in cognitive 
activity over time, it does not have a simple linear relationship to time-on-task, and fatigue can be 
experienced even after short periods of task performance [62]. 

The discussion here focuses on acute cognitive fatigue which is distinguished from chronic mental 
fatigue, characterized as a symptom of various psychological and somatic disorders [129], [130]. In 
contrast, acute cognitive fatigue is temporary and results from exerting cognitive effort [31], [61]. Acute 
cognitive fatigue is easy to recover from; just switching to a different task can often eliminate the feeling 
of fatigue [31].  

An important aspect of acute cognitive fatigue is that people have some ability to resist or overrule the 
feeling, which allows a person to continue to exert the same level of effort to a task for an indeterminate 
time [31]. The degree to which someone is willing to resist the motivation to stop is affected by many 
situational factors (e.g., consequences of stopping, rewards for completion, amount of time remaining to 
complete task) [31].  

Research has found that executive control (a higher-order, deliberate mental process) is strongly affected 
by cognitive fatigue, but automatic processing is largely spared [31]. Exerting executive control is 
associated with the subjective experience of workload, so when fatigue creates a reduction in willingness 
or ability to exert cognitive effort it is not surprising that controlled cognitive processing is impaired. 
Inhibition, task switching, and working memory all seem to be strongly impaired by cognitive fatigue [131].  

A substantial body of evidence supports the contention that neural dopaminergic pathways underlie 
cognitive fatigue. The dopaminergic pathways, in general, play a role in motivating an individual and are 
associated with feelings of alertness [31]. Interestingly, these dopaminergic pathways—involving the 
Nucleus accumbens (Nac), Anterior Cingulate Cortex (ACC), the basolateral amygdala, and the 
orbitofrontal cortex—have also been linked to cost-benefit analysis in regulating cognitive effort [6], [105].  

Distinguishing workload from fatigue 

Both cognitive workload and cognitive fatigue are defined in terms of a subjective experience and 
objective effects on task performance. However, cognitive fatigue is experienced after prolonged task 
performance whereas cognitive workload is seen as the momentary result of expending cognitive effort, 
often in the context of simultaneous demands for cognitive processing. Thus, cognitive workload seems 
to be an immediate phenomenon, reflecting current states of the person, task, and environment, whereas 

                                                      
5Admittedly, it can be difficult to disentangle the effects of fatigue on performance from its effects on motivation 
[31]. If fatigue reduces motivation to perform a task, we expect performance to decline. However, fatigue seems to 
affect some aspects of performance but not others, suggesting that motivation alone is not the intervening factor. 
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cognitive fatigue seems to be a longer-term phenomenon, reflecting the accumulated effects of task 
performance.  

The different phenomenology of cognitive fatigue and cognitive workload suggests that different 
underlying processes may be in play. Cognitive fatigue has generally been explained as a result of the 
depletion of some metabolic substrate over a relatively long period of time [132]. Cognitive workload too 
has been linked to depletion of a metabolic resource but, as discussed earlier, some researchers now 
describe cognitive workload in terms of a cost-benefit analysis aimed at allocating cognitive effort to the 
activities with the greatest utility [6], [48]. Thus, cognitive workload serves as motivation to terminate an 
activity that is no longer worthwhile and to seek either another activity or rest (see [36], [38]). The most 
important function of subjective workload is to signal that the current behaviour is no longer adaptive.  

Relating workload and fatigue 

It may be that cognitive fatigue and cognitive workload represent distinct processes, but it may also be 
that they reflect a common process that acts at multiple time-scales. More specifically, each may reflect a 
different cost factor that governs the utility of cognitive activities. In the short-term, excessive cognitive 
workload is a negative experience that motivates an individual to direct cognitive effort to a more useful 
end. Workload can signal that the current activity is not the most useful action available or that a more 
efficient strategy is needed. Cognitive workload thus helps one balance long-term versus short-term goals, 
ensuring that one will not become fixated on a long-term objective to the exclusion of other needs [48]. In 
contrast, managing the long-term depletion of metabolic resources has a countervailing effect of 
discouraging one from exerting maximum effort to achieve immediate goals [11]. Looked at from the 
perspective of long-term effects, the aversiveness of cognitive effort suggests a preference by people to 
balance cognitive effort and cognitive disengagement (rest) [38]. 

To explain the aversiveness of cognitive effort, Christie and Schrater [105] have proposed that the 
cognitive system bases decisions about allocation of cognitive effort, at least partly, on consideration of 
the long-term supply of glycogen. Glycogen is a stored form of glucose found primarily in liver and 
muscle cells but also in astrocysts (star-shaped glial cells of the central nervous system) [105]. Although 
blood glucose level may not directly limit cognitive activity, [10], [63], Christie and Schrater [105] argue 
that the process of creating glucose from glycogen nonetheless does serve as a limiting factor on 
cognitive effort—that it imposes a cost on cognitive effort.  

Christie and Schrater [105] suggest that the brain draws on glycogen stored in astrocysts to maintain 
blood glucose levels to provide energy necessary for neural functions. Thus, glycogen is a limited 
metabolic resource, but one that cannot be depleted by any short-term cognitive activity. Instead, 
glycogen is depletable on the timescale of hours. Christie and Schrater’s [105] model proposes that the 
regulatory system seeks to optimize glycogen expenditure over time in relation to the benefits of 
cognitive activities. The system can alter the preferences for tasks and cognitive strategies, allowing the 
individual to choose activities that provide better long-term utility or adopt cognitive strategies that lower 
the cost in glycogen expenditure. Regulation requires the accurate assessment of glycogen levels, and 
Christie and Schrater [105] propose that subjective fatigue serves this purpose. Subjective fatigue does 
not indicate the current level of depletion of glucose, but rather the projected depletion of glycogen given 
the current rate of expenditure. 

Note that this model implies that glycogen levels do not have to be completely, or even significantly, 
depleted for the management of this resource to have an impact on cognitive effort. The cost associated 
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with the expenditure of glycogen is a form of opportunity cost in that expending glycogen on a task now 
may result in there being insufficient glycogen for other tasks later on. Since the system manages the 
resource at a time span much longer than most cognitive tasks, a reduction in glycogen level can signal to 
the system that an adjustment needs to be made to ensure the long-term availability of glycogen. Thus, 
reduction of glycogen stores will increase the cost associated with cognitive activity in a graded fashion. 

If Christie and Schrater`s [105] model is correct, it implies that cognitive workload and cognitive fatigue 
exist as two distinct but related motivational states. To explain an actor’s choices about whether, or how, 
to perform a task, both the actor’s subjective workload (an indicator of the current utility of the activity in 
relation to available alternatives) and subjective fatigue (an indicator of the long-term depletion of 
resources) must be considered. On the one hand, one might avoid a demanding cognitive activity because 
it has a lower utility than an alternative action at the moment. In this case, one is maximizing utility in a 
fairly straightforward manner. On the other hand, one might avoid a demanding cognitive activity that has 
the greatest utility at the moment because avoiding that activity maximizes long-term maintenance of 
metabolic energy. In other words, foregoing the alternative with the best immediate utility may optimize 
long-term value.  
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Synthesis of models 

What we know about cognitive workload 

Before considering how the various theoretical accounts of cognitive workload might be reconciled, it is 
worthwhile to summarize the lessons learned about the phenomena associated with cognitive workload. 
These lessons are not necessarily without some controversy, but nevertheless represent observations from 
the empirical literature that have generally received a degree of empirical support. 

Controlled cognitive processing capacity is limited 

That cognitive mechanisms have a limited capacity to perform cognitive work is, perhaps, the most 
axiomatic characteristic of cognitive workload and has been demonstrated repeatedly through multi-task 
experiments (e.g., [19], [21]). The cause of limited cognitive capacity is a more controversial topic. The 
capacity to perform controlled cognitive processes does not seem to be limited by any short-term 
depletion of a biological substrate such as blood glucose [33]. Stronger evidence links limited cognitive 
capacity to restrictions on performing controlled cognitive processing and sequencing actions [3], [26]. 
Alternatively, controlled cognitive processes may interfere with one another or it may not be possible to 
share representations of information across multiple controlled processes [19], [23].  

Cognitive effort can largely be allocated freely 

Cognitive mechanisms can be semi-freely allocated to cognitive activities. By “semi-free” allocation, it is 
meant that cognitive mechanisms—at least those associated with controlled cognitive processing—can be 
devoted to a wide range of different activities but are subject to certain limits that affect the extent to 
which allocation is effective [4], [21]. There appear to be distinct types of cognitive mechanisms that 
have some degree of specialization to process a limited subset of information types [4], [21]. The 
specialization of cognitive mechanisms does not appear to be complete, however, as Wickens [4], [21] 
argues that cognitive capabilities overlap somewhat across modalities, as well as processing codes, 
channels, and stages. The interference among cognitive tasks depends on the extent to which they draw 
upon the same types of processing. 

Cognitive effort has an intrinsic cost 

Cognitive effort seems to have some intrinsic cost, whereas rest has an intrinsic value [36]. Generally, 
exerting cognitive effort is experienced as an aversive psychological state and people avoid exerting 
cognitive effort when possible [11], [33]. The cost of cognitive effort is not necessarily tied to the level of 
cognitive demand of an activity, indicating that other factors, such as relative utility, affect cognitive cost. 
Despite cognitive effort being perceived as aversive in many situations, cognitive workload is not 
experienced (at least to a significant degree) for cognitive activities a person views as inherently 
interesting (e.g., playing computer games) [48], [65]. 

Cognitive capacity is not depletable (in the short-term) 

Cognitive capacity does not appear to be depletable, at least not in the sense that some researchers 
initially conceived (e.g., [26]). People generally cannot maintain cognitive effort at a constant level over 
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time such that task performance generally declines with time-on-task [33]. However, people are able to 
exhibit unimpaired performance after prolonged time-on-task if the appropriate conditions are in  
place—such as the provision of an external reward or the shift to an intrinsically interesting task [6], 
[115]. Thus, reductions in task performance seem to reflect decisions about allocation of cognitive effort 
rather than a diminished capacity to exert effort.  

Cognitive workload is context dependent 

People assess the utility of a cognitive activity not only in terms of its rewards (benefits) and costs but 
also in terms of the relative utilities of other available cognitive activities [90]. A soldier in the field, for 
example, will have to determine the relative utilities of surveilling the area, engaging in communications, 
employing battlespace management tools, and other tasks in order to choose the best action in the moment 
and plan future actions. The degree of cognitive workload experienced by the soldier will depend on how 
close in utility these activities are and whether a single activity yields a clearly superior utility [3], [6]. 

Implications 

In light of the above observations, several implications for the study of cognitive workload become 
apparent. First, cognitive workload cannot be accurately measured without considering the task 
environment, including the set of available alternative activities. Because cognitive workload is affected 
by the context in which work is done, including the rewards and costs associated with an activity, and by 
the utilities of alternative activities one might choose to perform, cognitive workload is expected to 
fluctuate from instance to instance and moment to moment, unless those factors are held constant. The 
context-dependency of cognitive workload means that measurement approaches predicated on analysis of 
task demands or component processing operations in isolation will not be sufficient to fully capture 
cognitive workload.  

Second, cognitive workload is best understood as part of a regulatory system for allocating cognitive 
effort to activities (e.g., [59]). This system is based on an optimizing cost-benefit analysis that allocates 
effort to those activities assessed to provide the greatest utility to the person. The system should be able to 
evaluate activities at different levels of cognitive load (i.e., the same activity can be associated with 
different levels of benefit and cost depending on the amount of cognitive effort allocated), handle 
multi-tasking, and the balancing of effort and rest. 

Third, subjective workload is likely a valid indication of underlying factors determining allocation of 
effort because the subjective experience serves as a motivational signal. The subjective state of cognitive 
workload acts as a measure of the underlying utility of the current activity relative to the utilities of 
alternative activities [117]. That is, cognitive workload is assumed to be both an indicator of system state 
(i.e., the benefit-to-cost ratio associated with current activities) and a motivational state (i.e., the greater 
the subjective workload, the more likely an individual is to pursue some other activity). Preference 
measures and allocation of effort decisions are under-utilized measurement techniques that may provide 
even more sensitive measures of cognitive workload when used in conjunction with other techniques. 

Building a cognitive workload function 

The major classes of theoretical accounts—decompositional, resource, and cost-benefit—have similarities 
but focus on different aspects of cognitive workload. As a result, each perspective gives precedent to 
different sets of factors when it comes to predicting cognitive workload. Decompositional models suggest 
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factors related to task demands, whereas resource models focus on the availability of cognitive capacity, 
and opportunity cost models point to the relative utilities of available cognitive activities, or what could 
be termed the “value context” in which performance occurs. In all likelihood, no single theoretical account 
fully explicates the phenomenon and cognitive workload is determined by a number of factors—physiological, 
psychological, and environmental.  

In practice, this means that an individual’s subjective experience of cognitive workload is a function of 
some set of factors operating from the interactions of environment, task, and operator. The following list 
contains various factors that have been linked to cognitive workload. 

1. Task demands: Early research indicated that the environment creates various demands on the 
individual for information processing. These task demands are determined, in part, externally by 
requirements of tasks and work and, in part, internally by the individual’s goals. The decompositional 
approach characterizes cognitive workload as an additive function of component demands, although 
the sequence of components may also be important [97]. The greatest component of task demands 
will be the requirement for controlled cognitive processing, which is severely limited [3], [26].  

2. Cognitive effort: Cognitive workload has also been characterized in terms of the cognitive effort 
exerted by a person to complete a task [2]. This differs from task demand in that a person is presumed 
to be able to scale cognitive effort according to internal goals and not just external task demands. In 
other words, whatever is demanded by a task, the actor retains control over the actual degree of effort 
exerted, which could be a distinct factor in predicting subjective workload [1]. 

3. Available cognitive capacity: Resource models would argue that cognitive control is only half of the 
story when it comes to cognitive workload. In these models, workload is a function of the difference 
between controlled processing exerted and the amount of cognitive resource available [4], [59]. Thus, 
exerting cognitive effort in the form of controlled processing will tend to increase workload but only 
as a proportion of resource consumed. Multiple resource models also predict pairwise conflicts across 
different resource types that contribute to subjective workload (see [21]).  

4. Expected Value of Control: The cost-benefit approach explains cognitive workload in terms of 
optimizing allocation of cognitive capacity to activities that will yield the greatest value over time [3], 
[6], [33]. Thus, workload is linked to the concept of utility (the ratio of benefit to cost) as well as to 
comparisons among alternative cognitive activities. Taking the term used by Shenhav et al. [3], utility 
can be assessed in terms of EVC based on rewards and the cost of cognitive control. In their model of 
cognitive workload, the subjective experience of workload is determined by the difference in EVC 
between the selected activity and the set of alternative activities that could be engaged in. Multiple 
researchers have proposed essentially the same process (e.g., [6]). In practice, EVC could be 
operationalized as the difference between the best (activity with the highest EVC) and next best 
(activity with the next highest EVC) option available. Alternatively, EVC may be assessed as the 
difference between the EVC of the best option and a weighted mean of EVCs for all other potential 
options. The precise comparison for the cost-benefit analysis is a matter for empirical exploration. 

5. Cognitive processing of allocation decision making: Some have proposed that the regulatory 
process involved in evaluating and selecting cognitive activities imposes a significant processing 
demand that contributes to cognitive workload [127]. As such, the selection process would be 
considered a component of the overall cost associated with alternative cognitive activities. 
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6. Time pressure: The IP model explicitly lists time pressure as a factor in determining cognitive 
workload [42]. Time pressure in this context refers to the discrepancy between time available and 
decision time. In this model, workload is directly proportional to the ratio of decision time to time 
available, with cognitive workload increasing as the ratio increases [42]. Time pressure may serve as 
an indicator of the simultaneity of cognitive demands. If cognitive effort is required for multiple 
simultaneous activities, a person is likely to have less time available to perform all activities. 

7. Characteristics of the operator: Individual differences, such as in intelligence or stress tolerance, 
have not been considered in this review but could act as predictive factors for subjective workload. 

8. Cognitive fatigue: According to Christie and Schrater [105], cognitive workload is sensitive to the 
processes of glucose and glycogen metabolism which impose a long-term opportunity cost on an 
individual and creates the experience of cognitive fatigue. In their model, this cost contributes to the 
overall cost of cognitive effort. Thus, one’s perception of cognitive fatigue may affect the experience 
of acute cognitive workload. Like EVC, the metabolic opportunity cost can be operationalized in 
multiple ways, including as simply a direct cost, represented by the cost in glucose energy removed 
from the glycogen store. Alternatively, the metabolic opportunity cost could be operationalized as a 
relative factor, in which the difference in glycogen consumption is estimated for alternative cognitive 
activities and applied to cost-benefit calculations. Thus, the long-term metabolic cost could be 
represented as the difference between the best option (lowest metabolic cost) and next best option, or 
the difference between the metabolic cost of the best option and a weighted mean of metabolic costs 
for all other potential options. 

The determination of which factors govern subjective cognitive workload, and by what degree, are 
empirical questions that can be explored using methods already tried and validated in previous research. 
Essentially, being proposed here is a research paradigm for investigating the relative contributions of 
factors to cognitive workload. The paradigm employs a multiple task procedure, in which a participant is 
responsible for performing two or more concurrent tasks, combined with a manipulation of task choice, in 
which a participant is able to switch between tasks according to specified criteria. Then, in a series of 
experiments, a single factor can be varied while all other factors are held constant and assessments made 
of the effects of changes to the critical factor on performance and subjective cognitive workload. By 
systematically varying each potential factor in turn, an experimenter can identify and quantify the effects 
of each factor. Regression analyses can estimate the relative contribution of each factor. All of this will 
lead to the creation of a function for predicting cognitive workload based on task, environment, and 
individual characteristics. 

The proposed paradigm can be implemented in laboratory-based experiments using the Multi-Attribute 
Task Battery II (MATB II), which is a software platform developed for use in scientific research on 
cognitive workload [133], [134]. The software implements four tasks that are similar to actual tasks 
performed by aviation flight crews in their work: 1) a monitoring task in which operators must monitor 
gauges and warning lights and respond to changes from a designated state, 2) a tracking task in which 
operators must keep a moving target at the centre of the window using a joystick, 3) a communication 
task in which operators must respond to auditory messages at selected intervals, and 4) a resource 
management task in which operators must maintain simulated fuel tanks at a certain level by controlling 
the operation of several fuel pumps. The difficulty of each task can be manipulated in various ways to 
alter task demands. MATB II also includes a built-in version of the NASA-TLX workload survey that can 
be scheduled to appear at certain intervals to assess cognitive workload. MATB II, in conjunction with a 
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system for providing variable reward schedules for tasks, provides an excellent platform for conducting 
the kinds of experiments described above. 

Although it is important to examine cognitive workload factors in the lab, research should move toward 
realistic soldier tasks and operational environments. Many studies have examined the impact of 
cognitively-demanding tasks on the cognitive workload experienced by soldiers. Often these studies have 
addressed the impact of new technology and information tools. For example, de Visser & Parasuraman [135] 
examined how operating unmanned ground and aerial vehicles during a reconnaissance mission affected 
performance and workload, finding that unreliable automation of vehicle control tasks substantially 
increased soldiers’ cognitive workload. Other studies have demonstrated the need for careful design of 
information tools and wearable computing devices to manage soldier cognitive workload (e.g., [136]).  

The same basic research paradigm described above for the laboratory can be employed in simulated and 
real operational environments. Initially, a sample of operational tasks, chosen for their operational 
relevance and/or propensity to cause high levels of cognitive workload, will be selected as the basis for a 
series of multiple task experiments. In simulated or real operational environments, soldiers will be asked 
to perform multiple concurrent tasks while predictive factors such as task demands and task utility are 
assessed and systematically varied. Regression analyses can be used to determine the relative 
contributions of predictive factors in determining soldiers’ cognitive workload. In this way, it will be 
possible to conduct the sort of systematic evaluation of hypothesized factors and provide a description 
function that captures how these factors combine to produce experienced cognitive workload. 

Taxonomy of workload-related motivational states 

Cost-benefit models argue that subjective cognitive workload is a motivational state associated with the 
allocation of cognitive effort to activities. Thus, the internal perception of workload motivates changes in 
behaviour. This suggests that the subjective experience of cognitive workload may be associated with 
emotional states beyond just a sense of aversiveness. This section will expand on the idea of cognitive 
workload as motivational state and speculate on how the subjective experience of cognitive workload 
may be “flavoured” with emotional context. 

The cost-benefit approach potentially places the phenomenon of cognitive workload in a wider theoretical 
framework, one in which cognitive workload is related to other motivational phenomena. In this 
approach, subjective workload is believed to be derived from differences in subjective utility of cognitive 
activities, with subjective workload increasing with the inverse of the difference in utility of the current or 
primary activity to the utility of other alternative activities. This means that when the utility of the current 
or primary activity is close in magnitude to the utility of other alternative activities, one is expected to 
experience high subjective cognitive workload. The experience of high workload then motivates a person 
to potentially switch activities or employ more efficient strategies to reduce the sense of high workload. 

The remainder of this section presents a speculative account of how differences in the Expected Values 
(EV)6 of alternative cognitive activities might influence the way a person experiences cognitive workload. 
Because other factors, notably task demand and cognitive capacity, affect cognitive workload, EV 
differences will not exclusively determine the magnitude of cognitive workload. EV differences, 
however, may affect the way workload is experienced, giving different “flavours” depending on the 

                                                      
6 Expected value can be calculated according to a variety of formulas but for the purpose of discussion here EV will 
refer to a generic calculation of value/cost which corresponds to utility. 
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relative EVs of alternative cognitive activities. The assumption made for this account is that the 
magnitude of subjective cognitive workload is insufficient to completely characterize the motivational 
state associated with very different underlying EV conditions.  

It is hypothesized here that peoples’ experience of cognitive workload is qualitatively different depending 
on the configuration of EVs across alternative cognitive activities. This can be illustrated in a two-by-two 
table formed by the EV of the primary activity (or activity with the largest EV) and the EV of the next 
best activity. Table 1, below, depicts two levels of EV of the primary task along the horizontal axis and 
two levels of EV of alternative activities along the vertical axis. This forms four categories of possible 
phenomenological states associated with the four intersections of low/high EV of the primary task and 
low/high EV of the alternative activities.  

Consider the first cell of Table 1, reflecting cases in which the primary activity has low EV for the 
individual but all available alternative activities also have low EV. In this case, the small difference in EV 
between primary and alternative activities will tend to increase cognitive workload, although other factors 
will also affect its ultimate magnitude. The small EV would be expected to induce a distinct subjective 
experience of boredom. In this case, the low EVs of primary and alternative activities should lead the 
person to have low interest in pursuing the primary activity but have no available options that would 
generate greater interest. This leaves the person with little motivation to pursue either option. 

Boredom is an affective state associated with low arousal and dissatisfaction that occurs when the 
environment provides insufficient stimulation [137]. Hill and Perkins [138] referred to this as a subjective 
feeling of frustration. Task demand or load is not the key determinant of boredom and boredom can be 
experienced under high task load, such as vigilance tasks, but also under conditions of low demand, such 
as a monitoring task [137]. People who are bored exhibit inability to sustain attention (attention lapse) and 
fatigue. Thus, boredom seems to align well with the condition of low EV for, and hence low interest in, 
all available cognitive activities. 
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Table 1: Hypothetical phenomenological states associated with different  
levels of Expected Value (EV) of primary and alternative activities. 

 

Current Task/Activity 

Low EV High EV 

Alternative 
Tasks/Activities 

Low EV 
BORED 

(Low interest in current task, low 
attractiveness of other activities) 

ENERGIZED 

(High interest / focus on 
current task, low attractiveness 

of other activities) 

High EV 

UNFOCUSED/DISTRACTED 

(Low interest in current task so hard 
to stay focused, likely to switch to 
other valuable alternative activity) 

STRESSED 

(High interest in current task so 
want to remain on task, many 
attractive alternative activities 

compete for attention) 

Note: This table ignores the contribution of other factors affecting cognitive workload. Cells do not correspond strictly to any particular 
magnitude of cognitive workload. 

The second cell of Table 1 represents the situation in which the EV of the primary activity is relatively 
high while the EV of alternative activities is low. Here, a person may experience the best possible 
cognitive state. With a large difference between EV of the primary and alternative tasks works to reduce 
the magnitude of cognitive workload. Moreover, the high EV of the primary activity leads to high interest 
in, and focus on, that activity. Meanwhile, the low EV of alternative activities will mean that there are 
few, if any, alternatives that attract attention. The resulting state is termed “energized” to indicate the high 
degree of focus upon the primary activity. 

The situation is quite difference when the EV of the primary activity is low but the EV of alternative 
activities is high, as represented in the third cell of Table 1. In this case, a person would be expected to be 
motivated to switch from the primary activity to a more useful alternative. There are, however, external 
reasons a person might persist with a low-EV primary activity (e.g., work requirements, sense of duty) 
and attempt to suppress more attractive alternatives.7 In this case, a person would be expected to 
experience a great deal of distraction as alternative activities draw attention away from the primary 
activity. If multiple alternatives have high EV, a person could experience a very high degree of distraction 

                                                      
7 In the modern world, there are many situations (work) in which one is limited and cannot freely choose. This 
creates a problem in that the work environment can require a person to “override” his or her motivational signal and 
persist in activities that lead to ever increasing cognitive fatigue [48]. Working in such situations is associated with 
health problems, including chronic fatigue and mental health issues, at least when work lacks sufficient sense of 
personal reward [48].  
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that causes attention to cycle among multiple cognitive activities. We term the attendant subjective state 
as “unfocused/distracted” to capture the most salient aspect of the state in which a person will experience 
difficulty maintaining attention on a single activity.  

Finally, the fourth cell of Table 1 represents the situation in which both the primary and alternative 
activities are associated with high EV. This situation is expected to be associated with the subjective 
feeling of being “stressed.” This state is differentiated from distractedness in that the person has a strong 
internal valuation of the primary activity that helps the person maintain some degree of focus. However, 
because the alternatives also have high EV, the person should also experience a high degree of cognitive 
workload. Although the person may find it easier to maintain focus than in the case of a low-EV primary 
activity, the high-EV alternatives will nevertheless compete for attention to some extent. This can make 
the person somewhat distracted, but contribute to a sense of pressure and agitation as the person is 
cognizant of multiple competing demands. 
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Conclusion 

This review began by noting that researchers have not agreed upon a single definition of cognitive 
workload. This is the result of the variety of theoretical perspectives available. Whereas some researchers 
have focused on observable behavioural effects of exerting cognitive effort, others have concentrated on 
the question of how task demands elicit that effort [2]. Some have been more concerned about the 
subjective experience of cognitive workload but still others by its potential physiological correlates [7], 
[62]. Thus, one can say that cognitive workload is a state that arises from the demands put on a person by 
one or more tasks, a reduction in the level of performance that results from working on those tasks, and 
the subjective feeling of being overworked. All of these definitions are true but incomplete. Rather than 
criticizing any specific definition of cognitive workload, it is better to consider how the various 
theoretical perspectives can inform us of the complexity of human cognition.  

Although different theoretical perspectives explain cognitive workload in different ways, there is 
agreement, more-or-less, about a number of characteristics of the phenomenon. The least controversial 
characteristic is that human cognitive capacity is limited such that people are able to perform only a small 
number of cognitive activities simultaneously. Even so, performing multiple cognitive activities generates 
substantial interference, which greatly limits how much cognitive work a person can accomplish at any 
given moment. Another fairly uncontroversial characteristic is that cognitive effort can be freely allocated 
by an individual to any activity chosen. Allocation of cognitive capacity is limited only in that concurrent 
activities involving the same processing modality or code are subject to greater interference than activities 
requiring distinct modalities or codes [4], [21]. 

The most debatable position related to cognitive workload is that cognitive capacity is depletable 
(e.g., [26]). Although that characteristic is accepted in many theories of cognitive workload, evidence 
suggests that cognitive capacity remains undiminished by prolonged cognitive activity, at least in the 
short-term [6]. Further evidence has cast doubt on the claim that blood glucose levels in the brain are the 
root of limited cognitive capacity [33], [87], [105]. Blood glucose in the brain can be rapidly replaced 
from stored glycogen, which helps maintain sufficient metabolic energy for the brain even after prolonged 
intense cognitive activity [105]. Long-term consumption of glycogen stores may be a consideration in 
allocation of cognitive capacity but not because of any short-term effects. 

Exerting cognitive effort seems to be, for the most part, an aversive experience and people generally seek 
to minimize the amount of such effort they have to expend [10], [11]. There is something of a paradox to 
this, however, as people will pursue cognitively demanding activities for the inherent interest of those 
activities and without experiencing a strong sense of cognitive workload [48], [65]. Further research is 
needed to understand how intrinsic reward (personal interest) affects cognitive workload relative to the 
effects of extrinsic rewards. 

Three general approaches to the study of cognitive workload were explored in this Report: 
decompositional models, resource models, and the cost-benefit (or neuroeconomic) approach. Each 
approach addresses the topic from a unique perspective but they are not mutually exclusive. The 
decompositional approach focuses on units of cognitive processing, linking cognitive workload to the 
demand or load that each unit requires [42], [97], [103]. This focus means that decompositional models 
directly address the limited nature of cognitive capacity by way of task demands. In these models, 
workload results from the accumulation of demands on cognitive capacity. Resource models focus on the 
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limited capacity of cognitive processing through an analogy to resource consumption. Resource models 
view cognitive workload as deriving from the mismatch between the total cognitive resource available 
and the amount of resource demanded [4], [21]. As more cognitive resource is siphoned off by processing 
demands, the greater is the state of cognitive workload. The cost-benefit approach focuses on the decision 
process by which cognitive capacity is allocated to activities. This approach views cognitive workload as 
a motivational state or signal that reflects the utility of a cognitive activity in the context of all available 
activities [3], [6]. 

Taken together, the three approaches suggest a number of factors that could determine cognitive 
workload, including: a) task demand, b) resource allocation (amount of cognitive capacity consumed), 
c) task interference, and d) cognitive utility (ratio of expected value to cost for cognitive activities). 
First, there is a need to empirically establish the factors that contribute to cognitive workload, both as an 
objective phenomenon of performance and as a subjective state. A program of empirical research is 
needed to determine the relative contributions of factors in determining cognitive workload. Such a 
program is possible using a paradigm that combines multiple tasks with the systematic variation of task 
difficulty, performance rewards, and free versus constrained task choice. This paradigm must be one in 
which a single factor is systematically varied while all other factors are held constant. In doing so, it will 
be possible to estimate the degree to which each factor exerts effects on measured cognitive workload. 
Regression analyses can then be used to estimate the relative contribution of each factor. All of this will 
lead to the creation of a function for predicting cognitive workload based on task, environment, and 
individual characteristics. 

Cognitive workload and cognitive fatigue appear to be distinct but related phenomena. Both pertain to the 
regulation of cognitive effort but are distinguished by the time scale over which they operate. Cognitive 
workload reflects a person’s immediate response to cognitive effort and is determined primarily by 
immediate factors of the task, environment, and individual. In contrast, cognitive fatigue seems to be 
related to long-terms factors, in particular the conservation of glycogen stores. Cognitive fatigue appears 
to moderate expenditure of cognitive effort over a span of at least hours, as glycogen is relatively slow to 
regenerate. A model by Christie and Schrater [105] posits that glycogen use creates an opportunity cost 
that is factored into all decisions concerning cognitive effort. Thus, cognitive workload and cognitive 
fatigue interact to produce opposite biases—cognitive workload to induce allocation of effort to useful 
activities, and cognitive fatigue to induce one to limit cognitive effort to ensure the availability of 
metabolic energy for later needs. 

The proposed categorization of workload-related states is currently speculative. To determine whether 
these categories represent useful theoretical constructs, empirical validation is needed. In particular, it is 
crucial to determine whether different conjunctions of primary and secondary task EVs actually result in 
discernable subjective experiences and whether those experiences correspond to unique effects on 
motivation and behaviour. This topic can be explored in conjunction with empirical studies of the factors 
predicting cognitive workload. 

Finally, research tied to the military domain is needed to validate the various theoretical perspectives, 
potential cognitive workload function, and qualitative category framework as useful concepts within that 
domain. The first step will involve assessing how well these concepts account for workload-related 
phenomena in military task environments. From there, research can be applied to the development of 
better measurement techniques and cognitive support tools. By potentially synthesizing competing 
theoretical perspectives, it should be possible to develop a more comprehensive model of cognitive 
workload. 
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