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ABSTRACT 

	
This dissertation examined strategies to optimise the balance between task automation 

and human manual control in a dynamic computer based task environment. Automation can 

improve human operator performance and reduce workload, but problematically, can also 

degrade operator situation awareness (SA), induce complacency, and impede the ability of 

the human operator to regain manual control. Therefore, to maximise the benefits of 

automation and minimise the risks, it is important to understand how best to provide 

automated support to the operator as their work environments become more complex, the 

information they must deal with increases, and automated systems become increasingly 

capable. In so doing, it is important to understand how individual differences in working 

memory capacity, spatial ability, propensity to trust, and personality, might interact with 

situation awareness, workload, performance, and automation use. 

This project explored strategies for automation design that avoided inducing 

complacency and return to manual control deficits through low-level automation and limiting 

automation to periods of higher operator workload. It was expected that automation 

supporting human information processing levels below information acquisition and analysis 

(low-level automation) would ensure the human operator remained sufficiently engaged. This 

was assessed by applying this automation continuously (static automation), or applying it 

intermittently depending on participant perceived task demands (adaptable automation) or 

modelled task demand (adaptive automation). We also uniquely assessed the influence of 

individual differences. 

A submarine track management simulation was developed as the experimental 

paradigm. The participants took the role of a submarine ‘track manager’; a crew member who 

synthesises information from sensor outstations, to create a tactical picture of the contacts on 
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the surface, as well as the own submarine’s position relative to strategic landmarks. 

Participants performed track management tasks under varying taskload. Participant workload, 

SA and performance was measured under the different automation conditions.  

In three experiments, the extent to which automation could be designed to benefit 

performance and reduce workload whilst ensuring that individuals maintained SA and could 

regain manual control was examined. Relative to a no automation (manual control) condition, 

static automation improved performance and reduced subjective workload, but degraded SA. 

Adaptable automation moderately improved performance and workload, but degraded SA. 

Adaptive automation provided no benefit to performance or workload, and degraded SA. 

Some moderate evidence of return-to-manual deficits for all of the automation conditions was 

found. In addition, for all automation types, performance on a a concurrent non-automated 

task was degraded. 

Working memory capacity predicted task performance, independently of the type of 

automation. Participants with higher working memory capacity also demonstrated higher SA. 

Participants with a higher propensity to trust reported higher workloads and tended to 

perform better on some tasks.  

Participants high in extroversion performed relatively poorly in the static and 

adaptable conditions compared to no automation. Emotional stability predicted better SA in 

the first experiment but not in the subsequent experiments. Emotional stability also predicted 

better performance in some tasks but not consistently. Participants high in agreeableness 

tended to report higher workload. Participants high in agreeableness and conscientiousness 

had poorer SA when given control of the automation. 

For automation-use behaviour, working memory capacity and personality influenced 

when adaptable automatin was engaged and disengaged, Propensity to trust had no such 

influence. 
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In summary, the main findings were that: (a) low-level static automation provided 

workload and performance benefits to automated tasks but resulted in costs to SA, (b) SA, 

and performance on non-automated tasks was degraded, (c) providing intermittent 

automation (adaptive automation) was of no benefit to performance or workload and still 

resulted in costs to SA and performance on non-automated tasks, (d) providing control of the 

automation use to operators resulted in moderate benefits to performance or workload, and 

costs to SA and performance on non-automated tasks, (e) working memory capacity 

predicted task performance and SA, (f) individual differences measures including personality, 

trust and spatial ability had a mixed and inconclusive influence on workload, SA, 

performance, and automation-use behaviour. 

This study examined how automation could be optimised by comparing methods of 

distributing workload between human and machine. These findings make clear that the cost 

of automation might not be sufficiently mitigated by applying ‘less’ automation or 

distributing workload within tasks. More work is needed to ensure that operators remain 

engaged and perform optimally during automation support. 
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CHAPTER 1  
 
 
 
Review of the core elements of the automation literature 
	

1.1 INTRODUCTION 

Automation refers to the full or partial assignment of a function previously carried out 

by a human operator to a machine (Parasuraman, Sheridan, & Wickens, 2000). This thesis 

examines the use of automation within dynamic control environments that require time 

critical decisions and actions. Examples of such systems include aircrew and air traffic 

control, military command and control, and maritime radar/sonar information management. 

Humans within such systems must increasingly deal with large amounts of information. The 

improved and emerging technology, which can mean greater sensor ranges, also means a 

greater volume and complexity of data the operator needs to consider. The demand upon the 

human or operator’s mental resources is such that automation is often desirable, and thus 

technical systems are increasingly applying automation to improve performance (Bindewald, 

Miller, & Peterson, 2014). However, automation within such environments can result in 

human-machine system errors stemming from deficiencies in the human operator monitoring 

state. The potential for automation to expand rather than eliminate problems in human-

machine systems has been described as the irony of automation (Bainbridge, 1983).  

Research has typically examined the impact of automation on two important human 

factors constructs: operator workload and situation awareness (SA). Workload has been 



Chapter 1 Literature Review 
	
	
	

	

18	

shown to have a strong relationship with performance, and subsequently is the most studied 

mental state in the area of human-machine interaction (Aricò et al., 2016). Workload has 

been most often characterised in terms of attentional demand relative to the actual cognitive 

capacity of the human operator (Vidulich & Tsang, 2015). It can be seen as a function of task 

demand and the capacity of the operator to meet the demands (Loft, Sanderson, Neal, & 

Mooij, 2007; Sperandio, 1978).	Workload may also be defined as the attentional and 

cognitive energy exerted to accomplish required tasks (C. A. Miller & Parasuraman, 2007). It 

is also described as the subjective experience which emerges from the task requirements, the 

circumstances under which they are performed, and the operators’ skills, behaviours and 

perception of the task requirements (Hart & Staveland, 1987). 

SA has also been cited as an important factor contributing to decision making and 

performance, and has been a research focus in work domains such as flight decks, air traffic 

control and military command and control, where conditions change rapidly and there is a 

large amount of information to process (Chiappe, Strybel, & Vu, 2012).  In brief, SA can be 

defined as the ability to perceive, comprehend and anticipate the objects being managed 

(Endsley, 1995a; Kaber & Endsley, 2004). In general, when an operator is performing a task, 

workload generally refers to attentional demands whilst SA is primarily associated with the 

informational content of the operator’s memory systems (Vidulich & Tsang, 2015). 

It is the relationship between SA and mental workload that is of interest in automation 

research. Simply put, when there is high attentional demand on the operator there are two 

opposing potential consequences; SA can be degraded because there is less attention 

available for supporting SA requirements, or SA can be improved because the operator must 

work harder and increase the frequency of information sampling (Vidulich & Tsang, 2015). 

Conversely when there is low attentional demand on the operator, the operator may have little 
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to keep them engaged and SA can degrade, or the operator may have more attention available 

to support SA and it can improve. 

The workload-SA interaction has been associated with the deficiencies arising from 

automation. These include operator complacency, lowered vigilance, and reduced SA. Such 

deficiencies can occur when automation completes some or all of the operator’s tasks. A bias 

toward the information provided by the automation, to the detriment of other valid 

information relating to concurrent tasks, can also occur. Lastly, the operator can become 

disengaged or less involved in the system – a problem known as being out-of-the-loop 

(OOTL). The OOTL problem is considered a key contributor to human performance 

problems in human-machine systems (Kaber & Endsley, 2004). 

If workload is too high the operator can become overwhelmed and performance 

declines. If the workload is too low then the operator can become OOTL. Therefore the 

operator should be kept within a band of proper workload to optimise performance. Central 

to the idea of a ‘band of workload’ is the maintenance of SA, and ‘balancing the workload’ 

using automation can maintain SA and improve performance (e.g. Parasuraman, Cosenzo, & 

De Visser, 2009). Achieving such a balance between the degree of automation and operator 

involvement is a central theme in automation research. Examining design solutions to achieve 

this balance forms the core of this PhD thesis, with the key goal being to examine the impact 

of automation design on workload, performance, SA, and the ability to return-to-manual 

control. 

For multiple, demanding tasks, automation is designed to reduce workload, and in 

turn free up cognitive resources to allow operators to perform other tasks and maintain 

appropriate SA. In what follows, the core elements of this relationship and the influencing 

factors identified in the prior literature is summarised. A submarine track management 

simulation task is the paradigm used in this thesis. In this context, the measurement and 
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definition of workload and SA, their interaction, and their interaction with the elements 

shown in Figure 1-1 are discussed in turn. 

 

Figure 1-1. Core automation research elements in dynamic decision making. 
The core human factors elements considered in automation of dynamic control environments is 
adapted from a model of situation awareness in dynamic decision making (Endsley, 1995a, 2013) and 
the model of the regulation of mental workload (Loft et al., 2007; Sperandio, 1978). Arrows denote 
the direction of influence. 

 

1.2 TASKLOAD 

Taskload refers to the factors that have a substantial effect on the mental effort of the 

operator. For example, one factor might be the number of contacts a radar or sonar operator 

might be tracking: the more contacts, the higher the taskload. For this example, Task demand 

is the qualitative description of the sum of the tasks associated with each contact after the 

operator has deployed their specific strategies to manage the taskload (e.g. attend less to 

contacts further away, or contacts with less risk to Ownship such as merchant contacts). 
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The environment exerts a cognitive taskload (CTL) on the operator (de Greef & 

Arciszewski, 2009). According to the CTL model described by Neerincx, Veltman, Grootjen, 

and van Veenendaal (2003) the cognitive taskload has three load dimensions. The first is the 

time occupied by the operator. This dimension represents the time the operator must work 

with maximum cognitive processing to perform tasks, making decisions, and manipulating 

and dealing with information. When operators are occupied for more than 70-80% of their 

time they will experience high workloads (Grootjen, 2006). CTL is also high when operators 

must work with maximum cognitive speed to compare visual symbols or patterns, and to 

perform tasks involving manipulating numbers and information (Neerincx, Kennedie, 

Grootjen, & Grootjen, 2009). 

The second dimension is level of information processing, which refers to skill-rule-

knowledge framework of Rasmussen (1983). Information is processed automatically at the 

skill-based level, and routine solutions are triggered from input information. Both impose 

relatively little cognitive demand (Grootjen, 2006). However, the information processing 

required for knowledge-based level processing, including analysing problems, planning 

solutions, and considering decisions, can impose a high load on the limited capacity of the 

operator and can also require the operator to shift attention between elements of his or her 

environment. 

This switching of attention is the third load dimension of CTL and is referred to as 

task-set switching. Task-set switching addresses the demands of shifting attention between 

the different sources of task knowledge (Neerincx et al., 2009). In general, the impact of 

taskload on performance will increase with the task duration (Neerincx et al., 2009). 

Taskload directly impacts workload but may be moderated by the strategies the operator 

might use (which is influenced by their experience, training and other knowledge structures 

they hold), and automation support from the system (see Figure 1-1). 
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1.3 WORKLOAD 

Workload may be measured by the triangulation of physiology, performance and 

subjective assessments (C.D. Wickens & J.G. Hollands, 2000) The measurement of workload 

is a key dependent variable for assessing the impact of different automation designs. Real 

time workload measures can also be useful to gauge the best moment to support the operator 

in an environment where taskload is dynamic. There are three main ways to measure 

workload; psychophysiological measures, performance measures (including secondary task 

performance), and subjective measures (Veltman, 2002). 

1.3.1 Psychophysiological measures of workload 

Psychophysiological measures quantify the physiological manifestation of a 

psychological state. Several studies have provided evidence that psychophysiological 

measures can reflect operator functional states such as mental workload (Wilson & Russell, 

2007). Examples include eye blink rate, heart rate and variability, skin conductance, and 

respiration (Veltman, 2002; Veltman & Jansen, 2006). One of the greatest advantages of 

psychophysiological measures is that they can also provide the operator functional state in 

real time as they are continuous in nature and provides an uninterrupted moment to moment 

measure. They are also inherently multidimensional in nature (Kramer, Trejo, & Humphrey, 

1996) and therefore can often capture the multidimensional nature of mental workload.		The 

other advantage is that these measures are objective and will indicate physiological changes 

when there are no overt changes in behaviour. 

The disadvantage of using psychophysiological measures is the complexity of signal 

extraction and analysis and detection of potential artefacts.  For event related brain potential 

components can reflect not only workload, but other electrical activity such as eye and neck 

movements as well as artefacts arising from incorrect electrode placement (Kramer et al., 
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1996).  Eye movement data include fixation points, fixation times, and saccadic behaviour 

and this data requires interpretation based on sound theoretical and empirical findings.  Like 

any other psychophysiological measure this requires relating its different components to 

different psychological processes and consequently the need for expertise in the area, and/or 

computational models, which takes time and resources.  The data complexity may add to 

questions on its validity to the psychological measure it represents. Psychophysiological 

measures are also difficult to obtain in real operations. 

The greatest challenge with psychophysiological measures is ascertaining the exact 

relationship between the measure (such as heart rate, or eye movement) and workload. 

Further, physiological measures provide a delayed indicator of cognitive workload state and 

given the extra effort an operator may apply it may be possible that physiological data 

indicates high workload, but not necessarily poor performance (de Greef & Arciszewski, 

2009). Veltman and Jansen (2006) provides a detailed review on the literature on use of 

physiological measures as a parameter for adaptive automation, and their use appears 

promising. 

 

1.3.2 Performance measures of workload  

The degradation of performance can be indicative of a high workload (de Greef & 

Arciszewski, 2009). Constant monitoring of predetermined performance benchmarks can 

provide a real-time and non-intrusive means of assessing workload. This approach means 

data can be relatively easy to collect (e.g. Dijksterhuis, Stuiver, Mulder, Brookhuis, & de 

Waard, 2012). 

The performance on a secondary task is one of the most widely used method to 

measure workload (Wu & Li, 2013). The residual attentional resources available in a dual 
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task scenario is quantified by the secondary task performance and can be sensitive to 

workload changes (Kaber & Riley, 1999; Wickens, 1992). A typical secondary task is simple 

and requires only short periods of focus so as to reduce the potential to interfere with the 

performance of the primary task. An example of a secondary task is a gauge monitoring task 

where participants are required to ensure a pointer on a gauge remains within an ‘acceptable’ 

region (e.g. Clamann, Wright, & Kaber, 2002; Kaber & Riley, 1999). 

Another disadvantage of performance measures of workload is that performance can 

be maintained as the operator’s workload is increasing (Veltman & Jansen, 2006). Only when 

the operator is no longer able to maintain their sustained efforts will their performance be 

most likely to fall. This can be too late. Additionally performance can be dependent on 

strategies rather than the workload, and fluctuations in taskload may not be captured in 

observable performance changes (Langan-Fox, Sankey, & Canty, 2009). 

1.3.3 Subjective measures of workload  

The use of subjective workload measures is common. Participants are asked to rate 

their workload during or immediately after the experimental condition or trial. An example of 

an immediate workload measure is the Air Traffic Workload Input Technique (ATWIT) 

(Stein, 1985). The ATWIT measure displays a 1-10 scale during a task so participants can 

indicate their workload quickly, and therefore with minimal interruption to ongoing tasks. A 

commonly used post-experiment measure is the NASA Taskload Index (TLX), a multi-

dimensional subjective workload scale (Hart & Staveland, 1987). Both of these measurement 

techniques are detailed in the next chapter. These subjective workload measures have been 

found to discriminate significantly between different task demands (e.g. Parasuraman, 

Galster, Squire, Furukawa, & Miller, 2005). Subjective measures of workload are easily 

administered.  
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1.3.4 Workload, Taskload and Task Demand 

The workload regulation loop (Figure 1-1) shows how the operator’s strategy (which 

can vary depending on their working memory capacity, experience and other individual 

differences) can moderate the degree to which their workload is linked with taskload.  

During an operator’s shift, the number of objects being managed will increase and 

decrease and this will influence workload. For the submarine track manager, this can be the 

number of contacts detected. Kopardekar and Magyarits (2003) found that for air traffic 

controllers, aircraft count is the most powerful predictor of workload. Each object has 

associated tasks and as object numbers increase, the number of tasks increases. Subsequently 

each of the three dimensions of CTL previously described also increase with number of 

objects. The terms ‘taskload’ and ‘task demand’ appears interchangeable in the human factors 

literature, with ‘task demand’ most prevalent. However, it is useful to distinguish between the 

entities in the environment to which the operator must attend, and the sum of the tasks that 

accompany them. In the laboratory environment where other environmental demands are 

controlled, taskload could be quantified as the number of objects to be managed or controlled 

(each contributing to the three load dimensions of the CTL model). Task demand is a 

qualitative description of the sum of the associated tasks. 

This is a useful distinction because the taskload may be increased and decreased in a 

controlled manner and serves as a reference at the beginning of an adapting control loop. The 

workload regulation loop in Figure 1-1 shows how the operator adjusts to any deviation from 

the desired level of workload (Loft et al., 2007). The importance of feedback, the presence of 

fluctuation and the desire to optimise also meets the fundamental concepts of control theory 

(Andrei, 2006), a field dealing with the behaviour of dynamic systems in general. Although 

the field is interdisciplinary, it is largely about mathematical and technological development 

and is yet to feature strongly in adaptation in human-machine systems. Nevertheless such 
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control loops are apparent at the behavioural level (Hancock et al., 2013) with operators 

working in dynamic environments, specifically, the operators’ regulation of workload. 

1.3.5 Workload and performance. 

The operator adapts to the dynamicity of their task demand by regulating their 

workload. As taskload increase, strategies can be applied to regulate task demand, including 

increasing effort expenditure, reallocating tasks, changing the task goals, skipping less 

relevant tasks, or accepting good instead of perfect performance (Loft, Bolland, Humphreys, 

& Neal, 2009; Veltman & Jansen, 2004). For example, the submarine track manager may 

apply strategies to reduce task demand as the taskload, or number of contacts being detected, 

increases. The track manager may choose to reduce scrutiny for contacts further away (less 

relevant), in order to increase scrutiny of those closer contacts posing a greater threat to the 

submarine’s safety. The track manager could also accept less surety of the classification of 

distant contacts (Simon, 1956) to allow cognitive resources to be allocated to tracking the 

enemy contact at the same distance. The strategy choice may also be influenced by 

performance. If the operator notices the quality of work is being compromised as taskload 

increases, he/she may make necessary adjustments to their strategies. Thus, strategy is driven 

by both taskload (a proactive, feed-forward basis) and judgements of performance (a reactive, 

feedback basis) (Loft et al., 2007). 

These adjustments mean that performance can be maintained at the same level 

throughout periods of low and normal levels of workload, and with increased effort, 

throughout periods of high workload. However, extra effort during high workload cannot be 

sustained as the operator would become fatigued. In turn, as the operator’s adaptation limits 

are reached performance would drop (Veltman & Jansen, 2006). 
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The adjustments and resulting adaptation by the operator may mean that subjective 

workload ratings can be resistant to change under different taskload conditions. This has been 

demonstrated in studies that have compared operator subjective workload under different 

levels of task demand, and found little to no difference in subjective workload (e.g. de Greef, 

Arciszewski, & Neerincx, 2010; Veltman, Oving, & Bronkhorst, 2004). These studies 

acknowledged the likelihood that the operator themselves can adapt to changes and reallocate 

their cognitive resources as required. 

The management of workload is important as non-optimal levels (excessively high or 

excessively low workload) can lead to poorer performance. Consequently, workload 

management has received a great amount of empirical scrutiny (Durso & Alexander, 2010). 

There is a large amount of literature examining the relationship between task demand and 

workload, operator capacity and workload, and attempts to integrate the two (e.g. Balfe, 

Sharples, & Wilson, 2015; Durso et al., 2015; Johnson & Duda, 2014; Li, Wickens, Sarter, & 

Sebok, 2014; Loft et al., 2007; Morgan et al., 2013; Mracek, Arsenault, Day, Hardy, & Terry, 

2014), and it appears there is still some way to go before these relationships are fully 

understood and successfully computationally modelled. 

When workload is excessive, external interventions such as automation can reduce 

workload to within the operator’s capacity. The type of automation and how it is applied has 

important ramifications for the operator’s workload, SA and ultimately performance. These 

relationships will be addressed more explicitly in the automation section of this chapter. 

1.4 SITUATION AWARENESS 

Although there is abundant use of the SA construct in human factors research, there 

has been theoretical contention regarding what constitutes SA (Parasuraman, Sheridan, & 

Wickens, 2008; Salmon et al., 2009). This contention makes measuring SA problematic and 
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the variety of methods of measuring SA is key among the criticisms of SA (Salmon et al., 

2009; Wickens, 2008). Dekker and Hollnagel (2004) suggested that SA is not a unique 

psychological construct, but a catch-all term which encompasses a number of processes or 

cognitive elements such as working memory and attention. 

Nevertheless, SA continues to dominate the human factors and cognitive psychology 

fields. This is evident in the many disparate fields in which SA is now being explored, 

including transportation, health care, military operations, space, and oil and gas (Endsley, 

2015). Much has progressed in SA research with SA contributing to improving our 

understanding of teamwork, automation and workload, and this is a testament to its viability 

as a construct (Endsley, 2015; Wickens et al., 2008). Finally, Parasuraman et al. (2008) 

responded to the idea that SA is not unique, by showing a strong body of empirical research 

that SA was quite distinct from other mental constructs both theoretically and empirically 

(Endsley, 2015). Endsley (2015) addressed a number of misconceptions about SA and 

believes that the “initial questions about SA have been largely laid to rest, and substantive 

research has been conducted in the intervening years”. SA as a construct has matured and is 

now widely regarded as a vital consideration in real-world environments and across many 

domains. 

In this section, the two main theoretical approaches to SA and associated 

measurement techniques will be discussed. The first is Endsley’s three-level model. The 

second is a situated approach to SA. 

1.4.1 Endsley’s SA model 

The most enduring and referenced theory of SA is by Endsley (1988) which states 

clear three hierarchical phases of SA:  “Situation awareness is the perception of the elements 

in the environment within a volume of time and space, the comprehension of their meaning, 
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and the projection of their status in the near future”. This defines SA as a state of knowledge. 

SA develops and is constantly updated from a collection of information processing 

mechanisms and memory structures. The resulting SA also guides these processes (e.g. which 

elements to attend to). See Figure 1-1. Note that this definition of SA is also distinct from 

static knowledge sources such as rules and procedures even though this is also needed for 

effective decision making (Endsley, 1995a). SA is a “…continuous diagnosis of the state of a 

dynamic world…” (Parasuraman et al., 2008). 

The three levels of SA are referred to as SA level 1, 2, and 3 and have been widely 

used in human factors literature. Level 1 is perception of the elements in the task 

environment, Level 2 is the comprehension of the current situation, and Level 3 is the 

projection of future status of the elements in the task environment. The higher levels of SA 

depend upon acquiring the lower SA levels. It is important to distinguish between these levels 

as each require different cognitive operations (Wickens, 2008). 

In aircraft piloting for example, achieving SA level 1 may reflect detecting 

environmental elements such as other aircraft, mountains, clouds, instrument readings and 

warnings. A submarine track manager may look for number of friendly forces or enemy 

contact in their area, and their relationships with other points of references. SA level 2 

synthesises the elements into patterns and a holistic picture with significance attached to the 

elements and their relationship with one another. For example, a contact’s location and 

proximity to other contacts or strategic landmarks may provide information as to their 

intentions for the track manager. To achieve level 2 SA the level 1 SA data must be 

integrated and then comprehended. Only then will it be possible to achieve level 3 SA, where 

the operator has the ability to anticipate possible future events and to understand the 

consequences of their own control actions. For example the pilot or track manager could 
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anticipate the future location and trajectory of contacts in the area, which is valuable for 

decision making (Endsley, 1995a; Wickens et al., 2013). 

This definition of SA assumes that SA is a conscious, internal state and represented in 

internal memory systems that is consciously reportable (Vu & Chiappe, 2015). This is 

evident in the tool Endsley (1995a) developed to measure it. The Situation Awareness Global 

Assessment Technique (SAGAT; Endsley, 1995b) freezes the task simulation, or work 

operations, at random times by blanking the screen then querying the participants on their 

knowledge of the task situation at the time of the freeze. It assumes that the operator has a 

detailed, complete and stable internal representation of the dynamic situation (a situation 

assessment) (Vu & Chiappe, 2015).  

SAGAT is a powerful measure as it allows an entire battery of questions to be asked 

at each freeze point which can be repeated many times (Jones & Endsley, 2004). However, 

this technique has its drawbacks, the most prominent being the possible over-reliance on 

operator memory. An operator might have had good SA at the time but cannot recall task 

information when the SAGAT queries are presented (Vu & Chiappe, 2015). This technique is 

also criticized for its potential intrusion upon the primary task performance (Salmon, Stanton, 

Walker, & Green, 2006). The SAGAT is also largely limited to laboratory settings because of 

its disruption to the operators’ activities. 

It has been widely believed that central to Endsley’s position on SA is the distinction 

made between the process and product. This the distinction between the mechanisms and 

actions used to acquire SA, and the SA knowledge that results (Vu & Chiappe, 2015). 

Endsley (1995a) defines the process of SA as the variety of cognitive processing used to 

acquire, achieve and maintain SA. Endsley refers to this process as situation assessment (see 

Figure 1-1). This distinction was made in the original 1995 paper to ensure the terms used for 

process and product were disambiguated. This has manifested into the claim by some people 
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in the field (e.g. Salmon et al., 2008) that the theoretical underpinnings of SAGAT addressed 

SA as a state and not a process (Endsley, 2015). Endsley (2015), however, suggests the 

distinction between SA as a process and SA as a product as a false dichotomy. The processes 

involved in getting and maintaining SA is intertwined with the situation representation, as 

this representation guides the search for and interpretation of information to further integrate 

into the situation representation (Endsley, 2015). The double-headed arrow between SA and 

the elements of situation assessment in Figure 1-1 shows that SA can be as much a “feed-

forward as a feedback one” (Salmon, Stanton, & Young, 2012). That is, some of the elements 

for situation assessment can be informed by SA (e.g. directing attention and scanning 

patterns), whilst also building SA. Situation assessment uses multiple means to build SA. 

For example attention, used particularly for acquiring information for level 1 SA, and 

long term memory, which is used to update all SA levels, are essential processes for SA 

(Wickens, 2008). Most critical for level 3 SA is the development of a mental model (Durso & 

Gronlund, 1999; Wickens, 2008). Mental models are mechanisms by which the operator can 

describe a system, its purpose, how it functions and how it will behave in the future. Mental 

models are highly useful in developing SA (Endsley, 2013). The mental models and 

schematas, as part of long term memory structures, can enhance and fill in the limited 

information received from perception (Vu & Chiappe, 2015). Working memory, spatial 

reasoning and divided attention has also been found to predict SA. 

Should these processes occur and combine in a complementary manner so as to build 

an adequate picture, one of the products is comprehension. Operator comprehension in 

dynamic environments is important for correct decisions, passing information onto to other 

team members, and better interaction with the task system (Durso & Sethumadhavan, 2008). 

It is this resulting state of knowledge, the product, which is regularly updated by the ongoing 

processes in response to a constantly changing environment, which characterises SA. 
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1.4.2 Situated awareness approach 

In contrast to Endsley’s theoretical approach, which assumes that the operator holds a 

conscious, internal representation of the situation, the situated approach contends that people 

often ‘off-load’ the computation and information storage requirements of SA to the 

environment. This allows operators to create only partial representations, and let the world 

serve as its own model, and operators access information from the world as required (Vu & 

Chiappe, 2015). SA is therefore characterised by the ability to off-load information, find and 

access the information from the external environment, and incorporate the information from 

the external representation into action (Vu & Chiappe, 2015). 

The Situation Present Assessment Method (SPAM) (Durso & Dattel, 2004) delivers 

SA queries in real time whilst the operator’s task environment remain active and on-line. In 

this way, it is well suited to examining how operators use their task environment to develop 

and maintain SA (Loft et al., 2016). Those with good SA would know where to find 

information more readily and therefore would respond to SA queries faster and more 

accurately. Subsequently, response time is taken as a strong indicator of the operator’s SA. 

The SPAM method also provides a warning that a query is pending and asks when the 

participant is ready for that query. The time taken between this and when the participant 

responds (the query-accept time) indicates workload. In this way, SPAM enables researchers 

to separate workload from SA. This was demonstrated empirically by Loft, Morrell, and Huf 

(2013), who used SPAM to examine SA in simulated submarine track managment. They 

found that SPAM RT could predict unique variance in performance after query-accept time 

(workload) was controlled for. 

The drawbacks of the SPAM method are that the participant could be subject to the 

SA queries whilst under heavy workload and performance could be affected. The queries 
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may also provide clues to improve performance such as cueing what to attend (Endsley, 

1995b).  

1.4.3 Subjective measures of SA 

Both the SAGAT and SPAM are objective measures of SA as they are based on the 

accuracy and response time of the operators’ responses to queries. SA may also be measured 

by self-rating tools such as the Situation Awareness Rating Technique (SART) (R. M. 

Taylor, 1990). SART has 14 components and the operator rates a series of bipolar scales on 

how they perceive (1) the demand on their resources, (2) supply on operator resources, and 

(3) their understanding of the situation (Endsley, Selcon, Hardiman, & Croft, 1998). Other 

subjective measures include simple observer ratings, and post-trial questionnaires such as the 

Critical Decision Method (CDM). 

Subjective measures such as the SART are easy to use, can be administered in a wide 

variety of task types and in many differing domains. However operators are often completely 

unaware of how much they do not know (Endsley, 1995a) and their assessment of the own 

SA can be incorrect. It may also be confounded with workload issues, as well as influenced 

by the operator’s assessment of their performance (Endsley et al., 1998). 

1.4.4 Measuring SA in submarine track management 

The extent to which the SAGAT and the SPAM techniques predicted variance in 

performance within a simulated submarine track management task was examined by Loft et 

al. (2015). Their aim was to determine whether SPAM and SAGAT could predict incremental 

variance in performance after controlling for subjective measures of SA as measured by 

SART, and subjective workload as measured by the NASA-TLX and ATWIT. 

Loft et al. found that SAGAT predicted a larger portion of incremental variance 

across all three simulated track management tasks (12.3%) compared with SPAM (5.3%) 
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after controlling for subjective measures of SA and workload. SAGAT was predictive of the 

performance on all three tasks, whilst SPAM was predictive of the performance on two tasks. 

SPAM did not impact on subjective workload and performance and, as noted by Royal 

Australian Navy submariners, emulated command team interactions in the submarine control 

room, when operators are regularly queried on ‘what is going on’. In comparison, SAGAT 

increased the subjective workload. Whilst both the Australian and U.S. Defence departments 

had identified SPAM as an alternative to SAGAT due to its potential for less intrusiveness 

(no need to freeze a large-scale simulation or field exercises), its use may be problematic due 

to its weaker predictive validity when compared with SAGAT. This is likely due to less data 

points collected using SPAM because SPAM queries are delivered without suspending the 

simulation. 

1.4.5 Situation awareness and performance. 

Having good SA will increase the probability of good performance, but not guarantee 

it (Endsley, 1995a). For example, the submarine track manager could have excellent SA 

which enables him or her to notice that the location of one contact relative to another 

contradicts its current classification, yet may still struggle to access the necessary knowledge 

or motor skills to implement a remedy (Wickens, 2008). 

Although poor SA generally leads to poor performance, if the operator is aware that 

their SA is poor and is able to modify behaviour to account for poor SA, it is possible 

performance would not suffer (Endsley, 1995a). For example, the Navy track manager may 

notice that more and more contacts are being detected on their display, and realise they are 

starting to ‘lose the picture’, and consequently may attend only to certain contacts, or a 

specific task, say classifying contacts, and in doing so perform this task well.  
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The point that ‘SA is not performance’ is often emphasised in response to those who 

question the SA construct’s merit such as Dekker and Hollnagel (2004). Assessing the 

operator’s SA is more difficult than simply measuring performance. Having good SA doesn’t 

guarantee good performance. However the right SA measure can be more sensitive to 

differences between participants than measuring performance, and if poor SA generally 

results in performance problems it has predictive value (Durso & Dattel, 2004; Endsley, 

1995a). Experts (people with high level of skills from repeated practise and experience) such 

as pilots and surgeons are often excellent at their tasks and therefore it is difficult in 

distinguishing performance differences between them. However, if there was a difference in 

the underlying SA, performance of the expert with the poorer SA would decrease faster 

should the taskload increase suddenly or a non-routine task event occur. 

Further strengthening the distinction between SA and performance is that the 

automation and other display designs that produce improved performance can be different to 

those designs that promote SA (Parasuraman et al., 2008; C. D. Wickens & J.G. Hollands, 

2000). For example, a system that completes specific tasks for the Navy track manager and in 

doing so reduces the need for careful and regular visual scanning of the display, could 

improve task performance but reduce SA, which may be required for the completion of other 

tasks or needed in response to unexpected events. The usefulness of SA in cognitive 

engineering is without doubt (Parasuraman et al., 2008) as it is often a harbinger of poor 

performance and therefore a powerful diagnostic tool for human-machine systems. 

1.5 SITUATION AWARENESS, WORKLOAD AND AUTOMATION 

The relationship between SA and workload has been described as an ‘intriguing trade-

off’ (Durso & Alexander, 2010; Wickens, 2008). This is because low workload can produce 

both benefits and costs to SA. The complexity of the workload-SA-performance interaction is 
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depicted by Raj, Doyle, and Cameron (2011), who offered a view on how these may vary 

over time with varying taskload. In short, Raj et al. describes a band of ‘proper workload’ 

within which SA and decision-making are optimal. If the workload starts within these limits, 

and then rises, so too will SA. However, as the workload increases beyond the upper band 

limit, SA decreases. Low workload is also associated with low SA until it increases into the 

acceptable workload band, and if this coincides with reasonable SA, and workload starts to 

drop, an ‘optimal cognitive state’ is created. The hypothetical real-time plot of SA against 

workload by Raj et al. has yet to be tested empirically but offers a general representation of 

possible workload-SA-performance interaction, while illustrating the difficulty of predicting 

this interaction in supervisory control jobs where workload varies over the duration of a shift.  

Applying automation can reduce workload thereby influencing the workload-SA-

performance interaction. If the system autonomy is high, meaning the system is doing the 

majority of the work, the operator’s workload can be too low. Low workload can free up the 

operator’s cognitive resources and improve the capacity to build SA, but is also frequently 

cast as a precursor for the operator becoming OOTL, reducing their SA and subsequently, 

their performance (Manzey et al., 2011). That is, by eliminating excessive workload through 

automation, the operator may become complacent and lose vigilance. As a result their SA can 

be reduced, particularly the higher levels of SA; comprehension (Level 2) and projection 

(Level 3) (Kaber & Endsley, 2004). If the automation were to cease for any reason or 

unexpected events occurred such that operator manual control was required, the operator 

could have difficulty reorienting to the current environmental picture. 

1.6 PROPERTIES OF AUTOMATION 

To optimise performance the human-machine system might be seen as a single entity 

which dynamically allocates functions to and from the human according to the current needs. 
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Such an approach could serve to keep operator workload within the acceptable band. This 

potentially retains the operator in a control loop with meaningful tasks, moderates workload, 

and optimises SA. A number of studies have shown that the regulation of operator workload 

via dynamic and responsive automation (adaptive to the operator’s workload) enhances SA 

and performance (Bailey, Scerbo, Freeman, Mikulka, & Scott, 2006; de Greef et al., 2010; 

Kaber, Perry, Segall, McClernon, & Prinzel, 2006; Parasuraman et al., 2009; Sauer, Kao, & 

Wastell, 2012). There have been a number of mechanisms explored to optimise the balance 

between workload and SA via automation. This is discussed in the next section. There are a 

number of ways automation is categorised, and this can inform the way it is designed. 

Automation may be categorised by the ‘level’ of automation (Sheridan & Verplank, 1978), 

which is the extent to which it supplants the human in the required tasks. It may be 

categorised according to which stage of the human information processing it supports 

(Parasuraman et al., 2000). Finally, automation may be categorised on whether it will adapt 

according to the workload of the operator, and if so, whether it is the operator or machine that 

controls the adaptations of the automation. Each of these issues is discussed below. 

1.6.1 Level of automation. 

The most common way of categorising automation is by its degree of autonomy. 

Automation levels describe the degree to which the operator and machine are involved in the 

task function (Parasuraman et al., 2000). Automation levels have evolved from an all or none 

(manual and automatic) to a number of defined levels. Sheridan and Verplank (1978) first 

suggested 10 levels of automation ranging from ‘the computer offers no assistance – Level 1, 

the computer executes a suggestion if the human approves – Level 5, to the computer decides 

everything and acts autonomously ignoring the human – Level 10. That is, at one extreme, 
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the operator does everything (manual), while at the other extreme the machine completes all 

the functions (fully automatic). 

1.6.2 Stage of information processing. 

Automation may also be categorised by the information processing level at which it 

functions (Kaber & Endsley, 2004; Onnasch, Wickens, Li, & Manzey, 2014; Parasuraman et 

al., 2000). The 10-level LOA taxonomy proposed by Parasuraman et al. (2000) was extended 

by describing four functions to which automation could be applied. These functions were 

equated to a four-stage model of human information processing (HIP). Parasuraman et al. 

(2000) described their taxonomy as an extension of the traditional 10 LOA, as it considered 

both the output functions of the system (automation) and the input functions (human 

information processing). The four stages (or HIP levels) are: Stage 1: information acquisition, 

which is the acquisition and registration of information from multiple sources. Stage 2: 

information analysis, which is the explicit perception and the manipulation of information 

retrieved from working memory. Stage 3: is the decision-making stage (this is when the 

decision is reached and action decided upon). Stage 4: is the action implementation stage, 

when the operator acts according to the recent decision (Parasuraman et al., 2000). 

1.6.3 Degree of automation. 

More recently the term ‘degree of automation’ (DOA) has emerged to encapsulate 

both the LOA and the information stages being supported. Higher level automation and later 

information processing stages are considered ‘more automation’ and have a higher DOA. In 

addition to higher levels of automation and later stages of processing, the larger the number 

of stages the automation supports also constitutes ‘more automation’ and consequently a 

higher DOA (Onnasch et al., 2014). For instance, if System A supported high LOA and the 

first two stages of processing (information acquisition and information analysis), and System 
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B supported the same high LOA but the first three stages, then System B would have a higher 

DOA (Onnasch et al., 2014). 

Using this framework, comparisons of more versus less automation are relatively 

clear depending upon the combination. However, an issue exists when, for example, System 

A supports a higher LOA but mid stage, and System B supports a mid LOA and a higher 

stage. In this case, the relative DOA cannot be determined with confidence (Onnasch et al., 

2014). 

In summary, the combined use of the levels and stages of automation can be a useful 

ordinal metric to categorise the relative DOAs between systems (Hancock et al., 2013; 

Manzey, Reichenbach, & Onnasch, 2012; Onnasch et al., 2014). 

1.6.4 The reliability of the automation 

The reliability of the automation determines the extent to which the operator can rely 

upon its functioning, and it is crucial when considering the human-automation interaction and 

whether the automation support is beneficial compared to no automation support (Onnasch, 

2015). Reliability can be defined as the proportion of correct diagnoses, suggested decisions, 

executed actions, or indicated critical events (Onnasch, 2015). 

Wickens and Dixon (2007) conducted a meta-analysis comprising 20 studies that had 

examined the relationship between automation reliability and operator performance. They 

found that reliability of 0.70 was a ‘cross-over’ point below which providing automation 

resulted in poorer operator performance when compared to providing no automation at all, 

particularly in high workload conditions. 

This was supported in a study by Onnasch (2015), who found that when the 

automation was reliable (87.5%) participants reallocated their attention away from the 

allocated task to concurrent (non-automated) tasks. However, when the automation was less 
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reliable (68.75%) participants invested more attention to the automation-supported tasks, to a 

degree similar to those who were working manually. They concluded that reliability has a 

strong impact on operators’ attentional strategies. Onnasch (2015) advised that automation 

which fell below the ‘reliability boundary’ proposed by Wickens and Dixon (2007) should 

not be implemented as operators would not benefit from the support. 

1.6.5 The type of automation 

Automation may also be categorised according to whether it can change in real time 

to match the workload of the operator. Automation that stays fixed at one level throughout 

the task is referred to as static automation. By contrast, automation may be designed so that 

the DOA is dynamic and is able to be altered or even disengaged as required in real time. 

This is referred to as adapting automation (Scerbo, 2001). 

In this type of automation, the entity that controls or manages the automation, is the 

element that holds authority in the human-machine system. In automation research, it is most 

common that the machine or system holds authority. This is usually referred to as ‘adaptive 

automation’. That is, if any changes occur to the automation such as its LOA, it is done by 

the system, without operator input. Less common is ‘adaptable automation’ which is where 

the operator is given the authority as to when and how to use the automation. Adapting 

automation will be further detailed in Section 1.9. 	

1.7 THE BENEFITS AND COSTS OF STATIC AUTOMATION 

It is a long held view that static automation produces both costs and benefits to 

performance (Hancock et al., 2013). The main benefit is that it can reduce operator workload. 

Human information processing capacity can easily become overloaded in complex command 

and control environments (Breton & Bosse, 2003). In such a system, the full or partial 

assignment of a function carried out by the operator to the machine, can moderate the 
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operator’s workload (e.g. Kaber & Endsley, 2004). This can allow the operator to allocate 

attentional resources to other concurrent tasks (Smith & Jamieson, 2012) which can improve 

performance in these tasks. This has been demonstrated across many experimental domains. 

In simulated space teleoperations Li et al. (2014) found increasing the DOA lead to reduced 

workload and progressively improved performance. Balfe et al. (2015) increased DOA using 

the framework by Parasuraman et al. (2000) in a simulated rail signalling (train controller) 

domain. They found as DOA increased, workload decreased and performance was more 

consistent. In general, the reduction in workload is a result of the automation mitigating 

excessive workload by alleviating the demand on operators’ cognitive resources (G. S. 

Taylor, Reinerman-Jones, Szalma, Mouloua, & Hancock, 2013). However, there are also 

costs that arise from using automation: operator complacency, operator skill degradation, and 

degraded performance arising from inappropriate trust in the automation. 

1.7.1 Complacency and out of the loop performance deficits 

Onnasch et al. (2014) described a ‘trade-off’ occurring from the use of automation. 

With higher DOA automation performance improves, but this is coupled with a greater risk 

of operator complacency (see Figure 1-2). 
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Figure 1-2. Trade-off between workload/performance and SA. 
Reproduced from Onnasch et al. (2014). 

 

Complacency has been operationally defined as “poorer detection of system 

malfunction under automation control compared with manual control…” (Parasuraman & 

Manzey, 2010). As DOA increases, so too does the loss of SA, and failure performance will 

decline. The more the automation helps manual performance, the worse the operator is likley 

to be in recovering from an automation failure (Endsley, 2017). It should be noted that the 

concept of complacency is not a ‘failing’ of the operator but a result of the human-machine 

interplay on the operator cognition. 

The trade-off refers to the decrease in workload and improved performance, being 

offset by the potential loss of SA and subsequent performance should the automation fail 

(Onnasch et al., 2014). This is because as the DOA increases, the operator can become 
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increasing reliant on the automation and complacent. This is also referred to as the 

‘lumberjack effect’ (Onnasch, Wickens, Li, & Manzey, 2013). That is, the more automation 

that is applied (the higher the tree), the greater the cost to SA, and the subsequent decrement 

in performance if the automation fails or when the operator must otherwise return to manual 

control (the harder they fall). Hypothetically, if the cost of automation to failure performance 

remained constant up to a high DOA, the maximum DOA which could be employed without 

cost to failure performance would be at Point ‘a’ of Figure 1-2 (Onnasch et al., 2014). 

Onnasch et al. (2014) conducted a meta-analysis of 18 experiments to investigate the 

performance cost and benefits of differing DOAs, as well as examining performance when 

there was a complete automation breakdown (failure performance). The authors defined 

‘more versus less’ automation by making explicit the combinations of LOA and HIP 

considered a high DOA and that considered a low DOA. For example, high LOA that 

supported decision-making has a higher DOA than the same LOA that supported information 

analysis. Using this framework, they proposed a DOA boundary beyond which negative 

effects of automation was most apparent. This occurred when the DOA moved from 

supporting information analysis to supporting decision-making. The authors labelled this the 

‘critical boundary’. The negative consequences of automation such as degraded SA due to 

complacency, and the poor failure performance, was more likely when DOA had moved past 

this boundary. 

Automation induced complacency is often reported as the leading factor in aviation 

accidents (Lowy, 2013), and is also cited in other domains such as shipping (Parasuraman & 

Manzey, 2010). Attention appears to be at the centre of the mechanism of automation 

induced complacency, with operators preferring to allocate their attention to their own 

manual tasks as opposed to the automated tasks. Long periods where automation reduces 

operator involvement to simple monitoring requires high sustained attention and effort, which 
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can be difficult for individuals. Complacency also appears immune to experience, expertise 

or level of training (Parasuraman & Manzey, 2010). Some individuals may be more likely to 

become complacent, with some findings suggesting personality traits and trust in automation 

contribute to complacency potential (Parasuraman & Manzey, 2010).  

Another contributing factor may be automation bias, Automation bias occurs when 

operators attend more strongly to the usually salient cues which automation can generate, and 

ascribe the automation with more importance than other information. Consequently the 

operator uses the automation as an alternative to performing their own information seeking 

and processing (Parasuraman & Manzey, 2010). Both automation induced complacency and 

automation bias can lead to a loss of SA, which can manifest most obviously when 

automation fails, or the operator must switch to manual for any reason. 

The operator has then become OOTL and is no longer actively following parts of the 

system and its elements, as the automation has relieved the operator of that burden so 

attention can be turned to other things. OOTL performance problems are characterised by 

“…a decreased ability of the human operator to intervene in system control loops and assume 

manual control when needed in overseeing automation systems.” (Kaber & Endsley, 2004). 

This can result in a reduced ability to detect error and perform tasks if the automation fails 

(Endsley & Kiris, 1995; C. A. Miller, Funk, Goldman, Meisner, & Wu, 2005). 

The OOTL deficits in both SA and performance as a result of automation have been 

demonstrated many times (Parasuraman, Mouloua, Molloy, & Hilburn, 1993). For example 

Carmody and Gluckman (1993) used aviation relevant tasks of tracking, system monitoring 

and fuel management to examine the effects of removing humans from the ‘loop’ by 

automation. They found that there were costs to performance and SA that were greatest when 

automation was more prevalent (in static automation) and least in adaptive automation. 

Endsley and Kiris (1995) compared five levels of automation from manual to full automation. 
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Participant had to decide on the best route for travel by considering fuel use and time taken. 

They found that the subsequent shift from active to passive processing for high levels of 

automation decreased participant’s SA.  

Recovery from automation failure is also worse for operators who are relying more 

heavily on automation (Endsley & Kiris, 1995). In a study by Endsley and Kaber (1999), the 

performance of participants asked to monitor, identify, strategize and then eliminate targets 

on a simulated radar, was significantly diminished when recovering from automation failure 

compared to when the task was human or automation only. Similar results were reported by 

Kaber, Onal, and Endsley (2000) who simulated a telerobot system performing nuclear 

materials handling and provided a variety of LOAs. They showed that the higher the LOA the 

greater the OOTL deficits after the automation failed. 

1.7.2 Skill degradation. 

Long periods of automation and being OOTL may also lead to the deterioration of 

manual skills (Scerbo, 1996) and decision-making skills (Kaber & Riley, 1999; C. A. Miller 

et al., 2005). Skill degradation has also been of particular concern in aviation with increasing 

automation of the cockpit in modern jet transport aircraft, particularly cognitive skills 

(Casner, Geven, Recker, & Schooler, 2014). The management practices and corporate 

policies in applying automation in general has also been questioned (Parasuraman & Riley, 

1997; Wickens, Mavor, Parasuraman, & McGee, 1998) and our established technological 

abilities means the question is not whether a function can be automated, but whether it should 

be (Wiener & Curry, 1980). 

1.7.3 Inappropriate Trust in automation. 

People tend to respond to automation socially, meaning the factors influencing their 

trust in the automation might be extrapolated from those influencing human-human trust (Lee 
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& See, 2004). The characteristics of the automation that impact on operator trust are its 

competence (the automation produces accurate assistance or advice), its transparency (the 

operator is aware of the algorithms the automation uses to reach decisions), it predictability 

(the extent to which the automation behaves consistently), and its dependability (the extent to 

which the automation may be relied upon for consistently perform) (Merritt & Ilgen, 2008). 

The degree of trust the operator has in the operation can lead to an over or under 

reliance on automation. Too much confidence can lead to over-reliance, possibly leading to 

complacency, automation bias and OOTL performance deficits. A distrust of the automation 

can result in the operator refusing to use it even though it may improve performance. 

Trust is also influenced by operator individual differences. Empirical studies on the 

influence of individual differences on trust have found personality and propensity to trust 

machines to be important (Merritt, Heimbaugh, LaChapell, & Lee, 2012). Therefore, when 

considering trust in automation, there is the trust arising from interacting with the automation 

(provides clues to its trustworthiness), and the propensity of the individual to trust the 

automation. Merritt and Ilgen (2008) refers to these two types of trust; history-based trust and 

propensity to trust respectively, and found these to be distinct constructs in empirical 

examination. 

Parasuraman and Riley (1997) described over-reliance as automation misuse, under-

reliance as disuse, and the design of automation without due regard to the consequences to 

the operator as abuse of automation. Automation abuse can promote misuse and disuse, and 

understanding the factors that impact on trust in automation can lead to improved design 

(Parasuraman & Riley, 1997). High system performance and the prevention of operator 

cognitive overload is assisted by designing for appropriate trust, not greater trust. In order to 

appropriately calibrate an operator’s trust in the automation, the characteristics of both the 

operator and the automation must be considered. 
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1.8 MITIGATING STATIC AUTOMATION COSTS 

A large part of automation research is concerned with reducing the operator’s 

workload, whilst also promoting appropriate trust and reducing complacency and automation 

bias, in order to achieve a more efficient, productive and safe human-machine system. The 

costs of static automation are not inevitable, but rather are a consequence of design 

(Parasuraman et al., 2005), and thus may be mitigated in a number of ways. 

1.8.1 Use intermediate levels of automation 

The use of intermediate levels of automation has been found to be beneficial to SA 

and performance compared to the use of high or low levels of automation (Endsley & Kiris, 

1995). Exceedingly high levels of automation can lead to operator to disengage from the task 

and perform poorly. Exceedingly low levels of automation may not assist with operator 

workload at all. Subsequently, intermediate levels of static automation have been found to 

minimise OOTL performance deficits and by avoiding the extreme levels of operator 

workload (Endsley & Kaber, 1999). Although the use of intermediate LOA has been widely 

accepted as the ideal for static automation, there is an increasing research interest in levels of 

human information processing the automation supports, and how this may be used to reduce 

OOTL deficits. 

1.8.2 Automate lower stages of information processing 

Applying automation to lower levels of sensory and psychomotor functions such as 

information acquisition and action implementation has resulted in better operator 

performance when compared to automation applied to higher-order cognitive functions, such 

as planning and decision-making. Clamann et al. (2002) found this when applying 

automation in an air traffic control (ATC) task. The automation ‘modes’ were based upon the 

processing levels of Parasuraman et al. (2000) LOA taxonomy, the HIP levels: information 
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acquisition, information analysis, decision-making and action implementation (as well as a 

manual condition). Automation was tailored for each of these and applied in a between-

subjects experimental design. The application of automation (manual or automated) was 

dependent upon the performance on a secondary (gauge monitoring) task, with the 

automation triggered when performance on the gauge task fell below a certain criterion. They 

found better outcomes when the automation was applied to lower level functions information 

acquisition and action implementation compared to higher level functions. 

 Kaber, Perry, et al. (2006) presented the four HIP levels to participants using an ATC 

simulation. They found SA best when automation was applied to the information acquisition 

level, and performance in the ATC task best when automation was applied to information 

acquisition and action implementation (sensory and motor processing). They concluded that 

automating tasks at the information analysis and decision-making automation levels produced 

higher workload compared to automating information acquisition and action implementation 

level tasks. 

1.9 ADAPTING AUTOMATION 

There is increasingly the view that static automation is no longer sufficient for the 

complexity and information fluctuations the human operator must face, and that the level of 

automation support must be as dynamic as the domain itself (Calhoun, Ward, & Ruff, 2011; 

Grootjen, Neerincx, van Weert, & Truong, 2007; Parasuraman et al., 2009). 

A more dynamic function allocation allows automation to be matched to the expected 

or indicated workload of the operator. This is based upon the idea that the operator only 

needs to be supported at times when operator or system performance is in jeopardy, and 

automation should scale down when things become quieter, keeping the human occupied 

within a band of proper workload (Arciszewski, de Greef, & van Delft, 2009; Endsley & 
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Kiris, 1995). This idea of matching the level of automation aid with the demands of the user 

has been seen as one of the more important ideas in the history of human factors (Hancock et 

al., 2013). Some studies have found adaptive automation can help keep workload within the 

proper band, improve performance, and enhance SA (de Greef et al., 2010). For example 

Parasuraman et al. (1993) used aviation type tracking, fuel management and systems 

monitoring tasks to compare automation failure detection rate performance when using static 

automation compared to adaptive automation. The detection rate performance was 

substantially degraded under static automation, compared with adaptive automation. They 

were one of the first to demonstrate empirically that adaptive automation reduced these 

performance costs, compared with static automation. 

Despite the early concern that adapting automation research would be technology 

driven (Scerbo, 1996), there has been no shortage of human-centred inquiry in the field. The 

psychology of human-machine interaction has had a great deal of research attention, 

particularly mental workload demands. One of the aims of adapting automation is to 

moderate human workload so there is a better match between task demands and the human 

cognitive resources (Kaber, Wright, & Sheik-Nainar, 2006). 

1.9.1 Adaptive Automation. 

An adaptive system is one in which the automated aids are implemented dynamically, 

in response to task demands (Rouse, 1976). 

The operator’s workload is commonly the method by which automation is engaged or 

disengaged. Subjective workload measures have been used to help determine the automation 

trigger time. Operator workload can also manifest in observable and measureable forms such 

as physiologically (e.g. heart rate) or through a decrease in performance. Researchers have 

used such indicators to determine when to trigger automation in real time. Finally, analysis of 
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how taskload varies for a particular domain can be used to predict when operators might need 

support and guide when automation is triggered. Each of these triggers are further explained 

below. 

Subjective workload triggers. 

The subjective workload of the operator may be captured directly via subjective 

workload measures. Taskload is often equated with workload. However, the focus on 

taskload reduces the operator to a passive recipient of tasks, and effectively ignores any 

strategic steps the operator might actively take to keep his/her own workload at an acceptable 

level (Loft et al., 2007) (see Figure 1-1). On this logic, the operator’s workload may be more 

strongly connected with their ability to manage cognitive capacity (Loft et al., 2007), and 

thus subjective workload may also be a more effective automation trigger than taskload. 

Performance triggers. 

Degraded operator performance is regarded as an indicator of high workload and 

subsequently an indicator of when automation might be triggered. Performance on the 

operator’s primary task can be used as a trigger. For example, Parasuraman, Mouloua, and 

Molloy (1996) assessed the performance of their participants of each task within a flight 

simulation, including monitoring engine status and fuel. Automation was invoked only when 

a participant’s monitoring performance failed to  meet a pre-set criterion. They found this 

adaptive automation improved task performance compared to the static automation control 

condition. 

Workload may also be indicated by the performance of a secondary task (Clamann et 

al., 2002; Kaber & Endsley, 2004; Kaber, Perry, et al., 2006; Kaber & Riley, 1999). The 

performance on the secondary task reflects operator capacity that is not being used by the 

primary task. Put differently, as the operator’s workload on the primary task increases, they 
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have less capacity ‘spare’ for the secondary task. For example, Clamann et al. (2002) asked 

participants to ensure a moving pointer on a gauge was kept within an acceptable region (a 

gauge-monitoring task) concurrently with a primary experimental task. When the 

performance of the secondary task dropped below one standard deviation of the average 

secondary task performance, the primary task was shifted to automated control. Participants 

only resumed manual control once the gauge-monitoring performance reached one standard 

deviation above the average. Clamann et al (2002) found this performance-based, adaptive 

automation resulted in improved performance compared to completely manual control. 

Performance based triggers are one of the most commonly used triggers and are 

relatively simple to apply in experimental settings. Other examples include studies by 

Dijksterhuis et al. (2012) and Calhoun et al. (2011). Dijksterhuis et al. tested 31 experienced 

drivers in a driving simulation on how well they kept their lane. The adaptive automation 

took the form of a heads-up-display that engaged when the system detected the participant 

driving near the edge of the lanes. Lane keeping was improved with adaptive automation 

compared with no automation and a non-adaptive automation. Calhoun et al. provided 

automation support to 12 military employee participants during a simulated supervisory 

control of multiple unmanned autonomous vehicles. The support was provided based on the 

performance from multiple tasks including time taken for change detection and determining 

system status. If the time to complete these tasks fell below a threshold, the automation level 

increased (e.g. best automation recommendations were highlighted on the display). 

Performance was improved for the performance-based automation compared to a static 

automation condition. 

That being said, these performance triggers have some drawbacks. Automation must 

be invoked when some standard of task performance has been reached, but derivation of 

these standards is the subject of some debate (Dijksterhuis et al., 2012). Furthermore, the 
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trigger mechanism remains entirely reactive as the to-be prevented task performance (primary 

or secondary) degradation has already occurred (Scerbo, 1996; Veltman & Jansen, 2006). 

Subsequently, automation may be triggered too late leaving the operator in on overloaded 

state. 

Physiological triggers. 

Operator physiological changes such as heart rate, electroencephalogram signals and 

eye dilation can be measured to assess workload and used to trigger automation. The strength 

of physiological measures is that they are continually available and do not intrude upon the 

operator. However, like performance triggers, a physiological indicator might initiate 

automation when performance is already degraded. Physiological measures have been 

difficult to obtain in real operations as they could be unwieldy (to wear) or the accompanying 

equipment can impose in and around the operator’s workspace. This is becoming less of an 

issue as technology improves. For example, the advent of wireless wearable technology has 

the potential for many applications including as part of automated systems. 

There have been a number of studies that have investigated physiological triggers. 

Lagu, Landry, and Yoo (2013) compared heart rate with performance-based triggers in a task 

paradigm where twelve participants needed to perform multiple tasks which required 

tracking, monitoring, resource management, and decision making. Heart rate was measured 

by the least invasive method; infrared plethysmography. Automation was triggered either by 

performance thresholds, or by heart rate increasing or decreasing by 4 beats per min in a 15-

sec interval compared to the individual’s resting heart rate at the beginning of each trial. 

Primary task performance was indicated by an ‘efficiency’ measure: the number of correct 

decisions the participant had to make, divided by the total number of decisions the participant 
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made during the trial. They found the heart rate triggered automation maximised the 

automation benefit to efficiency. 

Bailey et al. (2006) used a brain-based adaptive automation system 

(electroencephalographic signals) to switch between automation and manual control. 40 

undergraduate students performed a suite of flight-related simulated tasks similar to activities 

performed by pilots in a cockpit. This included system management and resource 

management. Electrodes were attached to the participants’ scalps via conductive paste to 

record electroencephalograph (EEG) activity. The apparatus connected calculated an 

engagement index, which compared baseline EEG measures with that during task 

performance. If the engagement index increased above the baseline measurement (obtained 

over 20 minutes prior to the experiment) the tracking task was automated. The automation 

was disengaged when the engagement index fell below the baseline. They found that using 

this adaptive system, SA was enhanced whilst mental workload was reduced compared to 

when the participant decided when to engage the automation. 

However, while relatively successful, ascertaining the relationship between the 

physiological measure and workload can be difficult. The fluctuations in physiological 

measures could also result in greater frequency in the allocation of tasking between human 

and machine. This has been shown when using heart rate as a trigger (Lagu et al., 2013). 

Furthermore, given the extra effort an operator may apply it may be possible that 

physiological data indicates high workload, but not necessarily poor performance (de Greef 

& Arciszewski, 2009). 

Taskload triggers 

The reactive nature of performance and physiological triggers may be overcome by 

the use of taskload modelling, which attempts to predict operator workload via estimations of 
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operator taskload based on the number and complexity of task elements (Neerincx, 2003). As 

previously detailed, taskload can be defined as a combination of three dimensions: time 

occupied, level of information processing, and task-set switches (Neerincx, 2003). In 

experimental paradigms where objects such as aircraft, ships, and unmanned vehicles are 

tracked, these are a function of the number of objects the operator must track. The more 

objects, the greater the time taken to complete tasks, and more human task knowledge the 

operator must switch between. The greater complexity that comes with more objects also 

requires more in-depth problem solving that requires greater information processing and thus 

a higher taskload.  

The association between number of objects (taskload) and workload was shown by de 

Visser and Parasuraman (2011), who found that participants who were operating higher 

number of unmanned vehicles in a military simulation environment, had a higher subjective 

workload than those operating smaller numbers of vehicles (measured by the NASA TLX). 

Thus, the number of objects can indicate the expected workload and hence be used as a 

trigger to engage automation. de Visser and Parasuraman (2011) used a high-fidelity, multi-

UV (unmanned vehicle) simulation to investigate adaptive automation which was keyed to 

taskload (the number of UVs the participants had to control). They found the adaptive 

automation lowered workload compared to a static automation condition. 

The use of taskload as a trigger does require a means of estimating the workload 

expected from the taskload in the particular paradigm. This might be achieved by recording 

the taskload and associated operator workload under manual conditions to determine those 

instances when workload was high and automation could provide support. The taskload at 

these times would be the trigger for automation engagement in future adaptive automation 

conditions. Specifically the researcher could record success at some action such as 

identifying a target, or the reaction time taken to respond to a signal (de Greef & 
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Arciszewski, 2007). A workload estimate of the projected taskload may also be found from 

previous measures of operator physiology feedback to learn of the user’s workload response 

(M. E. Miller, Gilbert, Langhals, & Bindewald, 2014).  

The benefits and costs of adaptive automation. 

Empirical studies on adaptive automation have largely demonstrated that it can lower 

workload and improve performance. Aricò et al. (2016) found adaptive automation (triggered 

by EEG outputs) reduced participant workload significantly compared with no automation. 

Bailey et al. (2006) also found reduced workload using a brain-based adaptive system, as 

well as enhanced operator SA compared with manual modes. Calhoun, Ruff, Spriggs, and 

Murray (2012) used a performance-based adaptive trigger and also found reduced workload 

and enhanced SA compared to a static condition. 

There are relatively few studies that have compared adaptive automation to static 

automation. However Calhoun et al. (2011) compared a performance-based adaptive 

automation with static automation within a supervisory control task which required 

participants to track multiple autonomous vehicles deployed into the field on a computer 

display, and to detect change, note system status, allocate imaging tasks, re-route vehicles, 

and analyse images. They found that image analysis and re-routing task completion times 

significantly faster in the adaptive condition compared to the static condition. However, for 

the change detection and allocation tasks there was no significant differences between these 

conditions. Parasuraman et al. (2009) compared adaptive automation to both static and 

manual conditions in a supervisory task (of multiple air and ground uninhabited vehicles). 

They found that the performance and SA under adaptive automation were superior in the 

adaptive condition compared to both the static and manual conditions. 
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Although there is some evidence as to the benefits of adaptive automation to 

workload and performance, it should be noted that some of these studies used differing 

measures of SA. Bailey (2006) measured SA via operator performance on recalling gauge 

displays after each trial, and Calhoun et al. (2012) used a subjective SA rating scale post trial. 

There is need for further studies that use more established and objective measures of SA that 

such as SPAM and SAGAT (see Loft et al., 2015). 

The challenges faced in designing adaptive automation protocols for any domain may 

be summarised in three questions. These are (1) what task elements are to be shared, (2) 

when should they are shared, and (3) how should they are shared (Hancock et al., 2013). One 

of the consequences of getting this wrong is ‘automation surprises’. Automated systems 

which change ‘modes’ or LOA to match the operator’s workload can also create surprises for 

the operator as they are confronted with a different picture, and this could be made worse by 

the changes being poorly communicated. Systems may change modes based on information 

not transparent to the operator resulting in gaps and misconceptions in the operator’s mental 

model (Sarter, Woods, & Billings, 1997). 

Temporary disorientation may also occur, and such transition times can lead to 

accidents in critical environments such as the aircraft cockpit. Automation surprises can also 

result from a ‘loss of the ability to track and anticipate the status and behaviour of automated 

systems’ or loss of automation ‘mode awareness’, and this can occur in highly complex 

automated systems such as those on commercial flight decks (Sarter & Woods, 2000). In a 

study using a full-mission simulation of an Airbus A-320, Sarter and Woods (2000) found 

that participants (actual Airbus A-320 pilots) failed to detect changes in the situation (such as 

change of runway and loss of altitude constraints) resulting in significant delays before the 

pilots detected and intervened. In these cases, the automation failed to act as expected. 
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Automation surprises can be reduced by designing trigger points that are understood 

and are transparent to the operator (Kaber, Riley, & Endsley, 2001). One way of achieving 

this is to let the operators themselves trigger the automation, or apply adaptable automation. 

When using adaptable automation the operator retains authority, which can help maintain SA 

and avoid automation surprises (Calhoun et al., 2013; Sarter et al., 1997). 

1.9.2 Adaptable Automation 

Adaptable automation is designed such that the operator engages automation when he 

or she feels the need for assistance, rather than automation assistance times being pre-defined 

(static automation) or based on a pre-defined machine rules (adaptive automation). 

Presumably, a subjective sense of high workload or performance problems may lead the 

operator to engage automation.  

There are several reasons to believe that adaptable automation could be superior to 

adaptive automation. Giving the operator the authority of automation LOA and mode changes 

can result in greater acceptance of the automation, more operator engagement and subsequent 

reduction in reorientation costs. Operators might be less aware of task changes when they are 

made by another agent compared to when they make the change themselves (Wickens, 1994). 

When the operator is actively in charge of automation, he or she is in the loop and 

consequently more aware of the current state of the system. This may lead to a better tuning 

of trust, minimising skill degradation, and maintaining a sense of remaining in charge of 

automation, which will lead to a greater degree of acceptance of the automation. This in turn 

may create a greater sense of responsibility and hence greater attention and concern for 

system performance (C. A. Miller et al., 2005). 

The reorienting costs associated with automation invocation may also be less for 

adaptable automation compared to adaptive automation because in the former the automation 
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onset will not come as a surprise or come at an operator-perceived inopportune time.  

Additionally, with the greater manual component and possible accompanying increased 

mental workload, SA might increase and the right trade-off between SA and workload can 

result in greater performance (Veltman & Jansen, 2006). 

However, to date there have been very few studies designed to explicitly examine the 

effectiveness of adaptable automation, and hence little is understood about its relative 

effectiveness compared to the other automation types. One of the emerging concerns with 

this way of engaging automation is the extra cognitive load that accompanies the need to 

manage the automation. 

Impact of adaptable automation on workload and performance 

Automation does not simply supplant human activity but rather changes it in ways 

that may have unintended or unanticipated consequences (Parasuraman et al., 2000), and 

there may be added mental work required to interact with the automation in changing modes 

and automation behaviour. The cost of managing the automation or conducting new or 

altered tasks may outweigh its benefits. Further, the point at which automation is needed 

would likely be the point where the operator is already overloaded, making it less likely that 

the operator has the capacity, or would remember; (Loft & Remington, 2010), to make 

assessments of whether automation is required (de Greef & Arciszewski, 2009). 

One of the earlier empirical studies on adaptable automation was done by Kirlik 

(1993) who used a helicopter simulator to compare a manual condition with an early 

‘adaptable’ type automation using five participants. Participants were required to have 

supervisory control of four ‘friendly’ helicopters, and to pilot a ‘scout’ helicopter through a 

simulated partially forested world to discover cargo and engage enemy aircraft during 30-

minute sessions. Participants were able to engage autopilot at any time to automatically avoid 
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trees and be guided to waypoints. However, the speed available was 75% of that available 

under manual control (due to the computations required to find the best path through the 

forest), and the automation had to be programmed to be engaged, which took time. They 

found that no participant used the auto-pilot as a task-offload aid in the way it was intended 

and this was likely due to the time and effort costs in engaging it, as well as the lesser speed 

available under autopilot. Kirlik (1993) concluded that “…the burdens associated with 

managing automation can sometimes outweigh the potential benefits of automation…”. 

More recent studies have found mixed results in the effectiveness of adaptable 

automation to improving performance, whilst largely supporting the idea that there is a 

workload cost for the operator if they must decide when to engage or disengage the 

automation. Kidwell, Calhoun, Ruff, and Parasuraman (2012) used a simulation where twelve 

participants supervised simulated multiple autonomous vehicles during both adaptive and 

adaptable automation conditions. Participants could change the LOA in the adaptable 

condition to one of three levels at any time. Tasks included detecting hostile aircraft, 

allocating targets, routing vehicles and image analysis. They found increased workload in the 

adaptable condition (which they attributed to the heightened demand for attentional resources 

from delegating LOAs) as well as improved performance, confidence and decision-making. 

Bailey et al. (2006) also found higher workload reported by participants using 

adaptable automation compared to adaptive automation. In this study, participants performed 

a suite of flight-related tasks similar to activities performed by pilots in the cockpit, including 

tracking, monitoring and resource management. Participants could engage tracking 

automation for 10 seconds when they perceived the performance as failing. Each participant 

was yoked to another group who were not able to engage or disengage and experienced the 

same schedule of automation. Participants under the adaptable condition made more errors on 

the resource management task, and reported higher levels of workload. 
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Adaptable automation has also been found to reduce workload. Sauer et al. (2012) 

compared adaptive (event-based), adaptive (performance-based) and adaptable automation in 

a study of 36 students who operated a simulated Cabin-air life support system by controlling 

parameters such as air pressure, and temperature. There was no clear benefit of one 

automation type to the other in terms of performance. However, participants reported more 

confidence in the adaptable condition compared with the adaptive conditions, and had greater 

workload, fatigue and anxiety in the performance-based adaptive condition compared to the 

other conditions. 

There is also evidence that adaptable automation can degrade performance. In a study 

where 10 participants performed monitoring radar and a target elimination tasks, Kaber and 

Riley (1999) compared two adapting automation conditions. Engaging the automation for 

both conditions were predicated on performance on a secondary task (as performance 

decreased the system shifted from manual control to automated assistance). For the first 

condition, this shift was mandated (i.e. adaptive automation). For the second condition, this 

shift was merely suggested and participants could choose whether to engage the automation 

or not. This adaptable condition had marginally lower workload than the mandated group, but 

performance was less. The authors concluded that it is possible to devote significant 

cognitive resources to continually question whether to automate, and this can distract 

operators from their tasks. 

Limitations of adaptable automation 

There are a number of other potential drawbacks of adaptable automation. These 

includes the possibility of social loafing, inappropriate trust in the automation, and the 

operator’s misconception of their own workload, resulting in the operator activating 

automation too soon or too late. The tendency to reduce cognitive effort when working in a 
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group of others (social loafing) is also apparent when working with computational team 

members (Skitka, Mosier, & Burdick, 1999). Unsurprisingly when assisted by automation, 

operators will attempt to carry out tasks with the least amount of effort. They will often use 

decision rules of thumb to avoid the effort of detailed analysis, and tend to use automation as 

another heuristic which can lead to errors (Raj et al., 2011). The level of authority must be 

considered carefully and due regard given not only to the effort required to manage 

automation, but also to the tendency for the operator to reduce own effort and over utilise the 

automation. 

Inappropriate trust in the automation (e.g. over or under reliance in the automation) is 

accentuated when the operator has authority of its use. Low trust can lead to the operator 

instigating automation too late or not at all. Too much trust can result in overuse of 

automation and subsequent OOTL performance deficits (Parasuraman & Riley, 1997). 

Furthermore, there may be a number of other affective factors that underlie why an operator 

may want to trigger automation, or ignore the automation option, including a tendency to 

over- or under- estimate their own ability. Affective influences on automation use, such as 

trust and happiness has been demonstrated and suggests that the decision making process 

may be “… less rational and more emotional than previously acknowledged” (Merritt, 2011). 

Finally, humans may not be the best judge of automation allocation because they base 

their decisions on the perception of workload increase, even if the task does not warrant such 

an assessment (Kaber & Riley, 1999; Parasuraman & Riley, 1997). This can result in 

activating the automation too late or too early. 

In summary, the small number of studies which have empirically examined adaptable 

automation have generally reported it to result in greater participant workload, but with 

mixed results on its impact on performance. 
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1.10 OPERATOR INDIVIDUAL DIFFERENCES 

Operator individual differences have been shown to influence human-machine 

systems. Operator working memory predicts appropriate use of automation (Saqer & 

Parasuraman, 2014), operator personality interacts with adaptive automation use as a function 

of workload and stress (Szalma & Taylor, 2011), and operator’s trust in automation affects 

the perceptions operators have of machine characteristics (Merritt & Ilgen, 2008). It is clear 

that the impact of individual differences must be considered in any discussion of human-

machine systems. 

With regard to specific cognition, the importance of individual differences in the use 

of automation has been acknowledged (Parasuraman & Manzey, 2010; Szalma & Taylor, 

2011). For example Endsley (1995a) recognised the importance of the operator’s innate 

abilities, experience and training in influencing the capacity to acquire SA (Endsley, 1995a). 

These individual differences can also influence how the operator chooses strategies to 

regulate workload, which is crucial for handling future task demands (Loft et al., 2007). The 

individual traits of the operator can also influence responses to different system 

configurations (Oron-Gilad, Szalma, Thropp, & Hancock, 2005). 

There are three individual differences that may reasonably be expected to generalise 

across differing task domains as evidenced from the few existing empirical studies: (1) Trust. 

Trust in automation has been recognised as an important determinant of operator 

performance (Merritt, Heimbaugh, LaChapell, & Lee, 2013; Nickerson & Reilly, 2004; 

Parasuraman et al., 2008). Related to trust is the ‘liking’ of automation, which has also 

recently been found to influence automation use (Merritt, 2011). (2) Working memory 

capacity (WMC). WMC is one of the best predictors of individual differences in cognitive 

activities (Lewandowsky, Oberauer, Yang, & Ecker, 2010). Nevertheless, the empirical 

studies investigating the influence of WMC on human-machine interaction is relatively 
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sparse. How WMC might play an important role in automation is usually articulated through 

how it may impact the operator’s SA (Endsley, 1996, 2000). (3) Experience. Operators with 

more experience have been shown to develop certain strategies in order to manage their own 

workload (Durso & Gronlund, 1999). These strategies include discriminating which 

information is useful and which is not, being able to restructure the environment by using 

external cues as reminders, chunking meaningful information, and ‘gistifying’ relevant data 

(Durso & Gronlund, 1999). These strategies reduce the load on working memory and these 

operators can therefore demonstrate the characteristics of experts. 

More specific to the visual-spatial nature of managing multiple objects via a visual 

display are individual differences in spatial ability. Spatial ability has been found to influence 

how operators interact with automation when tracking multiple objects (Chen & Barnes, 

2012). It is also common to include personality, cognitive style and demographic measures 

when investigating operator individual differences (Durso, Bleckley, & Dattel, 2006). The 

current state of knowledge of each of these as they relate to the human-machine interaction 

will be discussed. 

1.10.1 Trust. 

Trust is the feeling of certainty that a person or thing will behave in predictable ways 

based on evidence of past behaviour (Montague, Kleiner, & Winchester Iii, 2009). In terms 

of the operator trusting automation, it can be defined as “the attitude that an agent will help 

achieve an individual’s goals in a situation characterised by uncertainty and vulnerability” 

(Lee & See, 2004). For the user to embrace automation, they must have confidence in its 

accuracy and reliability (Scerbo, 1996). 

 Parasuraman and Riley (1997) partitioned the human-machine trust problems into 

four categories. They described Use as the operator’s voluntary engagement or 
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disengagement of the automation. They described over-reliance as misuse of automation, and 

the neglect or underutilisation of automation as disuse. They identified trust as a factor in 

how the automation is operated. Finally, they described the design of automation without 

regard to the human performance consequences as abuse. 

Trust is generally considered a major factor in influencing automation use 

(Parasuraman et al., 2008; Pritchett & Feary, 2011) and there have been a number of studies 

which have shown the link (e.g. Dzindolet, Peterson, Pomranky, Pierce, & Beck, 2003; Lee 

& Moray, 1992; Merritt & Ilgen, 2008). Trust in machines is also likely to change as a person 

interacts with it, much like trust can evolve between two people as their interactions increase 

(Merritt & Ilgen, 2008), and this differs from the type of trust which may be more of a stable 

personality characteristic based on early trust-related experiences. Both have been shown to 

be important in the interaction with automation (Merritt & Ilgen, 2008). Trust levels are 

dependent upon the automation reliability (Dzindolet et al., 2003), and can influence whether 

the operator engages the automation or not (Merritt & Ilgen, 2008). 

Inappropriate trust in automation can lead to operators rejecting recommendations 

from the automation, or overly relying on it, which can lead to extreme high or low levels of 

workload and compromised performance. Merritt and Ilgen (2008) showed that the trust 

relationship between operator and machine is not only moderated by machine characteristics 

such as reliability, but also by operator individual differences such as propensity to trust. 

Most importantly they demonstrated that propensity to trust machines can predict 

automation-use decisions. 

Whilst the propensity to trust, or dispositional trust, is a stable, trait-like 

characteristic, the trust developed from interaction from the machine is less stable and 

changes as a function of experience using the automation. Merritt and Ilgen (2008) labelled 

this ‘history-based trust’ and proposed that this type of trust is more influenced by the 
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characteristics of the machine and the operator’s experience with the machine. They 

suggested that trust evolves over time (dispositional à history-based) and this may be more 

apparent during one type of automation, than another (Merritt & Ilgen, 2008).  

1.10.2 Like. 

The like of an automated system influences the operator’s acceptance of automation 

and interaction with it. ‘Like’ refers to how much the operator feels positively toward the 

automation. Compared with trust which is more of a cognitive attitude, liking is more of an 

affective impression of the automation.  

Trust is associated with automation reliability whereas liking is associated with 

system etiquette and physical appearance (Merritt, 2011). The liking of the automation 

influences interaction with automation. In a study where participants used automation to 

assist in an X-ray screening task, liking for the system predicted reliance on the automation 

(defined as the number of times the participant changed their response to correspond with 

that of the automation) early in the task, whilst trust predicted the reliance later in the task 

(Merritt, 2011). 

Merritt (2011) described ‘Like’ as more of an affective element when compared with 

‘Trust’, which is more of a cognitive element. Merrit (2011) demonstrated that ‘Like’ had 

important effects on how much reliance was placed on automation in an airport security type 

X-ray screening task (the automation recommended the presence or absence of a gun or 

knife). In human-computer interaction, the more the system designer considers affect the 

more likely the automation is accepted and productivity is improved (Lee & See, 2004; 

Norman, Ortony, & Russell, 2002). 

A dislike for the automation does not necessarily mean that the automation is 

unhelpful. In a study looking at the use of automation on wheelchairs, participants did not 
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like higher levels of automation despite it improving safety, presumably due to the lack of 

control and transparency of the automation (Jipp, 2013). Operators can become frustrated 

with their interactions with automation if it removes their authority and their choice to 

complete a task in the best way they see fit (C. A. Miller et al., 2005). Even low-criticality 

automation can result in operators or users being frustrated if forced to interact with 

automation which reduces their authority (C. A. Miller & Parasuraman, 2007). Ultimately 

therefore, dislike would likely lead to decreased user acceptance. 

1.10.3 Working memory capacity. 

Working memory is the cognitive process that allows a person to retain information 

briefly in a highly accessible state where it may be updated and manipulated (Neath & 

Surprenant, 2003). Working memory is a central construct in theories of cognition and 

experimental psychology and is considered one of the main enabling factors of the 

performance of cognitive tasks (Oberauer, Sub, Schulze, Wilhelm, & Wittmann, 2000). It is 

most commonly understood as being comprised of verbal and spatial subsystems which 

temporarily store and manipulate information via continuous sampling of the environment, 

and which are controlled by a central executive responsible for directing attention. For 

example, Baddeley’s model of working memory (Baddeley, 1992) refers to the ‘phonological 

loop’, which retains and continuously rehearses speech-based information; the visuo-spatial 

sketchpad, which maintains information about object location and movement; and the 

executive control supervisory system. The degree of working memory an individual might 

possess is referred to as their working memory capacity (WMC). 

There is evidence that the development and maintenance of SA relies heavily (but not 

exclusively) on the visuospatial and phonological components of working memory. In an 

experiment where participants drove simulated vehicles and monitored surrounding traffic, 
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Johannsdottir and Herdman (2010) found that selectively loading these two working memory 

subsystems differentially affected participants’ SA. This supports other studies linking 

working memory with SA (Durso et al., 2006). 

WMC has also been described as the ability to use attention to maintain or suppress 

information, and is not directly about memory (Engle, 2002). That is, WMC is about 

attention, rather than memory. Engle (2002) compares WMC to executive attention, which 

regulates the contents of the memory subsystems. WMC is closely related to reasoning ability 

and intelligence, and is one of the best predictors of individual differences in cognitive 

activities (Lewandowsky et al., 2010). Endsley (2015) stresses that SA is not held exclusively 

in working memory, rather that WMC as a ‘bottleneck for novices and those in novel 

situations’, as they haven’t developed the long term memory structures that might overcome 

the WMC limitations (Endsley, 2015). 

When managing multiple objects, perception of the elements to develop level 1 SA 

can require selective attention, and this is processed by the central executive (Johannsdottir & 

Herdman, 2010). Level 2 SA can develop when the central executive selects the information 

the phonological loop and visuo-spatial sketch-pad receives and maintains, such as which 

objects to attend and which of their characteristics to note, so as to form a coherent mental 

model. That is, the working memory subsystems enable the development and maintenance of 

SA (Johannsdottir & Herdman, 2010). The ability of the operator to control their own 

cognitive processes such as choosing a cognitive coping strategy, and to control what to 

attend and what to ignore in a rapidly changing environment, is characteristic of good WMC. 

de Visser, Shaw, Mohamed-Ameen, and Parasuraman (2010) found a strong 

correlation between WMC and performance in an experiment examining human-UAV 

system performance. Thirty participants presided over eight friendly assets inside a specific 

zone in an air defence simulation task environment. Their goal was to prevent enemy assets 
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from entering the zone, protect their own assets within the zone, and warn team members of 

enemies encroaching other areas. Performance measures included the number of enemy 

aircraft to penetrate their zone, the number of enemy destroyed, and the average time taken to 

destroy each enemy target. WMC was measured using a version of the Operation Span 

(OSPAN) working memory task (Engle, 2002). de Visser et al. (2010) found that in general, 

performance varied directly with individual differences in the OSPAN score (r = 0.80) 

1.10.4 Experience and skill level. 

Operators with greater specific task domain experience and skill level often adopt 

strategies to reduce the load on their working memory. Durso and Gronlund (1999) suggested 

four main strategies that experts can adopt: (1) experts can filter incoming information into 

what is important and what is not, (2) experts are able to reorganise incoming information 

into meaningful chunks, (3) experts are able to apply the gist of information rather than the 

specific information. For example, instead of remembering the exact speed of a contact, they 

will remember that one contact is faster than the other, and (4) experts will restructure their 

environment to ensure better performance. For example, experts may create external cues 

such as bookmarking instruction manual pages, placing visual reminders within easy 

eyesight, or by arranging or personalising their display output. How the experience level of 

the operator might influence when they engage automation has not been investigated. 

However, it is reasonable to expect experienced operators to rely less on automation, 

particularly if there is a potential cost of using automation, such as the effort to invoke it, or 

the effort of monitoring automation for errors. 

The ability to suppress irrelevant information in visually rich tasks has also been 

found to be enhanced for those who habitually play video games, particularly those games 

which are fast-paced and require divided attention for visuo-motor tasks (Hubert-Wallander, 
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Green, & Bavelier, 2010). In a task where participants were asked to manage a team of robots 

remotely via a visual screen interface, Chen and Barnes (2012) found that video gaming 

experience affected multitasking performance. Hambrick, Oswald, Darowski, Rench, and 

Brou (2010) found a positive relationship between video gaming experience and performance 

on a synthetic multitasking activity. However, video game experience does not always 

translate to improved real-world multi-tasking ability (see Gaspar et al. (2013). 

1.10.5 Spatial ability. 

Spatial ability is generally considered a construct with distinct categories. Two 

categories that are widely used are spatial visualisation and spatial orientation. Spatial 

visualisation is the “ability to manipulate a spatial mental image into other configurations”, 

and spatial orientation, is “ the ability to imagine how a complex object looks after it is 

rotated” (Liu, Oman, Galvan, & Notapoff, 2012). 

Chen and Barnes (2012) in their study of automation of robot supervision found that 

participants with greater spatial ability (using a cube comparison test) outperformed those 

with lower spatial ability in tasks requiring visual scanning. It was concluded that people with 

good spatial ability have more effective visual scanning and target detection performance, 

tasks which have particular importance in understanding the relative location and orientation 

of multiple objects such as in maritime track management. 

1.10.6 Personality 

There are relatively few studies that have investigated the influence of personality on 

operator response to automation. In a study of U.S. Air Force F-15 pilots, Carretta (1996) 

found no effect of personality on performance. More recently however, personality factors 

such as extraversion are being examined (e.g. Szalma & Taylor, 2011). 
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Extraversion refers to the preference for social interaction that includes the tendency 

for assertiveness and preference for excitement and stimulation (Szalma & Taylor, 2011). 

Extraversion has been found to correlate positively with the willingness to trust automation 

(Merritt & Ilgen, 2008). Szalma and Taylor (2011) conducted the first study to use the Five 

Factor model of personality (Neuroticism, Conscientiousness, Agreeableness, Openness and 

extraversion) to examine the relationship between operator personality, performance and 

automation use. Participants had to identify ‘terrorists’ who have infiltrated an office building 

from civilians and friendly forces. Participants were assisted by adaptive automation, which 

provided recommendation for detecting the terrorists. Participants experienced manual 

control, automation with 75% reliability, or automation  with 95% reliability. They also 

experienced two levels of taskload: low taskload (two displays to be monitored) or high 

taskload (four displays to be monitored). 

They found that personality factors such as neuroticism, extraversion, and 

agreeableness predicted workload and stress, and performance. Generally, higher levels of 

neuroticism and agreeableness corresponded with higher workload, and openness predicted 

lower workload. Conscientiousness only predicted workload under low task demand and in 

manual control. Those higher in extraversion reported lower workload under high task 

demand conditions. Persons with higher neuroticism and agreeableness might then be more 

likely to use higher degrees of automation or for longer if given control of the automation. 

Those high in openness and extraversion might use lower levels and less automation. More 

reliable automation had a negative impact on workload and stress for more extraverted 

participants. In summary, all five traits were associated with at least one measure of workload 

and stress, and the direction of the effects varied across task conditions. 
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1.10.7 Individual differences summary 

Despite working memory being widely accepted as a central construct in cognitive 

experimental psychology (Oberauer et al., 2000), and its notional importance in the 

development of SA (Johannsdottir & Herdman, 2010), there is surprisingly little examination 

of its role in human-machine interaction. Similarly for spatial ability, there is evidence of its 

relationship with performance on some tasks within complex systems, but little in the way of 

its influence in human-machine interaction. Personality has been shown to predict workload 

but the degree and direction of influence appears sensitive to particular task conditions, with 

no clear conclusions on how each personality trait might consistently interact with workload 

and performance. Trust is also considered a major factor in the use of automation 

(Parasuraman et al., 2008; Pritchett & Feary, 2011) but unlike the aforementioned factors, 

there has been a greater research effort examining operator trust in automated systems, and a 

number of studies that demonstrate how appropriate trust in automation can optimise 

performance. 

With technological advancement, automation design is evolving from a technical and 

engineering problem, to a human-centred, human-machine ecosystem problem. Human 

cognition is a vital component of what is becoming essentially a complex human-machine 

system, and there is a subsequent research focus on making this integration seamless. As 

technological limits are increasingly overcome, it is now the operator who must be central 

when considering system and automation design. Moderating workload, maximising SA, and 

enhancing task performance are clear and common goals in automation research, and 

individual differences may play a large role. However, to date there has been no research that 

has investigated how individual differences influence when an operator engages or 

disengages automation, or the subsequent impact on workload, SA and task performance.  
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1.11 COMPARING AUTOMATION TYPES 

Adapting automation has been a focus of research in recent times due to the 

increasingly complex and information-rich human-machine systems, dynamic taskloads, and 

the fact that functions normally taken by human operators can now be reliably given to a 

machine. One of the most critical challenges in the development of human-machine 

interaction is the design of automation mechanisms to distribute work effectively between 

machines and human operators (de Greef & Arciszewski, 2007). 

In a review of the development of dynamic function allocation, Lagu and Landry 

(2011) listed two studies that have compared multiple trigger systems in adaptive automation. 

Both were from the same research team using a flight-simulation task during which 

participants were required to track fuel management and engine status, detect malfunctions, 

and detect automation failures, amongst other tasks. These studies compared performance of 

these tasks using adaptive automation (model-based trigger and a performance-based trigger) 

with using static automation (Parasuraman et al., 1996; Parasuraman et al., 1993) (workload 

and SA were not measured). The adaptive condition resulted in better performance and was 

interpreted as evidence for the efficacy of ‘adaptive’ automation over static automation. No 

difference in performance was found between the model triggered and performance triggered 

adaptive automation conditions. 

Adaptable automation can add workload to the operator who must decide when it 

should be engaged and disengaged (e.g. Kaber & Riley, 1999). The study by Kirlik (1993) 

which compared adaptable to manual conditions (detailed on page 58) is often referred to 

when pointing out the potential cognitive cost of managing adaptable automation (Lee & See, 

2004; C. A. Miller & Parasuraman, 2007; Parasuraman & Riley, 1997; Raj et al., 2011; 

Veltman & Jansen, 2006).  
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More recently Sauer et al. (2012) compared static, adaptive (event-based trigger), 

adaptive (performance-based trigger), and adaptable automation under differing levels of 

environmental stress. Participants experienced higher perceived workload when using 

performance-based adaptive automation, and were more fatigued and anxious. Participants 

also had a preference for retaining manual control whilst having clear difficulties choosing 

the optimal level of automation. On the other hand, participants were advantaged with regard 

to mental workload and performance in the adaptable condition compared to the static 

condition. On the basis of these mixed results, the authors concluded that there were no 

objective benefits of adaptable automation. 

In summary, laboratory research examining the optimisation automation by 

comparing methods of distributing workload between human and machine has been sparse, 

particularly research comparing different automation triggers. Although Onnasch (2014) 

suggests a human information processing level below which automation costs are minimised, 

this has not been empirically demonstrated. There is also very little empirical examination of 

adaptable automation. The empirical evidence that does exist suggests adaptive automation 

can be more effective than static and adaptable automation in improving performance, but 

can also add a cognitive load on the operator. There are large knowledge gaps in the existing 

literature on optimising automation for operator performance. There is urgent need for further 

research to examine how to design automation to maximise performance whilst keeping the 

human operator cognitively engaged. 

1.12 PROJECT OVERVIEW 

This PhD project aimed to examine the extent to which the allocation of workload 

between human and machine (i.e. automation) could be designed to benefit operator 

performance whilst ensuring operators maintained SA, and could regain manual control of 
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previously automated tasks. This project recruited undergraduate psychology student 

participants over three experiments and used a simulated submarine track management task. 

Two main approaches were examined. The first was to employ automation that supported a 

DOA that did not cross the theoretical critical boundary beyond which the costs of 

automation have been most apparent in the prior literature. The second was to adapt the 

automation to periods of high task demand by engaging and disengaging automation at times 

based on taskload (adaptive automation), or by the participant themselves (adaptable 

automation).  

The project had four main goals. The first aim was to design and develop a suitable 

submarine track management simulation in order to examine how dynamic taskload was best 

supported by automation. A pilot study was conducted so that the simulation, automation, 

and tasks were appropriately developed to answer the research questions. The pilot allowed 

for any simulation peculiarities, bugs or properties inconsistent to the research goals to be 

idenitified and recitified. It also allowed for the measures to be tested (e.g. situation 

awareness, workload during the simulation and working memory capacity, personality, and 

spatial ability before the experiment). Finally the pilot confirmed that there was a good range 

in performance results (tasks not too easy or too hard), 

Participants monitored two adjacent displays to assess the behaviour of each of the 

surrounding contacts to make task-related decisions. Three tasks were designed, each based 

on the tasks required of track managers on submarines. These were (1) a classification task 

(classify an unknown contact according to its behaviour), (2) a closest point of approach task 

(determine when a contact would be the closest to ownship), and (3) a dive task (dive the 

submarine under predetermined conditions). The simulation manipulated taskload by varying 

the number of contacts over 27-minute scenarios. Measurement methodology were developed 

for workload, SA and performance as well as automation use behaviour. Individual 
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differences measures were used for personality, spatial ability, working memory capacity, 

and trust. The pilot experiment is described in Chapter 2. 

The second goal was to examine the benefits and costs associated with using static 

automation that supported the information acquisition and analysis human information 

processing level (i.e., a relatively low DOA). Atleast moderate benefits to performance and 

workload were expected with the relatively low DOA. The costs of static automation to SA 

and return-to-manual performance has been found to be more likely to occur when the DOA 

crosses the boundary from information acquisition and analysis to action selection and 

implementation. Keeping static automation below this critical threshold was expected to 

minimise the costs associated with suing static automation (when compared with a no-

automation condition). 

The third goal was to examine the benefits and costs associated with adapting low-

level automation using adaptable and adaptive automation designs. For the adaptive 

condition, the automation was engaged based on the number of contacts the participant had to 

assess. For the adaptable automation, an interface was developed so participants could have 

control over the engagement and disengagement of the automation. The three studies that 

examined static, adaptive and adaptable automation are presented in Chapter 3. 

The fourth and final goal was to investigate the extent to which the aforementioned 

automation conditions were moderated by individual difference; such as trust in automation, 

personality, working memory capacity, and spatial ability. The relationship between 

individual differences and performance, workload and SA was were examined. How 

individual difference might predict when adaptable automation was engaged and disengaged, 

and the total time it was used, was also examined. The results from this fourth study are 

presented and discussed in Chapter 4. 

 



	
	
	

	

 
 
 
 

CHAPTER 2  
 
 
 
Pilot Study: The design, construction, and pilot testing 
evaluation of the simulated submarine track management task 
	

2.1 INTRODUCTION 

This chapter describes a pilot study that examined the impact of static and adaptable 

automation on performance, workload, and SA in a simulated submarine track management 

task. The overarching objective of the study was to develop an experimental paradigm that 

was suitable to examine the research questions detailed in Chapter 1. The examination of 

adaptable automation required a paradigm that allowed participants to trigger automation in 

response to task demands that varied in real time. The design of the human operator tasks was 

such that they had to be of sufficient complexity and number to induce periods of high 

workload for participants. The simulation paradigm had to also support measurement of 

performance, workload and SA in real time. Finally, the automation was designed such that it 

did not support any information processing level above information acquisition and analysis. 

The pilot study had three objectives. The first was to conceptually develop, construct, 

and evaluate a simulated submarine track management task that required completion of a 

variety of actions and concurrent decision-making under varying degrees of workload. Three 

automation conditions were piloted which varied the manner in which workload was 

distributed to the machine: a static condition, an adaptable automation condition, and a 

control ‘no automation’ condition. 
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The second objective was to develop and pilot automation designed to minimise the 

costs commonly associated with automation, namely complacency. The objective was to 

develop the ‘best practice’ static automation condition by applying the design principles in 

automation literature that have been shown to reduce complacency. The third objective was to 

design and pilot automation that could be used intermittently instead of continuously 

(adaptable atuoamtion) in order to minimise risks of automation to SA and return-to-manual 

performance. 

The study also piloted the timing, the training effectiveness, and the measurement 

tools (SA, workload, and individual differences). Feedback from the pilot study allowed for 

fine-tuning for subsequent experiments. 

2.1.1 Submarine track management simulation 

The domain of the submariner is a largely unique environment in which to examine 

the impact of automation design. It was chosen for two reasons. The first was that Australian 

submarines are currently topical in the Australian Defence landscape. The key focus for 

Australian Defence is modernising their maritime capabilities, including increasing the 

Australian submarine force from six to 12 submarines (Australian Defence White Paper, 

2016). The transition to the new submarine brings with it the need to consider the human-

machine systems, including the use of automation by the crew and specifically, the track 

manager. To this end, the simulation was developed in cooperation with the Australian 

Defence Science and Technology Group (DSTG) as part of ongoing research to optimise this 

transition. The second reason was that the particular domain is representative of many types 

of command and control tasks, in that the operator must coordinate the output from a number 

of sources to compile a coherent tactical picture. Examples of such workplaces include air 
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traffic control, unmanned land or airborne vehicle control, undersea exploration, and other 

military command and control domains. 

The main roles of a submarine crew is to monitor and track surface contacts within 

their immediate area of operations. As direct visual observations are limited and not possible 

when the submarine is dived, a submarine crew rely on a variety of sensors and the resulting 

displays to develop a ‘surface picture’ from which important navigational, safety and tactical 

decisions can be made. A particular crewmember, the Track Manager, follows the detected 

contacts on visual displays and reports their characteristics (such as their range, course and 

speed). To do this, the Track Manager also makes deductions of higher-level characteristics 

(such as the collision risk, general intent or possible threat status of contacts) based on their 

behaviour and their location. The contacts being tracked can enter and exit the submarine 

field of view (that is their sensor horizon), the size of which is dependent on the sensors and 

the current environmental conditions amongst other factors. Tracking the constantly moving 

contacts, which can appear and disappear, can change direction, accelerate and decelerate all 

without warning and which, if hostile, can pose mortal danger to the submarine crew, results 

in what can become a highly dynamic and pressured work environment. 

Technology change in both sensor and computer based information processing 

systems, together with the pressures to minimise crew numbers on-board submarines, is 

driving an effort to increasingly automate track management in submarines. Track 

Management therefore provides an ideal, if somewhat complex, task context in which to 

examine the nuances of human interaction with automation. A simulation of such an 

environment, specifically from the perspective of the Track Manager, provides the 

opportunity to develop tasks that can range in the information processing level required, 

create a requirement to prioritise concurrent tasks, and importantly, instigate periods of high 

(and low) taskload within a simulated maritime situation. The extent to which automation 
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could be designed to benefit performance whilst ensuring individuals maintain sufficient SA 

and the ability to return to manual control is the primary research question of this thesis. The 

simulated submarine track management task was named ‘SIMSUB’. 

The interface 

The track manager interface was simulated with two displays, one alongside the other. 

The left “tactical” display depicted a ‘birds-eye’ view of the area of operations around the 

participants’ own submarine, out to 15 nautical miles (28 kilometres). It showed land masses 

and areas marked for fishing and for merchant vessels. The participant could view the 

contacts’ location, course and heading. The right “waterfall” display provided a record of the 

each of the contact’s bearing from the participants’ own submarine. This resembled a 

‘waterfall’ of lines, each depicting the bearing change over time for each contact. Together 

these displays provided information that the participant compiled to complete the three tasks. 

The interface is further detailed in the Methods section. 

The tasks 

Track management tasks are largely generated by the evolving patterns of behaviour 

of elements in the submarine’s sensor field and the submarine’s own behaviour. Subsequently 

monitoring and tracking individual contacts requires different cognitive task subsets 

compared with compiling a more global appreciation of all contacts and their relation to each 

other. The task variety allowed us to examine whether automation differentially assisted or 

adversely impacted particular tasks and whether a global-type task was more sensitive to SA 

decrements. 

Three tasks were developed. For the ‘classification task’, participants were asked to 

classify each contact according to time spent within specific locations relative to landmarks. 

The ‘closest point of approach’ or CPA task, required participants to mark the point at which 
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contacts were closest to Ownship. The third task, the dive task, required participants to detect  

when all contacts were heading in the same direction. The three tasks are further detailed in 

the Methods section. 

The automation 

The automation was designed based on the findings from the meta-analysis by 

Onnasch et al. (2014) who reported that with relatively low-level DOA (information 

acquisition and analyses), benefits to performance and workload may be achieved without 

necessarily incurring costs to SA or return-to-manual performance. In a detailed task analysis, 

each SIMSUB task was deconstructed into the HIP stage functions. For the SIMSUB 

automation design, only the information acquisition/analysis function of each submarine 

simulation task was automated.  

This meant, that for the classification task, the automation provided a visual prompt 

when the contact entered a classification area but did not provide its actual classification. For 

the CPA task the automation provided a ‘snail trail’ or ‘track’ history of the position of each 

contact so it was easier to see when the contact changed course, but the automation did not 

indicate when the actual CPA had occurred. The automation is described in detail in the 

methods section. The Dive task was not automated in order to examine how the automation 

impacted on the performance of a non-automated task that shared the information processing 

requirements of the automated tasks. The information processing overlap was course heading 

as this was also required for the CPA and classification tasks.  

For the static best practice automation condition, it was hoped that such a strategy 

would minimise complacency whilst improving performance and reducing workload. The 

none (no automation) condition would provide a baseline from which other automation 

strategies could be compared. For the adapting automation conditions, it was hoped that the 
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application of automation only ‘when needed’ would further negate any lumberjack effect 

(Onnasch et al., 2014) 

Measuring real-time workload and situation awareness 

Subjective workload and SA were measured in real time. The Air Traffic Workload 

Input Technique (ATWIT) was used to measure subjective workload. The ATWIT is 

designed to represent a “…human response to the demands or taskloads produced by the 

airspace system” (Stein, 1985). The ATWIT probe asks the participant to rate their current 

workload on a scale of 1 to 10, with 1 being very low, and 10 being very high. The probe was 

presented during the simulation. 

SA were measured using the SPAM method (see section 1.4.2 on page 32). The 

accuracy and response time to the SPAM queries were used as a measure of SA, and the 

query-accept time a measure of workload. The SPAM method was chosen for a number of 

reasons. First it has shown promising results in validation studies (Salmon et al., 2006). For 

example, Durso et al. (2006) added SPAM to a battery of cognitive tests in an air traffic 

control simulation to assess whether it improved prediction of performance. They found that 

SA measured by SPAM had incremental validity over and above other cognitive tests in 

predicting performance. Second, the mechanism for delivering SPAM questions and 

capturing responses was relatively easy to build into the simulation. Third, the SPAM method 

avoids the intrusive scenario freeze associated with the SAGAT method (see page 30). This 

also means that the SPAM probe queries could be presented whilst the simulation was 

running without increasing the duration of the experiment. Fourth, Loft et al. (2015) found 

SPAM predicted unique variance in performance when the query-accept time was controlled 

for, demonstrating that the method distinguished workload from SA in the submarine 

simulation domain. Finally, Loft et al. (2015) reasoned that the SPAM approach was 
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appropriate to the submarine simulation, because it simulated certain aspects of team 

behaviour in the real submarine control room. That is, a track manager often responds to 

verbal questions and directions from command decision makers whilst performing their job. 

Both the ATWIT and SPAM provided real-time measures whilst allowing the 

simulation to continue relatively uninterrupted. The specific applications of the ATWIT and 

SPAM in the simulation are detailed in the Methods section. 

2.1.2 Individual differences 

As discussed in Chapter 1, individual differences could potential influence when and 

how effectively automation is used (Parasuraman & Manzey, 2010; Szalma & Taylor, 2011). 

The question addressed here was whether the relationship between individual differences and 

workload, SA and performance might depend in the type of automation being used, and 

whether individual differences might systematically influence a participant’s adaptable 

automation trigger points (predict when automation would be engaged and disengaged). 

Working memory capacity (WMC), trust and experience were identified as the three 

individual differences reasonably expected to be influential. 

Individual-difference measures also included: spatial ability and personality. Spatial 

ability has been associated with improved performance in visually demanding simulations 

(Chen & Barnes, 2012), and degree of extraversion has been linked with degree trust in 

automation (Parasuraman & Manzey, 2010; Szalma & Taylor, 2011) in a very generic sense. 

To date there have been no studies that have directly investigated how these factors may 

impact when people engage or disengage adaptable automation. The factors WMC, trust, 

experience, spatial ability and personality were measured prior to participants completing the 

simulation tasks. Each measure is detailed in the Methods section. 



Chapter 2 Pilot Study  
	
	
	

	

83	

2.1.3 Method and design objectives 

The pilot study tested the following methodological and design objectives: 

a. Determine whether participants could perform the submarine track 

management tasks and SPAM procedures to an adequate level (i.e., that there were no 

ceiling or floor effects). 

b. Implement a taskload modulation mechanism (distribution of workload 

between human and machine) that would encourage the intermittent use of adaptable 

automation, and provide a means to record when participants engaged and disengaged 

the automation. For this to be successful, our simulation design had to encourage 

participants to engage the automation during high task demand, and disengage 

automation during low task demand. 

c. Determine the order and timing of each of the components of the experiment 

protocol (individual differences, training and testing) to ensure the experiment 

duration was less than five hours (an institutional limit imposed when using first-year 

psychology students as participants). 

Hypotheses 

The pilot study undertook an initial examination of three broad propositions emerging 

from the human-machine interaction literature. The first was based on the proposal that 

providing automation support for tasks requiring processing beyond the critical HIP 

boundary, resulted in greater costs from automation (Onnasch et al., 2014). Hence if 

automation supported information acquisition and analysis (a relatively low DOA) moderate 

workload and performance benefits would be expected but the costs of automation such as 

degraded SA and performance, would be minimised. 
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The moderate workload and performance benefits of the low DOA was also expected 

when applied with the adaptable automation. The second question was whether the costs of 

automation were further diminished when the automation was applied at times decided by the 

operator, or whether the extra cognitive load that accompanies the need to manage the 

automation outweighed its benefits. There have been few studies which examine the 

effectiveness of adaptable automation. Nevertheless, with a simple ‘on–off button’ interface, 

the expectation was that any increased effort required to engage the adaptable automation 

when it was required and disengage when it was not would be offset by its support when 

engaged. 

The third was to examine the influence operator individual differences have in human-

machine systems. Given the prior evidence, participants with higher WMC and higher spatial 

ability were expected to generally have better performance. It was anticipated that high WMC 

participants could cope with a higher number of contacts and would therefore only require 

automation when task load was quite high. They could also be less inclined to leave 

automation on and would turn it off earlier compared to participants with low WMC. Further, 

participants with high trust in automation, and high in extraversion, were expected to use 

automation for longer (extraversion has been found to corelate positively to willingness to 

trust automation (Merritt & Ilgen, 2008)). 

2.2 METHOD 

2.2.1 Participants 

In the pilot study, ten university undergraduate participants (3 male and 7 females; 

M= 19.5 years, SD = 4.06) participated. Each participant completed the tasks under the three 

different automation conditions (within-subject design). Technical difficulties during the 
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adaptable automation condition for two participants meant that only their static and no-

automation conditions performance were reportable. 

2.2.2 The Simulation 

The submarine track management paradigm were developed with guidance from 

Royal Australian Navy Submariners and Defence Science and Technology group scientists. 

The subsequent tasks developed were a simplified adaptation of actual tasks required of 

submariners. 

The experimental simulation paradigm developed for this project was a custom 

interactive software tool developed in the numerical computing environment, MATLAB 

(Matrix Laboratory). SIMSUB presented a simplified version of displays used by submariners 

in submarine control rooms. SIMSUB allowed contact movement to be scripted then played, 

providing a basic representation of, and a sense of emersion in, a facsimile of submarine 

operator tasks. The numbers of contacts were increased and decreased three times (the 

maximum number of contacts was eight) to simulate the dynamic taskload. 

The terminology to describe the simulation is specific to ensure clarity. The terms 

‘scenario’, ‘run’ and ‘automation condition’ are used throughout this thesis. Tasks were 

presented using three Western Australian scenarios, which comprised of three different 

maritime geographic locations. These regions included the waters surrounding Fremantle, 

Cockatoo Island, Exmouth, and Regnard Island (Figure 2-1). Each scenario was created from 

Google Earth imagery taken at precisely the same geo spatial scale and using medium-

definition JPEG images. Participants complete four runs, each of 27.5 min duration (one 

practice/training, and three experimental). Each experimental run was under a different 

automation condition; no-automation, static automation or adaptable automation. For each 

condition, 24 contacts appeared at staggered intervals, with a maximum of eight contacts 
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visible at any one time. The automation was introduced to participants as ‘Track assist’, and 

this term was used for all scenarios and in post-scenario questionnaires. 

 

Figure 2-1. The four scenarios used during the simulation (North is up).  
Fremantle was used in the training presentations and for the practice run. 
	

SIMUSUB displayed the contacts underway (moving) within a defined geographical 

area. The contacts moved across the screen exhibiting specific scripted movements. 

Participants were required to monitor contact behaviour in order to complete tasks. 

Customised data capture and input features developed in SIMSUB enabled participant 

performance on those tasks to be recorded. 
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The Displays 

Participants interacted with two 22-inch displays, which were viewed at an 

approximate distance of 50 cm in a standard computer-based workstation. The displays 

emulated the submarine Track Management role. The right displayed the contact evaluation 

plot (CEP) or ‘waterfall display’, and the left displayed the ‘Geoplot’ (short hand for 

Geospatial display) or ‘tactical display’. See Figure 2-2. 

 

Figure 2-2. The simulation equipment.  
The left screen (Tactical display) displays a top view of the surrounding area with Ownship in the 
centre. The right screen (waterfall display) provides the live bearing of each contact visible on the left 
screen. 

The waterfall display 
On a submarine the waterfall display is a representation of contacts in the vicinity of 

the Ownship based upon the relative direction or bearing of the sound they make (the acoustic 

energy they emit). Vessels generate a variety of sounds such as the sound from the collapsing 

air bubbles that forms around the spinning propeller of a ship or submarine (cavitation), or the 

sound of their engines. This sound energy is depicted as sound tracks on a Sonar display. This 

data is extracted and computed to produce a time-bearing plot or the waterfall on the track 
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manager’s display. The waterfall display gives the computed bearing of the contact as a single 

point on a display arranged so that its horizontal axis represents 360 degrees of bearing with 

zero degrees (straight ahead) at the top centre of the display. Hence 180 degrees is the far 

right margin of the display and -180 degrees the far left. At a given time interval the waterfall 

display places another point above the original, indicating the new bearing to a contact. In this 

way, the bearing of a contact is continually updated at the top of the display, ‘pushing down’ 

the older bearings. The result is a plot of bearings against time, forming lines referred to as 

tracks. The top of the track is the most recent bearing taken and the bottom is the oldest. 

An actual sonar display from a real submarine is shown in Figure 2-3a. Inset shows a 

Sonar operator working with a display. A waterfall display is described in Figure 2-3b. The 

horizontal axis shows the current bearing of the contact, and the vertical axis is the time each 

has been visible (in minutes). On this display, there are three tracks and therefore three 

contacts. The contacts are currently at a bearing of 225, 270 and 315 degrees and have been 

visible for about 5, 4 and 6 minutes respectively. Contact 3 was at a bearing of around 270 

degrees when it first appeared. 

The waterfall display that is simulated in SIMSUB generates simpler and more easily 

distinguishable tracks than those seen at sea. A screen shot of the waterfall display of 

SIMSUB is shown in Figure 2-4b. In SIMSUB participants are able to use the vertical time 

axis of the display to assist them in timing the contacts. This is required in one of the tasks, 

which will be described. 
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(a) Sonar display in a real submarine setting with operator (inset) 

 

 
(b) Elements of the SIMSUB Waterfall emulation 
 
Figure 2-3. The waterfall display 
Screen captures with permission from the Film Documentary “Submariners” (Piper, 2006). 
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The Tactical display 
The tactical display on a submarine plots the position of contacts in the ocean 

surrounding the submarine. Effectively the tactical display integrates information from a suite 

of sensors including the sonar into a geographical display. The track data are combined from 

separate sensors into a single track estimate (Symons, Miles, & Moon, 2002). A tactical 

display can vary widely between submarine platforms but is essentially a ‘Bird’s eye’ view of 

the surrounding area, with concentric rings of different diameters indicating distance from the 

centre point, which is the location of the own submarine (known as range rings). 

The SIMSUB tactical display positions each scenario according to the participant’s 

egocentric viewpoint (i.e. the position of submarine – also known as ownship) at the centre of 

the geographic region. The tactical display presented three black range rings around ownship 

at the 5, 10 and 15 km range. Each display also included a shipping lane marked with parallel 

white lines (imitating channels marked on maritime charts where environmental parameters 

such as ocean depth constrain the movement of large commercial vessels). The tactical 

display developed for SIMSUB is shown in Figure 2-4a. 
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   (a) The Tactical display       (b) The Waterfall display 
 

Figure 2-4. The Tactical display and the Waterfall display of SIMSUB.  

(a) The tactical display. The left monitor of the submarine track manager simulation. 

(b) The waterfall display. The right monitor of the submarine track manager simulation. The bearings of the contacts on the surface plot are shown and are 

continually updated at the top, forming lines with time (sound tracks). The blue horizontal lines are placed by the participant when a contact crosses a 

classification boundary or at the end of a sound track if a contact could be an enemy. 
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Classification task 

The classification task required participants to classify each contact according to time 

spent within specific locations relative to landmarks. If the contact spent two minutes within 

the ‘shallow’ areas near land the vessel is classified as a fishing vessel. If the vessel spends 

two minutes in a merchant shipping lane, the vessel must be classified as a ‘merchant’ vessel. 

If the vessel does not enter either of these areas, it is classified as an Enemy. As soon as the 

two minutes has passed the participant ‘right-clicks’ on the contact and chooses the 

classification from a list ‘fishing’, ‘merchant’, ‘enemy’, and ‘unclassified’. The timing is 

achieved by the participant placing a horizontal line on the corresponding track on the 

waterfall display as soon as vessel enters the particular zone, and noting when this line has 

moved two minutes down the vertical axis. 

Closest Point of Approach (CPA) Task 

The closest point of approach (CPA) task required the participant to monitor each 

contact to determine the point along its course at which a contact was closest to Ownship 

(before the contact turned away). At this point the participant marked the point on the 

corresponding sound track as a CPA. In each scenario, each contact had one CPA. In Figure 

2-6 below, each of the contacts show a CPA occurring at the change in course. The contact 

does not have to be heading directly toward Ownship for a CPA to occur. A contact with any 

proportion of its course vector towards Ownship was considered to be heading towards 

Ownship. The first point at which it turned away, was considered to be its CPA. 

Like the classification task, the CPA automation supported the information 

acquisition/ analysis stage. When automation was engaged, a white dotted line indicating the 

track history of each contact commenced. These track history lines or ‘snail trails’ resembled 

a ship’s wake and assisted the participant by reducing their need to track each contact for 
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course changes (see Figure 2-5). The automation did not interpret these lines. This ensured 

only information acquisition/analysis HIP levels were supported by the automation for the 

CPA task. The participant still needed to recognise whether a course change constituted a 

CPA, and to mark accurately the event on the correct sound track on the waterfall display.  

It should be noted that the contact does not have to be heading directly toward 

Ownship for a CPA to occur. At the point the contact starts to turn away, is the correct time 

of the CPA. Examples of types of CPA is shown in Figure 2-6. 
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(a) No automation (no track history) 

 

 
(b) Automation is engaged. 

 
Figure 2-5. Automation track history ‘snail trails’. 
These could be described as the ‘wake’ the contact leaves when passing through water. Track history 
assists in the CPA task. Track history trails are only present in the automated state and are represented 
as thin white line behind each contact (b). 
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Figure 2-6. Closest Point of Approach (CPA) examples. 
The SIMSUB CPAs occurred at semi-regularly spaced intervals. The track history lines of each of the 
four contacts can be seen when automation is engaged. The point of the CPA is evident at the change 
of course for each. Some CPAs are quite evident (e.g. the contact at a bearing of about 190), and some 
are more difficult to see (e.g. the contact at a bearing of about 020). 

 

The Dive Task 

The third ‘dive’ task, required an appreciation of the whole ‘surface picture’. For this 

task, participants were asked to click on the Dive button when several behavioural criteria 

were reached: (a) all contacts were heading in the same direction, and (b) one of the contacts 

was heading directly toward the Ownship. See Figure 2-7. This dive state remained evident 

for a short window of time of between 10 and 30 seconds. There were between 9 and 10 dive 

windows per condition. 
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Figure 2-7 Dive window examples. 
The moment when all contacts are on the same course and one contact is heading towards ownship 
opens a dive window. The heading is given by the yellow solid line from each contact, and the snail 
trail is shown as dotted white lines ‘behind’ the the contact. The dive button can be seen at the top 
right of the screen. 

 

The dive task was designed so that it required the assessment of information which 

was also necessary to complete the classification and CPA tasks. This information was the 

relative location and heading of contacts to each other and Ownship. The dive task was not 

automated, so when automation was engaged, the acquisition of this information and its 

analysis was supported for the classification and CPA tasks, but not for the dive task. 

Because participants presumably would not monitor this information as much when 
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automated, this task thus provided the opportunity to examine whether the performance of the 

concurrent, non-automated dive task would be (1) improved, due to the spare cognitive 

capacity available due to the automation of the classification and CPA tasks, or (2) degraded, 

due to participants not monitoring the information important to the dive task because it was 

being automated for the other tasks. 

Summary of the Automation  

In summary, the automation, when engaged, provided both the track history of each 

contact on the surface plot (CPA task) and inserted the timing lines on the waterfall display 

for when contacts entered certain zones (classification task). As reliability can have a strong 

impact on operators’ attentional strategies, and can determine the operator’s level of trust, the 

reliability of the automation was not referred to in the task instructions. The participants 

presumably assumed that the automation was 100% reliable. 

For the simulation, automation was constant (always)( during the static condition. For 

the adaptable condition, the automation was available for a limited time (10 minutes) so that 

participants would not be tempted to over-use it and to use it selectively during periods of 

high taskload. When automation was turned off in the adaptable condition, all track history 

lines on the surface plot, and the timing lines on the waterfall display disappeared. 

Taskload manipulation 

The number of vessels, or contacts, on the displays was increased or decreased to 

simulate a dynamic track management taskload and to potentially vary the corresponding 

workload experienced by the participant. The number of contacts started with one (low 

taskload), rose to eight (high taskload), then fell to two (low taskload). The number of 

contacts then rose and fell twice more, so there were three ‘waves’ of contacts in each 

scenario. Contacts appeared or disappeared at uniform 30-second intervals. The duration of 
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each condition was 27.5 minutes. The timing of the contacts’ appearances and disappearances 

is shown in Figure 2-8. 

 

 
 
Figure 2-8. The number of contacts during SIMSUB simulation. 

 

Measures 

Over the two-day study duration, each participant completed three separate 

measurement packages: Individual-difference measures, real-time experimental measures, 

and post-condition questionnaires. The individual differences measures examined participant 

working memory capacity (WMC), spatial ability, propensity to trust, video gaming 

experience, and personality. These individual difference instruments were completed at the 

beginning of the experiment session. These measures are detailed in Chapter 4. 
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The real-time measures taken during the simulation were task performance (accuracy 

and RT to the classification, CPA and dive task), SA (SPAM probes) and subjective 

workload (ATWIT). In addition, participant responded to several questionnaires after each 

condition. These questionnaires addressed history-based trust, whether or not the participant 

liked the automation, and a post-run assessment of subjective workload using the NASA-

TLX. On completion of all runs participants were asked to choose their preferred condition 

(no automation, static or adaptable automation) and to provide a reason for their choice. The 

timing of the measures is given in Table 2-1. Each real-time and post-condition measure is 

detailed below. 
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Table 2-1. Experiment timing 
The experiment timing (h:min). Individual differences measurements and training occurred on Day 1. 
Real time measures were taken on Day 2. 

 Duration 
(min) 

Timing 
(hour:min) 

Experiment event and measures 

 5 0:00-0:05 Introduction/Instructions/Consent form 
 40 0:05-0:45 Working Memory Capacity Battery 

Day 1 

10  50-item IPIP (Big Five) 
2 0:45-1:00 Propensity to trust 
3  Video gaming and Track Management 

experience 
10 1:00-1:10 Spatial ability (cube comparison). 
35 1:10-1:45 PowerPoint training presentation and questions 
15 1:45-2:00 Simulation video training 
30 1:30-2:00 Training scenario (all three automation 

conditions chosen in the adaptable condition) 
10 2:00-2:10 Workload questionnaire (NASA TLX) 
5 2:10-2:15 Trust and Like questionnaires 

Day	1	total 2:15  
 

Day 2 

15 0:00-0:15 Refresher PowerPoint training presentation.  
30 0:15-0:45 Condition 1 (none, static or adaptable) 
10 0:45-0:55 Post condition testing (trust, liking, workload) 
30 0:55-1:25 Condition 2 (none, static or adaptable) 
10 1:25-1:35 Post condition testing (trust, liking, workload) 
30 1:35-2:05 Condition 3 (none, static or adaptable) 
10 2:05-2:15 Post condition testing (trust, liking, workload) 
5 2:15-2:20 Automation preference and feedback 

Day	2	total 2:20  
  

TOTAL 
 
4:35 

 

	
Real time measures 

Three real-time measures (performance, workload, and SA) were taken whilst the 

participants performed the track management tasks. These are detailed below. 
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Task Performance 

Classification performance was measured by recording the classification decision 

made by participants for each contact and reporting accuracy as the proportion correct. For 

example, if the participant correctly classified 18 of the 24 contacts of each condition, the 

accuracy was 0.75. The CPA hit rate was the number of CPAs correctly marked on the 

waterfall display per scenario. When participants placed the cross on the display to mark the 

CPA, the time and location was recorded. If the cross was placed during a time window from 

1.5 seconds before the CPA occurred (to account for the inserted time delay from the 

beginning of the course change to the chosen correct CPA point) to any time after it had 

occurred, and if the cross was placed within a 3mm radius of the actual CPA point, then it 

was considered correct. Otherwise the CPA was considered a false alarm. CPA performance 

was calculated by subtracting the CPA false alarm rate from the CPA hit rate. The time 

between when the CPA actually took place, and when the participant marked the cross was 

the CPA RT. This was also recorded by the simulation program. The dive hit rate was the 

number of correct dive responses made during the dive window divided by the total number 

of dive windows per scenario. Dive RT was the time between the dive window opening and 

the participant clicking on the dive button. 

Workload Measurement  

The Air Traffic Workload Input Technique (ATWIT) was used to provide a measure 

of subjective workload. The ATWIT probe was delivered to the participants as a pop-up scale 

in the centre of the tactical display (Figure 2-9). The participant had 10 seconds to click upon 

a workload rating number after which the scale disappeared. If no number was chosen with 

10 seconds, no workload was recorded. The ATWIT probe appeared once every minute. 
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Figure 2-9. The ATWIT probe 
 

Situation Awareness Measurement  

The Situation Present Assessment Method (SPAM) (Durso & Dattel, 2004) was used 

to measure SA. SA queries were presented six times during each scenario, and queried 

information related to each of the three tasks, and each of the three SA levels defined by 

Endsley (1995a, 1995b). The SPAM queries were taken from a pool of SA questions (see 
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Appendix 2A). The queries were delivered over headphones and started with “Are you ready 

for a question?”. The ‘yes’ and ‘no’ box would appear when this question was asked. The 

time taken between the prompt question and when the ‘yes’ box was ticked is called the 

SPAM accept time. A delay in responding to the prompt question can indicate the operator is 

experiencing high workload at the time. The SPAM accept time has often correlated with 

subjective workload (Loft et al., 2015). It can therefore provide an indication of the current 

workload experienced by the operator (Durso & Dattel, 2004). The theoretical foundation of 

SPAM is a situated approach, which holds that people let the world serve as their model and 

information from it is accessed on an as-needed basis (Vu & Chiappe, 2015). The time 

between when the end of the verbal query and the participant response (SPAM RT) indicates 

how quickly the operator can access this information from the situation needed to answer the 

query. SPAM is based on the assumption that an operator who has good SA knows where to 

find the necessary information faster than an operator who does not. Although accuracy also 

represents the operator’s SA, the SPAM RT can provide a more statistically sensitive 

measure than accuracy (Durso & Dattel, 2004). 

The SPAM questions were derived from a task analysis of each of the three tasks: 

Classification, CPA and Dive. Endsley’s three levels of SA; perception, comprehension and 

projection were used to identify the SA knowledge required for each task. Although 

Endsley’s three-level model has a different theoretical foundation of SA to the situated 

approach taken with SPAM - SA is seen as a purely conscious internal state which is detailed, 

complete, stable, and can be measured as knowledge of the dynamic situation (Vu & 

Chiappe, 2015) – the three levels were found to be useful in developing the SPAM queries. 

The aim was to develop questions that would target the three levels of SA that was 

helpful in completing each task. For example, for classification the participant should have a 

knowledge of which contact was closest to a classification area (perception), the time a 
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contact had been within a classification area (comprehension), and the likely location of the 

contact in two minutes time (projection). This approach was to ensure that the SPAM 

questions would target information which was (a) needed to complete the three tasks, and (b) 

potentially be paid less attention to when automation was on, leading to the participant being 

out of the loop for that information (when automation was on). 

Post condition measures 

Workload Measurement  

The National Aeronautics and Space Administration (NASA) Task Load Index (TLX) 

(NASA, 1986) was used to measure subjective workload. It is one of the most effective and 

widely used measure of subjective workload currently available (Finomore, Shaw, Warm, 

Matthews, & Boles, 2013) and has been found to efficiently discriminate subjective workload 

between conditions of human-machine systems (Parasuraman et al., 2005). The NASA TLX 

has also been used in prior track management tasks and has predicted performance and 

discriminated between conditions (e.g. Loft et al., 2015; Loft et al., 2016). 

Following each condition, participants provide a rating on the six, 20-point NASA-

TLX scales: mental demand, physical demand, temporal demand, performance, effort, and 

frustration. Participants then compared each scale with another (15 pairwise comparisons) to 

indicate which of the pair made the most contribution to their workload. The number of times 

each scale was selected over its pair was its workload weighting. The total NASA-TLX score 

was calculated by multiplying the rating of each scale, with its weighting, adding these values 

together, and dividing the total by 15. The paper NASA TLX was converted into an 

electronic version using Visual Basic programming and administered after each automation 

condition. 
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Like for automation 

‘Liking for the automated system’ is an attitudinal variable introduced by (Merritt, 

2011) and is defined as “the degree to which the user feels positively towards the automated 

system” (see page 65). 

The 5-item liking scale developed by (Merritt, 2011) was applied after period of 

automation. The scale was adapted for this study and applied after each automation condition. 

The questionnaire was presented electronically. The items are shown in Figure 2-10. 

 

Figure 2-10. The like-for-automation questionnaire 
 

History-based trust 

In contrast to dispositional or propensity to trust automation, history-based trust 

evolves from the interaction and experiences with the automation. History-based trust may 

change after exposure to the automation. Whilst propensity to trust was measured before 

participants interacted with the simulation (with the individual differences measures), history-
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based trust was measured after each condition, including the no-automation condition. The 5-

item scale developed by (Merritt, 2011) was used and is presented in Figure 2-11. 

 

 

Figure 2-11. The trust-for-automation questionnaire 
 

Automation preference 

Along with the workload, like and trust questionnaire at the end of the last automation 

condition, the participants were also asked about their preference to use automation. An 

opportunity to expand in their own words was included (see Figure 2-12). 
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Figure 2-12. The end of experiment questionnaire 
 

2.2.6 Experimental Procedure 

Participants completed two 2.5-hr time slots on two consecutive days. On Day 1, each 

participant completed the four individual differences measures; working memory capacity 

(WMC), personality, spatial ability, and propensity to trust. 

On completion, the participants undertook a 40-min training PowerPoint presentation. 

This was a self-run slide presentation with narration. The participants were presented images 

of the simulation with explanations. The presentation included three learning check quizzes. 

The participants had to respond correctly to the quiz questions for the presentation to 
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continue. The learning checks were on (1) The Tactical Display (eight questions), (2) the 

Waterfall display (four questions), and (3) overall simulation and tasks (14 questions). 

The training presentation was followed by a 15-min video of the simulation which 

showed the tasks being completed with narration. The participants then completed a full 27.5-

min practise using the Fremantle scenario. To ensure the participants experienced all 

conditions of automation, participants were asked to change the automation twice during the 

Fremantle scenario using the automation button interface (see Figure 2-9). The automation 

condition started with none, then adaptable and static, with each automation condition lasting 

just under 10 minutes. 

On Day 2, participants viewed a 12-min refresher presentation with narration. The 

presentation reiterated how to complete the tasks. There was also a learning check quiz 

included (21 questions) which covered all aspects of the simulation. 

Following the refresher training, each participant completed three scenarios under 

three automation conditions: a no automation condition, a static automation condition, and an 

adaptable condition (within-subject design). Each scenario had a unique combination of the 

courses and positions of the 24 contacts. Each scenario was 27.5-min in duration and the 

order of the conditions and the assignment of scenario to condition was counterbalanced (to 

control for any fatigue and learning effects) 

During each scenario 24 contacts appeared over the course of the 27.5 min. Each 

contact was to be classified once, and there were 24 CPAs, and 9 to 10 dive windows per 

scenario. For each scenario, there were six SPAM queries presented over headphones. There 

were two SPAM queries per task and two SPAM queries per SA level for each scenario. The 

SPAM queries (for each level and for each task) were presented at different stages of the 

scenario. That is, they were presented when taskload was increasing, at the peak taskload, 

and when taskload was decreasing. See Figure 2-13. 
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Figure 2-13. SPAM	query	presentation 
Note: L1 = Level 1 SA, L2 = Level 2 SA, L3 = Level 3 SA 

 

After each scenario participants were asked to complete the NASA TLX. For the 

static and adaptable automation scenarios participants also completed the history-based trust 

questionnaire. 

	
2.3 RESULTS 

In the sections below is comment on numerical trends in the pilot data, but this data 

should be interpreted with caution due to the low power and accompanying lack of available 

statistical inference. The comparisons made here refer only to the differences observed. No 

inferential statistics are provided due to the small sample size. 

2.3.1 Adaptable automation use 

One of the aims of the pilot was to test whether the taskload (the number of contacts 

visible) was set at an appropriate level. That is, whether the workload imposed through 

taskload manipulation sufficiently encouraged participants to limit their use of the adaptable 

automation to peak taskload times. This appeared to be successful as participants generally 
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used the automation during periods of high taskload (Figure 2-14). Participants used an 

average of 8 minutes and 27 seconds of track assist automation (of the 10-min allowance). 

 

 

Figure 2-14. Pilot adaptable automation engagement times 

The top line graph shows the taskload (number of visible contacts). The bottom grid shows the 
corresponding 30-second time blocks where each of the eight participants had automation engaged 
(grey boxes). 

 

This was an important finding as it meant that the workload started at a level at which 

participants felt no need for help, but sufficiently peaked for participants to trigger the 

automation. It was concluded that the experimental paradigm simulated a sufficient range of 

taskload, and could potentially provide useful automation trigger data in future experiments. 
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2.3.2 Task performance 

Task performance means and standard deviations for the three conditions are shown 

in Table 2-2. For each dependent variable, a contrast was conducted between the static and 

the no automation conditions, and between the adaptable and no automation conditions. 

Participant performance on the classification and CPA tasks were more accurate and 

faster when they used static automation compared to no automation (see Figure 2-16). 

However, participants were less accurate and slower on the unautomated dive task, 

suggesting that the static automation somehow hindered the information integration required 

for this task. 

 

Table 2-2. Performance and SA 
Means and Standard Deviations of task performance (accuracy and RT), SA (situation awareness), and 
workload. SPAM RT is the time taken to respond to answer the SA question. 

TASK No Automation Static Automation Adaptable 
Automation 

 M SD M SD M SD 

Classification 0.82 (0.13) 0.87 (0.11) 0.79 (0.36) 

Classification RT 25.94s (12.09s) 24.27s (13.90s) 31.27s (18.52s) 

CPA 0.50 (0.17) 0.67 (0.21) 0.58 (0.28) 

CPA RT 25.17s (15.37s) 24.34s (13.39s) 28.86s (15.81s) 

Dive 0.71 (0.29) 0.66 (0.27) 0.70 (0.36) 

Dive RT 9.62s (5.89s) 10.13 (4.30s) 13.18 (7.41s) 

SPAM RT 2.87s (2.62s) 3.04s (3.21s) 2.86s (2.86s) 

ATWIT 4.62 (0.60) 3.99 (0.83) 3.95 (2.15) 

NASA-TLX 33.25 (3.71) 28.28 (5.10) 33.82 (2.75) 
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Classification was less accurate and slower in the adaptable condition compared with 

the no automation condition. CPA was also slower in the adaptable condition compared to the 

no automation  condition, however CPA accuracy improved. Dive task accuracy in the 

adaptable condition was not improved compared with the no automation  condition, however 

response times were slower. The distribution of response times suggests that the adaptable 

automation condition generally produced the poorest performance. 

 

2.3.3 Situation awareness 

Compared with the no automation condition, SPAM RT tended to be marginally 

slower in the automation conditions, particularly in the static condition (see Figure 2-15). This 

suggests that SA may still be degraded with low level static automation.  

 

 

Figure 2-15. Pilot experiment SPAM response times. 

SPAM Response times during the three automation conditions. The horizontal lines within the boxes 
indicate the median. The diamond symbol indicates the mean. 

 

 



Chapter 2 Pilot Study  
	
	
	

	

113	

 

 

 

Figure 2-16. Pilot experiment task accuracy and response times. 

Accuracy and response times for the three tasks performed during the three automation conditions. 
The horizontal lines within the boxes indicate the median. The diamond symbol indicates the mean. 
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2.3.4 Workload 

The workload measured by the NASA TLX and the SPAM accept time (AT) for each 

automation condition are shown in Figure 2-17. The workload measured by ATWIT is 

plotted in Figure 2-18. 

 

 

Figure 2-17. Pilot workload (NASA TLX and SPAM Accept Time) 

The NASA TLX subjective workload scores and response time to the SPAM prompt: “are you ready 
for a question?” The horizontal lines within the boxes indicate the median. The diamond symbol 
indicates the mean. 

 

As expected, subjective workload in the static condition was lower compared with the 

no automation condition as measured by the NASA TLX and SPAM accept time. The live 

workload measure (ATWIT) showed a clear difference between the static and the no 

automation conditions (Figure 2-18). There were no noticeable patterns of non-responses for 

ATWIT. Live workload was lower in the static condition, particularly during the taskload 

peaks. More generally, the live workload rose and fell with the number of contacts visible in 
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all conditions. This was pleasing to see as it showed that the subjective workload measured 

by ATWIT was reflecting the objective taskload. 

 

 

Figure 2-18. Workload plot. 

A locally weighted regression (loess) procedure was used to fit the regression lines (Cleveland & 
Devlin, 1988). The standard error is shown in dark grey, calculated for the scatter plot of ATWIT 
responses over time. The light grey line is the taskload, or the total number of contacts that were 
visible at the time. 

 

The NASA-TLX measure showed no difference in subjective workload between the 

adaptable and no automation condition, however participants were slightly faster in the 

adaptable condition as measured by the SPAM accept time.  

2.3.5 Automation preferences 

All but one of the participants preferred the static automation. The automation in 

general was referred to as ‘Track Assist’. The static automation was named ‘fixed’ on the 
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interface, and the adaptable automation was named ‘Adapt’ (see Figure 2-9 for the 

automation interface buttons). Some examples of written participant feedback on why the 

static automation was preferred are quoted below:  

“CPA was easier to find using this, and it required less thinking and mental use over the 

other ones”, and 

“When you had the choice of adapt it was another thing to think about, I found it harder 

to perform at a higher level with having to make a decision about when to utilise the track 

assist function. I was very calm during the fixed condition knowing I could rely on the 

information being provided. It was one less decision I had to make and one less thing I 

had to concentrate on.” 

Another participant preferred having no automation at all: 

“I felt that the Track Assist was more distracting… as I would begin to rely entirely on 

Track Assist lines then when it disappeared I would feel disorientated … Having none on 

was more consistent, allowing me to get a rhythm and style going of my method of 

placing lines and checking for CPA's etc. It also forced me to make more of a mental 

memory of which lines are in place for which vessels and which boundaries they were, 

better allowing me to be equipped for when to classify the vessels and roughly how long I 

may have to wait.” 

The ‘Like’ questionnaire was delivered after each scenario in the static and adaptable 

condition. The construct was the average of five Likert items and therefore considered an 

interval item for each participant. Participants liked static automation [4.24 (0.54)] 

significantly more than adaptable automation [3.86 (0.37), t (9) = 2.97, p = .016]. 
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2.3.6 Individual differences measures 

The individual difference measurement tools were implemented successfully. The 

mean and standard deviations for each measure are shown in Table 2-3. Because of the small 

sample size, correlations between individual differences and performance and automation 

behaviour are not reported. 

 

Table 2-3. Individual differences means 
Means and Standard Deviations of individual differences measures. 

Measure Scale Mean (SD) 

WMC – Memory updating 0 to 1 0.60 (0.16) 

WMC – Operation span 0 to 1 0.68 (0.13) 

WMC – Sentence span 0 to 1 0.64 (0.17) 

WMC – Short term memory 0 to 1 0.83 (0.04) 

Spatial ability -42 to +42 6.27 (8.52) 

Propensity to trust 1 to 5 4.12 (0.46) 

Personality- Extraversion 10 to 50 33.00 (6.40) 

Personality- Agreeableness 10 to 50 42.27 (2.65) 

Personality- Conscientiousness 10 to 50 27.55 (6.20) 

Personality- Emotional Stability 10 to 50 33.73 (6.86) 

Personality- Intellect 10 to 50 35.73 (3.95) 

Hours of video gaming a week 0 to 168 0.64 (0.92) 
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2.4 DISCUSSION 

The pilot study was run to observe how the complex track management simulation, 

the training, and the automation was received by an initial small sample of participants. There 

were three objectives. The first was to develop and evaluate a simulated submarine track 

management task that required participants to complete a variety of actions and concurrent 

decision-making under varying degrees of workload. The second objective was to develop 

automation that minimised the costs commonly associated with automation, namely 

complacency leading to loss of SA and poor return-to-manual performance. That is, static 

automation was set at a low DOA so participants still needed to attend to the raw information 

required for successful task completion.The third was develop and test automation that could 

be used intermittently instead of continuously in order to minimise risks of automation to SA 

and return-to-manual performance. That is, let participants engage automation when they 

needed it. The pilot aimed to test whether the planned increase and decrease of the taskload 

(number of contacts) generated sufficient workload changes so that participants engaged 

automation during times of high taskload and disengaged automation at times of low 

taskload. The extent to which each of these aims was met is discussed below. 

Static automation 

The results appeared to replicate the benefits and costs of static automation previously 

reported in the automation literature. That is, compared with the no automation condition, 

static automation reduced workload and provided some benefit to automated task 

performance, but there was a cost to SA. In addition there was also a cost to the performance 

of the concurrent, non-automated task (the dive task). 

Specifically, compared with the no automation condition, in the static condition 

classification was slightly faster and more accurate. CPA was more accurate but CPA RT was 
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similar to the no automation condition. This is likely due to participants being able to go back 

(after a short period of time) and place a correct CPA response on the kink in the sound track, 

thereby potentially increasing RT whilst maintaining accuracy. 

The static automation decreased both subjective workload measured by the ATWIT, 

and workload measured by the SPAM AT. However there was a cost to SA. The automation 

was designed to reduce the costs associated with automation by targeting lower information 

processing levels (Kaber, Perry, et al., 2006). Participants were therefore still required to 

analyse the information and make the final decisions, keeping them engaged and vigilant. 

The slightly slower SPAM RT suggests that the static automation, even with this low DOA, 

might still induce complacency. 

The non-automated dive task performance was degraded under the static automation 

condition. This suggests that because the dive task shared the information processing 

requirements of the concurrent automated tasks, participants did not monitor this information 

as closely, resulting in complacency and poorer performance in this task.  

These initial results suggest that even with automation supporting an information 

processing level below the aforementioned critical boundary, static automation still may 

degrade SA whilst providing benefits to workload and performance of automated tasks. 

Additionally, the performance of concurrent, non-automated tasks may be degraded if they 

share information processing requirements of the automated tasks. However, this pilot 

experiment had a small sample size and these conclusions would be further tested in the static 

condition for Experiment 1. 

Adaptable automation 

In addition to using a low DOA to minimise the automation cost to SA, it was 

anticipated that the expected automation costs would be further reduced by applying it only 
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when needed by the participant. The results suggest this may be the case for SA, which was 

no different in this condition compared with no automation. However, the performance in 

classification (accuracy and RT), and CPA (RT) found in the adaptable condition was 

marginally poorer. 

There was uncertainty as to whether the taskload imposed at peak times would induce 

sufficient workload to encourage particpants to use automation, and the taskload at ‘quiet’ 

times low enough so that participants made a proactive decision to turn the automation off. 

Overall it was pleasing to see that participants used automation quite selectively during 

periods of high taskload. This showed that the simulation has an adequate number of 

simulated vessel contacts and the designed task –load fluctuations were ideal for future 

experiments. 

Other than the imposed time limit, there was no real clear reason why participants 

would disengage the automation. The limited duration of automation was therefore likely to 

have been the primary driver to disengaging the automation. This is consistent with the 

pattern of use. Automation usage suggests that as participants became more familiar with the 

peak durations and the times they might need automation they ‘saved’ their automation time, 

before realising they had a little more time to spare at the third peak, during which 

automation was used most. It was concluded that the time limit was necessary, and would be 

further assessed in Experiment 1 with a larger sample size. 

Overall workload in the adaptable condition was no different to the no automation  

condition. This suggests that if there was additional effort needed to manage the automation 

(as indicated in some of the feedback comments), it was either too small to be detected in the 

small sample size, or it was offset by workload reduction as a result of the automation. 

When the adaptable automation was disengaged, all automation visual aids 

disappeared from the display (see page 97). Specifically, the horizontal lines placed by the 
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automation to show participants how long a contact had been within a classification area 

disappeared when automation was turned off. Thus, the participant, who had not needed to 

place a line or monitor time elapsed due to the automation, suddenly had no time reference. 

Additionally, the track history lines also disappeared. Therefore, depending on when the 

automation was turned off, the participant may have been disadvantaged by using the 

automation. To avoid this, future experiments in this thesis using the adaptable automation 

design had the horizontal lines and track history maintained but not updated when the 

automation was switched off. This means neither the timing lines on the waterfall display, or 

the track history on the tactical display disappeared when automation was switched off. This 

change was expected to minimise the possible disadvantage from using the adaptable 

automation, and would allow for a more accurate examination of the potential benefits of this 

condition in Experiment 1. 

Individual differences 

Working memory capacity, propensity to trust, personality, spatial ability and gaming 

experience were measured. Because of the small sample size, no correlational analysis of this 

data was possible. However, correlations were anticipated between these measures and 

performance, and possibly automation trigger times in future experiments. The primary aim 

for the pilot course was to ensure each measure could be administrated in time and without 

error. This was achieved and each measure was presented in future experiments without 

change. 

2.5 CONCLUSION 

Automation applied continuously (static automation) reduced workload and improved 

performance as expected. However, the reduced workload did not benefit the concurrent non-

automated task, and the low DOA did not appear to inoculate against complacency, with 
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participant SA still being degraded with the use of static automation. This does not support 

the first proposition that by applying a low DOA performance performance would benefit and 

the cost to SA would be minimised (paragraph 2.1.3). The second proposition was that the 

costs of managing adaptable automation would be outweighed by the benefits of automation. 

This was also not supported. Task performance with adaptable automation was poorer than 

expected compared to no automation with only small benefits to workload, and SA also 

appeared degraded. Performance of the concurrent, non-automated task was generally poorer 

in both the static and adaptable conditions compared with no automation. However, it is 

important to note that with a sample of N = 10 these differences are purely descriptive and 

not based on any inferential statistical analyses.  

The pilot study confirmed that the training was effective and the tasks set at an 

appropriate level of difficulty. Task accuracy and response times were well ranged and there 

was no evidence of floor or ceiling effects, thereby meeting the first design objective 

(paragraph 2.1.3).. The submarine simulation design also provided a good range of taskload 

to induce expected human-machine interaction in the adaptable condition, meeting the second 

design objective. Finally the order, timing and duration of the experiment was under five 

hours, thereby meeting the third design objective. 

As a result of the pilot study two changes were made for Experiment 1. The first was 

to change the training scenario to have three discrete time periods, one for each automation 

condition (instead of relying on the participants to change the condition via the automation 

interface). This would ensure that the practice time in each condition was identical between 

participants. The second, as discussed, was to have track history and timing lines remain 

when automation was switched off in the adaptable condition.  

This pilot study was accepted and presented at the Human Factors and Ergonomics 

Society Australia Conference (Perth) in 2013 (Appendix 2B). 
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With some small alterations, the submarine simulation met the first of the four aims of 

this PhD project; to design and develop the simulation to be able to examine how dynamic 

taskload can be supported by automation. It was expected to provide an excellent tool to 

examine the remaining aims of this project. These were (1) examining the benefits and costs 

of low DOA static automation during dynamic taskload, (2) examining the benefits and costs 

of intermittent automation (adaptable and adaptive automation), and (3) examining the 

possible moderating effects of individual differences. 

Three experiments were conducted. The following chapter contains the journal article 

which describes the main body work. The examination of individual differences was not 

included in the journal paper, and is described separately in Chapter 4. 

 

 



	
	
	
	

	

 

  



	
	
	
	

	

 

CHAPTER 3  
 
 
 
Optimizing the Balance between Task Automation and Human 
Manual Control in Simulated Submarine Track Management 

 

 

This chapter is presented as a journal article manuscript. This chapter has been published at 

the Journal of Experimental Psychology: Applied, 23 (3), 240-262. 
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Optimizing the Balance Between Task Automation and Human Manual
Control in Simulated Submarine Track Management

Stephanie I. Chen and Troy A. W. Visser
The University of Western Australia

Samuel Huf
Defence Science and Technology Group, Perth,

Western Australia

Shayne Loft
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Automation can improve operator performance and reduce workload, but can also degrade operator
situation awareness (SA) and the ability to regain manual control. In 3 experiments, we examined the
extent to which automation could be designed to benefit performance while ensuring that individuals
maintained SA and could regain manual control. Participants completed a simulated submarine track
management task under varying task load. The automation was designed to facilitate information
acquisition and analysis, but did not make task decisions. Relative to a condition with no automation, the
continuous use of automation improved performance and reduced subjective workload, but degraded SA.
Automation that was engaged and disengaged by participants as required (adaptable automation)
moderately improved performance and reduced workload relative to no automation, but degraded SA.
Automation engaged and disengaged based on task load (adaptive automation) provided no benefit to
performance or workload, and degraded SA relative to no automation. Automation never led to
significant return-to-manual deficits. However, all types of automation led to degraded performance on
a nonautomated task that shared information processing requirements with automated tasks. Given these
outcomes, further research is urgently required to establish how to design automation to maximize
performance while keeping operators cognitively engaged.

Keywords: adaptable automation, adaptive automation, submarine track management, situation aware-
ness, workload

The term automation has been defined as a system that accom-
plishes (partially or fully) a function that was previously, or
conceivably could be, carried out by a human operator (Parasura-
man, Sheridan, & Wickens, 2000). Automation that supports our
workplaces is designed to alleviate the requirement for humans to
control tasks, to increase system capacity. Examples include flight
management systems in cockpits, robotics in manufacturing and
undersea exploration, military command and control automation,
radar plotting tools in seaboard navigation, image-guided naviga-
tion tools in medical surgery, and separation assurance tools in air
traffic control. Technological advancement and its potential eco-
nomic benefits mean that there is a continuing trend toward re-
quiring humans to deal with larger amounts of information in more

complex work environments using increasingly capable, highly
automated systems (Bindewald, Miller, & Peterson, 2014; Sheri-
dan, 2015).

Researchers have long recognized the potential safety issues
associated with automation (Parasuraman, Molloy, & Singh, 1993;
Rasmussen & Rouse, 1981), particularly under conditions where it
is continually used by operators (static automation/function allo-
cation). To the extent that static automation is reliable and trusted
(Wickens & Dixon, 2007), the automation of a task will exceed
human manual performance and reduce operator workload, partic-
ularly as the degree of automation (DOA) moves across a critical
boundary from “acquiring and analyzing” information to “recom-
mending task actions” (Onnasch, Wickens, Li, & Manzey, 2014).
However, part of the reason static automation reduces workload is
that operators process less of the raw information related to the
task being automated (automation-induced complacency; Para-
suraman & Manzey, 2010; Wickens, Sebok, Li, Sarter, & Gacy,
2015). Automation-induced complacency can compromise the op-
erator’s understanding of their task environment and consequently
their situation awareness (SA; Endsley, 1988). A loss of SA is
problematic when automation is highly, but not perfectly, reliable
because this creates a need for infrequent and unpredictable oper-
ator intervention. Research indicates it can be challenging under
these conditions for operators to regain manual control of previ-
ously automated tasks (Manzey, Reichenbach, & Onnasch, 2012;
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Onnasch et al., 2014). Several accidents have occurred in industry
where humans have failed to adequately regain manual control
(e.g., the grounding of the Royal Majesty off the coast of Nan-
tucket in 1995; Air France 447, which nosedived 38,000 feet into
the Atlantic in 2009).

In this article, three experiments are presented, using simula-
tions of submarine track management, that examine the extent to
which automation could be designed to benefit performance while
ensuring that individuals can maintain SA and regain manual
control of previously automated tasks. Our application domain,
submarine track management, requires submariners to coordinate
the output from the submarine’s passive sonar, with other sensors,
to compile a coherent tactical picture of the position and behavior
of contacts in relation to their own vessel (Ownship) and to
strategic landmarks (Kirschenbaum, 2011). Track management is
similar to an increasing array of work contexts that require oper-
ators to monitor computer screens that display abstract features of
dynamic situations occurring outside of the operator’s actual phys-
ical perceptual experience. Examples include air traffic control,
unmanned vehicle control, and air battle management. In these
work settings, experts typically remain in charge of making task
decisions based upon abstract display information, but increas-
ingly, automation is provided to facilitate information acquisition
and analysis.

The first objective of our research was to examine the extent to
which static automation could benefit performance and reduce
workload, without degrading operator SA or return-to manual
performance. In addition, we were motivated by the practical
concern that there are situations in which operators are required to
perform multiple interdependent tasks, only some of which may be
automated. We reasoned that operators in complex work systems
may find it more difficult to perform nonautomated tasks that share
information processing requirements with concurrently automated
tasks if they are processing less of the raw information related to
the tasks being automated (automation-induced complacency). To
our knowledge, this possibility has never been tested, and we did
so by examining whether the use of static automation impaired
performance on an interdependent nonautomated task.

The second objective of our research was to examine whether
the possible risks of automation to participant SA, interdependent
nonautomated task performance, and return-to-manual perfor-
mance, could be minimized by designing automation to be used
intermittently rather than continuously, depending on perceived
(adaptable automation; Scerbo, 2001) or objective (adaptive au-
tomation; (Kaber & Riley, 1999; Parasuraman, Mouloua, & Mol-
loy, 1996; Scerbo, 1996) task demands. The rationale for imple-
menting adaptable and adaptive automation is to engage
automation only when task demands rise, in order to facilitate
performance and decrease workload. Automation is subsequently
disengaged when task demands decrease, to encourage operators to
update their SA, and maintain their performance on nonautomated
tasks by continuing to adequately attend to the displayed task
information relevant to the tasks being intermittently automated.

Submarine Track Management and the Degree
of Automation

Personnel on a submarine usually do not have visual contact
with the various vessels, landmarks or other navigational objects

(known as contacts) that may be located around them. Conse-
quently, they must rely on information gathered from the subma-
rine sensors to create their own “view” of their surrounding area.
The submarine command team comprises a number of departments
including navigation, communications, and sensor and weapons
systems, all coordinated by the watch leader. The track manager
uses information from outstations, including passive sonar and the
periscope, to create a tactical picture of the position and behavior
of contacts (their bearing, range, course, and speed) relative to the
submarine and to strategic landmarks. The track manager effec-
tively acts as the information manager, informing the command
team’s decision making with respect to maneuvering the subma-
rine during missions (Kirschenbaum, 2011; Stanton, 2014).

The core tasks of the submarine track manager simulated in the
current experiments were developed based on observations and
interviews with Royal Australian Navy submariners in real track
management combat systems. Participants in the current study
worked with two displays (see Figure 1). The left monitor pre-
sented a tactical display of the area of operations, including stra-
tegic landmarks, contacts currently detected within the operational
area, and the Ownship represented in the center of the tactical
display. The right display presented a sonar time-bearing plot
(referred to as a waterfall display), representing the bearing of each
contact on the tactical display in relation to Ownship and how
those bearings have changed with time. Participants used these
displays to complete three tasks. The contact “classification” task
required participants to judge how long each contact spent inside
landmarks on the tactical display, to identify a contact as friendly,
merchant and so forth. A second task required participants to
monitor changes in contact heading (course) to determine the
closest point of approach (CPA) of contacts to the Ownship.
Finally, the “dive” task required participants to integrate contact
location and heading information to determine when the submarine
could safely dive.

The degree of automation implemented in the simulation was
derived from a recent classification system defining “more versus
less automation” by Onnasch et al. (2014). Automation can do
more or less “work” (levels of automation; Sheridan & Verplank,
1978) at each of the following four stages of human information
processing (stages of automation; Parasuraman et al., 2000): in-
formation acquisition, information analysis, decision making, and
action execution. Increasing levels within a stage and/or imple-
menting automation at later stages increases the degree of auto-
mation (DOA; Onnasch et al., 2014). Automation in the submarine
control room, and in other settings such as air traffic control, is
typically designed to help the operator acquire and analyze infor-
mation, but not necessarily to make task decisions or execute task
actions. Similarly, automation in the current experiments was
designed to track when contacts first entered strategic areas of
interest or when contacts made heading changes, but task decisions
and their execution were left to manual control.

Will a Low Degree of Static Automation Produce
Benefits and/or Costs?

The potential risks of automation, such as complacency, loss of
vigilance, and loss of SA are well documented (Parasuraman &
Riley, 1997; Parasuraman & Wickens, 2008). The conventional
wisdom has been that the more automation is applied, the greater
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the cost to SA and, potentially, to return-to-manual performance.
Consistent with this, a meta-analysis conducted by Onnasch et al.
(2014) found that the benefits of static automation to routine
performance and workload, during periods when automation func-
tioned reliably, increased with greater DOA but that SA and
performance when participants had to resume manual control
decreased with greater DOA. Specifically, the costs of automation
to SA and return-to-manual performance were more likely to occur
when the DOA crossed the boundary from information acquisition
and analysis to action selection and implementation. Onnasch et al.
(2014) concluded that when automation moves across this “criti-
cal” boundary, the operator is relieved of some or all aspects of
choosing an action and this greatly reduces the extent to which
they monitor the raw situation information processed by the auto-
mation (also see Li, Wickens, Sarter, & Sebok, 2014).

On the basis of these findings, we reasoned that providing our
participants with a relatively low degree of static automation
(information acquisition/analysis) in simulated track management
could benefit performance and reduce workload compared with
when no automation was provided (Experiments 1, 2, and 3).
Moreover, our logic was that engaging participants to make task
decisions, and execute associated actions, should encourage them
at least partially to attend to the raw information related to the
tasks being automated. Thus, we predicted that a relatively low
DOA might not harm operator SA (Experiments 1, 2, and 3) or
return-to-manual performance (Experiment 3), compared with
conditions without automation.

In addition, we examined the impact of static automation on
nonautomated task performance (the dive task). On the one hand,
the anticipated reduction in workload from static automation use

Figure 1. An example submarine track management simulation scenario (Chen, Loft, Huf, & Visser, 2014).
The display on the left is the tactical display which represents the area of operations, with Ownship located at
the center of the tactical display. On the tactical display, the concentric rings indicate the distance from Ownship.
The rings extend in 5-km increments. The parallel white (lighter) lines indicate a shipping lane. The two friendly
sectors are bounded by the blue (thicker) lines. The fishing areas are darker in color, which depicted shallower
waters more likely to have accessible fish. Note that the other two Australian coastal maps used different
physical arrangements of these strategic zones in their area of operations. Eight contacts are displayed in Figure
1. The leader lines projecting from the center of each contact icon indicates the current heading of each contact,
and the contacts are numbered. The red (darker) diamond icon for Contact 18 indicates a contact that has been
classified as an enemy. Contact 17 is a green (darker) triangle because it has been classified as a friendly.
Contacts represented by yellow circles have yet to be classified. The screen on the right is the waterfall display,
which is a sonar time-bearing plot of the history of each contact shown on the tactical display. The waterfall
display provided the bearing of contacts (along the top horizontal axis) in relation to Ownship, and indicated how
those bearings changed with time (on the vertical axis). The waterfall display presented this data as vertical lines
(“sound tracks”), which “grew” down with time, representing track history. Each contact track on the waterfall
display is numbered, and the color matches the classification given to the contact. Participants (or the
automation) could place horizontal lines on the waterfall display when the contact entered an area of interest or
to track how long they have been visible. In Figure 1, the participant has attempted to indicate when several
closest points of approach (CPAs) had occurred by marking the corresponding sound track of that contact with
a cross on the waterfall display. Participants clicked the Dive button to signal the Ownship to dive. When a
contact abrupts off the screen the track for that contact terminates from both displays. The automation was
referred to as track assist. The automation interface (shown at the bottom right of the tactical display) allowed
participants to verify the automation condition in which they were currently operating. Participants click the ON
and OFF buttons to control the automation (track assist) in the adaptable automation condition. From “Static and
Adaptable Automation in Simulated Submarine Track Management,” by S. Chen, S. Loft, S., Huf, and T. Visser,
2014, Proceedings of the Human Factors and Ergonomics Society Annual Meeting, 58, p. 2281, Thousand Oaks,
CA: SAGE. Copyright 2014 by SAGE Publications. See the online article for the color version of this figure.
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should provide the operator with the spare cognitive capacity to
more effectively manage other nonautomated tasks (Loft, Smith, &
Bhaskara, 2011; Loft, Smith, & Remington, 2013; Manzey et al.,
2012; Rovira, McGarry, & Parasuraman, 2007; Sethumadhavan,
2009). On the other hand, we designed our nonautomated dive task
such that it required the assessment of information also necessary
to complete the classification and CPA tasks (i.e., tracking the
location and the heading of contacts). Thus, performance on the
interdependent dive task could be degraded if participants scruti-
nized contact location and heading information less closely
(automation-induced complacency; Parasuraman & Manzey,
2010; Wickens et al., 2015) when using static automation com-
pared with no automation. To our knowledge, this is the first
research to have actively examined the interaction between auto-
mation and performance on an interdependent nonautomated task.

Adapting Automation to Keep the Operator Engaged

A potential way of mitigating the costs of static automation is to
periodically reallocate automated tasks to human manual control,
in order to increase the extent to which operators update their SA
by attending to the raw information sources feeding the automation
(Farrell & Lewandowsky, 2000; Parasuraman, Galster, Squire,
Furukawa, & Miller, 2005; Wickens et al., 2015). Such a work
system, designed to engage and disengage automation according to
the perceived or objective task demands placed on the operator,
has recently been described as one of the “more important ideas in
the history of human factors/ergonomics” (Hancock et al., 2013, p.
11). Readers may question how intermittent automation usage
could possibly yield benefits equal to the continuous use of auto-
mation. The answer is that, in many operational settings, it is
common for task demands to rise and fall periodically (Loft,
Sanderson, Neal, & Mooij, 2007; Remington, Folk, & Boehm-
Davis, 2012). Thus, when task demands fall, automation could be
reduced so that the operator completes tasks manually, keeping the
operator engaged, facilitating better SA, and bolstering competent
task completion. The key question is how to balance timely en-
gagement of automation when task demands rise, in order to
maximize performance, with disengagement when demands de-
crease, to encourage the participant to update their SA.

There are several potential ways to trigger the engagement and
disengagement of automation. An automation trigger might be
based on an operator performance decrement threshold (e.g., Cal-
houn, Ward, & Ruff, 2011), a physiological indicator of operator
workload/stress (e.g., Wilson & Russell, 2007), or a secondary task
measure of workload (Kaber & Riley, 1999). This is known as
adaptive automation. Although evidence suggests that these trig-
gers can be beneficial, a potential problem is that they are all
reactive in that they only engage automation after performance
degrades or after workload is elevated. A better system would be
proactive, engaging automation prior to such problems arising. We
reasoned that operators themselves might be well placed to pro-
actively adapt automation. Thus, in Experiments 1 and 2, we
allowed participants to decide when to engage and disengage
automation—a condition referred to as adaptable automation
(Scerbo, 2001).

Notionally, if adaptable automation can be engaged before prob-
lems arise, operator performance and workload should benefit.
Also, the process of deciding when to use automation might help

maintain SA, thereby reducing return-to-manual deficits. On the
other hand, it is possible that deciding when to engage/disengage
automation may impair performance by increasing cognitive load
(Kaber & Riley, 1999). It is also possible that operators are not
always accurately able to monitor their task demands/performance
on a moment-by-moment basis and thus will have some difficulty
forming effective strategies for invoking automation (i.e., limita-
tions in operator metacognition; Flavell, 1979; Osman, 2010).
Indeed, the evidence to date has been mixed. Sauer, Nickel, and
Wastell (2013) found that adaptable automation facilitated perfor-
mance and reduced workload compared with static automation, but
was no better than adaptive automation. In contrast, several other
studies have reported that adaptable automation decreased perfor-
mance and increased workload compared with adaptive automa-
tion based on physiological triggers (Bailey, Scerbo, Freeman,
Mikulka, & Scott, 2006) or performance (Kidwell, Calhoun, Ruff,
& Parasuraman, 2012).

These mixed results may have another explanation. Prior re-
search examining adaptable automation shares two notable limi-
tations. First, in several studies, automation engaged by the oper-
ator was automatically disengaged after a short interval (in as little
as 10 s; Bailey et al., 2006; Kidwell et al., 2012). Performance and
workload might be more likely to improve if the operator could
also decide when to disengage automation. Second, no studies
have made comparisons between adaptable and no-automation
conditions or measured the potential costs of using adaptable
automation to SA, interdependent nonautomated tasks, or return-
to-manual performance. Thus, a clearer indication of the utility of
adaptable automation is needed to demonstrate that adaptable
automation can benefit performance and workload compared with
no-automation conditions, and without costs to SA, interdependent
nonautomated tasks, or return-to-manual performance.

Experiment 1

In Experiment 1, we examined the effectiveness of static and
adaptable automation in a simulated submarine track management
task. Task load (number of displayed contacts) was systematically
varied. Participants monitored two adjacent displays to perform
three tasks (see Figure 1). The contact classification task required
participants to judge how long each contact spent inside certain
geospatial boundaries, which defined contacts as friendly, mer-
chant and so forth The CPA task required participants to mark the
closest point of approach of contacts to the Ownship. Under some
conditions, these tasks were supported by a relatively low degree
of automation (information acquisition/analysis), which eliminated
the need for participants to monitor when contacts first entered an
area of interest (classification task) or to monitor contact heading
(CPA task). The dive task, which was not supported by automa-
tion, required participants to be aware of the location and heading
of all contacts, both in relation to other contacts, and to the
Ownship.

Participants completed three 27.5-min scenarios, each corre-
sponding to different Australian coastal maps. A within-subjects
design was used: Each participant completed a no-automation, a
static automation, and an adaptable automation condition. SA was
measured using the Situation Present Assessment Method (SPAM;
Durso & Dattel, 2004). The SPAM measure has been shown to
predict performance in simulations of track management, without
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interfering with primary task performance (Loft, Bowden, et al.,
2015). To measure subjective workload, the Air Traffic Workload
Input Technique (ATWIT) was administered several times during
each scenario, and the National Aeronautics and Space Adminis-
tration Task Load Index (NASA-TLX) was administered after
each scenario. We were mindful of participants potentially over-
using the automation to make their experience in the experiment
easier. To prevent this, we limited the time the automation could
be used to 10 min for each scenario (on the basis of results from
a pilot experiment). Participants were informed of this limit and
were encouraged to use automation only when necessary to main-
tain performance.

Method

Participants. Participants were 38 (15 females) undergradu-
ate psychology students (M ! 19.68 years, SD ! 3.56) who
volunteered to take part in the experiment for course credit.

Simulated submarine track management task. Participants
performed a simulated track management task (see Figure 1). The
left tactical display was a bird’s eye view of the area and displayed
concentric range rings indicating distance from the center point,
that is, the location of Ownship. The location and heading of the
contacts was presented on the tactical display. The right waterfall
display provided the bearing of contacts (along the top horizontal
axis) in relation to Ownship and indicated how those bearings
changed with time (on the vertical axis). The waterfall display
presented this data as vertical lines (“sound tracks”), which “grew”
down with time, representing track history. The number of con-
tacts on the displays (task load) periodically increased (peaking at
eight contacts) and decreased three times (plateauing at one)
during each 27.5-min scenario.

The automation was referred to as track assist. The automation
interface at the bottom right of the tactical display (illustrated in
Figure 2a) allowed participants to verify the automation condition
in which they were currently operating. In the adaptable condition,
participants engaged and disengaged automation by clicking the
ON and OFF button. A countdown clock was provided that indi-
cated the available automation time remaining.

Contact classification task. Participants classified contacts
according to their movement on the tactical display. Contacts were

classified after they had spent more than two continuous minutes
within a specific area of the tactical display. A contact was a
“friendly” if it spent more than 2 continuous min within the sectors
on the tactical display bounded by the blue lines. A contact was a
“merchant” if it spent more than 2 continuous min on the tactical
display within the “shipping lane” denoted by the two parallel
white lines. A contact was a “trawler” if it spent more than 2
continuous min on the tactical display within the “shallow” dark
blue areas. A contact was an “enemy” if, in the first 4 min of its
presentation, it had not spent at least 1 continuous min in any
classification zone. As shown in Figure 1, to help determine
whether a contact had spent more than 2 min in an area of interest,
participants were advised that they could place horizontal lines on
the waterfall display when the contact entered an area of interest.
Once that line reached the 2-min indicator on the waterfall display,
the contact could be classified as friendly, merchant or trawler.
Participants could also identify enemy contacts by noting that a
contact with no horizontal lines on the waterfall display had
reached the 4-min indicator. Note that the term enemy (a common,
succinct, and easily recognized vernacular) was used instead of
possible hostile, the correct term used by submariners.

A relatively low DOA was used, below the ‘critical boundary’
suggested by Onnasch et al. (2014), supporting the acquisition/
analysis human information processing stage. The automation
reduced the need for participants to determine when contacts
entered an area of interest on the tactical display by placing
horizontal timing lines automatically on the waterfall display when
a contact entered an area of interest. However, the automation
served no further function. The participant still had to monitor the
subsequent behavior of the contacts after they entered the area to
ensure they continuously remained in that area during the desig-
nated time period before the horizontal blue line reached the 2-min
mark on the waterfall display (or departed in under 1min if the
contact was a potential enemy), to make the classification decision.
This DOA also required participants to remember which horizontal
blue line on the waterfall display was associated with which
contact on the tactical display. When automation was disengaged,
the horizontal lines on the waterfall display remained but new lines
had to be manually entered by the participant.

Figure 2. The automation interface buttons for each experiment, which were located at the bottom right of the
tactical display. For Experiments 1 and 2 (within-subjects design), participants could see which condition they
were operating under by the color of the button label (i.e., a red (darker gray) button meant automation was
activated). The adaptable condition in Experiments 1 and 2 (ADAPT), and the adaptable operator-triggered
(ADAPT-O) condition in Experiment 3 could be activated and deactivated by the ON and OFF buttons. In
Experiment 1, which had limited automation (10 min) a countdown clock was provided. In Experiment 3, the
adaptive condition was indicated by the button labeled ADAPT-M (adaptive machine-triggered). See the online
article for the color version of this figure.
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CPA task. A CPA was defined as the point at which a contact
would be at its closest to Ownship. This was essentially the point
where a contact heading toward Ownship (e.g., Contact 22 in
Figure 1) turned away from the Ownship. The CPA task required
participants to (a) track contacts heading toward Ownship, (b)
track when these contacts made heading changes, and (c) indicate
the time that the CPA occurred by marking the corresponding
sound track of that contact on the waterfall display. Each of the 24
contacts presented in each scenario had one CPA each.

The CPA automation supported the information acquisition/
analysis stage. When automation was engaged a track history line,
resembling an extended ship’s wake, was visible on each contact
on the tactical display. This reduced the need for the participant to
track which contacts made heading changes; however, the auto-
mation served no further function. To make accurate CPA deci-
sions, participants needed to mark accurately the timing of the
CPA on the waterfall display, and the CPA automation did not
interpret the track history lines or alert the participant to when a
heading change had occurred. When the automation was turned off
in the adaptable automation condition, all track history lines re-
mained on the tactical display but were not updated to reflect
further contact movement.

Dive task. The dive task was not automated. Participants were
instructed to dive the submarine when (a) all contacts on the
tactical display were heading in the same direction and (b) one of
the contacts was heading directly toward Ownship. This required
participants to be aware of the location and relative headings of
contacts, both in relation to other contacts and to Ownship. The
time periods that the dive conditions were met were the “dive
windows.” Dive-window durations varied between 10 s and 30 s.
There were 9 or 10 dive windows per scenario. Participants clicked
the dive button to signal the Ownship to dive.

Measures.
SA. SA was measured six times during each scenario. SA

queries for information related to each of the three tasks and each
of the three SA levels (Endsley, 1995a, 1995b) were presented.
Although not traditionally used by researchers deploying SPAM,
we found Endsley’s definitions of SA levels useful in developing
our SPAM queries. The six SPAM queries used per scenario were
taken from the pool of SA questions presented in Table 1. The
SPAM queries were delivered over headphones. SPAM distin-
guishes workload from SA by warning the operator that a query is
in the queue and waiting until the operator accepts the query
(Durso & Dattel, 2004). Before a SPAM query was presented, the

participant was asked “Are you ready for a question?” An accom-
panying “yes” and “no” box appeared on screen, and the partici-
pant would click to respond to indicate that he or she was ready to
accept the question. The time taken between ready prompt audio
and when the yes box was clicked is referred to as SPAM accept
time and often correlates with subjective workload (Loft, Bowden,
et al., 2015; Vu et al., 2012). SPAM response time (RT) is
measured as the time between when the experimenter completes
asking the question and the time the participant responds. The
logic behind SPAM is that participants with better SA would know
where to find the correct answer to a question about the situation
on the screen faster and/or more accurately (Durso & Dattel, 2004;
Loft, Bowden, et al., 2015).

Workload. There were two subjective measures of workload.
The ATWIT (Stein, 1985) was presented on the tactical display
every minute, and participants had 10 s to click a workload level
between 1 and 10, described as very low (1 to 2), moderate (3
through 5), relatively high (6 through 8), and very high (9 to 10).
The presentation of the scale did not prevent participants from
completing tasks. The NASA TLX (Hart & Staveland, 1987) was
completed after each scenario. Participants rated their workload on
a 20-point scale on six dimensions of workload: mental demands,
physical demands, temporal demands, own performance, effort,
and frustration. Participants then indicated the degree to which
each of these six dimensions was “the more important contributor
to workload” in pairwise comparisons between the dimensions.
The overall NASA TLX workload score was calculated by multi-
plying the resulting weighting of each dimension with the corre-
sponding rating, then dividing the total by the number of pairwise
comparisons.

Trust in automation. History-based trust (trust evolved from
interaction with the automation) was measured with a six-item
questionnaire. The questionnaire was adapted from Merritt (2011).
The items were altered to refer to the track assist automation and
included items such as “I can depend on track assist,” “I have
confidence in the information given by track assist,” or “I can rely
on track assist to behave in consistent ways.” This history-based
trust was measured after each automated scenario was completed.
Participants responded to each item via a 5-point Likert scale (1 !
strongly agree to 5 ! strongly disagree).

Procedure. Participants completed two 2.5-hr time slots on
consecutive days. On Day 1, they completed a number of individ-
ual differences measures (e.g., working memory, personality), as
part of a different research project. After this, training started with

Table 1
The SPAM (Situation Present Assessment Method) Queries Used to Measure Participant Situation Awareness in Experiment 1

SA level SPAM queries

1 Which vessel is closest to a Y zone? Has X been visible for more than 4 minutes?
Is X heading toward a Y zone? Is X heading towards/away from you?
Is X in a Y zone? Which vessel is heading directly towards you?

2 Has X been in a Y zone for more than 1 minute? Which vessel had the most recent kink in its sound track?
Which vessel most recently crossed a classification boundary? Are any vessels on the same course?

3 Could X be within the Y zone in 4 min time? Which vessel is most likely to show the next CPA?
Could X cross a boundary within 2 min? Which vessel requires a course change to open a dive window?
Which unclassified vessel is most likely to be a

trawler/friendly/enemy/merchant?

Note. SPAM ! Situation Present Assessment Method; CPA ! Closest Point of Approach.
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a 40-min audiovisual PowerPoint presentation that included a
number of “learning checks” that had to be answered correctly
before the presentation could continue. This was followed by a
narrated video of the simulation (prerecorded) where all tasks and
the three conditions (none, static, and adaptable) were demon-
strated. Finally, on Day 1 participants completed a 27.5-min prac-
tice scenario. Participants were told to complete the tasks without
engaging automation during the first half of the scenario and then
asked to engage automation during the second half.

On Day 2, participants were presented with a 15-min Power-
Point presentation that reminded them of the pertinent points from
Day 1. Participants then completed the three 27.5-min scenarios,
each of which contained unique contacts presented in different
maps. Each participant completed a no automation condition, a
static automation condition, and an adaptable automation condi-
tion. The order of conditions and the assignment of scenario to
condition were counterbalanced. After each scenario, participants
were asked to complete the NASA TLX and to complete the
history-based trust questionnaire after completing the static auto-
mation and adaptable automation scenarios.

Results and Discussion

The CPA hit rate was the number of CPAs correctly marked on
the waterfall display per scenario, divided by 24 (i.e., the total
number of CPAs presented per scenario). Each time a participant
placed a cross on the waterfall display, the coordinates were
recorded. The CPA cross could be placed at any time 1.5 s before
the actual CPA (to account for the small movement preceding any
course change including a CPA, which could be noticed by the
participant) or subsequent to when the CPA occurred, as long as
the cross was placed on the correct sound track and within a 3-mm
radius of the actual CPA point. Otherwise the cross was recorded
as a false alarm. The exact potential number of contacts and
associated events to make a CPA false alarm response was inde-
terminable, but we estimated this parameter. It is more likely a
CPA false alarm would be made in response to a contact course
change. For each scenario, there were 69, 71, or 73 total course
changes. Accordingly, the false alarm rate was estimated to be the
number of false alarms, divided by the number of course changes
for that scenario (minus 24, which was the actual number of
CPAs). CPA performance was then calculated by subtracting the
CPA false alarm rate from the CPA hit rate. CPA RTs (and RTs for
other tasks and SPAM) were based on correct decisions.

The dive hit rate was the number of correct dive responses made
during dive windows divided by the total number of dive windows
per scenario. The potential number of opportunities to make a dive
response was indeterminable. The most likely time a dive false
alarm response would be made was during a course change, as
course changes were always needed for a dive window to transi-
tion from closed to open. As there were fewer dive windows than
CPAs, and because all contacts needed to be on the same heading
for a dive window to open, it was not likely every course change
would have been mistaken for a dive window. Consequently, we
calculated the dive false alarm rate as the number of dive false
alarms divided by half the number of course changes for the
scenario (minus the actual number of dive windows which was 9
or 10). Dive task performance was calculated by subtracting the
dive false alarm rate from the dive hit rate.

The means and 95% within-subject confidence intervals for task
performance, SA, and subjective workload are presented in Table
2. Within-subject confidence intervals for Experiments 1 and 2
were calculated using the method recommended by Morey (2008).
Within-subject design effect sizes for Experiment 1 and 2 were
calculated based on recommendations by Morris and Deshon
(2002). For each dependent variable, we conducted planned con-
trasts that directly evaluated our research questions by comparing
the static automation condition to the no automation condition and
the adaptable automation condition to the no automation condition
(Rosenthal & Rosnow, 1985). These inferential statistics are pre-
sented in Table 2. Estimates of Cohen’s d suggested we had a
power of .97 to detect medium-to-large size effects (Cohen, 1988).

Even with appropriate counterbalancing procedures, dependent
measures in within-subject designs can be impacted by order
effects caused by practice or asymmetric transfer (Poulton, 1982).
We therefore assessed for order effects when comparing the static
automation condition to the no automation condition, and the
adaptable automation condition to the no automation condition. To
do this, we originally included the order of condition presentation
(static automation presented first vs. no automation presented first
or adaptable automation presented first vs. no automation pre-
sented first) as an additional variable in each of the analyses
reported below for Experiment 1. However, we found no reliable
evidence that the order of presentation of condition had a signif-
icant impact on the degree to which static or adaptable automation
influenced performance, SA, or workload in Experiment 1 (small-
est p ! .12). Thus, for brevity, we collapsed across the condition
order variable in the analyses presented in the following text.

Static automation versus no automation. As shown in Table
2, participants were more accurate and faster to classify contacts
when using static automation compared with no automation. Par-
ticipants made more accurate CPA task decisions when using static
automation compared with no automation, but were also slower to
make these CPA task decisions. The slowed CPA decisions likely
reflect the fact that the automated track history allowed partici-
pants the option to detect a CPA well after it had occurred. This
would have improved accuracy but yielded slower RTs because
after making a delayed CPA decision, participants would then have
needed to estimate the correct CPA location to mark on the
waterfall display by using the contact track history on the tactical
display to determine the time passed since the CPA. There was no
difference in dive task accuracy or dive task RT when using static
automation compared with no automation. As shown in Figure 3,
ATWIT scores rose and fell with task load (the number of con-
tacts). Participants reported lower workload on the NASA TLX
and the ATWIT when using static automation compared with no
automation. There was no significant difference between static and
no automation conditions for SPAM accuracy or SPAM RT.

Adaptable automation versus no automation. As shown in
Figure 3, automation usage generally coincided with peaks in task
load and subjective workload, suggesting participants used auto-
mation strategically in response to task demands. However, despite
a total of 10 min of automation being available, on average
participants only used automation for 6.85 min (95% CI [5.81,
7.89]).

On the classification task, there was no difference in accuracy
or RT when using adaptable automation compared with no
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automation. However, participants made more accurate CPA
decisions when using adaptable automation compared with no
automation. There was no difference in CPA task RT when
using adaptable automation compared with no automation. Dive
task accuracy and RT did not differ between adaptable and no
automation conditions.

NASA TLX scores were lower when using adaptable compared
with no automation. However, this benefit only approached sig-
nificance when measured by ATWIT. There was no difference in
SPAM accuracy or SPAM RT when participants used adaptable
automation compared with no automation.

Trust and automation preferences. There was no significant
difference in the history-based automation trust between the static
(M ! 4.44, 95% CI [4.33, 4.55]) and adaptable (M ! 4.25, [4.14,
4.37]) automation conditions, t(37) ! 1.66, p ! .10, d ! 0.27. Of
the 38 participants, 22 (58%) preferred static automation, 13 (34%)
preferred adaptable automation, and 3 (8%) preferred no automa-
tion. Postexperiment verbal reports indicated that many partici-
pants disliked adaptable automation because of the effort required
to budget automation time.

Experiment 2

In Experiment 1 we found that a low degree of static automation
reduced workload and improved performance, without any cost to
SA or to nonautomated dive task performance. This suggests it
may be possible to design static automation to provide significant
benefits without associated costs. An alternative explanation for
the results, however, is that the SPAM measure lacked the sensi-
tivity to detect underlying changes in SA. To test this possibility,
we replicated the paradigm in Experiment 1, while using the
Situation Awareness Global Assessment Technique (SAGAT;
Endsley, 1995b) to measure SA.

The SAGAT method involves periodically pausing and blanking
the task display in order to query participants about the current and
likely future state of the simulated environment. Concurrent evi-
dence from our laboratory found that SA as measured by SAGAT
was a stronger predictor of track management performance than
SA as measured by SPAM (Loft, Bowden, et al., 2015). SAGAT
might be more predictive because the greater number of queries
collected with SAGAT provides a more reliable SA estimate,

Table 2
Descriptive and Inferential Statistics for Performance, Situation Awareness, and Subjective
Workload in Experiment 1

Task Condition M 95% CI T p Cohens d

Classification [Hit] None .84 [.80, .87]
Static .91 [.87, .94] 3.08 .004! .54
Adaptable .85 [.83, .88] .91 .37 .08

Classification [RT] None 24.91 [21.47, 28.35]
Static 18.92 [15.85, 21.99] "2.96 .005! ".50
Adaptable 24.21 [21.55, 26.87] ".38 .70 ".08

CPA [Hit–FA] None .31 [.25, .38]
Static .51 [.44, .57] 4.95 #.001! .81
Adaptable .42 [.35, .47] 2.68 .01! .45

CPA [RT] None 18.27 [14.13, 22.42]
Static 23.16 [19.93, 26.39] 2.07 .046! .34
Adaptable 19.44 [16.72, 22.14] .55 .58 .09

Dive [Hit–FA] None .78 [.74, .82]
Static .76 [.70, .81] ".77 .45 ".22
Adaptable .77 [.71, .82] ".38 .71 ".10

Dive [RT] None 8.94 [7.67, 10.21]
Static 9.31 [8.15, 10.47] .55 .59 .09
Adaptable 9.13 [7.74, 10.52] .23 .82 .05

NASA TLX None 63.46 [60.11, 66.80]
Static 54.18 [50.78, 57.56] "4.24 #.001! ".71
Adaptable 59.76 [57.74, 61.78] "2.49 .02! ".40

ATWIT None 5.04 [4.83, 5.24]
Static 4.32 [4.08, 4.56] "5.05 #.001! ".82
Adaptable 4.85 [4.69, 5.01] "1.99 .054 ".33

SPAM [Accuracy] None .88 [.82, .94]
Static .92 [.88, .97] 1.40 .17 .23
Adaptable .92 [.87, .96] 1.24 .22 .20

SPAM [RT] None 2.78 [2.44, 3.09]
Static 2.93 [2.62, 3.23] .87 .39 .18
Adaptable 2.87 [2.53, 3.19] .49 .63 .12

Note. The 95% within-subject confidence intervals are presented in parentheses (Morey, 2008). The inferential
statistics present the planned contrasts between the static automation condition and the no automation condition
and the adaptable automation condition and the no automation condition for each dependent variable. The
degrees of freedom for each planned contrast was 37. CPA ! Closest Point of Approach; RT ! Response Time
in seconds; FA ! False Alarm; NASA TLX ! National Aeronautics and Space Administration Task Load Index;
ATWIT Air Traffic Workload Input Technique; SPAM ! Situation Present Assessment Method.
! p # .05.
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Figure 3. The task load, the workload measured by Air Traffic Workload Input Technique (ATWIT) in all three
conditions (top plot) and the times during which adaptable automation was used (bottom plot) during Experiment 1.
The number of contacts is shown by the light gray line and rises and falls three times. The workload probe (ATWIT)
was presented every minute with a maximum of 27 data points over the 27.5 min (maximum of 1,026 workload points
per automation condition when the 38 participants’ data was combined). The ATWIT presentation times were
identical for each scenario. A locally weighted regression (loess) procedure was used to fit the regression line (solid
lines) visible in this Figure (for detail see Cleveland & Devlin, 1988). The loess method was used in the ‘stat_smooth’
function in R with the span parameter (degree of smoothing) set at 0.5. The light gray line is the total number of
contacts that were visible at the time. The bottom plot indicates the 30-s blocks during which automation was activated
in the adaptable condition for each participant (a 30-s block is coded green (dark gray) when automation was used at
some point in time during that 30 s, and coded white when automation was not used at any time during that 30-s time
period). See the online article for the color version of this figure.

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

9OPTIMIZING THE BALANCE BETWEEN HUMAN AND MACHINE



and/or because SAGAT directly taps into participants’ memory for
the state of the track management display (Loft, Bowden, et al.,
2015). The greater number of SA queries posed to participants
through the use of SAGAT also provided an opportunity to explore
the relationship between SA and workload as a function of vari-
ation in task load (Vidulich & Tsang, 2012; Wickens, 2008). It
should also be noted that no prior studies have reported any
adverse effects of SAGAT administration on primary task perfor-
mance (e.g., Loft, Bowden, et al., 2015; Strybel, Vu, Kraft, &
Minakata, 2008). Thus we have no reason to believe that the
change in SA measure in Experiment 2 would adversely affect
primary task performance.

In Experiment 1, the use of adaptable automation provided
marginal benefits to performance (facilitating only one of two
tasks) and to workload (lowering workload on only one of two
measures). However, it is possible that the 10-min limit placed on
automation usage imposed an unnecessary mental burden on par-
ticipants, which may have offset some of the benefits the automa-
tion provided. The limit was imposed to reduce the potential for
overuse of automation, but this control might have been unneces-
sary because participants were reluctant to use automation (on
average they used less than 7 min of the available 10 min of
automation in Experiment 1). Therefore, in Experiment 2 we
informed participants that there was no time limit for automation
usage in the adaptable condition.

Method

Participants. Participants were 43 undergraduate psychology
students (21 female; M ! 20.71 years, SD ! 5.95) who volun-
teered to take part in the experiment for course credit. Data from
three participants were not included in the analysis. One partici-
pant believed the automation was engaged when it was not when
using adaptable automation and therefore did not engage automa-
tion. One participant did not make a single correct CPA or clas-
sification. The third participant had difficulty hearing, understand-
ing the task, and forgot her glasses.

Task, measures, and procedure. The simulation and training
were identical to Experiment 1, with the following exceptions.
First, there was no time limit for automation use, and participants
were instead instructed to use adaptable automation as required. As

a result, the countdown clock located in the track assist automation
interface in Experiment 1 was removed (see Figure 2b). Second,
SAGAT was used to measure SA. During each scenario the sim-
ulation was “frozen” six times. During a freeze, the contact sym-
bols would disappear from the tactical display, the sound tracks
would disappear from the waterfall display and questions would
appear at the top of the tactical display. Seven SAGAT queries
were delivered during each freeze. The first question always asked
participants to mark on the tactical display where they thought a
randomly preselected contact was located. Two questions each
then targeted the SA required for classification, CPA, and the dive
task. The six SA queries equally represented the three levels of SA
(two queries per SA level). The SA queries were taken from the
pool of queries presented in Table 3.

SAGAT allowed us to examine how SA covaried with workload
and task load, by using a line of best fit on a scatterplot for each
SAGAT freeze. This was possible because each SAGAT freeze
yielded a correct percentage score. The SAGAT scores therefore
provided a spread of SA scores for each SA query point on the
same vertical scale as workload (each SAGAT percentage score
was multiplied by 10 to match the ATWIT scale). SAGAT scores
for the three scenarios were combined for each condition so there
were 18 SAGAT scores across each 27.5-min automation condi-
tion per participant (the timing of the six SAGAT freezes per
scenario was set across the three scenarios so that when combined,
they occurred somewhat regularly over the 27.5 min). A locally
weighted regression (loess) procedure was used to fit a regression
line (Cleveland & Devlin, 1988) on the resulting 240 SAGAT
scores per automation condition (six SAGAT scores for each of the
40 participants).

Results

As in Experiment 1, for each dependent variable, we conducted
planned contrasts that directly evaluated our research questions by
comparing the static automation condition to the no automation
condition, and the adaptable condition to the no automation con-
dition. The means, 95% within-subject confidence intervals, and
inferential statistics for task performance, SA, and subjective
workload are presented in Table 4. Estimates of Cohen’s d sug-
gested we had a power of .98 to detect medium-to-large size

Table 3
The SAGAT Queries Used to Measure Participant Situation Awareness in Experiments 2 and 3

SA level SAGAT queries

1 Which vessel is currently in a Y zone? How many vessels are heading away
from you?

How many vessels are on the same course?

Is vessel X currently in a Y zone? Is the vessel at bearing X heading
towards/away from you?

Are any vessels heading directly towards
you?

2 Is vessel X within 2 minutes from an X zone? Has vessel X had any kinks in its
soundtrack?

Which vessel is currently heading directly
towards you?

Which vessel most recently crossed a classification
boundary line?

How many times has vessel X
changed course?

Are vessels X and Y heading in the same
direction?

3 Could vessel X cross a boundary within 4 min time? Which vessel would make a CPA if
it turned to a heading of xxx?

If all vessels turned onto a course of xxx,
which vessel would be heading directly
towards you?

Which unclassified vessel is most likely to be a
trawler/friendly/enemy/merchant?

Would a CPA be made for vessel X
if it turned to a heading of xxx?

Would vessel X head directly towards you
if it turned to a heading of xxx?

Note. SA ! situational awareness; SAGAT ! Situation Awareness Global Assessment Technique; CPA ! closest point of approach.
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effects (Cohen, 1988). We used the same procedure as Experiment
1 to test for order effects (smallest p ! .08).

Static automation versus no Automation. Participants were
more accurate and faster to make classifications when using static
automation compared with no automation. Participants made more
accurate CPA task decisions when using static automation com-
pared with no automation. There was no difference in CPA task
RT when using static automation compared with no automation.
There was no difference in dive task accuracy or dive task RT
when using static automation compared with no automation. As
shown in Figure 4, variation in the ATWIT scores coincided with
variation in task load. Participants reported lower workload on the
NASA TLX and on the ATWIT when using static automation
compared with no automation. SAGAT accuracy was poorer when
participants used static automation compared with no automation.

Overall, the findings of improved classification and CPA per-
formance and reduced workload with the use of static automation
replicated Experiment 1. However, in Experiment 2, SA as mea-
sured by SAGAT was significantly impaired by the use of static
automation.

Adaptable automation versus no automation. As shown in
Figure 4, automation usage by participants coincided with task-

load and workload variation, replicating Experiment 1. As ex-
pected, participants also used automation more in Experiment 2
(M ! 11.80 min; 95% CI [10.05, 13.55]) than in Experiment 1
(M ! 6.85 min, [5.81, 7.89]), t(76) ! 4.84, p # .001. However,
automation was still only used for less than half the scenario time.

Participants made more accurate and faster classification deci-
sions when using adaptable automation compared with no auto-
mation. Participants also made more accurate CPA task decisions
when using adaptable compared with no automation, but there was
no difference in CPA task RT. Participants’ accuracy on the dive
task was poorer when they used adaptable automation compared
with no automation. There was no difference in dive task RT
between the adaptable and no automation conditions. Participants
reported lower workload, as indicated by the NASA TLX, when
using adaptable automation compared with no automation. How-
ever, this benefit was not replicated when workload was measured
by ATWIT. There was no significant difference in SAGAT re-
sponse accuracy when participants used adaptable compared with
no automation.

Overall, the performance improvements observed for the adapt-
able condition were more pronounced in Experiment 2 (occurring
for the classification and CPA tasks) compared with Experiment 1

Table 4
Descriptive and Inferential Statistics for Performance, Situation Awareness, and Subjective
Workload in Experiment 2

Task Condition M 95% CI t p Cohens d

Classification [Hit] None .79 [.75, .83]
Static .89 [.86, .92] 4.89 #.001! .81
Adaptable .85 [.81, .89] 2.32 .03! .39

Classification [RT] None 25.97 [23.20, 29.65]
Static 17.92 [15.49, 20.36] "4.84 #.001! ".82
Adaptable 21.02 [17.16, 24.88] "2.04 .048! ".33

CPA [Hit–FA] None .32 [.26, .38]
Static .51 [.45, .57] 4.99 #.001! .81
Adaptable .41 [.37, .45] 3.06 .004! .48

CPA [RT] None 20.79 [15.96, 25.61]
Static 21.16 [17.44, 25.08] .14 .89 .03
Adaptable 21.39 [17.80, 24.98] .23 .82 .04

Dive [Hit–FA] None .81 [.76, .86]
Static .76 [.69, .82] "1.48 ".15 ".22
Adaptable .74 [.69, .79] "2.51 .02! ".40

Dive [RT] None 7.76 [6.74, 8.78]
Static 8.41 [7.48, 9.34] 1.10 .28 .18
Adaptable 8.66 [7.75, 9.56] 1.55 .13 .25

NASA TLX None 68.54 [66.10, 70.98]
Static 58.69 [55.63, 61.75] "5.89 #.001! ".94
Adaptable 63.95 [61.39, 66.51] "3.41 .002! ".55

ATWIT None 5.06 [4.86, 5.27]
Static 4.57 [4.40, 4.74] "4.35 #.001! ".68
Adaptable 5.00 [4.82, 5.19] ".47 .64 ".05

SAGAT [Accuracy] None .60 [.57, .64]
Static .55 [.52, .59] "2.15 .04! ".37
Adaptable .57 [.54, .61] "1.27 .21 ".24

Note. The 95% within-subject confidence intervals are presented in parentheses (Morey, 2008). The inferential
statistics present the planned contrasts between the static automation condition and the no automation condition,
and the adaptable automation condition and the no automation condition, for each of the dependent variables.
The degrees of freedom for each planned contrast was 39. CPA ! closest point of approach; RT ! Response
Time in seconds; FA ! False Alarm; NASA TLX ! National Aeronautics and Space Administration Task Load
Index; ATWIT Air Traffic Workload Input Technique; SAGAT ! Situation Awareness Global Assessment
Technique.
! p # .05.
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Figure 4. The task load, the workload measured by Air Traffic Workload Input Technique (ATWIT) in all
three conditions (top plot) and the times during which adaptable automation was used (bottom plot) during
Experiment 2. The number of contacts is shown by the light gray line and rises and falls three times. The
workload was plotted using the same method used in Experiment 1, with a maximum of 1,080 workload points
per automation condition when the 40 participants’ data was combined. The Situation Awareness Global
Assessment Technique (SAGAT) scores were also combined and plotted (dashed lines) as a function of time,
using the loess procedure. The SAGAT freeze times were staggered over the three scenarios and the resulting
combined 18 situation awareness (SA) data points were spaced somewhat regularly over the 27.5 min. There
were 240 SAGAT freezes (40 participants responding to 6 SAGAT freezes per condition). The relatively fewer
data points for SAGAT (compared with ATWIT) meant that the 95% confidence intervals of this function line
overlapped between automation conditions at some points and the SA function lines are only used to demonstrate
the broad SA changes observed. The bottom plot indicates the 30-s blocks during which automation was
activated in the adaptable condition for each participant (a 30-s block is coded green (dark gray) when
automation was used at some point in time during that 30 s, and coded white when automation was not used at
any time during that 30-s time period). See the online article for the color version of this figure.
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(CPA task only). This is likely because participants used automa-
tion more in Experiment 2 than in Experiment 1. However, these
performance improvements, along with moderate reductions in
workload, came at a cost to the dive task.

Trust and automation preferences. There was no difference
in the history-based trust scores between the static automation
(M ! 4.22; 95% CI [3.94, 4.49]) and adaptable automation con-
dition (M ! 4.12, [3.87, 4.37]), t # 1). Of the 38 participants, 25
(63%) preferred static automation, 13 (28%) preferred adaptable
automation, and 2 (5%) preferred no automation.

SA, workload, and task load. Figure 4 illustrates that SA was
negatively related to task load and workload. Increased task load (and
consequent increased subjective workload) may have increased the
cognitive resources required for maintaining SA (Endsley & Kiris,
1995; Wickens, 2008), and SA may then have become recoverable
when task load/workload decreased. Condition did not moderate the
variation in SA as a function of task load/workload.

Experiment 3

In Experiments 1 and 2 we found that a low degree of static
automation improved performance and reduced workload. How-
ever, static automation significantly degraded participant SA in
Experiment 2 (using the SAGAT measure). Adaptable automation
benefited performance and workload, particularly in Experiment 2
when participants used automation more. There was no evidence
of an impact of adaptable automation on SA. However, in Exper-
iment 2, there was a significant 7% decrement in dive task per-
formance in the adaptable automation condition.

In Experiment 3 we replicated our earlier studies using a between-
subjects design with each participant completing three scenarios in the
same automation condition. The rationale for the between-subjects
design was twofold. First, participants may have found it difficult to
switch between different conditions and this may have introduced
considerable noise in the data. Thus, in Experiment 3 we gave par-
ticipants greater exposure to an exclusive type of automation. We
suspected that participants might use adaptable automation more with
extended task and associated adaptable automation exposure, and that
this could further facilitate performance and reduce workload com-
pared with Experiments 1 and 2.

Second, the use of a between-subjects design allowed us to intro-
duce a “once off” automation removal state in which participants
could no longer use automation. It was not viable to insert an auto-
mation removal state into the within-subject designs of Experiment 1
or 2 because research has shown automation complacency induced
effects to be high before the first automation removal but to dissipate
thereafter (Yeh, Merlo, Wickens, & Brandenburg, 2003). A return-
to-manual control impairment would be indicated if, after automation
removal, a dependent measure outcome was significantly poorer for
participants who had previously used automation compared with
those who had never used automation.

The fact that we found only moderate benefits to performance and
workload with adaptable automation could reflect the added effort
required to decide when to engage and disengage the automation,
which might have diverted attentional resources away from task goals
(Bailey et al., 2006). Participants may also have experienced meta-
cognitive difficulties in deciding when to use automation. We added
an adaptive automation condition to Experiment 3, which removed
the need for the participant to decide when to engage/disengage

automation while still limiting automation to periods of high work-
load. We used an adaptive automation trigger based on the number of
contacts on the track management displays (task load). We designed
the automation to be engaged when there were more than five contacts
on the display, and to be disengaged when there were fewer than six
contacts on the display. This effectively meant that adaptive automa-
tion would be provided for approximately half of each scenario (14.5
min out of 27.5 min), roughly equivalent to the duration and onset/
offset times used by participants in the adaptable automation condi-
tion in Experiment 2.

To our knowledge, de Visser and Parasuraman (2011) have
conducted the only study to have examined task-load adaptive
automation triggers, in a supervisory multiple robotic uninhabited
vehicle control task. They reported that adaptive automation re-
duced workload compared with static automation, and improved
SA compared with no automation condition; but they found no
benefits to performance from adaptive automation. However, the
authors suggested that the task was not difficult enough to allow
performance differences to manifest. We expected to avoid per-
formance ceilings in Experiment 3 because robust performance
differences between conditions were found in our earlier experi-
ments, and thus the adaptive automation could benefit performance
compared with no automation.

Method

Participants. Participants were 118 (75 females) under-
graduate psychology students (M ! 22.47 years, SD ! 7.97)
who volunteered to take part in the experiment for course credit.
The participants were assigned randomly to one of four auto-
mation conditions: No automation (N ! 30), static automation
(N ! 30), adaptable automation (N ! 29), and adaptive auto-
mation (N ! 29).

Simulated submarine track management task. The meth-
ods in Experiment 3 were identical to Experiment 2, with three
exceptions. First, the participants were given training exclusive
to their condition. Second, we included an adaptive automation
condition. In this condition, participants started each scenario
with no automation engaged. The automation was then engaged
automatically when task load increased beyond five contacts
and was disengaged when task load decreased below six con-
tacts. As illustrated in Figure 5, this meant the three automation
durations were 4.67 min, 5.00 min, and 4.83 min (a total of 14.5
min). The automation buttons on the tactical display were
redesigned so that all four conditions were present on the
interface (see Figure 2c).

Finally, during the third scenario the automation was unex-
pectedly removed between the first and second task-load peaks,
which was at the 10.58-min point in a 27.5-min scenario. At the
time of automation removal, a message was overlaid on the
tactical display: “Attention. ENEMY SONAR detected. Track
Assist turned off. Manual tracking is required.” The message
was accompanied by an OK button, so that the participant had
to acknowledge the message. In the no automation condition, a
message was overlaid at the same time. This message read:
“Attention, ENEMY SONAR detected. Keep vigilant and con-
tinue to track vessels.” Automation removal did not occur
concurrently with actions required for any task, ATWIT probes
or SAGAT queries. At the point of automation removal, the
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track history for each contact remained visible but ceased
updating. The timing lines on the waterfall display also re-
mained but no longer appeared at the point when a contact
would enter a new classification area.

Measures.
SA. The SAGAT queries and freeze times were identical to

those in Experiment 2. In the adaptive condition, the automation
engaged at least 10 s before a SAGAT freeze (maximum time was
3.83 min) and disengaged at least 20 s before the next SAGAT
freeze (maximum time was 4.33 min). For each scenario, three of
the six SAGAT freezes occurred when automation was disengaged
and three when automation was engaged.

Workload. As in Experiments 1 and 2, workload was mea-
sured by ATWIT every 60 s. In the adaptive condition, automation
was engaged at least 15 s before the next ATWIT probe and
disengaged at least 25 s before the next ATWIT probe. Automation
removal occurred at 10:35 min in the last scenario, which was 15

s before the next ATWIT probe. There were 10 ATWIT probes
before automation removal and 17 ATWIT probes after automa-
tion removal in every scenario. The NASA TLX was given after
each scenario.

Trust. As in Experiments 1 and 2, the trust questionnaire was
presented after each scenario for the automation conditions.

Procedure. The training on Day 1 was identical to that in
Experiment 1 and 2, except that training was exclusive to condi-
tion. On Day 2, each participant completed three scenarios in their
assigned condition. The order of scenarios was counterbalanced.

Results and Discussion

The means and 95% between-subjects confidence intervals for
performance, SA, and subjective workload are presented in Table
5. In Experiment 3 we report between-subject effect sizes. The
data are divided into time that automation was available (routine

Figure 5. A plot of task load, workload and situation awareness for each of the three scenarios for each of the
four automation conditions (top plot), and the times when the automation was used (30s time blocks in the
bottom plot) for each condition in Experiment 3. The number of contacts is shown by the light gray line and rises
and falls three times. The static automation was activated during the entire first two scenarios and part of the third
scenario, and these time periods are coded in blue (light gray) in Figure 5. The adaptive activation times were
2:25 through 7:05, 11:25 through 16:25, and 20:35 through 25:25 min during the 27:30-min scenario, and these
time periods are coded in black in Figure 5. The bottom plot indicates the 30-s blocks during which automation
was activated in the adaptable condition for each participant (a 30-s block is coded green (dark gray) when
automation was used at some point in time during that 30 s, and coded white when automation was not used at
any time during that 30-s time period). The 27 Air Traffic Workload Input Technique workload probes per
scenario for all participants were combined (max of 810 workload points for the no-automation and the static
conditions, and 783 for the adaptable and adaptive conditions), and plotted for each automation condition. The
Situation Awareness Global Assessment Technique (SAGAT) scores were similarly combined (180 SAGAT
data points for the no-automation and the static conditions and 174 SAGAT data points for the adaptable and
adaptive conditions). The workload (solid lines) and SAGAT (dashed lines) were plotted using the same
multivariate smoothing method as used in Experiments 1 and 2 (loess method using stat_smooth in R, $ ! .5).
See the online version of the article for the color version of this figure.
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Table 5
Descriptive Statistics for Performance, Situation Awareness, and Subjective Workload by Condition and State in Experiment 3

Classification CPA Dive SAGAT Rating

Automation Hit RT Hit–FA RT Hit–FA RT Accuracy ATWIT NASA TLX

Routine state

None .82 [.76, .88] 26.23 [22.25, 30.21] .41 [.35, .48] 14.47 [11.28, 17.67] .87 [.84, .90] 6.82 [5.96, 7.68] .62 [.59, .65] 5.25 [4.92, 5.59] 61.91 [57.89, 65.92]
Static .93 [.91, .94] 20.65 [18.75, 22.55] .47 [.40, .55] 21.43 [17.17, 25.69] .79 [.73, .84] 9.09 [8.22, 9.97] .55 [.51, .59] 4.92 [4.49, 5.35] 62.25 [59.43, 65.07]
Adaptable .87 [.83, .91] 22.98 [19.33, 26.63] .42 [.33, .50] 20.77 [16.56, 24.99] .76 [.71, .81] 8.38 [7.41, 9.34] .57 [.53, .61] 5.36 [4.94, 5.78] 59.16 [54.03, 64.28]
Adaptive .87 [.83, .92] 24.10 [20.41, 27.88] .40 [.31, .49] 22.93 [19.30, 26.56] .82 [.76, .87] 9.03 [7.83, 10.22] .56 [.52, .60] 5.19 [4.82, 5.56] 64.78 [60.49, 69.07]

Automation removal state

None .85 [.79, .92] 24.40 [20.00, 28.81] .42 [.33, .51] 11.40 [8.87, 13.94] .93 [.89, .97] 6.10 [5.20, 7.00] .60 [.55, .65] 5.75 [5.36, 6.14] 65.56 [61.44, 69.67]
Static .84 [.79, .90] 24.01 [20.18, 27.84] .31 [.23, .40] 15.37 [11.34, 19.39] .92 [.88, .96] 8.28 [6.65, 9.91] .52 [.49, .56] 5.93 [5.46, 6.41] 68.76 [65.05, 72.47]
Adaptable .78 [.71, .85] 24.20 [20.23, 28.17] .37 [.27, .46] 18.30 [10.82, 25.77] .85 [.78, .91] 7.14 [5.71, 8.56] .54 [.49, .58] 5.96 [5.54, 6.39] 64.88 [59.89, 69.88]
Adaptive .85 [.80, .91] 21.10 [16.20, 25.81] .34 [.23, .44] 15.90 [10.56, 21.25] .91 [.86, .95] 7.68 [6.20, 9.16] .56 [.51, .60] 5.86 [5.33, 6.40] 68.24 [63.24, 73.24]

Note. The 95% between-subject confidence intervals are presented in parentheses. CPA ! Closest Point of Approach; SAGAT ! Situation Awareness Global Assessment Technique; ATWIT Air
Traffic Workload Input Technique; NASA TLX ! National Aeronautics and Space Administration Task Load Index; RT ! Response Time in seconds; FA ! False Alarm.
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tically significant difference in CPA task accuracy between the
static automation condition and the no automation condition for
either the routine state, t(58) ! 1.15, p ! .26, d ! 0.31, or the
removal state, t(58) ! "1.70, p ! .09, d ! "0.46. For CPA task
RT, there was a main effect of condition, with participants making
slower CPA decisions when using static automation compared
with no automation. Overall, the use of static automation did not
significantly improve CPA task accuracy but did significantly
impair CPA task RT. Although there was no statistically signifi-
cant evidence of a return-to-manual deficit for the CPA task, CPA
accuracy was 11% poorer for the static automation condition
compared with the no automation condition after automation was
removed.

For dive task accuracy, there was an interaction. Under the
routine state participants had poorer dive task accuracy when using
static automation compared with no automation, t(58) ! "2.59,
p ! .01, d ! "0.68, but after automation removal there was no
difference in dive accuracy, t # 1. The dive task RT data indicated
a main effect of condition, with participants taking longer to make
correct dive decisions when using static automation compared with
no automation. In summary, there was a significant cost to accu-
racy on the nonautomated dive task by the use of static automation
during routine states, but this cost was eliminated after automation
removal. There was a cost to dive task RT with the use of static
automation during both routine and automation removal states.

Workload. For the ATWIT there was an interaction. The
decrease in workload when using static automation ("6% work-
load) during the routine state reversed during the removal state
(&3%). However, there was no statistical difference in ATWIT
ratings when using static automation compared with no automation
during either routine states, t(58) ! "1.25, p ! .22, d ! "0.32,
or after automation removal (t # 1). The NASA TLX scores of the
first and second routine scenarios were averaged for each partic-
ipant. The NASA TLX score after the third scenario was taken as
the participant’s subjective workload under the automation re-
moval state. There was no main effect of condition and no inter-
action for the NASA TLX. In summary, in contrast to Experiments
1 and 2, we found no evidence of a significant reduction in
subjective workload with the use of static automation. As dis-
cussed later, these results may stem from the change from the
within-subject designs used in Experiment 1 and 2 to the between-
subjects design used in Experiment 3.

SA. For SAGAT accuracy, there was a main effect of condi-
tion, with poorer accuracy of responses to SAGAT queries when
using static automation compared with no automation. Thus, rep-
licating Experiment 2, there was a significant cost to SA with the
use of static automation under routine states, and this cost to SA
did not diminish after automation was removed and participants
resumed manual control.

Table 6
Inferential Statistics for Performance, Situation awareness, and Subjective Workload by Condition and Automation State in
Experiment 3

Static automation vs. No automation
(df ! 1, 58)

Adaptable automation vs. No
automation (df ! 1, 57)

Adaptive automation vs. No
automation (df ! 1, 57)

Dependent variable Effect F p 'p
2 Effect F p 'p

2 Effect F p 'p
2

Classification [Hit] Condition 2.02 .16 .03 Condition .09 .77 .002 Condition .52 .47 .01
State 3.48 .07 .06 State 3.87 .054 .06 State .16 .69 .00
Interaction 15.31 #.001! .21 Interaction 14.88 #.001! .21 Interaction 3.62 .06 .06

Classification [RT] Condition 1.64 .21 .03 Condition .45 .51 .008 Condition .97 .33 .02
State .50 .48 .01 State .07 .79 .001 State 5.63 .02! .09
Interaction 5.72 .02! .09 Interaction 1.85 .18 .03 Interaction .40 .53 .01

CPA [Hit–FA] Condition .20 .66 .003 Condition .88 .35 .02 Condition .72 .40 .01
State 10.91 .002! .16 State .17 .68 .003 State 1.63 .21 .03
Interaction 11.09 .001! .17 Interaction 1.20 .28 .02 Interaction 2.06 .16 .04

CPA [RT] Condition 10.77 .002! .16 Condition 5.74 .02! .09 Condition 11.00 .002! .16
State 6.26 .02! .10 State 2.60 .11 .04 State 8.37 .005! .13
Interaction .67 .42 .01 Interaction .03 .86 .001 Interaction 1.29 .26 .02

Dive [Hit–FA] Condition 3.08 .08 .05 Condition 11.28 #.001! .17 Condition 2.32 .13 .04
State 36.16 #.001! .38 State 16.88 #.001! .23 State 21.99 #.001! .28
Interaction 5.65 .02! .09 Interaction .58 .45 .01 Interaction .88 .35 .02

Dive [RT] Condition 12.25 .001! .17 Condition 4.79 .03! .08 Condition 8.74 .005! .13
State 3.06 .09 .05 State 5.24 .03! .08 State 5.33 .03! .09
Interaction .01 .92 .00 Interaction .37 .55 .01 Interaction .49 .49 .01

NASA TLX Condition .53 .47 .01 Condition .38 .54 .01 Condition .94 .34 .02
State 38.42 #.001! .39 State 10.03 .002! .15 State 14.39 #.001! .20
Interaction 3.04 .09 .05 Interaction .49 .49 .01 Interaction .01 .92 .00

ATWIT Condition .08 .78 .001 Condition .39 .54 .01 Condition .01 .92 .00
State 78.33 #.001! .58 State 41.50 #.001! .42 State 34.88 #.001! .38
Interaction 9.09 .004! .14 Interaction .37 .55 .01 Interaction .76 .39 .01

SAGAT [Accuracy] Condition 9.00 .004! .13 Condition 4.66 .04! .08 Condition 4.48 .04! .07
State 2.98 .09 .05 State 4.76 .03! .08 State .90 .35 .02
Interaction .02 .89 .00 Interaction .37 .55 .01 Interaction .31 .58 .01

Note. RT ! Response Time in seconds; CPA ! Closest Point of Approach; FA ! False Alarms; NASA TLX ! National Aeronautics and Space
Administration Task Load Index; ATWIT Air Traffic Workload Input Technique; SAGAT ! Situation Awareness Global Assessment Technique.
! p # .05.
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Adaptable automation versus no automation. Consistent
with Experiments 1 and 2, and as shown in Figure 5, automation
usage coincided with the task-load peaks (see Figure 5). During the
first scenario participants used 13 min of automation on average
(47% of the available time). In the second scenario participants
used 18.35 min (67%). For the third scenario, participants used
7.49 min of the 10.58 min of automation available (71%).

Task performance. A 2 (condition; no automation, adaptable
automation) % 2 (state; routine, automation removal) mixed
ANOVA on classification accuracy revealed an interaction. The
advantage to classification accuracy with static automation (&5%)
during routine states was reversed during automation removal
states ("7%). However, there was no significant difference in
classification accuracy between the adaptable condition and the no
automation condition for the routine state, t(57) ! 1.31, p ! .20,
d ! 0.34, or after automation removal, t(57) ! "1.48, p ! .14,
d ! "0.38. Although there was no statistically significant evi-
dence of a return-to-manual deficit for the classification task,
classification accuracy was 7% poorer for the adaptable automa-
tion condition compared with the no automation condition after
automation removal. For classification RT, there was no main
effect or interaction.

For CPA task accuracy, there was no main effect of condition or
interaction. CPA task RT showed a main effect of condition, F(1,
57) ! 5.74, p ! .02, 'p

2 ! .09, with participants making slower
CPA decisions when using adaptable automation compared with
no automation.

Overall, in contrast to Experiment 2, adaptable automation did
not significantly improve classification accuracy or RT. Addition-
ally, in contrast to Experiments 1 and 2, adaptable automation did
not improve CPA task accuracy. In addition, adaptable automation
significantly slowed CPA RT, even after participants resumed
manual control.

For dive task accuracy, there was a main effect of condition.
Dive accuracy was poorer for the adaptable automation condition
compared with the no automation condition, replicating Experi-
ment 2. Dive task RT also indicated a main effect of condition.
Participants took longer to make correct dive decisions when using
adaptable automation compared with no automation. In summary,
there was a significant cost to nonautomated dive task accuracy
and RT associated with using adaptable automation during routine
states, and these costs were not reduced after automation was
removed.

Workload. For the ATWIT and the NASA TLX there were no
main effects of condition or interactions.

SA. For SAGAT there was a main effect of condition. SAGAT
accuracy was poorer when participants used adaptable automation
compared with no automation. Thus, in contrast to Experiments 1
and 2, there was a cost to SA arising from adaptable automation
that did not decrease after automation was removed.

Adaptive automation versus no automation.
Task performance. A 2 (condition; no automation, adaptive

automation) % 2 (state; routine, automation removal) mixed
ANOVA on classification accuracy revealed an interaction that
approached significance. For classification RT, there was no main
effect of condition and no interaction.

For CPA accuracy there was no main effect of condition or
interaction. For CPA RT there was a main effect for condition.
Participants were slower at marking CPAs in the adaptive condi-

tion compared with the no automation condition. In summary, the
use of adaptive automation provided no benefit to contact classi-
fication, and significantly slowed CPA RT.

For dive task accuracy, there was no main effect of condition
and no interaction. For dive RT we found a main effect of condi-
tion, with participants taking longer to make dive task decisions in
the adaptive condition compared with the no automation condition.

Workload. For ATWIT and the NASA TLX there were no
main effects or interactions.

SA. For SAGAT there was a main effect of condition, with
SAGAT accuracy poorer for the adaptive automation condition
compared with the no automation condition.

Trust. Trust in automation under routine states was calculated
from the mean of history-based trust scores of the first two sce-
narios (static M ! 4.11; 95% CI [3.99, 4.23]; adaptable M ! 4.07,
95% CI [3.89, 4.26]; adaptive M ! 4.12, 95% CI [3.93, 4.31]).
Trust in automation under the automation removal state was cal-
culated from history-based trust scores of the last scenario in
which automation was removed (static M ! 4.38, 95% CI [4.17,
4.59]; adaptable M ! 4.07, 95% CI [3.91, 4.23]; adaptive M !
4.14, 95% CI [3.90, 4.39]). A 3 (automation condition; static,
adaptable, adaptive) % 2 (automation state; routine, removal)
mixed ANOVA revealed no main effects or interactions (smallest
p ! .22). Trust was likely not impacted because automation
removal in the third scenario was not interpreted by the participant
as a failure of the automation (which might have led participants to
doubt the automation reliability), but rather as a deliberate action
due to a perceived threat to the submarine.

Meta-analysis. Because there was some inconsistency in the
impact of automation on performance, SA, and workload under
routine states across the three experiments, and because Experi-
ment 3 was slightly underpowered, to clarify our findings we
conducted a meta-analysis across the experiments using the pro-
cedures outlined by Cumming (2012). We conducted a meta-
analysis on the difference scores between the static automation and
no automation conditions, and between the adaptable automation
and no automation conditions, for all dependent variables that were
common across the three experiments under the routine state. For
each meta-analysis, the three experiments were weighted accord-
ing to the inverse of the variance of their effect sizes (i.e., a study
with a shorter confidence interval would have larger meta-analytic
weight). We applied the more conservative random effect model
(as opposed to a fixed-effects model) to account for the heteroge-
neity of the three experiments as well as for the variance in the
individual effect sizes. The forest plots showing mean effect sizes
and 95% CI’s (if a CI captures zero, then we cannot say the effect
differs significantly from zero) are presented in Figures 6 and 7
and are summarized and discussed where appropriate in the Gen-
eral Discussion section.

General Discussion

In three experiments, we simulated submarine track manage-
ment to examine the extent to which automation could improve
performance while allowing the operator to maintain SA, maintain
performance on an interrelated nonautomated task, and regain
manual control of automated tasks. To encourage participants to
remain engaged when using static automation, we designed the
automation only to support information acquisition and analysis,
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the DOA boundary at or below which costs to SA and return-to-
manual performance were considered to be less likely (Onnasch et
al., 2014). This DOA still required participants to make task
decisions and execute associated actions. We also examined the
impact of the periodic reallocation of automated tasks to manual
control either through operator triggered automation (adaptable
automation) or task-load triggers (adaptive automation). Partici-
pants performed two tasks that were supported by automation
(classification and CPA), and one task that was not supported by

automation (dive) but required integration of the same raw infor-
mation as the tasks supported by automation.

The Benefits and Costs of Using Static Automation

The meta-analyses (see Figure 6) indicate that the low degree of
static automation provided consistent benefits to classification task
accuracy, classification task RT, and CPA task accuracy. How-
ever, as shown in Figure 6, the use of static automation slowed
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-0.2 -0.1 0 0.1 0.2 0.3

Static Auto: SAGAT Accuracy Difference Score

Figure 6. Meta-analysis results for the static automation condition. The gray dots represent the mean
differences between the static automation condition and the no automation condition in Experiments 1, 2, and
3 (presented in that order), and the black squares represent the meta-analysis data point. 95% confidence intervals
are presented. Note that for Situation Awareness Global Assessment Technique accuracy the gray dots represent
Experiment 2 and 3.
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Adaptable Auto: CPA HIT-FA Rate Difference Score
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Adaptable Auto: Classification Accuracy Difference Score
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Adaptable Auto: Dive Hit-FA Rate Difference Score
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Adaptable Auto: Classification RT Difference Score
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Adaptable Auto: CPA RT Difference Score
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Figure 7. Meta-analysis results for the adaptable automation condition. The gray dots represent the mean
differences between the adaptable automation condition and the no automation condition in Experiments 1, 2,
and 3 (presented in that order), and the black squares represent the meta-analysis data point. 95% confidence
intervals are presented. Note that for Situation Awareness Global Assessment Technique accuracy the gray dots
represent Experiment 2 and 3.
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CPA task RT under routine conditions. This means that partici-
pants took longer to mark a CPA when using static automation
compared with no automation. This speed–accuracy trade-off in
CPA performance for the static automation condition might reflect
the need, or strategic shift, to retrospectively assess the contact
track history to make CPA decisions instead of continually mon-
itoring for CPAs. This strategy was viable because if the CPA was
missed the participant could always return later to mark it on the
waterfall display by looking at the track history to find when the
contact changed course away from Ownship. When automation
was removed in the last scenario of Experiment 3, benefits to the
classification and CPA task were eliminated, but we did not find
statistically significant return-to-manual deficits.

The meta-analyses (see Figure 6) indicate that the use of static
automation was effective in reducing participant’s ratings of work-
load on the ATWIT and NASA-TLX. However, there was con-
siderable variability in the extent of this reduction across experi-
ments. In Experiments 1 and 2, with the use of the within-subject
design, static automation reduced subjective workload, and was
the type of automation preferred by participants. However, as
shown in Figure 6, static automation provided no benefit to sub-
jective workload in Experiment 3 when the between-subjects de-
sign was used (particularly for the NASA-TLX). As indicated in
Figure 7, this pattern of subjective workload results across exper-
iments also occurred for the adaptable automation condition when
compared with no automation.

The subjective workload data highlight the importance, when
interpreting findings, of considering the experimental design that
was used. Evidence in the literature suggests that perceptions of
mental workload reflect individuals’ metacognitive judgments re-
garding the availability of task relevant information in working
memory (Estes, 2015; Yeh & Wickens, 1988). Participants in
Experiments 1 and 2 were able to compare the workload changes
that they were experiencing across the different within-subject
conditions. Of course, such comparisons were not possible for
participants in the between-subjects design in Experiment 3, who
were exposed exclusively to one type of condition. We believe that
a within-subject design is more ecologically valid in the current
context (see Greenwald, 1976) because experts working in com-
plex systems, such as submarine track management and air traffic
control, often transition between different working conditions,
which includes changes in automation availability or suitability for
different tasks as a function of the operational context in which
tasks are embedded. Within-subject designs also provide statistical
efficiency by removing subject variance from error terms used to
test treatment effects. A drawback is that within-subject designs
can be impacted by practice and asymmetric transfer (Poulton,
1982), and these possibilities need to be evaluated (although note
that we found no evidence for order effects in the current studies).

Overall, the results demonstrate that static automation that pro-
vides support to information acquisition and analysis (lower level
DOA) can deliver workload and performance benefits. However,
costs were also clearly apparent. The meta-analyses (see Figure 6)
indicate that the use of static automation resulted in costs to SA
and accuracy on the interdependent nonautomated dive task. In
addition, participants were not able to regain SA after they re-
turned to manual control in Experiment 3. The absence of a SA
deficit with the use of static automation in Experiment 1 is likely

because of the use of SPAM, which has been shown to be less
sensitive than SAGAT for measuring SA in simulated submarine
track management (Loft, Bowden, et al., 2015). It is likely that
SAGAT is more sensitive because it measures the consciously
reportable knowledge being held working memory.

As shown in Figure 6, the meta-analyses indicate that dive task
decisions were less accurate, and slower, with the use of static
automation compared with no automation. This pattern was repli-
cated in the adaptable condition (see Figure 6), and partly repli-
cated (slowed RT only) for the adaptive condition in Experiment 3.
It would have been reasonable to predict that the observed reduc-
tion in subjective workload from the provision of static automation
would provide participants with the spare cognitive capacity to
better manage the nonautomated dive task (e.g., Loft et al., 2013;
Rovira et al., 2007). However, in our study, the raw information
required for the dive task (assessing the relative location and
heading of contacts to each other and to Ownship) overlapped with
the information required to complete the classification and CPA
tasks. When the classification and CPA tasks were automated,
participants presumably did not monitor contact location and head-
ing as closely as they would have without automation (Parasura-
man & Manzey, 2010; Wickens et al., 2015). It is likely that this
diminished attention to contact location and heading impaired
participants’ performance on the interdependent nonautomated
dive task. To directly test this explanation, future researchers could
manipulate whether the nonautomated task shares information
processing requirements with automated tasks (as was the case in
the current study) or has information processing requirements that
are independent of automated tasks. We would expect to find that
performance on an independent non automated task would be the
same or better for those participants that use automation, compared
with those that use no automation. This is because, at least for
static automation, we observed consistent reductions in workload,
indicating that static automation provided participants with spare
cognitive capacity.

In conclusion, we expected that because the static automation
functioned below the critical information-processing boundary
(Onnasch et al., 2014), it would be less likely to result in costs to
SA and nonautomated task performance. This was clearly not the
case. Although static automation benefited performance and work-
load, participant SA was diminished and performance on nonau-
tomated task performance was degraded. These findings support
the more general view that static automation may not be optimal
for dynamic task environments, regardless of the level or infor-
mation processing stage at which it is implemented (e.g., Kaber &
Riley, 1999; Parasuraman, Cosenzo, & De Visser, 2009).

The Benefits and Costs of Using
Adaptable Automation

To our knowledge, this is the first study to have directly com-
pared adaptable to no automation conditions, and is the first to
have measured the costs of adaptable automation on SA, return-
to-manual performance, and performance on an interdependent
nonautomated task. We found that adaptable automation was more
likely to be engaged when task load and associated subjective
workload increased, and disengaged when demands receded, dem-
onstrating that participants could strategically control their auto-
mation usage. Originally, we had some concerns that participants
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might overuse automation, but this was clearly not the case. In fact,
in Experiments 2 and 3 in which no automation time limits were
imposed, participants only used automation for about half the
scenario time.

The meta-analyses (see Figure 7) indicate that the use of adapt-
able automation provided some benefits to performance, improv-
ing classification accuracy and CPA accuracy, and marginally
improving classification RT. There were also marginal reductions
to subjective workload as a result of using adaptable automation.
However, as shown in Figure 7, we also found reliable costs
associated with adaptable automation. Both accuracy and RT on
the dive task were degraded with the use of adaptable automation.
Furthermore, unlike the static automation condition, where dive
task performance recovered when participants resumed manual
control of the classification and CPA task, dive task performance
remained impaired after automation removal. In addition, there
were costs to SA as a result of using adaptable automation. Thus,
our expectation that the process of deciding when to use automa-
tion would help participants maintain SA was clearly off the mark.
Overall, not only did we find that adaptable automation provided
only modest improvements to performance and workload, we also
found that it produced substantial costs to SA and to nonautomated
task performance.

There are several potential explanations for these poor outcomes
of adaptable automation. There may have been a cognitive load
associated with the ongoing process of deciding when to engage
and disengage automation (Bailey et al., 2006; Harris, Hancock, &
Arthur, 1993; Kidwell et al., 2012), which might have been re-
garded by participants as an “extra task.” In line with this, partic-
ipants in Experiment 1 and 2 reported that they preferred using
static automation to adaptable automation. Participants may also
have taken some time to recover SA and the associated control of
tasks each time they disengaged automation because they needed
to switch attention to additional sources of display information
(task switching effects; Rogers & Monsell, 1995). Finally, partic-
ipants may not have been able to monitor their task demands or
performance effectively to accurately assess the need for automa-
tion (Flavell, 1979; Osman, 2010). In summary, we found little
support for our contention that the human operator might be best
placed to engage and disengage automation.

The Costs of Using Adaptive Automation

In Experiment 3, there were no benefits to performance or
workload from using adaptive automation that was engaged and
disengaged based on task load. In fact, CPA decisions were slower
with adaptive automation, without any corresponding improve-
ment in CPA task accuracy. Furthermore, there were costs to using
adaptive automation. Participants were less accurate and slower to
make dive task decisions, and SA was degraded, during both
routine states and after automation removal. In sum, the use of
adaptive automation was costly, with no concurrent benefits. We
did not, however, observe any significant return-to-manual defi-
cits. Overall these results are inconsistent with those reported by de
Visser and Parasuraman (2011), who found adaptive automation
reduced workload and improved SA. However, note that de Visser
and Parasuraman measured subjective SA, rather than using an
objective SA measure, and only found a reduction in workload
when the adaptive condition was compared with static automation.

Similar to adaptable automation, there may have been a recov-
ery time cost each time automation was disengaged. If so, unlike
adaptable automation, this would have been further compounded
by the fact that participants were provided with no warning that
automation was about to be disengaged. More generally, if adap-
tive automation was perceived by participants to have engaged or
disengaged at inopportune times, this might have created ‘auto-
mation surprises’ (Sarter, Woods, & Billings, 1997), and partici-
pants might have used additional cognitive resources to evaluate
how the introduction of automation could impact their assessment
of the tactical picture (e.g., looking to see if the timing lines and
track history matched their own expectations). As a result, the
participants’ workflow in developing and maintaining a mental
model of the situation may have been interrupted, leading to
temporary disorientation. A further potential drawback of adaptive
automation is that it may reduce the extent of operator engagement
in the scenario because they were not deciding when to use
automation. It will be important for future research to examine
how variations in display design can potentially mitigate potential
automation engagement reorientation costs or increase operator
engagement (Ballas, Heitmeyer, & Perez, 1992; Kieras, Meyer, &
Ballas, 2001). Finally, another potential issue is that the contact
count at which we engaged and disengaged automation may not
have been optimal.

Practical Implications

Technological innovation and its potential economic benefits
mean that humans will continue to deal with ever more highly
automated systems. A key challenge concerns how to design
automation technology to handle increasingly complex informa-
tion, while ensuring that key information is translated and com-
municated to human decision makers in a manner that allows them
to maintain SA and take control over automated tasks if required
(Hancock et al., 2013). Successfully addressing this challenge is a
current priority for defense departments around the world as part
of their attempts to design new information handling systems or to
evaluate off-the-shelf automation technologies for military com-
mand and control systems (Endsley, 2015). Although the current
studies used simulations of submarine track management, these
issues, and the outcomes of the current work, are also potentially
relevant to any work contexts that require humans to monitor
demanding perceptual displays, such as air traffic control and
unmanned vehicle control.

On the basis of the results of the meta-analysis presented by
Onnasch et al. (2014), we used a relatively low DOA that ensured
that the operator still made task decisions. The results indicate that
a relatively low degree of reliable static automation can consis-
tently improve performance and reduce subjective workload. How-
ever, we found that static automation also degraded participant SA.
This is a problem because SA represents the quality of an opera-
tor’s understanding of the task and his or her ability to anticipate
the future consequences of task events or their own actions, and
SA is a reliable indicator of the capacity of operators to respond to
sudden increases in workload/unexpected task events, or to regain
manual control of previously automated tasks (Vu & Chiappe,
2015).

Indeed, in industrial settings, automating tasks can improve
operator and system performance, but accidents have occurred
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because operators have not been adequately prepared to regain
manual control. In addition, the current dive task data suggest that
because of the loss of SA, operators in complex work systems may
find it difficult to maintain adequate performance on nonauto-
mated tasks that share information processing requirements with
currently automated tasks. Thus, whether the reduced workload
from automation will allow the operator to more effectively man-
age other nonautomated tasks depends on the nature of that non-
automated task. The implications for automation design are clear.
Designers should consider task information overlaps across all
subtasks of an information management role, to avoid unintention-
ally inducing operator complacency for nonautomated tasks.

Although the concept (and promise) of adaptable and adaptive
automation has a long history (Rouse, 1988), empirical evidence
regarding the effectiveness of adaptable and adaptive automation
is limited. Few industries have implemented adaptable or adaptive
automation. A large part of the reason for this is that such auto-
mation is expensive to design and implement. For industry to
seriously consider adaptable and adaptive automation as an alter-
native to static automation, there needs to be a systematic demon-
stration that adaptable or adaptive automation can maximize per-
formance (and minimize workload), while ensuring that operators
maintain sufficient SA to regain manual control when compared
with conditions were no automation is being used. We failed to
find evidence for these evaluation criteria in our current simula-
tions of submarine track management using either adaptable or
adaptive automation. Of course, there are alternative triggers po-
tentially suited to a submarine control room, such as operator
performance (e.g., Calhoun et al., 2011), secondary task workload
(Kaber & Riley, 1999), or operator physiology (Wilson & Russell,
2007). We also suspect that the schedule for engaging and disen-
gaging automation is most likely to be optimal if it takes into
account how moment-to-moment fluctuations in task load/work-
load relate to variation in performance within-individuals (Mracek,
Arsenault, Day, Hardy, III, & Terry, 2014; Wilson & Russell,
2007). Nevertheless, the current data indicate that allowing the
operator to decide when to engage and disengage automation, or
triggering automation based on task-load, are not likely to produce
sound outcomes.

The design of our submarine track management simulation was
informed by observations of real submarine combat systems and
by expert submariner opinion. Thus, our experiments have external
validity (psychological fidelity) because they represent a prototyp-
ical example of a work context that requires operators to monitor
demanding perceptual displays. The importance of using represen-
tative experimental contexts has long been advocated by the eco-
logical rationality approach to psychology (Brunswick, 1943; Si-
mon, 1956). Nonetheless, we certainly do not dispute the potential
problems in generalizing from relatively inexperienced partici-
pants to field operations involving experienced operators. There
are undoubtedly differences in domain-specific cognitive skill, and
in motivation, between experts and students. The expert is also
likely to be part of an established team within which communica-
tion might provide additional informational cues.

That said, there is also evidence that our results with inexperi-
enced participants can validly inform practical issues in opera-
tional contexts. In a recent study assessing SA and performance,
we found reasonably consistent results across student participants
using the current simulated track management task and follow-up

studies with expert submariners using real submarine combat
systems (Loft et al., 2016). Further, the meta-analysis conducted
by Onnasch et al. (2014) found that the benefits and costs of
automation were not moderated by experience; that is, the auto-
mation use benefit/costs trade-off was just as statistically likely to
occur for experts as it was for more naïve participants. On this
basis, it would be reasonable to expect to find similar effects of
automation on the performance, workload, and SA of experts as
those that have been reported in the current study. These points
notwithstanding, it will be crucial for future research to continue to
examine potential expert-novice differences in real military and
industrial settings so that we can develop a further understanding
how experts and novices differ (or not) in the deployment of
attention and/or in their use of strategy in approaching tasks that
include different types of automation.

In conclusion, the design of automation for supporting perfor-
mance in complex dynamic work systems is a diverse and chal-
lenging problem. It is essential that designs of these automation
tools be based on a thorough analysis of human cognition and
decision-making processes. Clearly, further basic strategic re-
search is urgently required to discover how best to adapt automa-
tion to keep human operators more cognitively engaged with their
tasks.
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CHAPTER 4  
 
 
 
The influence of individual differences in a submarine track 
manager simulation: a comparison between static, adaptable 
and adaptive automation. 
	
4.1 INTRODUCTION 

Matching the degree and type of automation assistance to required workload of a task 

has been shown to improve performance (Parasuraman, Mouloua, & Hilburn, 1998; Saqer & 

Parasuraman, 2014), however if the automation is mismatched the performance benefits are 

eliminated (Saqer & Parasuraman, 2014; Wiener, 1988). Poor timing of automation 

invocation has been suggested as a reason for the absence of adaptive automation benefit. 

Customising automation to the state of the individual can reduce the probability of a 

mismatch (e.g. Wilson & Russell, 2007). Although successful customization of automation 

might mean invoking automation based on stable traits of the operator, little research has 

been done in this area (Saqer & Parasuraman, 2014). Considering individual differences in 

the design of adaptive automation is the next step in developing optimal adaptive automation, 

which is not based on group performance or ‘average’ means or modelling, but rather based 

on the individual. This chapter seeks to explore the individual-difference variables found to 

be most influential in human-machine systems via their impact on performance, SA, 

workload, and automation use in the submarine track management task. 
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The primary aims of this chapter are to examine (1) the extent to which individual 

differences (trust, WMC and task experience) could predict workload, SA and performance 

in the submarine track management task, (2) whether the predictive value of these individual-

difference variables might differ according to the type of automation being used, and (3) 

whether individual differences could predict the times adaptable automation was engaged or 

disengaged (automation timing). The data from all three experiments of the current PhD 

project reported in the previous chapter are analysed in this chapter to answer these research 

questions.  

Working memory capacity. WMC is among the best predictors of performance for a 

variety of cognitive activities (Lewandowsky et al., 2010) including multitasking ability. 

Tracking and managing multiple objects, such as in air traffic management, remote air and 

ground vehicle control, and submarine track management, are work environments where 

WMC might be expected to predict performance. The visually rich interfaces commonly 

associated with such work environments (e.g. many objects and information presented 

concurrently), require operators to hold an object’s location and relative movement 

information whilst tracking other objects. With these types of demands, it is the operators’ 

working memory and their spatial manipulation ability in particular, which has been found to 

be most predictive of performance. In a study of team performance in the supervisory control 

of unmanned air vehicles by McKendrick et al. (2014), both an operation span and spatial 

span working memory tasks were used to measure WMC. The latter was found to be a 

predictor of team performance. Morgan et al. (2013) found both working memory (measured 

using a comprehension span task), and spatial ability (measured by a mental rotation task) 

correlated significantly with flight simulator performance. 
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The use of a single task to measure WMC may provide a measure of the variance more 

associated with a particular task than the intended construct, which is commonly assumed to 

be general WMC (Lewandowsky et al., 2010). The use of a number of WMC tasks, which 

differ enough to provide a heterogeneous set of measures of WMC, could provide a more 

appropriate tool for work environments with differing tasks. As previously outlined in 

Chapter 2, in the current PhD studies a battery of four working memory tasks developed by 

Lewandowsky et al. (2010) was used to identify any task-specific variance. The four tasks 

included a sentence-span (SS) task, an operation-span (OS) task, a spatial short-term memory 

task (SSTM), and a memory-updating (MU) task. A factor analytic approach to WMC was 

adopted to provide a composite WMC score from these four tasks. 

Individuals with higher WMC were expected to have the capacity to actively represent 

and recall more contact information (such as classification, location, movement), and attend 

more closely to some contacts and their positions relative to other contacts. Accordingly, 

participants with higher WMC were expected to perform more accurately and faster on the 

simulated submarine track management task (Hypothesis 1). 

It was unclear how the type of automation provided might moderate the expected 

association between WMC and performance, but it was expected that any advantage that a 

higher WMC might offer might be lost with more automation use (automation might be more 

helpful to those with lower WMC, effectively acting as a ‘leveller’ between participants with 

different levels of WMC). Therefore, the association between WMC and performance was 

expected to be greatest in the no automation condition, and weakest in the static condition, 

during which automation was continuously engaged (Hypothesis 2). 

The influence of WMC on workload in the adaptable condition was of particular interest 

as workload in this condition was found to be no different from the no automation condition 

(as measured by ATWIT) in all three earlier experiments (see Chapter 4). This may have 
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been due to the effort needed to manage the automation, which could be mitigated by higher 

WMC. It was unclear how WMC might influence workload, however it is possible that high 

WMC might manifest in less use of automation by participants. That is, less frequent or later 

engagement or earlier disengagement of the adaptable automation (Hypothesis 3). 

Trust. Trust is generally considered a major factor in influencing automation use 

(Parasuraman et al., 2008) and there have been a number of studies which have shown this 

association (e.g. Dzindolet et al., 2003; Lee & Moray, 1992; Merritt & Ilgen, 2008). Trust in 

machines is also likely to change as a person interacts with it, much like trust can evolve 

between two people as their interactions increase (Merritt & Ilgen, 2008), and this differs 

from the type of trust which may be more of a stable personality characteristic based on early 

trust-related experiences. The terminology used by Merritt and Ilgen (2008) was adopted here 

and refers to these two types of trust as ‘history-based trust’, and ‘propensity to trust’ 

respectively. Both forms of trust have been shown to be important in predicting human 

interaction with automation (Merritt & Ilgen, 2008). Trust is also dependent upon automation 

reliability, and subsequently influences how automation is used (Chen & Barnes, 2012; 

Dzindolet, Pierce, Beck, & Dawe, 2002; Neyedli, Hollands, & Jamieson, 2011). During the 

experiments, no reference was made to the reliability of the automation and participants were 

allowed to assume it was 100% reliable, which it was (in Experiment 3 automation was 

‘turned off’ due to operational reasons, due to enemy sonar detected, not because of any 

question of its reliability). The term ‘failure’ was never mentioned in the experiment. 

The impact of history-based trust during the submarine track management simulation 

was reported in Chapter 4. History-based trust correlated with automation engagement in 

Experiments 1 and 2 (the higher the history-based trust the more automation was used in the 

adaptable condition). In this chapter, the focus is upon the propensity to trust measure and 

how this might influence automation use and performance under differing automation 
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conditions. As propensity to trust has been found to increase prediction of automation 

engagement decisions (Merritt & Ilgen, 2008), a relationship was expected between 

propensity to trust and automation use (Hypothesis 4). 

Personality. Personality traits have been found to predict differential responses to 

automation. Neuroticism/emotional stability has been found to be related to poorer 

performance in a threat detection task using simulated unmanned vehicles when automation 

was unreliable (Szalma & Taylor, 2011). Neuroticism has also been shown to be associated 

with greater levels of distress and worry (Szalma & Taylor, 2011). Extraversion has been 

found to be a determinant in the level of automation chosen in an adaptable automation 

condition in a study of supervisory control of multiple unmanned vehicles (Kidwell et al., 

2012). Extraversion is also positively associated with propensity to trust machines and 

therefore can increase automation use (Merritt & Ilgen, 2008). Given these findings, a greater 

use of automation might be expected by more extraverted operators (because of their greater 

trust in automation – Hypothesis 5) and neurotic operators (so to reduce their elevated 

workload and stress - Hypothesis 6). 

Spatial ability. Greater spatial ability has been associated with superior performance 

in some visual display domains and this has been attributed to more effective visual scanning 

and target detection (Chen & Barnes, 2012). A positive association between high spatial 

ability and performance was expected (Hypothesis 6). 

Video gaming experience. The link between video gaming experience and tasks that 

required visuo-spatial selective attention has been demonstrated (e.g. Chen & Barnes, 2012; 

Hubert-Wallander et al., 2010). Consequently, an association between average video gaming 

hours and task performance was expected, however how this would impact on automation 

use was not clear. 



Chapter	4	Individual	Differences		
	
	
	

	

132	

4.2 METHOD 

4.2.1 Participants 

Data was collapsed across the three experiments presented in Chapter 3 to examine 

individual differences. Experiment 1 had 38 participants (15 females) first year psychology 

students (M =19.68 years, SD=3.56). Experiment 2 had 43 first year psychology student 

participants (21 female) (M = 20.71 years, SD=5.95). For Experiments 1 and 2 each 

participant was tested under the three automation conditions (within-subjects design). The 

total participants for Experiment 3 were 118 (75 females) first and second year psychology 

students (M = 22.47 years, SD = 7.97). In Experiment 3 participants were randomly assigned 

to one of four automation conditions (between-subjects design): Static automation (N = 30), 

adaptable automation (N = 29), adaptive automation (N = 29), and a control condition (N = 

30, no automation). The participants in all three experiments volunteered to take part for 

course credit. 

4.2.2 Measures 

Four types of individual-difference assessments of the participants were applied prior 

to the submarine simulation training in each of the three experiments: WMC (memory 

updating, sentence span, operation span and spatial short-term memory), personality, spatial 

awareness, and propensity to trust. The participants were also asked the average number of 

hours a week they spend playing video games. History-based trust was measured after each 

scenario. 

Working memory capacity. 

It is important to distinguish between working memory and WMC. Working memory 

is typically described as “the system responsible for active maintenance and manipulation of 

information over brief time periods” (McCabe, Roediger III, McDaniel, Balota, & Hambrick, 

2010, p4). Verbal, spatial and cognitive factors contribute to working memory, however 
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psychometric research has established a general factor that accounts for a large proportion of 

the variance across these measures (Lewandowsky et al., 2010). The influential multiple 

component model of working memory divides the working memory system into modality-

specific buffers, the phonological loop and visuospatial sketchpad (Baddeley & Hitch, 1974), 

with the central executive controlling the working memory processes, including directing 

attention, maintaining task goals, and decision making (McCabe et al., 2010).  

WMC is conceptualised as the efficiency of the central executive (McCabe et al., 

2010) (i.e. how well the multiple cognitive functions are coordinated) and is invariably used 

to operationalise the working memory system in individual differences studies. WMC is most 

often measured using a complex span paradigm, which typically requires participants to 

remember a set of items in order of presentation whilst undertaking a secondary task 

(Lewandowsky et al., 2010). Any such task-specific measure of working memory is often 

assumed to represent a measure of the general factor, which it may not. 

To reduce the contribution of task specific variance Lewandowsky et al. (2010) 

developed a battery of four different tasks to measure WMC. These four 10-minute tasks 

were used for this study. Specifically, these were: 

1. A memory updating task (MU): (Oberauer et al., 2000) which requires participants to 

recall digits, apply arithmetic operations, and recall the answer after a number of 

updates. 

2. Operation span task (OS): Participants were required participants to judge the 

correctness of an arithmetic equation (e.g. 2 + 4 = 6) whilst memorising consonants 

for later recall. 

3. Sentence span task (SS): Participants are required to determine the meaningfulness of 

sentences whilst memorising consonants for later recall. 
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4. Spatial short-term memory task (SSTM): Participants observed the placement of dots 

upon a grid, and have to reproduce the location of the dots and the order in which they 

appeared upon a subsequent empty grid.	

Lewandowsky et al. (2010) gave three reasons why these four measures were 

chosen: (1) they have shown strong correlations with new WMC measures (Oberauer, Suss, 

Wilhelm, & Wittman, 2003) and they had high loadings on WMC factors (Oberauer, 2005; 

Oberauer et al., 2000), (2) they showed strong correlations with reasoning ability and general 

intelligence, and (3) as a group they represented both verbal and spatial content domains, and 

both “storage in the context of processing”, and “relational integration functions”. 

Lewandowsky et al. validated the battery in three experiments. In all cases the four 

tasks loaded on to a single latent variable (with a pairwise correlation between the two span 

tasks). The composite reliability coefficient for the resulting model for each of the three 

experiments were .56, .70, and .79. They concluded that this battery was an effective way to 

assess WMC, and recommended using it to assess the general construct of working memory.  

The four tasks used to measure WMC were implemented using MATLAB functions 

as described by Lewandowsky et al. (2010). The program required the Psychophysics toolbox 

(Brainard, 1997), which is freely available (http://psychtoolbox.org/). 

Personality.  

Personality was measured using items from the International Personality Item Pool 

(IPIP), which is a public-domain personality measurement resource intended to provide 

“rapid access to measures of individual differences” (Goldberg et al., 2006; Goldberg & 

Saucier). The questionnaire assesses the ‘Big-Five 5 Broad Domains’: Extraversion, 

Agreeableness, Conscientiousness, Emotional Stability, and Intellect. There were 10 items 

for each domain. The items used were taken from the 50-item Sample Questionnaire as 
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reported by (Goldberg, 1992). The advantage of this test compared with other popular 

personality inventories such as the NEO PI-R/FFI (Costa and McCrae, 1992) is that it is 

readily available. This allows it to be easily refined and improve. The test is also free and has 

no proprietary restrictions such as number of copies allowed, and time limit of application 

(Goldberg, 1999; Gow, Whiteman, Pattie, & Deary, 2005). 

The scales also related well with dimensions measured by the NIO-FFI (r = 0.69 to -

0.83, p < .01), and agreeableness and intellect also correlated (r = 0.49 and 0.59 respectively, 

p < 0.01).  The tool also had a good internal consistency (Cronbach’s alphas found were 0.87, 

0.72, 0.80, 0.85, 0.77 for Extraversion, Agreeableness, Conscientiousness, Emotional 

stability, and Intellect respectively) (Gow et al., 2005). 

The questionnaire was developed into an electronic format which the participants 

could complete on the laboratory computer. The IPIP items are given in Figure 4-1. 
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   ITEM FACTOR 

1. Am the life of the party.  Extraversion 
2. Feel little concern for others. Agreeableness* 
3. Am always prepared. Conscientiousness 
4. Get stressed out easily. Emotional Stability 
5. Have a rich vocabulary. Intellect/Imagination 
6. Don't talk a lot. Extraversion* 
7. Am interested in people. Agreeableness 
8. Leave my belongings around. Conscientiousness* 
9. Am relaxed most of the time. Emotional Stability 
10. Have difficulty understanding abstract ideas. Intellect/Imagination* 
11. Feel comfortable around people. Extraversion 
12. Insult people. Agreeableness* 
13. Pay attention to details. Conscientiousness 
14. Worry about things. Emotional Stability* 
15. Have a vivid imagination. Intellect/Imagination 
16. Keep in the background. Extraversion* 
17. Sympathize with others' feelings. Agreeableness 
18. Make a mess of things. Conscientiousness* 
19. Seldom feel blue. Emotional Stability 
20. Am not interested in abstract ideas. Intellect/Imagination* 
21. Start conversations. Extraversion 
22. Am not interested in other people's problems. Agreeableness* 
23. Get chores done right away. Conscientiousness 
24. Am easily disturbed. Emotional Stability* 
25. Have excellent ideas. Intellect/Imagination 
26. Have little to say. Extraversion* 
27. Have a soft heart. Agreeableness 
28. Often forget to put things back in their proper place. Conscientiousness* 
29. Get upset easily. Emotional Stability* 
30. Do not have a good imagination. Intellect/Imagination* 
31. Talk to a lot of different people at parties. Extraversion 
32. Am not really interested in others. Agreeableness* 
33. Like order. Conscientiousness 
34. Change my mood a lot. Emotional Stability* 
35. Am quick to understand things. Intellect/Imagination 
36. Don't like to draw attention to myself. Extraversion* 
37. Take time out for others. Agreeableness 
38. Shirk my duties. Conscientiousness* 
39. Have frequent mood swings. Emotional Stability* 
40. Use difficult words. Intellect/Imagination 
41. Don't mind being the centre of attention. Extraversion 
42. Feel others' emotions. Agreeableness 
43. Follow a schedule. Conscientiousness 
44. Get irritated easily. Emotional Stability* 
45. Spend time reflecting on things. Intellect/Imagination 
46. Am quiet around strangers. Extraversion* 
47. Make people feel at ease. Agreeableness 
48. Am exacting in my work. Conscientiousness 
49. Often feel blue. Emotional Stability* 
50. Am full of ideas. Intellect/Imagination 
* scored in reverse 
 
Figure 4-1 The 50 Personality items 
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Propensity to trust and experience 

Propensity to trust (Merrit & Ilgen, 2008) was measured using six items. Participants 

responded via a 5-point Likert scale (strongly agree to strongly disagree). The questionnaire 

items were developed by (Merritt et al., 2012). The scale internal consistency alpha was 0.87. 

The questionnaire was developed into an electronic questionnaire. A screen shot of 

the questionnaire presented to participants is given in Figure 4-2. 

 

 

Figure 4-2 The propensity to trust questionnaire 

(Adapted from Merrit et al., 2012). 
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Experience was measured with two items that queried participant familiarity with 

tracking objects remotely and more specifically, their experience with submarine track 

management. As video gaming has been associated with proficiency with visually based tasks 

(Hambrick et al., 2010), the number of gaming hours per week was also queried. The purpose 

of the experience items was twofold. First, they were used to determine the possible influence 

of experience on track management performance. Second, it was essential to ensure, however 

unlikely, that the participant sample did not contain any experienced submarine track 

managers. The trust and experience items are provided in Figure 4-3. 

	

 

Figure 4-3 The experience questionnaire 

(Adapted from Merrit et al., 2012). 
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Spatial ability. 

Spatial orientation (the ability to mentally rotate observed objects) was measured 

rather than spatial visualisation (ability to manipulate objects into other configurations) 

because spatial orientation has been found to predict performance with computer tasks, 

particularly if the participant had to navigate through various visual steps to complete the 

tasks, whilst spatial visualisation has not (Pak, Rogers, & Fisk, 2006). 

Spatial orientation was measured using the Educational Testing Service (ETS) Cube 

Comparison test, r = .77 (Ekstrom, French, Harman, & Dermen, 1976). This test has been 

widely used to measure spatial ability (Lee & Shin, 2012). The Cube Comparison test asks 

participant to mentally manipulate cubes to decide if a pair of cubes are identical. Examples 

of the task and instructions are given in Figure 4-4. 

 

 

 

Figure 4-4. Cube comparison test 

This example taken from the examples provided in the questionnaire instructions (Ekstrom, French, 
Harman, & Dermen, 1976). Participants are asked to determine whether the cube pair is the same (S) 
or different (D). 
 
 
 

The test is given in two parts, each with 21 pairs. Participants are given three minutes 

to complete each part. The final score is the number marked correctly minus the number 

marked incorrectly. 
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4.2.3 Procedure 

Measuring automation-use behaviour. During the adaptable condition (in all three 

experiments), each time automation was engaged or disengaged, the previous subjective 

workload rating and the number of contacts on the display was recorded. The total time 

automation used was also measured for each participant. The extent to which the individual-

difference measures predicted these values were calculated using simple linear regression.  

Data. There were three sets of individual-difference data corresponding to the three 

experiments. For Experiments 1 and 2 there was one set of individual differences data per 

participant and three sets of dependent variables (workload, SA, and performance) data per 

participant, one for each automation condition. The individual differences data could 

therefore be associated with three different workload, SA, and performance data sets 

(abbreviated to WSP) making it clustered data. For Experiment 3 each participant completed 

all three scenarios under the one automation condition so the individual-differences data was 

only associated with one set of WSP data. 

Analysis: As Experiments 1 and 2 were within-subject designs, and Experiment 3 a 

between-subjects design, the analysis required to test the hypotheses differed. 

To simplify the analysis of the large number of possible relationships between 

individual differences and WSP, correlations were used to identify which individual 

differences were potential sources of variance in WSP. Those with significant correlations 

were further examined using simple linear regression to establish predictive value of the 

individual-difference measures on WSP. For Experiments 1 and 2, a difference score was 

used instead of the WSP themselves because of the clustered data. That is, each participant in 

Experiments 1 and 2, had their individual differences measured once, and their WSP 

measured three times, one for each automation condition. As the same participants completed 

the tasks in each condition (repeated measures design), correlation of the WSP was expected 
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between the automation conditions. This meant that the predictive value of an individual-

difference for a WSP in one condition would be similar for the same WSP in another 

condition, due to the correlation. To overcome this the difference score was used, which was 

the difference between a participant’s score in the automation condition (static and adaptable 

conditions) and that score in the no-automation condition. For example, the classification 

accuracy difference score for the static condition was the difference between the participant’s 

classification accuracy in the static condition and their classification accuracy in the no-

automation condition. Significant correlations were then further examined using simple linear 

regression to assess the predictive value of the individual-difference measure for each 

condition. 

To test whether the impact of the individual-difference measures on workload, SA 

and performance might be influenced by the automation condition, the significant 

correlations found between individual-difference measures and the WSP difference scores 

(Experiments 1 and 2) or WSP measures (Experiment 3) were identified and then tested for 

an automation moderation effect. 

To do this, the data was filtered to only include the no-automation condition and the 

automation condition being analysed (the static or the adaptable condition). This is because 

only the contrasts between the automation and no automation conditions were targeted. A 

hierarchical regression was then conducted with the WSP difference scores the criterion for 

Experiments 1 and 2, and the unchanged WSP measure the criterion for Experiment 3. The 

standardised individual-difference measures and standardised automation type were entered 

in the first block and their product (the interaction term) entered in the second block. For 

example, to ascertain whether static automation moderated the relationship between a 

composite WMC score (WMCCOMP) and SA in Experiment 3, the data was filtered to contain 

only the no-automation and static condition. SA was entered as the criterion, with WMCCOMP 
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and automation condition (none = 1, static = 2) entered in the first block and the interaction 

term between WMCCOMP and automation type entered in the second block. 

To test whether individual-difference measures predicted automation use, a 

correlation matrix of individual-differences against the automation use in the adaptable 

condition for each experiment was used to check for potential relationships (as done for 

individual-difference measures on WSP). Those with significant correlations were further 

examined using simple linear regression to establish predictive value of the individual-

difference measures on automation use. The automation measures were the duration 

automation was engaged (Auto-time), and the number of contacts (taskload) visible when 

automation was engaged and disengaged. 

 

4.3 RESULTS 

The mean and SD for all individual-difference measures for the three experiments are 

presented in Table 4-1. The difference scores for workload, SA and performance for 

Experiments 1 and 2 are presented in Table 4-2. The scores for workload, SA and 

performance for Experiments 3 were presented on page 15 of the Journal article in Chapter 3 

(Table 5). 
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Table 4-1. Mean individual-difference measures for all Experiments 

 Experiment 1 (N = 38) Experiment 2 (N = 40) Experiment 3 (N = 118) Total (N = 196) 

ID Measure Mean SD Mean SD Mean SD Mean SD 

WMC-MU 0.64 0.19 0.63 0.23 0.62 0.18 0.63 0.18 

WMC-OS 0.71 0.14 0.70 0.14 0.67 0.12 0.68 0.12 
WMC-SS 0.66 0.17 0.67 0.18 0.63 0.15 0.65 0.15 

WMC-SSTM 0.85 0.06 0.85 0.07 0.85 0.05 0.85 0.05 
PERS-EXT 32.50 5.87 32.40 7.01 29.36 8.44 30.59 7.83 

PERS-AGR 37.89 5.15 39.92 5.55 40.11 5.60 39.64 5.55 
PERS-CONS 31.84 5.79 33.52 5.95 34.13 6.75 33.56 6.44 

PERS-EMO 29.97 8.02 33.07 8.25 29.78 7.98 30.49 8.11 
PERS-INT 36.13 5.40 36.42 4.59 36.36 5.32 36.33 5.17 

PROP TRUST 3.78 0.70 3.80 0.53 3.67 0.62 3.72 0.62 
SPATIAL 12.18 7.39 12.55 7.41 10.41 7.72 11.19 7.62 

GAMING HRS 4.00 5.42 2.85 4.74 3.33 8.48 3.36 7.31 

Note. WMC = working memory capacity, MU = memory updating, OS = operation span, SS = sentence span, SSTM is spatial short term 
memory, PERS = personality, EXT = extraversion, AGR = agreeableness, CONS = conscientiousness, EMO = emotional stability, INT = 
intellect, and PROP TRUST = propensity to trust. Individual differences score means and standard deviation (SD) for all experiments. For 
WMC-MU and WMC-OS in Experiment 2, N = 38 and Total N = 194. This is because two participants did not complete these measures in 
Experiment 2. The WMC composite score produced by the factor analysis is a standardised score and therefore has a mean of zero. 
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Table 4-2. Mean workload, SA and performance (WSP) for Experiments 1 and 2 
Mean performance/workload/SA difference scores for Experiments 1 and 2. Calculated by subtracting the measured value in the no-automation 
condition from the measured value in the automated condition for each participant. 

 Experiment 1 (N = 38) Experiment 2 (N = 40) 

 Static Adaptable Static Adaptable 
WSP Measure Mean SD Mean SD Mean SD Mean SD 

Classification 0.07 0.14 0.02 0.11 0.10 0.13 0.05 0.15 
Classification RT -5.99s 12.48s -0.70s 11.17s -8.05s 10.52s -4.95s 15.35s 

CPA 0.19 0.24 0.10 0.23 0.19 0.24 0.09 0.19 
CPART 4.89s 14.57s 1.17s 13.01s 0.37s 17.29s 0.60s 16.27s 

Dive -0.02 0.18 -0.01 0.16 -0.05 0.23 -0.07 0.18 
DiveRT 0.37s 4.19s 0.19s 5.01s 1.33s 14.66s 1.78s 5.21s 

Workload (ATWIT) -0.71 0.87 -0.18 0.57 -0.49 0.71 -0.06 0.75 
Workload (NASA) -9.28 13.51 -3.69 9.15 -9.85 10.57 -4.59 8.52 

SA 0.16 1.13 0.10 1.24 -0.04 0.13 -0.02 0.12 

Note. SA difference scores for Experiment 1 were the calculated from SPAM RT. The SA difference scores for Experiment 2 were calculated 
from the SAGAT accuracy scores. For Experiment 2 the SA difference scores were all from the SAGAT accuracy scores. 
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4.3.1 Working memory capacity composite score 

The convergent validity of the four tasks to represent WMC was tested using 

structural equation modelling (based on the results of the three experiments combined). All 

four tasks loaded on to the single WMC latent variable (Figure 4-5). The fit of this model was 

good (χ2 (1) = 0.86, p > .1); comparative fit index (CFI) = 1.0; and root-mean square error of 

approximation (RMSEA) = 0.0. The validation of the model replicates that found by 

Lewandowsky et al. (2010), and is consistent with a basis for a factor analytic approach to 

find the composite WMC score (WMCCOMP )for each participant. This would ensure that the 

WMC construct was well represented and also provide the most parsimonious examination of 

the influence of WMC. 

 
 

 
 
 

Figure 4-5. WMC Structural Equation Model 

Structural equation model for WMC (working memory capacity) using the combined data 
from the three experiments. The loadings are standardised estimates. The four tasks used to 
measure WMC were operation span (OSpan), sentence span (SSpan), spatial short-term 
memory (SSTM), and memory updating (MU). See Lewandowsky et al. (2010). 
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The composite factor scores for WMC were calculated with the same extraction 

method for the SEM (maximum likelihood) using unrotated mean overall accuracy of each of 

the four WMC tasks (see also Gutzwiller & Clegg, 2013). Initial eigenvalues indicated that 

the four factors explained 61%, 21%, 10%, and 8% of the variance and all factors had a 

loading of .4 and above (.75 for MU, .86 for OS, .73 for SS, and .42 for SSTM). The 

goodness of fit (GFI) was significant (χ2 (2) = 13.40, p = .001). The WMCCOMP correlations 

with performance, workload and SA were found and formed the basis of the subsequent 

regression, moderation analysis and discussion. For completeness, the correlations and 

subsequent analysis for the separate WMC tasks were also performed. These results for 

Experiments 1, 2, and 3 are in Appendices 4A, 4B, and 4C respectively. The correlations and 

regression analysis of each WMC task with automation-use is given in Appendix 4D. 

4.3.2 Correlations between individual differences 

These studies examined the relationship between individual differences and workload 

/performance/SA, and how this relationship changed under differing automation conditions. 

However, before examining this, it is useful to examine how each of the individual 

differences measures were related to each other. The correlations are provided in Table 4-3.  

Ehrhart et al. (2009) found that all five personality factors correlated with one another 

to some degree except for extraversion and conscientiousness (N = 902). However, they 

found the stronger correlations between extraversion and agreeableness (r = 0.33, p < .05), 

emotional stability (r = 0.25, p < .05), and intellect (r = 0.33, p < .05). This is supported by 

the current findings. 

Extraversion was not found to be positively correlated with propensity to trust as 

found by Merritt and Ilgen (2008). However, the association between extraversion and WMC 

found in previous studies (Matthews, Deary, & Whiteman, 2003) was replicated. 
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The correlation between WMCCOMP and Spatial ability also replicates previous studies 

showing that working memory and mental rotation ability are related (Kaufman, 2007). 

Agreeableness was correlated with WMCCOMP and spatial ability. 

 

Table 4-3. individual-difference correlations 

Correlations between individual differences scores combined from Experiments 1, 2, and 3. 

         
 WMCCOMP PERSEXT PERSAGR PERSCON PERSEMO PERSINT PTRUST Spatial 
WMCCOMP  -.197** -.222** -.009 .000 .032 .112 .294** 
PERSEXT   .409** -.066 .210** .288** .037 -.240* 
PERSAGR    .073 .085 .081 -.035 -.188** 
PERSCON     -.038 .044 -.073 .152* 
PERSEMO      .025 .109 -.100 
PERSINT       .087 .163* 
PTRUST        -.008 

Note. WMCCOMP is the composite WMC score.  
*p < 0.05, **p < 0.01 (2-tailed). 

 

4.3.3 Presentation of correlations, regression and hierarchical regression results 

For each significant correlation between individual-difference scores and the WSP a 

simple linear regression was conducted (to examine whether individual-difference predicted 

the WSP), and a hierarchical regression conducted (to determine whether the automation 

condition moderated this relationship). 

To allow for coherent examination of the results, and to best represent this 

methodological sequence, the correlations, regression and hierarchical regression are 

presented in order and by experiment. The correlations, regression results and hierarchical 

regression results for Experiment 1 are shown in Tables 4-4, 4-5 and 4-6 respectively. For 

Experiment 2, the correlations are shown in Table 4-7 and the regression results in Table 4-8. 
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The hierarchical regression results for the static condition of Experiment 2 is shown in Table 

4-9, and for the adaptable condition of Experiment 2, shown in Table 4-10. For Experiment 3 

the correlations and regression are shown in Tables 4-11, 4-12 respectively, and the 

hierarchical regressions shown in Tables 4-13 and 4-14. 

The mean automation-use results are shown in Table 4-15. The significant 

correlations between automation-use measures and ID, and the subsequent regression 

analysis are shown in Tables 4-16 and 4-17 respectively. 

The large number of tables and their sequencing prevents their coherent placement 

within the text, and subsequently they are situated at the end of this chapter. 

4.3.4 Individual differences and workload 

Static automation. For the static automation condition, WMCCOMP was not related to 

workload, although spatial ability positively correlated with and predicted workload 

measured by the NASA TLX in Experiment 1 (Table 4-4). This relationship was weak as the 

correlation was small and was not replicated in Experiment 2. 

The absence of effect of WMC on workload in the static condition may be described 

in terms of the workload regulation loop (Figure 1-1). There was no need for the participant 

to make decisions on how the workload could be minimised through manipulating the 

automation (i.e. strategise) as the automation was always available. That is, feedback from 

current workload was not as useful in assessing strategy on managing task demand compared 

with simply noting the taskload (number of contacts). Subsequently, participant WMC was 

not as important in regulating workload (as it was in the adaptable condition – detailed 

below). 

Spatial ability was not associated with either workload measure in Experiment 3. 

Propensity to trust was not related to workload in Experiments 1 or 2, however a strong 
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positive correlation was found in Experiment 3 (Table 4-11) with workload as measured by 

ATWIT, and propensity to trust predicted workload as measured by ATWIT (Table 4-12). 

This is counter-intuitive as those higher in trust would be expected to look more to the 

automation to carry the workload thus reducing their own. The higher trusting participants 

may have overestimated the continuously available automation assistance and attempted to 

deploy their capacity elsewhere, increasing their workload but with little to show for it in 

terms of performance.  

Automation condition (static automation) was examined as a moderator of the relation 

between propensity to trust and workload. Static automation use moderated the relationship 

between propensity to trust and workload in Experiment 3 (Table 4-14). 

Adaptable automation. In the adaptable condition, participants with higher WMCCOMP 

reported higher workload as measured by ATWIT in Experiment 1 (Table 4-4). However 

WMCCOMP played no role in Experiments 2 and 3, which suggests that the time limit in 

Experiment 1 may have increased the role of WMCCOMP. In Experiment 1 during which 

automation was limited to 10 minutes, those with higher WMC endured higher workload 

before engaging the automation (the last ATWIT score recorded before engagement was 

higher) but also disengaged automation later (less contacts were visible when automation was 

disengaged). See Table 4-16 in Experiment 1. Therefore, WMC did not correlate with the 

total time the automation was used, but rather, those with higher WMC shifted automation 

use slightly ‘right’ in the wave of high taskload. Participants with higher WMC may have 

been better able to withstand higher workload in order to budget the automation time, as well 

as acknowledge they could ‘afford’ to have it on a little longer. Those with higher WMCCOMP 

therefore spent some of their capacity both enduring higher taskload, as well as reckoning the 

time left to best utilise the automation. As a result, subjective workload was pushed up. These 
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results support the idea that higher WMC does not necessarily result in reduced workload 

whilst using adaptable automation and may even increase workload as the operator tends to 

use more of their capacity to manage the automation. It also supports the role of WMC in 

regulating workload in the adaptable condition (Figure 1-1) by applying strategies (and 

effort) in response to the workload feedback. 

In Experiment 2, where automation use was unlimited, the personality construct of 

agreeableness correlated with and predicted workload measured by the NASA TLX, and 

conscientiousness correlated and predicted workload measured by the ATWIT (Tables 4.7 

and 4.8). Neither of these variables correlated with automation use suggesting that the 

relationship is independent of any possible imposition from having to manage automation. 

Adaptable automation was examined as a moderator of the relation between 

WMCCOMP and workload as measured by ATWIT in Experiment 1 (Table 4-6), the relation 

between agreeableness and workload measured by NASA-TLX in Experiment 2, and the 

relation between conscientiousness and workload measured by ATWIT in Experiment 2 

(Table 4-10). The interaction terms of these moderation analyses explained significant 

increases in variance in workload (the greater the WMCCOMP, conscientiousness, and 

agreeableness, the greater the workload). Adaptable automation also moderated the relation 

between game hours and workload (the greater the game hours the higher the workload) in 

Experiment 3 - Table 4-13. 

This suggests that the greater the WMCCOMP, agreeableness and conscientiousness, 

the greater the subjective workload under adaptable automation. As both conscientiousness 

and WMCCOMP are correlated with automation use in Experiment 1 (Table 4-16), it appears 

that these individual differences influence how limited-time adaptable automation was used 

and consequently how subjective workload was impacted. Specifically, participants with 



Chapter	4	Individual	Differences		
	
	
	

	

151	

higher WMCCOMP, tolerate a higher workload before engaging automation, explaining both 

the positive correlation between WMCCOMP and workload, and the significant link between 

WMCCOMP and automation engagement time. This is the same for participants with higher 

scores for conscientiousness. 

Adaptive automation. In the adaptive condition WMCCOMP positively correlated with 

workload measured by ATWIT (Table 4-11) and the linear regression was significant (Table 

4-12). The moderation analysis revealed that the adaptive condition was a significant 

moderator of the relationship between WMCCOMP and workload (Table 4-13). One possible 

explanation is that participants with higher WMCCOMP may have been better equipped and 

therefore more inclined to rationalise and time their own efforts in the knowledge that 

automation would soon engage to assist them. The additional resources needed to apply this 

hedging strategy might have added to their subjective workload. Personality played no role in 

workload in this condition. 

Summary. Participants who reported higher workload when using time-limited 

adaptable automation were those with greater WMCCOMP, and those with greater spatial 

ability and propensity to trust. WMCCOMP did not mediate reported workload when 

automation was on all the time in the static condition. This might also suggest that 

participants’ assessment of workload reflected their task completion and did not take into 

account their monitoring of the situation as whole. 

4.3.5 Individual differences and situation awareness 

Static automation. SA was not associated with any individual differences when 

measured by SPAM (Experiment 1). However, participants with high WMCCOMP had greater 

SA in Experiment 2 (Tables 4-7 and 4-8). Similarly, participants with high spatial ability had 

higher SA in Experiment 3 (Tables 4-11 and 4-12). WMCCOMP explained more variance in 
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SA under the static condition compared to the no automation condition (automation condition 

moderated this relationship – see Table 4-9). 

Adaptable automation. No individual-difference was associated with SA in the 

within-subjects Experiments (1 & 2) however WMCCOMP, agreeableness and 

conscientiousness correlated with and predicted SA (Tables 4-11 and 4-12) in Experiment 3. 

Participants with higher WMCCOMP had higher SA in the adaptable condition. This does not 

appear to be a result of automation use as no correlation was found between WMCCOMP and 

automation-use behaviour in Experiment 3. This association between WMCCOMP and SA only 

being found in Experiment 3, is likely due to the greater and exclusive exposure to the 

adaptable automation which did not occur in Experiments 1 and 2, thereby reducing the noise 

that likely arose from participants needing to switch between automation conditions in the 

first two experiments. 

Those participants with high agreeableness and conscientiousness had lower SA 

(Table 4-11). The adaptable condition moderated the relation between conscientiousness and 

SA in Experiment 3 (Table 4-13). Conscientiousness was also negatively correlated with the 

last ATWIT score before disengagement (Table 4-16) meaning that those high in 

conscientiousness waited until their subjective workload was lower before disengaging 

automation. In other words, high conscientious participants tended to leave the automation on 

even when they were experiencing lower workload (Table 4-17), and these participants had 

lower SA in the adaptable condition.  

Adaptive automation. No association was found between participant SA and any 

participant individual differences in the adaptive automation condition. 

Summary. Participants with higher WMCCOMP displayed greater SA, as measured by 

SAGAT, in both the static and adaptable conditions. Agreeableness and conscientiousness 



Chapter	4	Individual	Differences		
	
	
	

	

153	

was important in the adaptable condition for SA, and this is likely to be a function of how 

these personality types used the automation. 

4.3.6 Individual differences and Performance 

Static automation. Small correlations were found in Experiment 1 between 

classification accuracy and RT, and extraversion and spatial ability respectively (Table 4-4) 

and the regressions were also significant (Table 4-5). The relationship between extraversion 

and classification accuracy was not replicated in Experiment 2, however a negative 

correlation existed with the closely related personality dimension, intellect. In Experiment 3 

extraversion was negatively correlated with classification accuracy. Given the weak 

correlation in Experiment 1, and both Experiments 2 and 3 consistent in showing a negative 

correlation the latter relationship is most likely. That is, those high in extraversion/intellect 

were less accurate in the classification task when using static automation. Neither workload 

nor SA interacted with extraversion or intellect, so the poorer classification accuracy could be 

attributed to these individual differences, and not by these differences leading to a workload 

increase or SA degradation. 

CPA accuracy was weakly negatively correlated with and was predicted by 

agreeableness and strongly positively correlated with and was predicted by spatial ability in 

Experiment 3 (Table 4-10 & Table 4-11). Fast CPA response times was only related to a 

higher propensity to trust in Experiment 2 (Table 4-7). 

Dive performance (accuracy and response times) was related to individual differences 

only in Experiment 2. Dive accuracy was correlated with and predicted by intellect in 

Experiment 2 (Tables 4.7 & 4.8), and dive response times were faster for participants high in 

conscientiousness in Experiment 2 (Tables 4.7). 
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Adaptable automation. Emotional stability correlated with and predicted CPA 

accuracy in Experiment 1 (greater emotional stability predicted higher CPA accuracy – see 

Tables 4-4 & 4-5). This was not replicated in Experiment 2 or 3, however greater 

extraversion and agreeableness resulted in lower CPA accuracy in Experiment 3 (Table 4-11). 

CPA accuracy was also associated with a higher WMCCOMP (Table 4-11 & Table 4-12). No 

individual-difference was associated with CPA response times in any experiment. 

Participants with higher WMCCOMP were faster and more accurate in the dive task, 

however those participants higher in extraversion were less accurate and slower in the dive 

task in Experiment 3 (Tables 4-11 & 4-12). As WMCCOMP also predicted SA in the adaptable 

condition of Experiment 3, the improved Dive performance could be a result of better SA. 

Adaptive condition. Participants with higher spatial ability were more accurate in the 

classification and CPA tasks. 

Summary. WMCCOMP was positively associated with task performance in the static 

and adaptable conditions, and was particularly advantageous to the non-automated dive task. 

Extraversion was particularly influential in these conditions, resulting in poorer performance. 

Performance in the adaptive condition was relatively independent of individual differences 

with the exception of higher WMCCOMP and spatial ability, which advantaged the participants 

in this condition. 

4.4 DISCUSSION 

In three experiments the extent to which an operator’s WMC, personality, spatial 

ability and propensity to trust automation predicted workload, SA and task performance in a 

submarine track management simulation was examined. How the predictive validity varied 

with the type of automation, and how the use of adaptable automation was influenced by 

these individual differences was also examined. 
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The specific role of WMC in SA is not well understood, and the empirical 

examination has been limited because WMC has invariably been measured with a single task 

(Gutzwiller & Clegg, 2013). The current study used a composite WMC score from four 

WMC tasks and is the first to use it to examine its influence on workload, SA and 

performance under differing conditions of automation. 

The influence of WMCCOMP on workload was largely restricted to the adaptable 

condition when automation was time-limited. It was the participants with higher WMCCOMP 

that could endure higher workload before engaging the automation. However, these 

participants also waited until there were fewer contacts visible before disengaging the 

automation. The sum effect was a higher subjective workload. Participants with higher 

WMCCOMP used automation no more or no less than others but used it ‘later’ in the workload 

cycle, resulting in an overall higher workload. It is likely that, compared to low WMC 

participants, high WMC participants could better endure higher workload at the start of the 

workload cycle (delaying engaging the automation), and were better in strategising the use of 

the automation they had left at the end of the workload cycle (left it on longer), resulting in 

an overall higher workload. Nevertheless, SA was higher and performance better for those 

participants with higher WMCCOMP. This is consistent with previous studies and the widely 

accepted understanding that those with high WMC have a more steadfast locus of attention 

and can better ignore background distractions (Sörqvist & Rönnberg, 2014). The results show 

that the influence of WMCCOMP outweighed the influence of workload on SA and 

performance in adaptable automation. In other automation conditions, there was little 

influence of WMCCOMP on workload, and small improvements in some tasks. 

When no automation was available, the participants with high WMC did not have a 

convincing advantage in task performance, so the basis for Hypothesis 1 (high WMC will 

result in superior task performance) was not demonstrated in this simulation. This also 
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suggests that the low influence of WMC in the static or adaptive conditions was not 

necessarily due to the assistance from automation nullifying this association, so Hypothesis 2 

(the WMC-performance relation is strongest in the absence of automation) was not 

supported. The influence of WMC on performance acted largely through (1) the resulting 

workload from managing adaptable automation, and (2) the resulting improved SA. These 

findings emphasise the complexity of these relationships and supports the idea that operators’ 

strategies for managing their workload are influenced by their WMC, which is also a factor in 

SA development (Saqer and Parasuraman (2014). 

The hypothesis that participants with high WMC would use less automation 

(Hypothesis 3) was not supported. These participants actually used automation for the same 

amount of time when automation was limited in Experiment 1, but only engaged and 

disengaged it later. That is, participants with high WMC engaged automation when their 

workload was higher than those with lower WMC, but disengaged it later, therefore using no 

more or less automation support than those with lower WMC. This suggests that higher 

WMC participants were using a part of their greater reservoir of mental capacity to track the 

automation time limit, thus increasing their workload, and leaving them with no workload 

advantage over their lower WMC counterparts. 

Propensity to trust was not influential in automation use in any Experiment so 

Hypothesis 4 (high trusting individuals use more automation) was not supported. As there 

was no reference to reliability of the automation, trust or lack of trust became unimportant in 

the wider context. Instead, the likely focus of the participants was the patterns of contact 

behaviour on-screen, and the optimal time to engage automation relative to the expectations 

associated with completing the three tasks. As trust is associated with extraversion (Merritt & 

Ilgen, 2008), it is unsurprising that an association between extraversion and automation use 

(Hypothesis 5) was also unsupported. However, those with higher emotional stability used 
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more automation in Experiment 1 and engaged automation earlier in Experiment 3. This 

supports the idea that participants higher in neuroticism, who tend to experience higher 

workload and stress (Szalma & Taylor, 2011) will endeavour to reduce their workload and 

stress by increasing automation use. Hypothesis 6 was therefore supported. 

Spatial ability was a consistent advantage for the classification task for all automation 

types except for adaptable, supporting Hypothesis 6. Participants with higher spatial ability 

also let their subjective workload reduce further than others before automation 

disengagement, suggesting enhanced capability of balancing automation time with what they 

see is still required on the visual display. 

4.4.1 Practical implications 

The current study has demonstrated that the workload experienced by the operator can 

be mediated by apparent individual differences such as their WMC and certain personality 

constructs. SA and task performance is also influenced by these individual differences, and in 

the very least, empirical studies examining the impact of automation would do well to 

account for these individual differences when interpreting the impact on workload and 

performance. The next step in the design of automation systems would be specific tailoring 

automation to account for these individual differences. 

Based on the results of this study, adaptable automation is particularly sensitive to 

differences amongst operators. Those operators with high WMC did not deploy their WM 

ability for maximum advantage and could ‘waste’ it in efforts to manage adaptable 

automation, and subsequently not lessen their workload (and possibly increase it). Operators 

with less emotional stability can over use automation, possibly to reduce stress. With operator 

WMC and personality interacting with triggers, an adaptable system would require extensive 

consideration of operator interaction and trigger design to approach effectiveness. 
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Individual differences under static automation were less influential although still 

present. For the static condition WMC did not influence workload but explained more 

variance in SA (the higher the WMC the higher the SA) compared to no automation. One 

implication of this is that that susceptibility to complacency during periods of static 

automated assistance might be greatest for those with lower WMC. 

The primary aim of adaptive automation has been to match the automation level to the 

workload of the operator in order to reduce complacency, and hence maintain SA and 

improve performance (Hancock et al., 2013). Some empirical studies have found adaptive 

automation to improve performance (e.g. Calhoun et al., 2012; Lagu et al., 2013), and much 

of the research effort has focused on ways to best assess operator workload (e.g. taskload 

modelling, physiological indicators or performance on the primary or secondary tasks) in 

order to engage automation at optimal times. The adaptive condition was least affected by 

personality and trust however, participants with higher WMC experienced higher workload. 

This implies that adaptive automation has the potential to neutralise the influence of 

personality and trust, however those with higher WMC might find the predetermined 

engagement trigger points too late. Designers may need to include operator WMC within the 

suite of predetermined triggers they consider. 

In conclusion, this study has shown that operator individual differences to some 

extent can mediate the relationship between automation design (e.g. adaptive automation 

based on workload modelling) and the workload it is trying to target. Results suggest that 

perhaps those individual differences are manifest in the different strategies adopted by 

individuals to manage workload. Designers may do well to consider the variation that exists 

within the human element of the human-machine system, and to achieve the most effective 

system, they may need to ease their adherence to the idea that one size fits all. 
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Table 4-4. Individual differences – WSP correlations for Experiment 1 
Significant correlations between individual differences scores, and workload-SA-
performance difference scores for Experiment 1. 

 Static Condition 

(difference scores) 

Adaptable Condition 

(difference scores) 

 Class 
 

ClassRT NASA SPAMRT CPA ATWIT 

WMCCOMP      .399* 
PERSEXT .398*      

PERSEMO    -.351* .340*  
SPATIAL  .356* .368*    

Note. The difference scores are the difference between scores in the indicated automation condition 
(static or adaptable) and the score in the no-automation or control condition. WMCCOMP is the 
composite WMC score. Correlations calculated using data in the specified automation condition 
only. Only the individual differences and Performance/workload/SA scores that were correlated are 
included. 
*p < 0.05, **p < 0.01 (2-tailed). 
 
 
 
Table 4-5. Linear regressions for Experiment 1 
Significant Linear Regression for individual differences predicting performance/workload 
difference scores (between the automated and non-automated condition) for Experiment 1. 

Condition Predictor Measure 
(difference 
scores) 

Β SE Β β R2 R2
adj F 

Static PERSEXT Class 0.01 0 .40* .16 .13 6.77* 

 SPATIAL NASA 0.6 .28 .37 .13 .11 5.63* 
 SPATIAL ClassRT 0.60 .26 .36* .13 .10 5.21* 

 PERSEMO SA -.05 .02 -.35 .12 .10 5.05* 

Adaptable WMCCOMP ATWIT .25 .09 .40* .16 .14 6.82* 

 PERSEMO CPA 0.01 0 .34* .12 .09 4.71* 

Note. WMCCOMP is the composite WMC score. Regressions calculated using data in the specified 
automation condition only. 

*p < 0.05, **p < 0.01 
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Table 4-6. Automation moderation for Experiment 1 
Automation Moderation. Significant hierarchical multiple regressions for significant 
correlations between individual differences measures and workload-SA-performance 
difference scores in Table 4-3 for Experiment 1.	

Note. WMCCOMP is the composite WMC score. Hierarchical regressions calculated using 
combined data from both the specified automation condition and the no automation condition. 

*p < 0.05, **p < 0.01 
 
 
 

 Step 1  Step 2    

Variable (difference 
score) 

Β SE 
Β 

β  Β SE 
Β 

β R2 R2
adj ΔR2 Fchange 

            
CPA (adaptable)            
  Step 1        .14 .12 .14 6.02** 
    PERSEMO .04 .02 .23*  .04 .02 .27*     
    AutoCond .05 .02 .30**  .05 .02 .33**     
  Step 2        .19 .16 .05 4.71* 
    PERSEMO*AutCond     .04 .02 .23*     
            
ATWIT (adaptable)            
  Step 1        .13 .10 .13 5.27** 
     WMCCOMP .11 .04 .27*  .13 .04 .32**     
    AutoCond -.09 .04 -.22*  -.10 .04 -.26*     
  Step 2        .20 .17 .08 6.82* 
  WMCCOMP*AutCond     .11 .04 .28*     
            
Class (static)            
  Step 1        .18 .16 .18 8.19** 
     PERSEXT .03 .01 .26*  .08 .02 .62**     
    AutoCond .06 .02 .34**  .05 .02 .29**     
  Step 2        .25 .22 .07 6.77* 
     PERSEXT*AutCond     .07 .03 .44*     
            
ClassRT (static)            
  Step 1        .16 .14 .16 7.07** 
     Spatial 2.25 1.01 .24*  -4.51 3.12 -.47     
    AutoCond -

5.73 
1.89 -

.32** 
 -

12.74 
3.58 -

.72** 
    

  Step 2        .22 .19 .06 5.21* 
       Spatial*AutCond     12.57 5.51 .85 *    
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Table 4-7. Individual differences - WSP correlations for Experiment 2 
Significant correlations between individual differences scores workload-SA-performance 
difference scores for Experiment 2 

 Static condition 

Difference scores 

Adaptable condition 

Difference scores 

ID Measure Class CPART Dive DiveRT SA ClassRT ATWIT NASA 

WMCCOMP     .455** .337*   
PERSAGR        .534** 

PERSCONS    -.321*   .333*  
PERSINT -.355*  .370*      

PROPTRUST  -.328*       

Note. The difference scores are the difference between scores in the indicated automation 
condition (static or adaptable) and the score in the no-automation or control condition. 
WMCCOMP is the composite WMC score. SA difference scores were calculated from SAGAT 
accuracy. Correlations calculated using data in the specified automation condition only. Spatial ability 
and number of hours spent on gaming did not correlate with any dependent variable. Only the 
individual differences and Performance/workload/SA scores that were correlated are included. *p < 
0.05, **p < 0.01 (2-tailed) 
 
 
 
Table 4-8. Linear regressions for Experiment 2 
Significant Linear Regression for individual differences predicting workload-SA-performance 
difference scores (between the automated and non-automated condition) for Experiment 2. 

Condition Predictor Measure Β SE Β β R2 R2
adj F 

Static WMCCOMP SA .07 .02 .45** .21 .19 9.95** 

 PERSCONS DiveRT -0.79 .38 -.32* .10 .08 4.36* 
 PERSINT Class -0.01 0 -.35* .13 .10 5.47* 

 PERSINT Dive 0.02 0 .37* .14 .11 6.04* 
 PROPTRUST CPART -10.78 5.04 -.33* .11 .08 4.58* 

Adaptable WMCCOMP ClassRT 5.68 2.57 .34* .11 .09 4.88* 
 PERSAGR NASA 0.82 .21 .53*** .28 .27 15.18*** 

 PERSCONS ATWIT 0.04 .02 .33* .11 .09 4.75* 

*p < 0.05, **p < 0.01, ***p < 0.001 
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Table 4-9. Automation moderation for Experiment 2 (Static) 
Automation Moderation (Static condition). Significant hierarchical multiple regressions for 
significant correlations between individual differences measures and workload-SA-
performance in Table 4-6 for Experiment 2. (*p < 0.05, **p < 0.01, ***p < 0.001) 

Note. WMCCOMP is the composite WMC score. Hierarchical regressions calculated using 
combined data from both the static automation condition and the no automation condition. 

*p < 0.05, **p < 0.01 
 
  

 Step 1  Step 2    

Variable Β SE Β β  Β SE Β β R2 R2
adj ΔR2 Fchange 

SA (static)            
  Step 1        .15 .13 .15 6.91** 
    WMCCOMP .03 .01 .31**  .07 .02 .73***     
    AutoCond -.04 .02 -.23*  -.05 .02 -.25*     
  Step 2        .25 .22 .10 9.95** 
  WMCCOMP*AutCond     .06 .02 .52**     
            
DiveRT (static)            
  Step 1        .05 .03 .05 2.26 
     PERSCONS -2.45 1.20 -.23*  -5.70 1.95 -.53**     
    AutoCond 1.27 2.17 .06  1.53 2.13 .08     
  Step 2        .11 .07 .05 4.36* 
  PERSCONS *AutCond     -4.98 2.38 -.38*     
            
Class (static)            
  Step 1            
      PERSINT -.02 .01 -.22*  -.06 .02 -.51** .28 .27 .28 15.31*** 
    AutoCond .10 .02 .49***  .10 .02 .49***     
  Step 2        .33 .31 .05 5.47* 
   PERSINT *AutCond     -.05 .02 -.36*     
            
Dive (static)            
  Step 1        .09 .07 .09 4.00* 
      PERSINT .05 .02 .26*  .11 .03 .60**     
    AutoCond -.05 .03 -.17  -.05 .03 -.17     
  Step 2        .16 .13 .07 6.04* 
   PERSINT *AutCond     .10 .04 .43*     
            
CPART (static)            
  Step 1        .05 .03 .05 2.20 
      PropTrust -3.32 1.59 -.23*  6.65 4.91 .46     
    AutoCond .35 2.56 .01  39.59 18.50 1.71*     
  Step 2        .11 .07 .05 4.58* 
    PropTrust *AutCond     -41.13 19.21 -1.85*     
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Table 4-10. Automation moderation for Experiment 2 (Adaptable) 
Automation Moderation (Adaptable condition). Significant hierarchical multiple regressions 
for significant correlations between individual differences measures and workload-SA-
performance in Table 4-6 for Experiment 2.  

Note. WMCCOMP is the composite WMC score. Hierarchical regressions calculated using 
combined data from both the adaptable automation condition and the no automation condition. 

*p < 0.05, **p < 0.01, ***p < 0.001 
 
 

 Step 1  Step 2    

Variable Β SE Β β  Β SE Β β R2 R2
ad

j 
ΔR
2 

Fchange 

ClassRT (adaptable)            
  Step 1        .1

0 
.08 .10 4.50* 

     WMCCOMP 2.5
9 

1.2
0 

.23*  3.0
1 

1.1
9 

.27*     

     AutoCond -
2.3
7 

1.1
4 

-.22*  -
2.4
9 

1.1
1 

-.24*     

  Step 2        .16 .13 .05 4.88* 
WMCCOMP*AutCon
d 

    2.4
8 

1.1
2 

.24*     

            
NASA (adaptable)            
  Step 1        .25 .23 .25 13.10**

* 
      PERSAGR 2.2

5 
.63 .35**  2.6

1 
.58 .41**

* 
    

     AutoCond -
2.2
0 

.60 -
.36**
* 

 -
2.4
3 

.55 -
.40**
* 

    

  Step 2        .38 .35 .12 15.18**
* 

  PERSAGR 
*AutCond 

    2.1
6 

.55 .36**
* 

    

            
ATWIT (adaptable)            
  Step 1        .06 .03 .06 2.39 
    PERSCON .13 .06 .23*  .15 .06 .27*     
     AutoCond -.03 .06 -.05  -.03 .05 -.07     
  Step 2        .11 .08 .05 4.75* 
  PERSCON 
*AutCond 

    .13 .06 .24*     
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Table 4-11. Individual differences – WSP correlations for Experiment 3 

 Significant correlations between individual differences measures, and workload-SA-performance for Experiment 3. 

 PERS Class ClassRT CPA CPA RT Dive Dive RT ATWIT NASA SA 
None WMCCOMP .432*      -.388*   
 PAGR        .390*  
 PCON        .401*  
 PEMO   .430*       
 PINT  -.382*    -.436*    
 Spatial .444*         
 PTrust  .387*        
Static WMCCOMP .405*         
 PEXT -.398*         
 PAGR -.466**  -.039*       
 PINT          
 Spatial .534**  .567**      .399* 
 PTrust       .511**   
Adaptable WMCCOMP   .497**  .387* -.485**   .402* 
 PEXT   -.375*  -.440* .444*    
 PAGR   -.405*      -.404* 
 PCON         -.448* 
Adaptive WMCCOMP       .527**   
 Spatial .479**  .613**       

Note. No correlations with Personality were found in the Adaptive condition. WMCCOMP is the composite WMC score. ACC = Accuracy; RT = Response 
time; Class = Classification task; CPA = Closest Point of Approach task. *p < 0.05, **p < 0.01 
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Table 4-12. Linear regressions for Experiment 3 
Significant Linear Regression for WMC, Personality, Spatial ability, and Propensity to trust 
predicting performance/workload scores for Experiment 3. 

Condition Predictor Measure Β SE Β β R2 R2
adj F 

None WMCCOMP Classification .07 .03 .43* .19 .16 6.42* 

 WMCCOMP ATWIT -.35 .16 -.39* .15 .12 4.97* 

 PAGREE NASA .89 .38 .39* .15 .12 5.03* 

 PCON NASA .75 .32 .40* .16 .13 5.36* 

 PEMO CPA .01 0 .43* .18 .16 6.35* 

 PINT Class RT -.93 .43 -.38* .15 .12 4.79* 

 PINT Dive RT -.22 .09 -.44* .19 .16 6.56* 

 Spatial Classification .01 0 .44* .20 .17 6.88* 

 PropTrust Class RT 8.23 3.71 .39* .15 .12 4.92* 

Static WMCCOMP Classification .02 .01 .40* .16 .13 5.51* 

 PEXT Classification 0 0 -.40* .16 .13 5.26* 

 PAGREE Classification 0 0 -.47** .22 .19 7.77** 

 PAGREE CPA -.01 0 -.42* .18 .15 5.99* 

 Spatial Classification 0 0 .53** .29 .26 11.19** 

 Spatial CPA .01 0 .57** .32 .30 13.29** 

 Spatial SA 0 0 .40* .16 .13 5.30* 

 PropTrust ATWIT 1.04 .33 .51** .26 .23 9.88** 

Adaptable WMCCOMP CPA .12 .04 .50** .25 .22 8.85** 

 WMCCOMP Dive .06 .03 .39* .15 .12 4.75* 

 WMCCOMP DiveRT -1.33 .46 -.48** .23 .21 8.31** 

 WMCCOMP SA .05 .02 .40* .16 .13 5.19* 

 PEXT CPA 0 0 -.37* .14 .11 4.42* 

 PEXT Dive 0 0 -.44* .19 .16 6.48* 

 PEXT Dive RT .12 .05 .44* .20 .17 6.64* 

 PAGREE CPA -.02 0 -.40* .16 .13 5.30* 

 PAGREE SA -.01 0 -.40* .16 .13 5.26* 

 PCON SA 0 0 -.45* .20 .17 6.79* 

 Spatial CPA .01 0 .40* .16 .13 5.04* 

 Game hrs ATWIT .04 .02 .45* .20 .18 6.96* 

Adaptive WMCCOMP ATWIT .53 .16 .53** .28 .25 10.37** 

 Spatial Classification 0 0 .48** .23 .20 8.05** 

 Spatial CPA .02 0 .61*** .37 .35 16.22*** 

*p < 0.05, **p < 0.01, ***p < 0.001  
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Table 4-13. Automation moderation for Experiment 3 (WMC & Personality) 
Automation Moderation. Significant hierarchical multiple regressions for significant 
correlations between WMC, Personality and task performance, workload and SA in Table 
4-11 for Experiment 3.	

Note. WMCCOMP is the composite WMC score. Hierarchical regressions calculated using 
combined data from both the specified automation condition and the no automation condition. 

*p < 0.05, **p < 0.01, ***p < 0.001  

 Step 1  Step 2    

Variable Β SE 
Β 

β  Β SE 
Β 

β R2 R2
adj ΔR2 Fchange 

ATWIT (Adaptive)            
  Step 1        .01 -.03 .01 .16 
    WMCCOMP .06 .12 .07  -.01 .10 -.01     
    AutoCond -.01 .08 -.02  .02 .07 .03     
  Step 2        .22 .18 .21 14.96*** 
WMCCOMP*AutCond     .26 .07 .47***     
CPA (adaptable)            
  Step 1        .02 -.02 .02 .45 
     PEXT -.02 .02 -.12  -.02 .02 -.12     
    AutoCond 0 .03 0  -.02 .03 -.12     
  Step 2        .11 .06 .09 5.56* 
      PEXT *AutCond     -.05 .02 -.33*     
Dive (adaptable)            
  Step 1        .25 .23 .25 9.60*** 
     PEXT -.03 .01 -.24*  -.03 .01 -.24*     
    AutoCond -.05 .01 -.44***  -.06 .01 -.54***     
  Step 2        .31 .27 .05 4.22* 
      PEXT *AutCond     -.02 .01 -.25*     
DiveRT (adaptable)            
  Step 1        .13 .09 .13 4.05* 
     PEXT .39 .28 .17  .37 .27 .17     
    AutoCond .73 .30 .31*  1.03 .31 .43**     
  Step 2        .20 .16 .08 5.36* 
      PEXT *AutCond     .63 .27 .30*     
SA (adaptable)            
  Step 1        .06 .03 .06 1.95 
     PCON -.01 .01 -.11  -.02 .01 -.22     
    AutoCond -.02 .01 -.23  -.01 .01 -.16     
  Step 2        .18 .14 .12 8.05** 
      PCON *AutCond     -.04 .01 -.37**     
ATWIT (adaptable)            
  Step 1        .02 -.01 .02 .59 
    Game hrs .08 .08 .13  .10 .07 .18     
    AutoCond .06 .13 .06  .01 .12 .01     
  Step 2        .15 .10 .13 8.47** 
Game hrs *AutCond     .20 .07 .37**     
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Table 4-14. Automation moderation for Experiment 3 (Spatial & Trust) 
Automation Moderation. Significant hierarchical multiple regressions for significant 
correlations between Spatial/Propensity to trust and task performance, workload and SA in 
Table 4-11 for Experiment 3.	

Note. Hierarchical regressions calculated using combined data from both the specified automation 
condition and the no automation condition. 

*p < 0.05, **p < 0.01, ***p < 0.001 
 
 
 

 Step 1  Step 2    

Variable Β SE 
Β 

β  Β SE 
Β 

β R2 R2
adj ΔR2 Fchange 

CPA (static)            
  Step 1        .14 .10 .14 4.48* 
    Spatial .07 .02 .34**  -.09 .08 -.47     
    AutoCond .05 .05 .14  -.08 .08 -.22     
  Step 2        .20 .16 .06 4.48* 
     Spatial*AutCond     .28 .13 .93*     
            
ATWIT (static)            
  Step 1        .07 .04 .07 2.27 
    PropTrust .26 .15 .22  -

1.01 
.46 -.85*     

    AutoCond -
.29 

.25 -.14  -
5.06 

1.67 -
2.56** 

    

  Step 2        .19 .15 .12 8.37** 
   PropTrust 
*AutCond 

    5.13 1.77 2.59**     

            
CPA (Adaptive)            
  Step 1        .15 .12 .15 5.02* 
     Spatial .08 .03 .39**  -.03 .05 -.16     
    AutoCond 0 .02 -.04  -.06 .03 -.43*     
  Step 2        .24 .19 .08 6.04* 
     Spatial *AutCond     .11 .05 .73*     
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Table 4-15. Automation use in all experiments 

Mean automation-use measures in the adaptable automation condition for all Experiments 

 Exp 1 (N = 38) Exp 2 (N = 40) Exp 3 (N = 29) 

Automation-use Measure Mean SD Mean SD Mean SD 

Total auto time used (min) 6.85 3.17 11.73 5.62 16.05 11.17 

Mean last ATWIT score before auto engagement 5.30 2.00 5.07 1.58 5.34 1.91 

Total contacts visible on auto engagement 6.66 1.37 5.78 1.64 4.88 2.67 

Unclassified contacts visible on auto engagement 6.17 1.64 5.32 2.01 4.66 2.61 

Mean last ATWIT score before auto disengagement 5.91 1.72 4.70 1.87 5.04 2.64 

Total contacts visible on auto disengagement 5.83 1.81 4.19 1.81 3.39 2.48 

Unclassified contacts visible on auto disengagement 3.17 1.93 1.55 1.49 1.32 2.07 

Note. Participants were not included in ‘auto on’ measures if the automation was not engaged at all, and were not included in ‘auto off’ measures 
if that automation was engaged but not disengaged. For Experiment 3, only scenarios 1 and 2 were used to calculate the mean total auto time 
used. 
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Table 4-16. Automation use correlations in all experiments 

Significant correlations between individual-difference measures and Automation use measures for the Adaptable condition in Experiments 1, 2 

and 3.  

 Automation-use Measure WMCCOMP PCON PEMO Spatial PEXT 

Exp 1 Total auto time used   .356*   

 Last ATWIT score before auto engagement .396*     

 Total contacts visible on auto engagement      

 Unclassified contacts visible on auto engagement      

 Last ATWIT score before auto disengagement    -.360*  

 Total contacts visible on auto disengagement -.349*     

 Unclassified contacts visible on auto disengagement -.374* .366*    

Exp 2 Last ATWIT score before auto disengagement     .377* 

Exp 3 Total contacts visible on auto engagement   -.415*   

 Unclassified contacts visible on auto engagement   -.463*   

 Last ATWIT score before auto disengagement  -.466*    

Note. Individual-difference measures that were not correlated with any automation-use measure were not included. 
*p < 0.05 
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Table 4-17. Linear regression for automation-use 
Significant Linear Regression for individual-difference measures predicting automation-use 
behaviour in the adaptable automation condition. 

Exp Predictor Measure Β SE Β β R2 R2
adj F 

1 WMCCOMP Workload at engagement .86 .35 .40* .16 .13 6.13* 

 WMCCOMP Contacts at 
disengagement 

-.69 .32 -.35* .12 .09 4.57 

 WMCCOMP Unclass contacts at 
disengagement 

-.79 .34 -.37* .14 .11 5.37* 

 PEMO Total auto time 8.43 3.69 .36* .13 .10 5.22* 
 Spatial Workload at 

disengagement 
-.08 .04 -.36* .13 .10 4.61* 

 WMCOS Contacts at 
disengagement 

-5.23 2.49 -.34* .12 .09 4.42* 

 WMCOS Unclass contacts at 
disengagement 

-6.54 2.59 -.40* .16 .14 6.38* 

 PCON Unclass contacts at 
disengagement 

.12 .05 .37* .13 .11 5.10* 

2 PEXT Workload at 
disengagement 

.10 .04 .38* .14 .12 5.79* 

3 PEMO Contacts at engagement -.14 .07 -.41* .17 .13 4.37* 

 PEMO Unclass contacts at 
engagement 

-.16 .07 -.46* .21 .18 5.72* 

 PCON Workload at 
disengagement 

-.23 .10 -.47* .22 .18 5.56* 

Note. Total auto time is measures in seconds. 
*p < 0.05, **p < 0.01, ***p < 0.001 
 
 
 
 



 
 
 
 

	

 
  



 
 
 
 

	

 

CHAPTER 5  
 
 
 
Summary 

	
This PhD project examined the extent to which automation could be designed to 

benefit performance and manage workload, whilst facilitating the maintenance of SA and the 

ability to regain manual control of previously automated tasks. 

There were four main aims of this project. The first was to develop a suitable 

experimental simulation with which to examine how to aid an operator in a varying workload 

environment. The second was to examine static automation that supported a low human 

information processing level. A ‘critical threshold’ was suggested by Onnasch et al. (2014) 

who described it as the highest level of human information processing that could be 

supported by automation before the costs of automation were considered more likely. The 

third aim was to examine the benefits and costs of adapting such automation during periods 

of high taskload. The automation was used intermittently dependent on perceived (adaptable 

automation) or objective (adaptive automation) task demands. The fourth aim was to 

investigate how the influence of the three aforementioned automation conditions on 

performance, workload and SA might be mediated by individual differences, and how these 

individual differences might influence when adaptable automation was engaged and for how 

long. 
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A review of the automation literature in Chapter 1 described the core elements of the 

automation literature which included workload, SA and the costs and benefits of automation 

to routine and return-to-manual performance. A pilot study was required to test whether the 

imposed taskload in the simulated submarine track management task produced a suitable  

range of performance. The pilot was described in Chapter 2, and was also written as a 

conference paper (see Appendix 2B). There were three main lessons learnt from the pilot 

study. The first was that removing all residual automation information when adaptable 

automation was disengaged really disadvantaged participants. The automation was changed 

for future experiments so this information remained onscreen even after the automation was 

disengaged, but not was further updated. The second lesson was that the task’s difficulty was 

appropriate as it resulted in a good range of performance with no ceiling or floor effects. The 

SA and workload instruments also provided a good range of results, indicating appropriate 

types of SA queries. Finally, higher workload was reported with higher taskload, and 

adaptable automation was generally engaged at these times. This demonstrated the 

appropriate desirability of the automation, and the success of the automation engagement 

mechanism. The pilot study thus met the first aim of this project. 

The three subsequent experiments were described in Chapter 3 (published paper in 

Journal of Experimental Psychology: Applied). Low-level static automation, adaptable, and 

adaptive automation were examined across  these three experiments, fulfilling the second and 

third aim of this project. The outcomes of the fourth aim, the examination of individual 

differences, was presented in Chapter 4. 

The current Chapter 5 summarises the findings of the three experiments and discusses 

the theoretical and practical implications, and limitations. The future direction in the research 

on the balance between automation and human manual control is also described. 
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5.1 LOW LEVEL STATIC AUTOMATION 

Static automation supported information acquisition and analysis but left the task 

decisions and their subsequent execution to the participant. This meant that participants still 

had to process the raw information related to the tasks and thus remain engaged. It was hoped 

that this would mitigate the costs of automation and would result in both improved routine 

performance and failure performance that was not degraded.  

Compared with no automation, relatively low-level DOA static automation still 

consistently reduced workload and improved performance in a fluctuating taskload 

environment. This supports previous studies that have found static automation can be 

beneficial under different levels of taskload (e.g. de Visser & Parasuraman, 2011). Static 

automation was also the automation that participants stated that they preferred, possibly 

because of its relatively complex-free support as indicated by the free text feedback from 

participants. Consistently supporting low level information acquisition during varying 

taskload is adequate to see performance improvements. 

However, the experiments also demonstrated that the low DOA did not mitigate static 

automation costs. This research tested the relatively recent claim that keeping automation aid 

below the information acquisition and analysis human information processing level, the costs 

of automation such as complacency would be minimised (Onnasch et al., 2014). Our 

experiment did not support this prediction, as SA was consistently degraded in the static  

condition. Further, SA is also important when the operator must regain manual control after a 

period of automation (Vu & Chiappe, 2015). The last experiment demonstrated that SA could 

not be regained during the return to manual period. However there were no return-to-manual 

deficits in task performance. 
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The study also showed that concurrent non-automated tasks can be degraded with the 

use of static automation. The dive task shared information processing requirements with the 

automated classification and CPA tasks. That is, participants were required to note the 

heading and location of contacts in order to successfully complete the dive task. This 

information was also required for the classification and CPA tasks, which were supported by 

the automation providing timing lines on the waterfall display and track history lines on the 

tactical display. Participants became complacent in processing this information as the 

automation was doing the work. However the automation only supported the classification 

and CPA tasks, and not the dive task, and the dive task performance was subsequently 

degraded. 

This study demonstrated that if non-automated tasks share information processing 

requirements with automated tasks, then performance could be degraded for the non-

automated tasks. The consistently observed recovery of dive task performance once the 

automation was removed and the participant returned to manual control also supports this 

conclusion. A clear implication for system designers is that task information overlap must be 

considered across all subtasks to avoid unintentionally inducing operator complacency non-

automated tasks (Mracek, Arsenault, Day, Hardy III, & Terry, 2014). 

5.2 ADAPTABLE AUTOMATION 

Adaptable automation benefited routine performance marginally; providing only 

modest performance benefits in task accuracy and provided no benefits to task response 

times. On the other hand, there were no significant return-to-manual deficits in the adaptable 

automation condition. 

Adaptable automation was largely engaged at times of high taskload, demonstrating 

that participants can strategically control their automation use. Workload was not appreciably 
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reduced by the use of adaptable automation. Free text feedback provided insight into why 

some participants did not like adaptable automation, and it included phrases such as: “… 

Adapt is a pain because you have to decide if its worth putting it on and whether it was the 

appropiate time…”. This supports the idea that operators devote cognitive resources to 

evaluate whether automation is needed, as found by Kaber and Riley (1999).  

Adaptable automation resulted in substantial costs to SA. This is likely due to (1) the 

lack of appreciation participants have of the impact of automation on their SA, and its 

possible over-use as a result, and (2) task switching costs, the time taken to recover SA after 

switching control from automation to manual. Performance of the non-automated task was 

also degraded in the adaptable condition, possibly a result of the higher workload and 

degraded SA.  

In summary, adaptable automation did not decrease workload consistently, provided 

only marginal performance benefits, and degraded SA and non-automated dive task 

performance. Moreover, performance under adaptable automation conditions was mediated 

by individual differences WMC and personality. These individual differences appear to have 

been manifest in the strategy pursued by participants to manage workload and so influenced 

the time at which automation was engaged and disengaged. Hence, in conclusion, placing the 

control of automation into the operators hands may not be beneficial to performance unless 

the designer gives careful consideration to (1) how the trigger process might add a cognitive 

burden to the operator, (2) how the particular individual operator may interact depending on 

their traits which may include WMC, (3) how the transition between automated and non-

automated states may impact the operator’s work flow, and (4) how non-automated task 

performance may be impacted. 
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5.3 ADAPTIVE AUTOMATION 

The review of the literature in Chapter 1 found no shortage of adaptive automation 

studies, but concluded that empirical evidence regarding the effectiveness of adaptive 

automation was limited. 

For the current simulations of track management there was no evidence that adaptive 

automation improved performance or minimised workload. In fact not only did the adaptive 

automation for this simulation provide no performance or workload benefits, it degraded 

performance of the non-automated task, and degraded SA. However, there were no return-to-

manual deficits. 

There are three possible reasons for the lack of benefits. First is the possibility of 

temporary disorientation at the transition times as the operator, which is a recognised 

phenomenon associated with adaptive automation (Sarter et al., 1997). Second, the timing of 

the triggers may have been sub optimal. The automation was engaged and disengaged based 

on the number of visible contacts, or taskload. The trigger timing roughly matched the 

onset/offset times used by all participants in the adaptable automation condition in the 

previous experiments. The onset may have either been too late, resulting in the participant 

already under cognitive stress and unable to recover when automation was presented, or too 

early, resulting in complacency. Third and counter-intuitively, the low level of automation 

when engaged may have been inadequate for an intermittent aid. As for the static and 

adaptable conditions, the degree of automation available when engaged in the adaptive 

condition was below the critical boundary described by Onnasch et al. (2014). This DOA 

may have been more suitable for static automation. The possible disorientation from the 

transitions between manual and automation may have overwhelmed the advantage offered by 

such low-level automation. 
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There was no influence of WMC, personality and propensity to trust on SA when 

participants used adaptive automation, suggesting that taking the control of automation out of 

the hands of the operator removes the potential for a workload management strategy by 

removing the influence of their individual differences (at least empirically) on their measured 

SA. Surprisingly, subjective workload was higher for those with higher WMC in this 

adaptive condition, possibly due to their endeavours to rationalise and time their own efforts 

with that of the predicted automation aid. High spatial ability resulted in more accuracy with 

the classification and CPA tasks and this was shown to be an advantage across all automation 

conditions. 

The evidence for the efficacy of adaptive automation is limited and the current study 

has shown the importance of the need to consider a number of design factors such as trigger 

type, automation level and trigger timing. If not, the resulting aid may not only provide little 

to no benefit, but could potentially degrade performance. 

5.4 INDIVIDUAL DIFFERENCES 

The experiments showed the importance of operator properties and mechanisms, how 

they may influence the workload regulation loop (Figure 1-1), and how such influence might 

depend upon the automation condition. WMC was positively associated with task 

performance in all automation conditions, but was positively associated with workload only 

in adaptable automation (where an individual workload management strategy was required). 

WMC was also related to SA only in the static and adaptable conditions. Extraversion was 

particularly influential in the static and adaptable conditions, with a negative association with 

classification and CPA accuracy. Emotional stability was only positively associated with 

CPA accuracy in the adaptable condition (perhaps suggesting that consistency in strategy was 

a benefit). Propensity to trust was positively associated with workload in the static condition, 
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suggesting that an ‘over trust’ in the ever-present automation might lead to a cognitive over-

commitment to other areas that effectively (and counter-intuitively) increased workload. 

It was also shown that individual differences predicted automation use. Those with 

higher emotional stability used the automation for longer for time-limited automation. 

Conscientiousness also predicted the workload at automation disengagement. Those with 

higher spatial ability disengaged automation at lower workload when using time-limited 

adaptable automation, suggesting a superior appreciation of the surface picture allowing 

optimal reckoning of the time remaining. 

WMC predicted the workload when automation was triggered (the higher the WMC 

the higher the workload at engagement) and number of contacts when disengaged. This was 

only apparent when a time limit was imposed on the automation. WMC played no role when 

adaptable automation was unlimited. This demonstrated that for adaptable designs that 

require greater effort, the automation-use is impacted by the individual operator’s WMC, 

which in turn impacts upon their workload. Specifically, those with higher WMC tend to 

focus their efforts on managing the automation, rather than on the tasks at hand, resulting in 

any advantage these individuals might have being nullified. Propensity to trust had no 

bearing on how automation was used. 

5.5 LIMITATIONS AND FUTURE RESEARCH 

For submarine track management tasks, static automation was found to be 

problematic as costs to SA remained even at low levels of automation. However, workload 

was reduced and task performance was observed to improve. In environments where task 

load is relatively stable such as system monitoring or medical applications, static automation 

supporting low-level processing may prove to be effective in maintaining SA throughout 

routine and return-to-manual conditions. 
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This research provided low DOA at periods of high workload via operator or 

machine-triggered mechanisms enabling participants to engage with the raw information 

during both automated and non-automated times. However there was evidence of 

disorientation emerging in the transition phases where automation was triggered on and off. 

Perhaps a higher degree of automation at a decision-making level may overcome the 

disorientation arising from manual-automation-manual transitions. Supporting higher human 

information processing during high taskload may also make the transition point from 

automation to manual much more noticeable and better engage the operator. 

Participant performance on the concurrent non-automated task was generally 

degraded by automation. The implications are that operators would have difficulty 

maintaining adequate performance on concurrent tasks that share the same information 

processing requirements as automated tasks. This could be confirmed by comparing the 

performance between concurrent, non-automated tasks that share the information processing 

requirements with the automated tasks, with those non-automated tasks which don’t share 

information. The performance of those tasks that do not share information requirements with 

the automated tasks may actually prove to benefit from the spare cognitive capacity afforded 

by the automation. 

Although not consistently, this research found that WMC predicted SA in the 

adaptable condition but not in the static condition, suggesting an interaction with how 

participants used automation. This finding, together with the influence that personality and 

spatial ability had on automation-use, indicates that the effectiveness of adaptable automation 

might be dependent on an operator’s individual characteristics due to the strategies adopted to 

manage workload. Future work on adaptable automation would need to include individual 

measures to ensure they are considered when interpreting performance results. 
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It should be noted that the adaptive automation triggers were modelled on taskload 

and there was some evidence that the timing may not have been optimal. To confirm whether 

the timing was poor resulting in automation surprises and temporary disorientation, an 

alternative trigger could be investigated. Implementing a physiological workload trigger 

within the current experimental paradigm may result in more appropriate trigger timing and 

could be further explored. 

The use of within-subject design for the first two experiments allowed participants to 

compare their subjective workload between automation conditions. The subjective workload 

results showed greater differences between automation conditions in the within-subject 

design compared to those found in Experiment 3 where they were exposed to only one 

condition. This demonstrates the importance of considering experimental design when 

interpreting results. 

Finally, the relatively inexperienced participants of this study would undoubtedly 

have different skills and motivations compared with more experienced submarine operators. 

The operators on a submarine would also work as part of an established team who would 

follow formal and informal information sharing protocols. It is quite possible that experts 

would show similar results to our novice operators because a recent study in the same 

laboratory found results between student and expert submariners were consistent (Loft et al., 

2016). Nevertheless, future research using experienced submariners is crucial to better 

understand how experts and novices might differ in this domain. 

5.6 FINAL REMARKS 

With any human-machine system that monitors and manages multiple actors within a 

dynamic task environment, it is clear that the human element must be engaged cognitively, that 

is, engaged in sense making for the system to be effective. This thesis explored strategies to 
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support the operator using a novel experimental paradigm, the submarine track management 

simulation. 

This thesis empirically examined current strategies for matching operator workload 

with automation aid, as well as the proposed strategy of using low-level automation. This 

thesis measured live workload and SA in a dynamic taskload simulation, and also examined 

the interaction with operator WMC, personality and spatial ability. It is the first to sample 

real-time workload and SA to graphically show how they might vary together over time. 

The aim behind this thesis was to offer insight into the contemporary strategies used 

to optimise automation aid in a single experimental paradigm. It is hoped this work will 

encourage further research in the area of operator engagement in the field of human-computer 

interaction. 
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Appendix 2A 
 
SPAM Questions 

 

 

Aims 

a. To develop SA questions which will successfully discriminate between participant 

with good SA and those with poor SA, for each of the three levels of SA (perception, 

comprehension, and projection). 

b. To distribute these SA questions so that they also discriminate participant SA that 

underpins each of the simulation tasks (classification, CPA, and dive). 

 

Method 

SPAM Delivery 

The SA questions delivery were balanced over a number of factors: 

SA level Each level had to have the same number of questions 

Task type Each task type had to have the same number of questions 

Near and far 
contacts 

SPAM questions had to equally distributed between near and far 
contacts 

Taskload The questions had to be delivered at moments of both high and low 
taskload equally 

Point on 
‘wave’ 

The questions had to be equally represented at points where taskload 
was increasing, at taskload peaks, as taskload was decreasing, and at 
its trough 

 

In addition to the required SPAM questions balance as described above, guidelines from 

Durso and Dattel (2004) and findings by Loft	et	al.	(2015)	were used for the development 

and delivery of the SPAM questions. The SPAM parameters that resulted were: 
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1. SPAM questions will be forced choice. The forced choice will be a mixture of binary 

(yes/no) and multiple choices by choosing a contact on the display. The participant 

would answer by either clicking on a contact on the tactical display, or by clicking on 

a Yes or No button displayed on the tactical display when the SPAM questions are 

posed. 

2. There will be six SPAM questions delivered per 27.5-minute scenario. 

3. SPAM questions will be delivered at the peaks, troughs, and at various times during a 

scenario. These times are given in figure 1. 

4. SPAM questions will be divided equally between near and far contacts as much as 

possible. So for one scenario, three will be about contacts that are outside the 6nm 

ring, and three will be about contacts that are within the 6nm ring. 

5. SPAM questions will be delivered over the headphones. 

6. Each question will be preceded by a prompt “Are you ready for a question?”  The 

participant will have a 10-second window in which to respond (click on Yes). If no 

response is given no SPAM question is asked. The period of 10 seconds was the 

maximum time allowed given that appearances and disappearances of contacts occur 

at 30-second intervals (see Appendix A). 

7. The participants will have 15-second window after the SPAM question is presented. If 

no response is given the question is considered missed and scored as incorrect. 

8. The SPAM questions should not distract the participant during the dive window, and 

will only be presented before or after the dive window. 
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Figure 1. The timing of the SPAM probes in relation to the taskload. A participant would 
complete three conditions one after the other. The three conditions are shown. There are three 
waves of contacts per condition. For each condition there are six SPAM questions. The six 
questions comprise of two of each simulation task (classification, CPA and dive), and two of 
each level (L1, L2 and L3). The timing of the different SPAM levels are shown. Although the 
timing with regard to the task type was balanced as much as was possible, the timing was 
primarily decided by the location and behaviour of the contacts at the time of the probe. 
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SPAM questions 

The SA questions must be more difficult for participants who experience automation-induced 

complacency. Therefore for each question, we determined whether a participant using 

automation would be paying attention to the information required to answer the question. 

Through the researchers’ experience with completing the simulation tasks numerous times, 

each question was examined using this framework. The final questions agreed upon are 

shown in Table 1. 

 

Table 1. The final SPAM questions used for the pilot experiment 
 
 Situation awareness SPAM Questions 
 SA Level 1 

Perception: 
SA Level 2 

Comprehension: 
SA Level 3 

Forecast/Projection 
 
 
 
ID 

1. Which vessel is 
closest to a Y zone? 

2. Is X heading toward a 
Y zone? 

3. Is X in a Y zone? 
4. Has X been visible for 

more than 4 minutes? 
 

10. Has X been in a Y 
zone for less than 1 
minute/longer than 3 
minutes? 

11. Which vessel has just 
crossed an ID 
boundary? 

15. Could X be within the 
Y zone in 4 min time? 

16. Could X cross a 
boundary within 2/4 
min? 

17. Which vessel is most 
likely to be a 
trawler/friendly/ 
enemy/merchant. 

 
CPA 

5. Is X heading 
towards/away from 
you? 

12. Which vessel had the 
most recent CPA? 

 

18. Which vessel is most 
likely to show the next 
CPA? 

 
 
DIVE 

6. Which vessel is 
closest/furthest vessel 
to you? 

7. Which vessel is 
heading directly 
towards you? 

13. Are any vessels on 
the same course? 

19. Identify the vessel 
most likely to collide 
with you. 

 

 
	



 
	
	
	

	

Appendix 2B 
 
HFESA conference paper on the pilot study 

 

 

 

 

This Appendix describes the Pilot study. It was submitted as a conference paper to the Human 

Factors and Ergonomics Society Australia Annual Meeting, 2013. 

 

 

 

Submission category: Automation 

 

Chen, Stephanie, Loft, Shayne, Visser, Troy & Braithwaite, Janelle. (2013). Flexible 

Automation: A comparison of operator-triggered and static automation. Presented at the 

Human Factors and Ergonomics Society Annual Meeting, Perth, 2013. 
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Flexible	automation:	A	comparison	of	operator-triggered	and	static	automation	

	
Stephanie	Chen,	Shayne	Loft,	Troy	Visser,	and	Janelle	Braithwaite	

University	of	Western	Australia	
	

ABSTRACT	
	

Objective:	To	pilot	an	automation	design	in	a	simulated	submarine	track	management	
context,	which	allows	operators	to	decide	when	to	invoke	automation	as	required,	and	
compare	their	subsequent	performance,	workload	and	situation	awareness	with	those	
operating	with	static	automation	or	no	automation.	

	
Background:	 During	 operations	 that	 require	 continuous	 monitoring	 of	 multiple	
objects	and	concurrent	decision	making,	matching	automation	levels	with	taskload	can	
potentially	prevent	extreme	high	or	 low	workload	and	 improve	situation	awareness	
and	performance,	compared	with	fixed	level	(static)	automation.	However	the	cognitive	
cost	 of	 deciding	 when	 to	 make	 a	 trigger	 decision	 can	 potentially	 outweigh	 these	
advantages.	 This	 is	 a	 crucial	 consideration	 when	 designing	 operator-triggered	
automation.	

	
Method:	 Using	 a	 within-subjects	 design,	 ten	 undergraduate	 students	 operated	 a	
submarine	 track	management	simulation	during	 three,	28-minute,	counter-balanced	
conditions:	no	automation,	static	automation,	and	operator-triggered	automation.	The	
participants	needed	to	monitor	the	behaviour	and	location	of	unknown	vessels	on	their	
sonar	display	in	order	to	complete	several	individual	tasks	and	one	global	task.		
	
Results:	 	 Static	 automation	 reduced	workload,	 improved	 the	 performance	 of	 some	
individual	tasks,	but	impaired	the	performance	of	global	tasks	and	reduced	operator	
situation	 awareness.	 Contrary	 to	 our	 expectations,	 the	 use	 of	 operator-triggered	
automation	 resulted	 in	 the	 poorer	 performance	 on	 some	 tasks	 compared	 to	 no	
automation	or	static	automation,	and	did	not	increase	situation	awareness.	

	
Conclusions:	This	pilot	of	the	submarine	track	management	automation	paradigm	was	
generally	successful.	The	cost	of	static	automation	to	situation	awareness	was	minimal,	
and	users	invoked	automation	during	periods	of	high	taskload.	The	operator-triggered	
automation	design	will	need	adjusting	to	better	avoid	reorientation	costs.	
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INTRODUCTION	
	
There	are	a	number	of	work	domains	in	which	the	human	operator	must	concurrently	
track	 multiple	 objects,	 predict	 object	 behaviour,	 process	 diverse	 data,	 and	 make	
decisions.	 These	 types	 of	 tasks	 are	 conducted	 by	 human	 operators	 such	 as	 pilots,	 air	
traffic	controllers,	and	personnel	in	military	settings	such	as	naval	ships	and	submarines.	
These	operators	must	be	aware	of	which	tasks	need	to	be	performed,	prioritise	tasks,	and	
maintain	 an	 overall	 mental	 picture	 of	 the	 system.	 Such	 work	 domains	 require	 the	
operator	to	have	good	situation	awareness.(Endsley,	1995a)	
	
The	greater	the	number	of	objects	to	be	managed,	and	the	more	tasks	associated	with	
that	object,	the	higher	the	taskload.(Neerincx,	2003)		Increasing	taskload	often	increases	
workload.	Extreme	workload	levels	can	result	in	poorer	situation	awareness	(SA),	and	
performance	deficits.	If	the	workload	is	too	high,	the	operator	can	become	overloaded	
and	performance	drops.	If	workload	is	too	low	the	operator	can	become	disengaged	and	
out-of-the-loop	(OOTL),	a	phenomenon	which	has	been	attributed	to	complacency	and	
reduced	 operator	 vigilance.(Endsley	 &	 Kaber,	 1999)	 	 Automation	 can	 benefit	
performance	 by	 reducing	 workload,	 but	 it	 also	 has	 a	 cost	 as	 it	 can	 contribute	 to	
complacency	 and	 thereby	 reduce	 SA.	 The	 performance	 benefit	 of	 automation	 exists	
during	normal	operations.	The	costs	are	only	apparent	when	the	automation	fails,	and	
the	diminished	SA	results	in	a	degraded	failure	response.(Hancock	et	al.,	2013)		This	is	
one	of	the	central	challenges	in	designing	automation:	to	reduce	the	operator’s	workload	
by	providing	automation,	whilst	still	keeping	the	operator	engaged	with	the	work	system	
and	associated	tasks.	
	
In	 comparison	 to	 automation	 that	 remains	 fixed	 at	 one	 level	 (static	 automation),	 a	
number	 of	 studies	 have	 found	 adapting	 the	 level	 of	 automation	 to	 the	 operator’s	
workload	(adaptive	automation)	better	regulates	workload,	improves	performance	and	
enhances	SA.(de	Greef	et	al.,	2010)		Adaptive	automation	is	based	upon	the	idea	that	the	
operator	 only	 needs	 to	 be	 supported	 at	 times	 of	 high	 taskload,	 or	when	 operator	 or	
system	performance	is	in	jeopardy,	and	that	automation	should	scale	down	when	things	
become	 quieter,	 keeping	 the	 human	 occupied	 within	 a	 band	 of	 proper	
workload.(Arciszewski	 et	 al.,	 2009;	 Endsley	 &	 Kiris,	 1995)	 	 One	 of	 the	 most	 critical	
challenges	in	the	development	of	human-machine	interaction	is	the	design	of	automation	
trigger	mechanisms	to	distribute	work	effectively	between	machines	and	their	human	
operators.(de	Greef	&	Arciszewski,	2007)	 	Often	the	trigger	 is	a	pre-determined	point	
based	 upon	 an	 estimate	 of	 the	 operator’s	 workload.	 Automation	 is	 invoked	 by	 the	
machine,	or	machine-triggered	automation	(MTA).	As	the	automation	is	reduced	during	
periods	of	low	taskload,	the	operator	remains	engaged	and	less	likely	to	become	OOTL,	
therefore	maintaining	SA.	
	
The	drawbacks	with	machine-triggered	automation	are	well	documented,	particularly	in	
aviation.	 Pilots	 may	 perceive	 that	 the	 automation	 behaves	 non-
deterministically(Dorneich,	 Rogers,	 Whitlow,	 &	 DeMers,	 2012)	 and	 hence	 is	
unpredictable,	 resulting	 in	 automation	 ‘surprises’.	 This	 is	 where	 the	 pilot	 notices	
unexpected	 behaviour	 in	 the	 automation	 and	 needs	 to	 reorient.	 The	 resulting	 loss	 of	
automation	 mode	 awareness	 has	 played	 a	 role	 in	 actual	 aviation	 accidents.(Sarter,	
Mumaw,	&	Wickens,	2007)	
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The	alternative	is	to	have	the	operator	make	the	automation	changes.	Operator-triggered	
automation	(OTA)	is	also	adaptive	to	the	operator’s	workload	and	as	the	operator	has	
control	 of	 the	 automation,	 potential	 automation	 surprises	 are	 minimised.	 With	 the	
greater	manual	component	and	possible	accompanying	increase	in	mental	workload,	SA	
can	be	enhanced,	and	the	right	trade-off	between	SA	and	workload	can	result	in	improved	
performance.(Veltman	&	Jansen,	2006)		However	the	extra	workload	required	to	manage	
automation,	 or	 to	 make	 decisions	 to	 invoke	 automation,	 can	 degrade	 operator	
performance.(Kaber	&	Riley,	1999)	 	Further,	 the	point	at	which	automation	 is	needed	
would	likely	be	the	point	where	the	operator	is	already	overloaded,	making	it	less	likely	
that	 the	 operator	 has	 the	 cognitive	 capacity	 to	 correctly	 decide	 to	 activate	 the	
automation.(de	Greef	&	Arciszewski,	2009)	
	
The	aim	of	the	pilot	study	was	to	provide	an	initial	test	of	the	capability	of	the	simulated	
submarine	 track	 management	 tasks	 to	 examine	 participants’	 workload,	 SA,	 and	
performance	under	various	(within-subject	manipulated)	automation	conditions	during	
fluctuating	taskload.	First,	we	expected	to	replicate	some	basic	 findings	 in	the	human-
machine	interaction	literature.	That	is,	we	expected	decreased	subjective	workload,	but	
poorer	SA,	in	the	static	automation	condition	compared	to	the	no	automation	condition.	
We	expected	the	individually	automated	performance	tasks	to	improve	with	the	use	of	
static	 automation	 compared	 to	 no	 automation,	 but	 that	 performance	 would	 actually	
suffer	in	the	static	automation	condition	for	global	performance	tasks	that	require	more	
information	integration.		
	
Second,	we	expected	 that	 any	decrease	 in	workload	 from	OTA	would	be	offset	by	 the	
increased	effort	required	to	manage	it,	but	that	OTA	would	nonetheless	enhance	SA	and	
improve	 performance.	 This	 is	 because	 the	 increased	 effort	 of	 managing	 automation	
necessitates	a	greater	appreciation	of	the	simulation	state	in	order	to	best	decide	when	
to	trigger	automation	on	and	off.	In	the	reported	pilot	study,	this	extra	effort	is	needed	
when	 the	user	 is	 forced	 to	budget	a	 limited	amount	of	operator-triggered	automation	
time.	If	the	workload	cost	is	not	too	great,	then	performance	should	be	better	than	when	
there	is	no	automation	or	static	automation.	
	
	
	

Method	
	

Participants	
Ten	 university	 undergraduate	 participants	 (3	 male;	 M=	 19.5	 years,	 SD	 =	 4.06)	
participated.	 During	 the	 operator-triggered	 automation	 (OTA)	 condition,	 two	
participants	experienced	a	breakdown	of	the	automation,	so	only	their	static	and	none	
condition	mean	performances	are	reportable.	
	
Design	
This	study	was	a	 three-condition,	within-subjects	design:	no	automation	(none),	static	
automation	 (static),	 and	 OTA.	 Each	 automation	 condition	was	 27.5	minutes	 long	 and	
could	be	set	to	one	of	three	real-life	geographic	locations.	The	order	of	the	conditions	was	



Appendix 2B 
	
	
	

	

207	

counterbalanced,	 and	 the	 simulated	 geographic	 locations	 were	 also	 counterbalanced	
across	these	conditions.	
	
Simulated	Submarine	Track	Management	Task.	
The	track	manager	submarine	simulation	was	adapted	from	the	submarine	simulation	
used	in	previous	studies	(Bowden	&	Loft,	2012;	Loft	et	al.,	2015).	It	was	programmed	in	
MATLAB	and	ran	upon	a	desktop	computer	with	dual	displays.	Participants	sat	in	front	
of	the	displays	and	operated	the	simulation	via	the	keyboard	and	mouse.	The	surface	plot	
was	 upon	 the	 left	 screen	 participants	 could	 observe	 vessels	 in	 a	 defined	 area	 of	
operations	 from	 a	 birds-eye	 view	 (See	 Figure	1a),	 and	 upon	 the	 right	 screen	was	 the	
waterfall	display,	where	participants	could	note	the	change	in	bearings	of	each	vessel	in	
real	time	(See	Figure	1b).	During	each	scenario,	the	number	of	vessels	would	increase	
and	 decrease	 in	 ‘waves’,	 and	 participants’	 performance,	 workload,	 and	 situation	
awareness	 were	 recorded.	 The	 number	 of	 vessels	 to	 be	 tracked	 was	 considered	 the	
taskload.	
	
Tasks	
There	 were	 three	 tasks.	 The	 classification	 task	 required	 participants	 to	 monitor	
individual	 vessels	 intermittently	 to	 see	 when	 they	 crossed	 into	 one	 of	 the	 three	
classification	areas:	Fishing	sectors,	Friendly	sectors,	or	the	Merchant	shipping	lane.	To	
assist	 in	 timing,	 the	participant	placed	a	 line	on	 the	waterfall	display	when	 the	vessel	
crossed	into	a	classification	area.	When	this	line	reached	the	2-minute	mark,	it	could	be	
classified	according	to	the	area.	If	a	vessel	did	not	enter	any	area	for	2	minutes,	it	was	to	
be	classified	as	an	enemy.	There	were	24	vessels	to	be	classified	per	condition.	
	
The	closest	point	of	approach	(CPA)	task	required	the	participant	to	monitor	each	vessel	
to	determine	the	point	at	which	the	vessel	moving	toward	the	Own-ship	changed	course	
and	started	moving	away.	When	this	occurred	the	participant	marked	the	point	on	the	
corresponding	sound	track	as	a	CPA.	Per	scenario,	each	vessel	had	one	CPA.	
	
The	classification	and	CPA	tasks	required	the	participant	to	focus	upon	the	behaviour	of	
individual	vessels.	The	third	task,	 to	 ‘dive’,	 required	a	more	global	appreciation	of	 the	
‘surface	picture’.	For	this	task,	participants	were	asked	to	click	on	the	Dive	button	when	
they	noticed:	(a)	all	vessels	were	heading	in	the	same	direction,	and	(b)	one	of	the	vessels	
was	heading	directly	toward	the	Ownship.	The	dive-window	duration	was	between	10	
and	30	seconds.	There	were	between	9	and	11	dive	windows	per	condition.	
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Figure	1a.	The	left	monitor	of	the	submarine	track	manager	simulator:	the	surface	plot.	Vessels’	movements	
bring	them	into	areas	that	determine	their	classification:	Dark	blue	‘shallow’	areas	are	fishing	zones.	The	
two	parallel	white	 lines	 show	a	merchant	 shipping	 lane.	The	areas	 bounded	by	 blue	 lines	are	 friendly	
sectors.	Participants	click	the	‘ON’	and	‘OFF’	buttons	to	control	the	automation	(‘Track	Assist’)	in	the	OTA	
condition.	The	ATWIT	probe	is	shown.		
	

	

Figure	 1b.	The	 right	monitor	 of	 the	 submarine	 track	manager	 simulation,	 referred	 to	 as	 the	waterfall	
display.	The	bearings	of	the	vessels	on	the	surface	plot	are	shown	and	are	continually	updated	at	the	top,	
forming	 lines	 with	 time	 (sound	 tracks).	 This	 display	 allows	 participants	 to	 time	 vessels	 by	 placing	
horizontal	lines	at	the	top	of	the	sound	tracks	when	that	vessel	entered	a	classification	area.	These	lines	
move	down	with	time	and	the	vertical	axis	indicates	minutes	since	the	line	was	placed.	When	automation	
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is	on,	these	lines	appear	without	user	input.	In	the	OTA	condition,	these	lines	disappear	when	automation	
is	switched	off.	

	
Automation	
When	automation	was	on,	either	in	 the	static	automation	condition,	or	during	the	 ‘on’	
periods	in	the	OTA	condition,	a	‘snail	trail’	track	history	for	each	vessel	was	shown	on	the	
surface	plot,	 and	 the	horizontal	 lines	were	placed	on	 the	waterfall	display	 to	 indicate	
when	a	classification	boundary	had	been	crossed.	In	the	OTA	condition,	the	participants	
were	given	limited	amount	of	automation	(10	minutes	of	‘Track	Assist’	time)	and	told	to	
expect	three	waves	of	peak	taskload.	When	the	‘Track	Assist’	was	turned	off	in	the	OTA	
condition,	all	track	history	snail	trails	and	horizontal	lines	disappeared	
	
Measures	
During	each	simulation,	situation	awareness	was	measured	six	times	using	the	Situation	
Present	Assessment	Method	(SPAM),(Durso	&	Dattel,	2004)	which	has	previously	been	
successfully	used	to	measure	SA	in	submarine	track	management	(Bowden	&	Loft,	2012,	
2013;	 Loft	 et	 al.,	 2015).	 The	 SPAM	questions	were	 designed	 to	 assess	 the	 underlying	
information	 required	 to	perform	 the	 three	 tasks.	For	example:	 ‘is	 vessel	 x	 in	a	 fishing	
zone?’	 (Classification	 task),	 ‘is	 vessel	 x	heading	 toward	you?’	 (CPA	 task),	 and	 ‘are	any	
vessels	on	the	same	course?’	(Dive	task).	
	
Workload	was	measured	every	minute	using	the	Air	Traffic	Workload	Input	Technique	
(ATWIT).(Stein,	1985)		The	ATWIT	scale	was	presented	over	the	top	of	the	surface	plot	
(Figure	1a),	but	did	not	prevent	participants	from	completing	any	tasks.	Participants	had	
10	seconds	to	choose	a	workload	level.	
	
The	 workload,	 performance,	 and	 total	 number	 of	 contacts	 were	 sampled	 every	 30	
seconds	and	 the	 last	known	value	of	 each	within	 the	30-second	block	were	 recorded.	
After	 each	 condition	 participants	 completed	 the	NASA	Taskload	 Index	 (TLX),	 a	multi-
dimensional	subjective	workload	scale.	(Hart,	2006;	Hart	&	Staveland,	1987)	
	
Procedure	
On	 Day	 1	 the	 participants	 were	 trained	 using	 audio-visual	 instructions	 and	 then	
completed	 a	 practice	 scenario.	 On	 Day	 2,	 the	 participants	 were	 presented	 a	 short	
reminder	training	session,	before	completing	each	of	 the	three	automation	conditions.	
After	the	final	condition,	a	questionnaire	on	their	thoughts	on	the	automation	conditions	
was	administered.	
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Results	
	

In	the	sections	below	we	comment	on	numerical	trends	in	the	pilot	data,	but	this	data	
should	 be	 interpreted	 with	 caution	 due	 to	 the	 low	 power	 and	 accompanying	 lack	 of	
available	statistical	inference.		
	
Operator-triggered	automation	use	
Participant	generally	used	the	automation	during	periods	of	high	taskload	(Figure	2).	
	

	
	
Figure	2.	Automation	on-times	during	 the	operator-triggered	automation	condition.	The	 top	 line	graph	
shows	the	taskload	(number	of	vessels	to	track).	The	bottom	grid	shows	the	corresponding	30-second	time	
blocks	where	each	of	the	eight	participants	had	automation	turned	on	(grey	boxes).	

	

Task	performance	
Task	performance	means	and	standard	deviations	between	the	three	conditions	can	be	
found	in	Table	1.	Task	accuracy	appeared	better	in	the	static	condition	compared	to	other	
conditions	for	classification	and	CPA.	In	fact,	there	was	a	significant	effect	of	automation	
on	CPA	accuracy	at	the	p<0.05	level	for	the	three	conditions	[F(2,	14)	=	6.81,	p	<	0.05].	
However	the	dive	task	accuracy	was	numerically	poorer	in	the	static	condition	suggesting	
that	static	automation	hindered	the	information	integration	required	for	this	global	task,	
as	was	expected.	Contrary	to	predictions,	the	distribution	of	response	times	suggests	that	
operator-triggered	automation	condition	generally	produced	the	poorest	performance	
(Figure	3).		
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TABLE	 1.	 Means	 and	 Standard	 Deviations	 of	 performance	 (accuracy	 and	 RT)	 and	 situation	
awareness	on	the	three	performance	tasks.	SPAM	RT	is	the	time	taken	to	respond	to	answer	the	
situation	awareness	question.	

	
TASK	

No	
Automation	

Static	
Automation	

Operator	triggered	
Automation	

	 M	 SD	 M	 SD	 M	 SD	

Classification	 0.82	 (0.13)	 0.87	 (0.11)	 0.79	 (0.36)	

Classification	RT	 25.94	 (12.09)	 24.27	 (13.90)	 31.27	 (18.52)	

CPA	 0.50	 (0.17)	 0.67	 (0.21)	 0.58	 (0.28)	

CPA	RT	 25.17	 (15.37)	 24.34	 (13.39)	 28.86	 (15.81)	

Dive	 0.71	 (0.29)	 0.66	 (0.27)	 0.70	 (0.36)	

Dive	RT	 9.62	 (5.89)	 10.13	 (4.30)	 13.18	 (7.41)	

SPAM	RT	 2.87 (2.62) 3.04 (3.21) 2.86 (2.86) 
	
Situation	awareness	
SPAM	RT	was	longer	for	static	automation,	suggesting	that	the	use	of	static	automation	
hindered	situation	awareness,	as	expected.	
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Figure	3.	Boxplots	of	response	times	for	the	three	
tasks	 performed	 during	 the	 three	 automation	
conditions.	 The	 horizontal	 lines	within	 the	 boxes	
indicate	the	median.	The	diamond	symbol	indicates	
the	mean.		
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Workload		
As	expected	the	subjective	workload	was	lowest	in	the	static	condition	as	indicated	by	

the	 post-scenario	workload	measure	 (NASA-TLX)	 [F(2,	 14)	 =	 6.30,	p	 <	 0.05],	 and	 the	
response	time	to	‘are	you	ready	for	a	question?’	for	the	SPAM	probe,	which	is	indicative	

of	workload	and	was	also	lower	(Figure	4).	

	

Although	the	NASA-TLX	measure	showed	no	difference	in	subjective	workload	between	

the	OTA	and	no	automation	conditions,	the	live	workload	measure	(ATWIT)	showed	a	

clear	difference	(Figure	5).	Live	workload	was	numerically	lower	in	the	static	condition,	

particularly	 during	 the	 taskload	 peaks.	 As	 expected,	 OTA	 appeared	 to	 have	 reduced	

workload	extremes	at	high	and	low	taskload	(Figure	5).	More	generally,	the	live	workload	

rose	and	fell	with	the	number	of	contacts	visible	in	all	conditions.	

	

	
Figure	4.	Boxplots	for	subjective	workload	scores	(top	plot)	and	response	time	to	the	SPAM	prompt:	“are	
you	ready	for	a	question?”	(bottom	plot).	The	horizontal	lines	within	the	boxes	indicate	the	median.	The	

diamond	symbol	indicates	the	mean.	
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Figure	 5.	Local	weighted	 regression	 lines	with	 standard	 error	 (shown	 in	 dark	 grey),	 calculated	 for	 the	
scatter	 plot	 of	 ATWIT	 responses	 over	 time.	 The	 light	 grey	 line	 is	 the	 taskload,	 or	 the	 total	 number	 of	

contacts	that	were	visible	at	the	time.	

	

Participant	preferences	
All	but	one	of	the	participants	preferred	the	static	automation.	The	static	automation	

was	called	‘Track	Assist’	and	the	OTA	was	named	‘Adapt’.	Written	participant	feedback	

on	why	the	static	automation	was	preferred	are	quoted	below:		

• “CPA was easier to find using this, and it required less thinking and mental use over 
the other ones”	

• “When you had the choice of adapt it was another thing to think about, I found it harder 
to perform at a higher level with having to make a decision about when to utilise the 
track assist function. I was very calm during the fixed condition knowing I could rely 
on the information being provided. It was one less decision I had to make and one less 
thing I had to concentrate on.”	

	

The	other	participant	preferred	having	no	automation	at	all.		

	

“I felt that the Track Assist was more distracting… as I would begin to rely entirely on Track 
Assist lines then when it disappeared I would feel disorientated … Having none on was more 
consistent, allowing me to get a rhythm and style going of my method of placing lines and 
checking for CPA's etc. It also forced me to make more of a mental memory of which lines 
are in place for which vessels and which boundaries they were, better allowing me to be 
equipped for when to classify the vessels and roughly how long I may have to wait.” 
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Discussion	

	

This	 study	compared	operator-triggered	automation	 (OTA)	with	 static	 automation	on	

performance,	 workload	 and	 situation	 awareness.	 We	 wanted	 to	 observe	 how	 this	

somewhat	 complex	 and	 difficult	 track	management	 simulation,	 and	 its	 accompanying	

training,	was	received	by	an	initial	small	sample	of	participants.	Overall	we	were	pleased	

to	see	that	participants	used	automation	during	periods	of	high	taskload,	that	there	was	

a	 range	 of	 accuracy	 and	 response	 times	 within	 the	 sample,	 and	 that	 we	 seemed	 to	

replicate	the	basic	effects	of	static	automation.	That	is,	the	subjective	workload	and	SPAM	

measures	 suggested	 that	 static	 automation	 reduced	 workload	 compared	 to	 no	

automation,	improved	classification	and	CPA	accuracy,	but	perhaps	compromised	SA	and	

performance	 on	 the	 global	 dive	 task.	 Participants	 overwhelmingly	 preferred	 static	

automation	compared	to	OTA.	

	

The	diminished	SA	during	the	static	condition	may	become	more	apparent	in	subsequent	

larger	studies	with	this	simulation.	However	the	relatively	small	effect	 found	during	a	

fluctuating	taskload	simulation	is	noteworthy.	

	

There	are	three	possible	methodological	explanations:		(1)	The	SA	measurement	may	not	

have	 been	 sensitive	 enough	 to	 discriminate	 between	 automation	 conditions,	 	 (2)	 the	

regular	 fluctuating	 taskload	 may	 have	 provided	 variation	 enough	 to	 maintain	 active	

participant	engagement,	as	well	as	motivate	for	extra	effort	by	giving	predictable	periods	

of	respite,	and	(3)	the	aggregation	of	data	of	both	high	and	low	taskload	may	have	masked	

the	differences	between	 automation	conditions,	which	may	be	more	apparent	at	high	

taskload.	

	

The	automation	design	may	have	also	contributed	to	minimising	the	 loss	of	SA	during	

static	automation.	The	automation	was	designed	to	reduce	costs	to	SA	by	targeting	lower	

information	processing	levels.(Kaber,	Perry,	et	al.,	2006)		Participants	were	still	required	

to	 analyse	 the	 information	 and	make	 the	 final	 decisions,	 keeping	 them	 engaged	 and	

vigilant.	Additionally,	as	the	assistance	of	the	automation	increased	with	the	number	of	

vessels	(more	track	history	and	timing	lines),	the	automation	was	essentially	a	function	

of	 taskload.	 This	 meant	 greater	 operator	 engagement	 at	 low	 workload	 and	 greater	

automation	support	during	intense	periods	when	needed.	

	

We	 also	 expected	 better	 performance	 in	 the	 OTA	 condition	 compared	 with	 no	

automation.	The	possible	benefits	of	OTA	may	have	been	offset	by	the	cost	of	managing	

the	OTA.	This	is	consistent	with	the	findings	of	Kaber	and	Riley	(1999)	who	also	noticed	

performance	deficits	when	people	had	to	manage	their	own	automation.	Although	this	

cost	was	 anticipated,	 we	 did	 not	 expect	 it	 to	 be	 a	 large	 one.	 There	 are	 two	 possible	

explanations:	(1)	the	‘budgeting’	of	the	automation	time	had	a	greater	cost	than	expected.	

This	is	supported	by	some	of	the	comments	indicating	that	this	was	a	burden,	and	(2)	the	

abrupt	change	that	occurred	when	participants	turned	automation	off.	It	is	possible	that	

participants	were	disoriented	when	the	OTA	was	switched	off.	Specifically,	the	horizontal	

lines	placed	by	the	automation	to	show	participants	how	long	a	vessel	had	been	within	a	

classification	area	disappeared	when	automation	was	turned	off.	The	participant,	who	

had	not	needed	to	place	a	line	or	monitor	time	elapsed	due	to	the	automation,	suddenly	
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had	no	time	reference.	Depending	on	when	the	automation	was	turned	off,	the	participant	

may	have	been	worse	off	by	using	the	automation.	Future	versions	of	 the	OTA	design	

would	 have	 the	 horizontal	 lines	maintained	 but	 not	 updated	when	 the	 automation	 is	

switched	off.	

	

Conclusion	
This	study	demonstrated	the	cost	of	static	automation	to	SA	and	subsequent	performance	

of	global	performance	task.	However	this	effect	was	not	strong	despite	large	fluctuations	

in	workload.	Notwithstanding	the	possible	methodological	reasons,	this	suggests	that	in	

some	 cases,	 well-designed	 static	 automation	 may	 be	 adequate	 in	 dynamic	 task	

environments,	where	 it	can	reduce	workload	and	 improve	performance	 in	some	tasks	

whilst	minimising	 SA	 loss.	 The	 implications	 are	 that	 SA	 and	 subsequent	 performance	

could	 be	 maintained	 in	 an	 automation	 failure.	 This	 is	 supported	 by	 the	 findings	 of	

(Wickens,	 Li,	 Santamaria,	 Sebok,	 and	 SarterWickens,	 Li,	 Santamaria,	 Sebok,	 &	 Sarter,	

2010)	who	also	suggest	 increased	automation	which	 improves	performance,	does	not	

necessarily	produce	a	degraded	failure	response.(Hancock	et	al.,	2013)	

	

This	study	also	suggests	that	disorientation	costs,	which	are	more	commonly	associated	

with	machine-triggered	automation	(automation	surprises),	could	also	occur	with	OTA,	

and	the	cost	of	managing	OTA	may	outweigh	its	benefits	if	not	optimally	designed.	

	

Finally,	 this	 study	 has	 confirmed	 that	 our	 training	 and	 submarine	 simulation	 design	

provided	a	good	range	of	performance	and	the	expected	human-machine	interaction	in	

the	OTA	condition.	With	small	alterations	it	will	provide	a	platform	for	our	future	OTA	

and	MTA	research.	
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Automation that supports lower order information processing levels can potentially reduce the loss of 
situation awareness associated with static automation, but remains to be tested. Adaptable automation has 
promised the benefits of adaptive automation without the associated reorienting costs.  In the current study, 
38 participants completed a simulated submarine track management task with varying taskload under 
conditions of no automation, static automation, and adaptable automation (where participants decided when 
to use automation). Static automation reduced workload and improved performance with no cost to 
situation awareness (compared to no automation). This suggests that low levels of static automation can 
support performance under varying taskload, however a stronger test of situation awareness is 
recommended for future studies. Adaptable automation was used during periods of high taskload but was 
not utilized fully by participants. Adaptable automation maintained situation awareness and lowered 
workload but provided minimal performance improvements (compared to no automation).  
 

INTRODUCTION 
 
Conventional wisdom contends that automation 

benefits routine performance, but weakens ‘failure’ 
performance. Automation costs are well documented and 
include complacency, loss of vigilance and a loss of situation 
awareness (SA) (Parasuraman, Molloy, & Singh, 1993). This 
has been interpreted using the lumberjack analogy (Onnasch, 
Wickens, Li, & Manzey, 2013).  That is, the more automation 
that is applied (the higher the tree), the greater the cost to SA, 
and the subsequent decrement in performance if the 
automation fails or when the operator must otherwise return to 
manual control (the harder they fall). 

These problems have typically been observed when 
function allocation between human and machine has been 
fixed. Static automation, as it is known, is commonly 
characterized in terms of a level of automation (LOA) 
(Sheridan & Verplank, 1978); that is, the extent to which a 
machine can replace a human in a given control system 
(Kaber, Perry, Segall, McClernon, & Prinzel, 2006). It is 
argued that low LOA could improve performance but also 
keep the operator “in the loop” and engaged (maintained SA). 

A system that can adjust the LOA according to the 
cognitive demands of the operator is referred to in the 
literature as adaptive automation.  Adaptive automation has 
been described as one of the “more important ideas in the 
history of human factors/ergonomics” (Hancock et al., 2013). 
Adaptive automation can reduce workload, and improve 
performance compared with static automation (Calhoun, Ruff, 
Spriggs, & Murray, 2012; Parasuraman, Cosenzo, & De 
Visser, 2009). It is also argued that adaptive automation can 
mitigate SA decrements or even improve SA (Calhoun et al., 
2012; Parasuraman et al., 2009). 

Applying automation to the ‘lower order’ human 
information processing (HIP) levels such as information 
acquisition (sensing) and action implementation (motor 
performance) or those which do not require higher order 
planning (Kaber et al., 2006) has been found to be 
advantageous in adaptive systems.  Workload is reduced and 

performance improved (Clamann, Wright, & Kaber, 2002).  
However the effect on SA has been variable (Kaber & 
Endsley, 2004; Kaber et al., 2006). 

Adaptive automation triggers can be based upon an 
estimate of the operator’s current workload, based on task load 
modeling (e.g. Kaber & Endsley, 2004) or based on 
performance (e.g. Calhoun, Ward, & Ruff, 2011).  The 
drawbacks with adaptive automation are well documented.  If 
automation is triggered at the wrong time it may interrupt the 
unsuspecting operator.  For example pilots may perceive that 
the automation behaves non-deterministically (Dorneich, 
Rogers, Whitlow, & DeMers, 2012) and hence is 
unpredictable, resulting in automation ‘surprises’ that requires 
the pilot to reorient.  The resulting loss of automation mode 
awareness has played a role in several aviation accidents 
(Sarter, Mumaw, & Wickens, 2007). 

The literature further distinguishes between adaptive 
automation and automation which allows the task allocation 
and LOA to be adjusted by the operator, known as adaptable 
automation.  Adaptable automation has been explored as a 
design option that could mitigate some of the drawbacks of 
adaptive automation, such as mode change surprises, whilst 
preserving the advantages of adaptive automation.  Other 
theorized advantages of adaptable automation are greater 
operator engagement, better tuning of trust of automation, and 
a greater acceptance of automation (Miller, Funk, Goldman, 
Meisner, & Wu, 2005).  However there have been relatively 
few studies that have examined adaptable automation, and the 
task contexts in these studies vary widely. One potential 
problem of adaptable automation is that the extra effort 
required by the operator to manage automation (i.e., decide 
when best to turn it on and off) may outweigh the benefits 
(Kaber & Riley, 1999; Kirlik, 1993). 

In this study we examined both adaptable and static 
automation in a simulated submarine track management 
simulation during which we systematically varied task load.  
Our aim was to ascertain whether automating the information 
acquisition requirement of the track management task with 
static automation could reduce participant subjective 
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workload, improve performance, whilst at the same time not 
negatively impact SA.  We expected that static automation of 
information acquisition would reduce workload and improve 
performance, compared to the no automation conditions, but 
were less certain about the effect of static automation on SA. 

For the adaptable automation, participants were 
provided a limited amount of automation time (10 min for 
each 27.5 min scenario).  One aim was to ascertain whether 
participants would regulate their own workload by choosing to 
use the automation during periods of high task demand. If this 
were the case we anticipated that they would use automation 
during high task demand and associated subjective workload 
peaks.  However, we were unsure how the extra effort needed 
to manage the automation would impact subjective workload, 
so we did not expect subjective workload to necessarily 
decrease with adaptable automation compared to no 
automation.  We expected SA to be maintained when using 
adaptable automation compared to no automation, both 
because of the low HIP being used and because of the good 
SA that was likely required to decide when best to use the 
limited automation time. If participants can maximize the use 
of adaptable automation (i.e., they can use 10 min of the 
automation during each scenario, and can thus use automation 
during the periods of high task demand) then performance 
should be improved compared to the no automation condition. 

 
METHOD 

Participants were 38 (15 females) first year 
psychology students (M=19.68 years, SD=3.56) who 
volunteered to take part in the experiment for course credit. 

 
SIMSUB 

Participants were trained to operate a simulated 
submarine track management interface (SIMSUB) (Figure 1).  
The simulation comprised of two displays.  The left display 
was called the Surface plot.  This display was essentially a 
‘bird’s eye’ view of the area, with concentric rings of different 
diameters indicating distance from the centre point, which is 
the location of the own submarine (Ownship).  The location 
and heading of the vessels could be seen on the Surface plot.  
The right ‘Waterfall’ display provided the bearing of vessels 

(along the top horizontal axis), and indicated how those 
bearings changed with time (on the vertical axis).  The 
Waterfall display presented this data as ‘sound tracks’, which 
appeared as vertical lines, which ‘grew’ down with time.  The 
numbers of vessels on the two displays increased (peaked) and 
decreased three times (min=1, max=8) during each 27.5-
minute scenario. Participants completed three tasks, each 
requiring attendance to differing aspects of vessel behaviour. 

Classification. Participants classified vessels 
according to their movement across the surface plot.  They 
were classified once they had spent 2min within a specific 
area.  A vessel was a ‘Friendly’ if it spent 2min within the 
sectors bounded by the blue lines.  A vessel was a ‘Merchant’ 
if it spent 2min within the ‘shipping lane’ denoted by two 
parallel white lines.  A vessel was a Trawler if it spent 2min 
within the ‘shallow’ dark blue areas.  To determine when the 
2min mark was reached, participants could place horizontal 
lines on the Waterfall display when the contact entered the 
area.  Once the line reached the 2min mark on the waterfall 
display, it could be classified accordingly. 

Closest Point of Approach (CPA).  A CPA was 
defined as the point at which a vessel would be at its closest to 
Ownship. This was essentially the point where a vessel 
heading towards the Ownship then turned away from the 
Ownship.  When a CPA occurred the participant marked the 
corresponding sound track on the Waterfall display.  Each 
vessel displayed one CPA. 

Dive.  The submarine could safely dive when (a) all 
vessels were heading in the same direction, and (b) one of the 
vessels was heading directly toward Ownship.  Each dive-
window duration was between 10 and 30sec.  There were 
between 9 and 10 dive windows per scenario. Participants 
clicked the Dive button to signal the requirement to dive.  

Experimental conditions.  Each participant completed 
a no-automation condition (none), a static automation 
condition (static), and an adaptable automation condition 
(adaptable). There were three different scenarios that 
corresponded to specific Australian geographic locations. The 
assignment of condition to scenario, and their order of 
presentation, were fully counterbalanced. 

 
 

 
Figure 1. SIMSUB. The submarine track manager simulator displays.  The left screen is the Surface plot.  The right screen is the Waterfall display. 
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Automation. Only the information acquisition HIP 
level for each task was supported by automation. Specifically, 
a ‘snail trail’ track history for each vessel was shown on the 
surface plot, and the horizontal lines appeared on the waterfall 
display when a vessel entered an area of interest (e.g., a 
shipping lane).  The ‘snail trail’ enabled participants to see 
more easily when vessels had turned, and where they may be 
heading, and hence assisted in the CPA task, and to a lesser 
extent, the classification task.  The lines helped participants 
time the vessels for the classification task.  In the adaptable 
condition, the participants were given limited amount of 
automation (10 mins of ‘Track Assist’ time) and told to expect 
three waves of low to high task load. When the ‘Track Assist’ 
was turned off in the adaptable condition, all track history 
trails and horizontal lines remained on screen but were not 
updated.  The functions automated in the static condition were 
identical to those for the adaptable condition. 

 
Measures 

Situation awareness.  During each scenario, SA was 
measured six times using the Situation Present Assessment 
Method (SPAM) (Durso & Dattel, 2004; Loft et al., in press; 
Loft, Morrell, & Huf, 2013).  SPAM questions were delivered 
over headphones and designed to target the three levels of SA: 
perception, comprehension and projection.  For example “is 
vessel 2 in a friendly zone?” (Level 1), “are any vessels on the 
same course?” (Level 2), and “which vessel is most likely to 
show the next CPA?” (Level 3).  Participants answered by 
clicking on the correct vessel or clicking the yes or no button.  
Before any SPAM question was posed, the participant was 
asked ‘are you ready for a question?’  The time taken to click 
on ‘yes’ is an indicator of workload (Durso & Dattel, 2004). 

Workload.  There were two subjective measures of 
workload: The (Air Traffic Workload Input Technique 
(ATWIT) (Stein, 1985) was presented in the Surface plot 
display every minute, but did not prevent participants from 
completing tasks.  Participants had 10 sec to choose a 
workload level between 1 and 10.  The NASA Taskload Index 
(TLX), a multi-dimensional subjective workload scale (Hart & 
Staveland, 1987), was completed after each scenario. 

 
RESULTS 

Descriptives for task performance, SA, and 
subjective workload for the three automation conditions are 
shown in Table 1. For each dependent variable of interest, we 
conducted planned orthogonal contrasts that compared the 
static automation condition to the no automation condition, 
and the adaptable condition to the no automation condition.  

Performance.  Participants made more accurate and 
faster classification decisions when using static automation 
compared to no automation, t(37) = 3.07, p<.0.01, and t(37) = 
2.96, p<.0.01 respectively.   Classification accuracy or 
response time did not improve when individuals used 
adaptable automation compared to no automation (both ts<1).  

Compared with no automation, participants were 
more accurate in making CPA decisions when using static 
automation compared to no automation, t(37) = 5.38, p<0.001, 
but were also slower to make those decisions, t(37) = 2.07, 
p<0.05.  Participants were more accurate in making CPA 
decisions when using adaptable automation compared to no 
automation, t(37) = 2.73, p<0.01, but there was no difference 
in CPA response time, t<1.  

The accuracy or response time of dive decisions did 
not differ between the conditions (all ts<1) 

Workload.  As would be expected, ATWIT workload 
scores rose and fell with taskload (number of vessels) (see 
Figure 2).  Participants reported lower workload, as indicated 
by both the NASA TLX t(37) = 4.23, p<0.001, and the 
ATWIT t(1953) = 7.03, p<0.001, when using static 
automation compared to no automation.  Participants reported 
lower workload, as indicated by the NASA TLX, t(37) = 2.49, 
p<0.05, when using adaptable automation compared to no 
automation, but this effect was not replicated when workload 
was measured by ATWIT, t(37) = 1.77, p=0.08. 

Automation Use.  As indicated in Figure 2, 
automation use by participants under adaptable conditions 
generally coincided with peaks in task load and associated 
increased subjective workload.  However, despite 10 min of 
automation being available to participants, the average 
automation use was only 6.85 min over each 27.5-minute 
scenario.  Of the 38 participants, 22 preferred the static 
automation (58%), 13 participants preferred the adaptable 
automation (34%), and 3 participants (8%) preferred having 
no automation (8%). 

Situation awareness.  Compared to no automation, 
there was no significant difference in the accuracy of answers 
to SA questions under static automation conditions compared 
to no automation conditions, t(37) = 1.40, p=0.17], or under 
adaptable automation conditions compared to no automation 
conditions t(37) = 1.24, p=0.22. There were also no 
differences between conditions in the time taken to correctly 
answer SPAM questions (all ts<1). 
 
 

Table 1. Performance, situation awareness and workload for the three automation conditions. Standard deviations are in parentheses.  
  No Automation Static automation  Adaptable automation  
 MEASURE Accuracy or 

score 
RT Accuracy or 

score 
RT Accuracy or 

score 
RT 

 
Perf 

Classification  0.84 (0.14)! 24.91 (10.72) 0.91 (0.08)! 18.92 (8.00)! 0.85 (0.09)! 24.21 (7.41)!
CPA 0.39 (0.21)! 18.27 (11.78)! 0.58 (0.22)!   23.16 (15.29) 0.48 (0.26)!  19.44 (12.98) 
Dive 0.78 (0.23)! 8.94 (4.23)! 0.75 (0.22)! 9.31 (3.95)! 0.77 (0.22)! 9.13 (3.44)!

SA SPAM 0.88 (0.16)! 2.77 (0.85)! 0.92 (0.13)! 2.93 (0.85)! 0.92 (0.13)! 2.86 (0.64)!
 
WL 

ATWIT 5.03 (1.00)!   4.32 (1.11)!  4.84 (1.15)!  
NASA TLX 63.46 (13.63)!  54.18 (14.28)!  59.76 (13.55)!  

Proceedings of the Human Factors and Ergonomics Society 58th Annual Meeting - 2014 2282

 at HFES-Human Factors and Ergonomics Society on February 12, 2016pro.sagepub.comDownloaded from 

http://pro.sagepub.com/


 
Figure 2.  Workload and adaptable automation usage.  The ATWIT workload probe was presented every min.  The top plot shows local weighted 
regression lines with standard error (shown in dark grey), calculated for the scatter plot of the ATWIT responses over time for each condition.  The 
light grey line is the total number of contacts that were visible at the time.  There was a maximum of 1026 (38 participants x 27 probes) ATWIT 
responses per condition.  The bottom matrix shows the 30-second blocks during which automation was activated in the Adaptable condition for each 
participant (in blue). 

 
DISCUSSION 

In this study we used a simulated submarine track 
management task to examine the benefits of static and 
adaptable automation.  We aimed to investigate whether 
supporting performance at the information acquisition level 
with static automation, or providing participants with 
adaptable automation, could be effective in a dynamic task 
environment compared to when participants had no 
automation.  Static automation reduced workload and 
improved two out of three performance tasks, without 
negatively impacting SA. The SA may have been maintained 
because participants were still required to analyse the 
information and make the final decisions when using low HIP 
level static automation, thereby keeping themselves in the 
loop. We used SPAM as the measure of SA in the current 
study because it has been identified by both U.S. and 
Australian Defence Departments as a potential SA measure 
(see Loft et al., 2013) because, unlike the Situation Awareness 
Global Assessment Technique (SAGAT) (Endsley, 1988, 
1995), it does not require submarine task operations to be 
paused (i.e., it would be difficult to freeze a large-scale 
simulation or field exercise involving real submarines). 
However, it will be important to replicate the current findings 
regarding low HIP level static automation using SAGAT. 
SAGAT suspends the task and blanks the display while the 
operator responds to multiple SA queries, with the accuracy of 
operator responses reflecting SA, and may be a more sensitive 
measure of SA in this task context (see Loft et al., in press). 

Adaptable automation reduced workload when 
measured post scenario using the NASA-TLX.  Live ATWIT 
workload measures were similar to that during no automation, 
including at the workload peaks, which was surprising as this 
was when the adaptive automation was most often used.  Post-
experiment participant comments suggest that a cost was 
associated with ‘budgeting’ the automation.  The idea that 
managing automation comes at a cost is consistent with the 
previous findings (Kaber & Riley, 1999; Kirlik, 1993).  When 
designing our adaptable automation we were mindful of 
participants potentially over using the automation to make 
their experience easier.  ‘Social loafing’ has been suggested as 
a drawback of adaptable automation (Nass, Fogg, & Moon, 
1996).  Our imposed 10-minute limit was intended to reduce 
this possibility. However the participants did not use their full 
allocation of automation time, and their dislike of this 
condition was mainly due to the task of managing this 
automation time. In future work we plan to allow participants 
to fully decide when to use automation (i.e, no time limit).  

 
Conclusion 

The performance during adaptable automation was 
disappointing.  This adaptable automation may be improved in 
future studies when the time limit is removed and participants 
are simply able to use the automation when needed. We are 
currently testing this possibility in our laboratory.  

Static automation that supported information 
acquisition was successful and was the preferred automation 
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condition by participants.  Performance was improved with no 
significant cost to SA.  We are currently replicating this result 
with potentially more sensitive measures of SA.  In future 
work we also plan to introduce an automation failure would 
also be useful to determine whether SA decrements translates 
to performance deficits, and whether unlimited adaptable 
automation could be effective in overcoming such deficits. 
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Appendix 4A 
 
 
WMC tasks in Experiment 1 

 
 
 
Table 4A-1 
Significant correlations between individual differences scores, and performance/workload 
difference scores for Experiment 1. 

 Static 
difference 

Adaptable 
difference 

ID Measure CPART ATWIT 

WMCMU   

WMCOS  .410* 

WMCSS   

WMCSSTM .372* .326* 

Note. The difference scores are the difference between scores in the indicated automation condition 
(static or adaptable) and the score in the no-automation or control condition. 
Performance/workload/SA scores that were not correlated with any individual-difference measure 
were not included. 
*p < 0.05, **p < 0.01 (2-tailed). 
 
 
 
Table 4A-2 
Significant Linear Regression for individual differences predicting performance/workload 
difference scores (between the automated and non-automated condition) for Experiment 1. 

Condition Predictor Measure Β SE Β β R2 R2
adj F 

Static WMCSSTM CPART 103.25 42.97 .37* .14 .11 5.77* 

         

Adaptable WMCOS ATWIT 1.95 0.72 .41* .17 .14 7.27* 

 WMCSSTM ATWIT 3.51 1.70 .33* .11 .08 4.28* 

*p < 0.05, **p < 0.01 
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Table 4A-3 
Automation Moderation. Significant hierarchical multiple regressions for significant 
correlations between WMC and task performance, workload and SA in Table 1 for 
Experiment 1. 

*p < 0.05, **p < 0.01 
 
 
 
 
 
 
 

 Step 1  Step 2    

Variable Β SE Β β  Β SE Β β R2 R2
adj ΔR2 Fchange 

            
ATWIT (adaptable)            
  Step 1        .13 .11 .13 5.47** 
    WMCOS .12 .05 .28*  .14 .04 .33**     
    AutoCond -.09 .04 -.22*  -.10 .04 -.26*     
  Step 2        .21 .18 .08 7.27** 
     WMCOS*AutCond     .11 .04 .29**     
            
ATWIT (adaptable)            
  Step 1        .10 .08 .10 4.11* 
    WMCSSTM .09 .05 .22*  .11 .05 .26*     
    AutoCond -.09 .04 -.22*  -.09 .04 -.22*     
  Step 2        .15 .12 .05 4.28* 
    WMCSSTM*AutCond     .09 .04 .23*     
            
CPART (static)            
  Step 1        .12 .10 .12 4.98** 
     WMCSSTM 2.78 1.19 .26*  6.46 1.92 .59**     
    AutoCond 4.68 2.20 .23*  4.71 2.13 .23*     
  Step 2        .18 .15 .06 5.77* 
      WMCSSTM*AutCond     5.32 2.21 .42*     



	

	

	

	

 

Appendix 4B 
 
 
WMC tasks in Experiment 2 

 

Table 4B-1 
Significant correlations between working memory capacity, and performance/workload 
difference scores for Experiment 2 

 Static 
difference 

Adaptable 
difference 

ID Measure SA ClassRT CPART Dive 

WMCMU   .336*  
WMCOS .479** .367*   

WMCSS .450**    
WMCSSTM    .325* 

Note. The difference scores are the difference between scores in the indicated automation 
condition (static or adaptable) and the score in the no-automation or control condition. 
Performance/workload/SA scores that were not correlated with any individual-difference 
measure were not included. *p < 0.05, **p < 0.01 (2-tailed) 
 
 

Table 4B-2 
Significant Linear Regression for working memory capacity predicting 
performance/workload/SA difference scores (between the automated and non-automated 
condition) for Experiment 2. 

Condition Predictor Measure Β SE Β β R2 R2adj F 

Static WMCOS SA 0.53 .16 .48** .23 .21 10.72** 
 WMCSS SA 0.38 0.12 .45** .20 .18 9.65** 

Adaptable WMCMU CPART 26.91 12.57 .34* .11 .09 4.58* 
 WMCOS ClassRT 46.78 19.74 .37* .13 .11 5.61* 

 WMCSSTM Dive 0.99 .47 .32* .11 .08 4.48* 

*p < 0.05, **p < 0.01, ***p < 0.001 
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Table 4B-3 
Automation Moderation (Static condition). Significant hierarchical multiple regressions for 
significant correlations between working memory capacity and task performance, workload 
and SA in Table 1 for Experiment 2. 

*p < 0.05, **p < 0.01, ***p < 0.001 

 
  

 Step 1  Step 2    

Variable Β SE 
Β 

β  Β SE Β β R2 R2adj ΔR2 Fchange 

SA (static)            
  Step 1        .16 .13 .16 6.78** 
    WMCOS .03 .01 .33**  -.07 .02 -.77*     
    AutoCond -.04 .02 -.22*  -.04 .02 -.23*     
  Step 2            
     WMCOS*AutCond     .06 .02 .55** .27 .23 .11 10.72** 
            
SA (static)            
  Step 1        .15 .13 .15 6.79** 
    WMCSS .03 .01 .31**  .07 .02 .72***     
    AutoCond -.04 .02 -.23*  -.05 .02 -.27     
  Step 2        .25 .22 .10 9.65** 
    WMCSS*AutCond     .06 .02 .51**     
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Table 4B-4 
Automation Moderation (Adaptable condition). Significant hierarchical multiple regressions 
for significant correlations between working memory capacity and task performance, 
workload and SA in Table 1 for Experiment 2.  

*p < 0.05, **p < 0.01, ***p < 0.001 
 
 
 
 
 

 Step 1  Step 2    

Variable Β SE Β β  Β SE Β β R2 R2
adj ΔR2 Fchange 

CPART (adaptable)            
  Step 1        .06 .03 .06 2.26 
     WMCMU 2.43 1.16 .24*  2.82 1.15 .28*     
     AutoCond .49 1.23 .04  .50 1.20 .05     
  Step 2        .11 .08 .06 4.58* 
   WMCMU *AutCond     2.32 1.09 .24*     
            
ClassRT (adaptable)            
  Step 1        .12 .09 .12 4.89* 
      WMCOS 2.83 1.23 .25*  3.29 1.21 .29**     
     AutoCond -2.50 1.18 -.23*  -2.63 1.15 -.24*     
  Step 2        .18 .15 .06 5.61* 
    WMCOS *AutCond     2.71 1.14 .26*     
            
Dive (adaptable)            
  Step 1        .12 .10 .12 5.41** 
     WMCSSTM .03 .01 .22*  .03 .01 .26*     
     AutoCond -.03 .01 -.27*  -.03 .01 -.28**     
  Step 2        .17 .14 .05 4.48* 
WMCSSTM *AutCond     .03 .01 .22*     
            



	
	
	
	

	

Appendix 4C 
 
 
WMC tasks in Experiment 3 

Table 4C-1 
Significant correlations between working memory capacity, and performance/workload/SA scores for Experiment 3. Underlined correlations 
indicate a working memory capacity moderating effect compared with the no-automation condition (the automation condition moderated the 
influence of the working memory capacity measure on the workload/SA/performance measure). 

 WMC CLASS ACC CLASS. RT CPA ACC CPA RT DIVE DIVE RT ATWIT NASA TLX SA 
 MU .445*     -.495**    
None OS       -.417*   
 SS .381*         
 SSTM .454* -.411* .432*   -.546**   .552** 
 MU .407*  .426*       
Static OS          
 SS         -.366* 
 SSTM .551**  .558**  .424* -.435*    
 MU   .587** -.544**  -.582**   .495** 
Adaptable OS  -.410* .514**  .414*     
 SS          
 SSTM   .450*   -.479**    
 MU       .445* .447*  
Adaptive OS       .491**   
 SS       .419*   
 SSTM .433*         

Note. ACC = Accuracy; RT = Response time; CLASS = Classification task; CPA = Closest Point of Approach task; WMC = Working Memory Capacity; MU 
= Memory Updating; OS = Operation Span; SS = Sentence Span; SSTM = Spatial Short Term Memory. N = 352 for SS and SSTM and N = 346 for MU and 
OS. *p < 0.05, **p < 0.01 
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Table 4C-2 
Significant Linear Regression for working memory capacity predicting 
performance/workload scores for Experiment 3. 

Condition Predictor Measure Β SE Β β R2 R2
adj F 

None WMCMU Classification .371 .14 .44* .20 .17 6.92* 

  Dive RT -5.89 1.95 -.49** .24 .22 9.09** 

 WMCOS ATWIT -2.94 1.21 -.42* .17 .14 5.91* 

 WMCSS Classification .41 .19 .38* .14 .11 4.75* 

 WMCSSTM Classification 1.41 .52 .45* .21 .18 7.27* 

  Class RT -88.74 37.16 -.41* .17 .14 5.70* 

  CPA 1.54 .61 .43* .18 .16 6.42* 

  Dive RT -24.31 7.05 -.55** .30 .27 11.89** 

  SA .96 .27 .55** .30 .28 12.26** 

Static WMCMU Classification .13 .05 .41* .17 .14 5.56* 

  CPA .56 .22 .43* .18 .15 6.19* 

 WMCSS SA -.25 .12 -.34* .13 .10 4.33* 

 WMCSSTM Classification .52 .15 .55** .30 .28 12.21** 

  CPA 2.16 .61 .56** .31 .29 12.65** 

  Dive 1.20 .48 .42* .18 .15 6.15* 

  Dive RT -18.94 7.40 -.43* .19 .16 6.55* 

Adaptable WMCMU CPA .78 .21 .59** .34 .32 14.23** 

  CPA RT -35.84 10.62 -.54** .30 .27 11.38** 

  Dive RT -8.80 2.37 -.58** .34 .31 13.81** 

  SA .32 .11 .49** .24 .22 8.75** 

 WMCOS Class RT -32.91 14.10 -.41* .17 .14 5.45* 

  CPA .97 .31 .51** .26 .24 9.72** 

  Dive .46 .20 .41* .17 .14 5.59* 

 WMCSSTM CPA 2.01 .77 .45* .20 .17 6.86* 

  Dive RT -24.29 8.56 -.48** .23 .20 8.05** 

Adaptive WMCMU ATWIT 2.18 .85 .44* .20 .17 6.65* 

  NASA 29.03 11.18 .45* .20 .17 6.74* 

 WMCOS ATWIT 3.76 1.29 .49** .24 .21 8.56** 

 WMCSS ATWIT 2.84 1.18 .42* .18 .14 5.76* 

 WMCSSTM Classification 1.06 .43 .43* .19 .16 6.23* 

*p < 0.05, **p < 0.01 
 



Appendix	4C	
	
	
	

	

227	

Table 4C-3 
Automation Moderation. Significant hierarchical multiple regressions for significant correlations between working memory capacity and task 
performance, workload and SA in Table 1 for Experiment 3. 
 
 

 Step 1  Step 2    

Variable Β SE Β β  Β SE Β β R2 R2
adj ΔR2 Fchange 

SA (static)            
  Step 1        .13 .10  4.45* 
    WMCSS -.01 .01 -.12  -.05 .02 -.44*     
    AutoCond -.07 .02 -.35**  -.07 .02 -.37**     
  Step 2        .19 .15 .06* 4.20* 
     WMCSS*AutCond     -.05 .02 -.40*     
            
CPART (adaptable)            
  Step 1        .18 .15 .18 6.11** 
    WMCMU -2.99 1.25 -.29*  -3.94 1.25 -.38**     
    AutoCond 2.98 1.24 .29*  3.06 1.18 .30*     
  Step 2        .26 .22 .08 6.20* 
    WMCMU *AutCond     -2.88 1.16 -.30*     
            
Dive (Adaptable)            
  Step 1        .24 .21 .24 8.89*** 
    WMCOS .03 .01 .21  .03 .01 .27*     
    AutoCond -.05 .01 -.42**  -.05 .01 -.38**     
    Step 2        .29 .26 .05 4.23* 
     WMCOS *AutCond     .03 .01 .24     
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*p < 0.05, **p < 0.01, ***p < 0.001 

 
 
 

ATWIT (Adaptive) 
  Step 1        .01 -.03 .01 .22 
    WMCMU .07 .11 .08  0 .11 0     
    AutoCond -.01 .08 -.02  0 .08 0     
 Step 2        .15 .10 .14 9.04** 
     WMCMU *AutCond     .21 .07 .38**     
            
ATWIT (Adaptive)            
  Step 1        0 -.03 0 .08 
    WMCOS .04 .12 .04  -.04 .11 -.05     
    AutoCond -.02 .08 -.03  .02 .07 .03     
  Step 2        .21 .17 .21 14.43*** 
     WMCOS *AutCond     .26 .07 .47***     
            
ATWIT (Adaptive)            
  Step 1        .01 -.03 .01 .16 
    WMCSS .07 .13 .07  0 .13 .01     
    AutoCond -.02 .08 -.03  0 .08 0     
  Step 2        .13 .08 .13 7.96** 
     WMCSS *AutCond     .22 .08 .36**     
            



 
 
 
 

	

 

Appendix 4D 
 
 
WMC tasks and automation use 

 
 
 
Table 4D-1 
Significant correlations between working memory capacity and Automation use measures for 
the Adaptable condition in Experiments 1, 2 and 3.  

 Automation-use Measure WMCOS WMCSS 

Exp 1 Total auto time used   

 Last ATWIT score before auto engagement .423* .391* 

 Total contacts visible on auto engagement   

 Unclassified contacts visible on auto engagement   

 Last ATWIT score before auto disengagement .374*  

 Total contacts visible on auto disengagement -.344*  

 Unclassified contacts visible on auto disengagement -.402*  

Exp 2 None found   

Exp 3 None found   

Note. individual-difference measures that were not correlated with any automation-use 
measure were not included. 
*p < 0.05, **p < 0.01, ***p < 0.001 
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Table 4D-2 
Significant Linear Regression for individual-difference measures predicting automation-use 
behaviour in the adaptable automation condition. 

Exp Predictor Measure Β SE 
Β 

β R2 R2
adj F 

1 WMCOS Workload at engagement 7.09 2.65 .42* .18 .15 7.19* 

 WMCSS Workload at engagement 5.14 2.11 .39* .15 .13 5.96* 

 WMCOS Workload at disengagement 5.44 2.42 .37* .14 .11 5.05* 

 WMCOS Contacts at disengagement -
5.23 

2.49 -
.34* 

.12 .09 4.42* 

 WMCOS Unclass contacts at 
disengagement 

-
6.54 

2.59 -
.40* 

.16 .14 6.38* 

         

2  None found       

3  None found       

Note. Total auto time is measures in seconds. 
 
 
 




