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Abstract 

Chapter One reviewed relevant literature on the use of automation and the human 

perception of automation reliability. The use of automation to assist human decision making 

is becoming increasingly common in a variety of work environments. Many of these 

environments are complex and dynamic, leading to imperfect automation reliability. Non-

static automation reliability creates opportunities for incorrect automation use by human 

operators. Whether or not an operator follows the advice of an automated decision aid has 

been shown to be determined in part by an operator’s perception of the automation’s 

reliability. Therefore, it is important to understand the factors that influence, and the 

cognitive processes that underlie, the human perception of automation reliability, and its 

relationship with the acceptance of automated advice. Further, it is critical to understand the 

accuracy of initial perceptions of automation reliability, as well as how these perceptions 

change over the course of experience with automation, particularly in cases where automation 

reliability is dynamic. Improved insight into the mechanisms surrounding development of 

perceptions of automation reliability could provide practical benefits to the design of 

automation and training, and thus improve human-automation teaming outcomes.  

Chapter Two (Experiment 1) of this thesis examined human estimation of automation 

reliability and the acceptance of automated advice within the context of a simulated maritime 

classification task. The first focus concerned how accurately individuals can estimate 

automation reliability, and calibrate to changes in automation reliability, and how reliability 

estimates are impacted by the accuracy of recent automated advice. The second focus 

concerned factors that impacted the acceptance of automated advice, including differences 

between an operator’s perception of automation reliability and perception of their own 

manual reliability, the true reliability of the automation, and perceptions of automation 

reliability. The results indicated that individuals initially underestimated automation 
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reliability, and whilst adapting their reliability estimates in the direction of true automation 

reliability change, they did not adjust to the full magnitude of change. Recency effects on 

perceptions of automation reliability were also found, whereby reliability perceptions were 

lower immediately following incorrect automation advice. Further, greater rates of 

automation acceptance were predicted by a positive difference between participant 

assessments of the reliability of automation and their perception of their own reliability in 

manually performing the task. 

Chapter Three (Experiment 2 & 3) aimed to replicate and extend the key findings of 

Chapter Two (Experiment 1) by increasing the frequency of true automation reliability 

changes experienced by participants, as well as increasing and manipulating the magnitude of 

true automation reliability changes. Results indicated that experiencing low automation 

reliability reduced later automation reliability estimates where automation had returned to a 

high reliability, however the reliability estimates largely recovered with time. Further, 

individuals were again not able to accurately calibrate to the magnitude of automation 

reliability change. Experiencing a large reduction in automation reliability caused a greater 

divergence between automation acceptance and perceived reliability estimates. The findings 

from Chapter Two relating to recency effects on perceptions of automation reliability, and 

greater rates of automation acceptance being predicted by positive differences between 

participant assessments of the reliability of automation and their own manual reliability, were 

replicated.  

Taken together, the findings of the thesis indicate that individuals can initially mis-

calibrate their perceptions of automation reliability to the true automation reliability and can 

adapt, but do not accurately calibrate to subsequent changes in automation reliability. 

Experiencing reduced (low) automation reliability appears to reduce future perceptions of 

higher true automation reliability, although this effect reduces with time, and experiencing 
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reduced (low) automation reliability causes automation acceptance and perceived reliability 

estimates to diverge. Further, positive differences between participants perception of 

automation reliability and confidence in their own manual classification reliability is 

predictive of automation acceptance. The findings of this thesis have important implications 

for adaptive human-automation teaming in complex and dynamic environments, including 

aspects of operator training and the design of automated decision aids.  
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Chapter One: General Introduction 

1.1 Foreword 

The first goal of this thesis is to examine human estimation (perception) of 

automation reliability. Specifically, the goal is to investigate how accurately humans initially 

calibrate to automation reliability (with and without instructions specifying automation 

reliability level), how they can track changes in automation reliability thereafter, and how this 

is impacted by the recent accuracy of automation. The second goal of the thesis is to examine 

factors that influence acceptance of automated advice. A key focus is on true and estimated 

automation reliability and the difference between an operator’s perception of automation 

reliability and perception of their own ability to perform the task manually.  

This first chapter introduces the reader to automation and automation design 

considerations including taxonomies describing the roles of humans and automation. Key 

considerations concerning operator use of automation are then examined, including 

automation misuse and disuse. After this the chapter discusses key factors in the human-

automation paradigm/literature, including operator perception of automation reliability and 

operator trust in automation. Next, the chapter reviews how our current understanding of trust 

in automation can guide predictions about human perception of automation reliability. 

Finally, the chapter details how research on the relationship between trust and self-confidence 

in determining automation use may guide predictions regarding the relationship between 

perceptions of automation reliability and self-confidence.  

1.2 Introduction 

The increasing computational capabilities of computers, and their capacity to improve 

workplace performance, has led to wide-ranged use of automated systems. Whilst there are 

benefits to machines carrying out work typically completed by humans, increased use of 

automation presents challenges. Parasuraman et al. (2000) define automation with an 
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emphasis on the relationship between the human operator and machine. Under their 

definition, automation is a device or systems that accomplishes (partially or fully) a function 

that was previously, or conceivably could be, carried out (partially or fully) by a human 

operator. Automation does not entirely replace the responsibilities of humans, but rather 

changes them, and on occasions these changes can be unanticipated by automation 

developers (Parasuraman & Riley, 1997). The importance of the relationship between 

automation and the human operator has become more apparent as automation has become 

ubiquitous. As a result, a significant body of literature has examined interactions between 

automation and operator performance. 

 Globally many individuals now have everyday access to a variety of devices that 

utilise some form of automation, ranging from GPS and Siri to smart-homes and coffee 

makers (Hassenzahl & Klapperich, 2014). These automated systems operate at a personal 

level, typically completing tasks that are of low risk and importance. Nonetheless, 

interactions with GPS systems may still shape individuals’ views and perceptions of 

automation. In addition to the rapid development of personal or domestic automation, there 

have also been advances in the use of automation in industrial contexts. One such industry is 

aviation, which is often considered a frontrunner of automation development and use (Banks, 

Plant, & Stanton, 2019). For instance, one core piece of aviation automation is the aircraft 

Flight Management System, which assist pilots in their navigation, flight planning, and flight-

progress monitoring (Sarter & Woods, 1992). The first of these systems was originally 

developed in the mid-70’s and became standardised across a number of Boeing aircraft the 

early-80’s (Liden, 1994). One of the primary drivers for the development of flight 

management systems was the improvement of aircraft performance and safety. By 

automating navigation systems to utilise GPS coordinates, or having a computer calculate 

course direction, the opportunity for human error whilst completing a complex task is 
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minimised. This reduction in error becomes increasingly important when the cost of error is 

large. For instance, an error in calculating the flight trajectory of an aircraft may lead to the 

loss of hundreds of lives, whereas an error when heating the milk for a coffee will only result 

in a bad coffee. This contrast highlights the differences in motivation for automation 

development between something like a Flight Management System versus an automated 

coffeemaker. In addition to safety, improvements in reliability, capacity, security, comfort, 

fuel consumption, workload and operational flexibility (Banks et al., 2019) were also key 

motivators behind the implementation of automated systems in aviation.  

Developments in the motor vehicle industry have also focussed on automated driving 

in recent years (Banks et al., 2019). The purpose of this has been primarily safety, and 

efficiency, which leads to richer user experience (Khan, Bacchuc, & Erwin, 2012; Ward, 

2000; Walker, Stanton, & Young, 2000). Autopilot systems minimise opportunities for 

human error by automating both longitudinal and lateral control of a vehicle. In recent times 

this automation development has been led by car manufacturers, however historically this is 

not the case. The military has long been involved in the development of automated vehicles, 

with the Defense Advanced Research Project Agency (DARPA) beginning development in 

the 1950’s (Banks et al., 2019). A key driver in this development was a desire to remove 

military personnel from dangerous situations, consequently improving their safety and 

reducing the number of fatalities. The Autonomous Emergency Brake (AEB) is an example 

of technology produced by DARPA that later fuelled research in the commercial vehicle 

industry. This brake uses a radar and camera to detect objects in the vehicles path (Banks, 

Stanton, & Harvey, 2014), and will automatically trigger the vehicles brakes if a potential 

collision is detected. If AEB can detect a potential collision faster than the driver can, then 

this system provides a substantial safety benefit. The inclusion of automation developed by 

industry within cars that are used domestically serves to highlight its ubiquity, and further 
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highlights the growing importance of understanding the mechanisms that underlie 

interactions between humans and automated systems.   

1.2 Human-Automation Interaction 

 Human-centred automation refers to automation that is designed and implemented to 

be compatible with human capabilities and capacities (Endsley, 1999). Human-centred 

approaches have been developed to combat the difficulties that arise from the interaction 

between humans and automated systems. Whilst the goal of much automation may be to 

remove the need for human involvement (the achievement of full autonomy), typically this 

involves long-term refinement, and cannot be achieved immediately as it is difficult to 

replicate human contextual knowledge and flexible judgment (at least currently). A 

consequence of this is that throughout the cycle of automation development, a human 

operator is often required to interact with the automation. The balancing act between task 

contribution from the automation, versus task contribution from the operator has been a key 

focus in human-automation teaming literature. Several taxonomies have been developed to 

describe the role of the human and the automation in each part of a particular task or 

objective. Early taxonomies (Sheridan & Verplanck, 1978) were developed for specific task 

contexts, and were not entirely suited to broader information processing automation. 

Following early developments, two types of taxonomies later became prominent; two similar 

four-stage taxonomies (Endsley & Kaber, 1997; Parasuraman, Sheridan & Wickens, 2000) 

describing task components delegated to either the human or the automation, and Endsley’s 

(1999) ten-level taxonomy which provided a finer-grained framework of the former.  

The four stages of automation developed by Endsley and Kaber (1997) were 

applicable to a wide range of both cognitive and psychomotor tasks in several different 

(albeit similar) work domains including piloting, teleoperations, and manufacturing. These 

domains share key psychological components such as competing goals and tasks, and high 
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time pressure associated with task demands. The four stages included (1) monitoring 

information (2) option generation. (3) action selection, and (4) implementation. These four 

stages are conceptually very similar to the stages included in another prominent model 

created by Parasuraman, Sheridan, and Wickens (2000).  

Kaber and Endsley’s four stages of automation can be illustrated using a word 

processing spell-checker aid as an example (Chaffin & Fox, 2018). Firstly, a spell-checking 

aid may underline a word with a red line, suggesting the word is spelled incorrectly. This 

process involves the first stage of information-monitoring. The spell-check may then 

recommend a different option for spelling the incorrectly spelled word or change the spelling 

of the word automatically, a process involving the second and third stages of option 

generation and action selection. Lastly, it may change the word to its correct spelling for the 

operator, either with or without the operator’s consent depending on the system, which 

reflects the final stage of implementation.  

Endsley’s (1999) ten-level taxonomy subsumes the distinctions offered by the Kaber 

& Endsley (1997) and Parasuraman, Sheridan, and Wickens (2000) frameworks, and adds 

increased granularity The first stage of the ten-level taxonomy is full manual control, where 

the human operator performs all tasks. These tasks range from monitoring information, 

generating performance options, decision making, and implementing task actions. As the 

levels increase, governance over the system and task is increasingly transferred from the 

human operator to the automated system. The middle levels (5 & 6) refer to decision support 

and blended decision-making respectively. At these levels both the human operator and 

automation collect information and generate decision/action options. However, at the 

decision support level the human operator is the decision maker, and the automation 

implements the chosen option, whereas at the blended decision-making level the automation 

is the decision maker with the consent of the human operator, and then implements the 
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chosen option. The difference between the two levels reflects a shift in governance over the 

system and task from the human operator to the automation. The last level (level 10) of the 

taxonomy is full automation (complete autonomy). At this level the automation carries out all 

action, without any means for a human to intervene.  

Decision support and blended decision making, the two aforementioned middle 

stages, reflect automation commonly referred to as “decision aids”. Decision aids are 

automated systems that assist a human operator, to differing degrees, in making task 

decisions. At the most basic level this may reflect something as simple as a formula or a rule 

(Astebro & Elhedhli, 2006). Increasingly however, complex decision aids are being 

developed for an extremely wide variety of applied use; in work contexts including: 

diagnostic health (Eadie, Taylor, & Gibson, 2012), manufacturing (Bisantz & Seong, 2001), 

hurricane mitigation planning (Berke & Stubbs, 1989), military jet piloting (Bonner, Taylor, 

Fletcher, & Miller, 2000), financial fraud (Perols, 2011) and air traffic control (Masalonis & 

Parasuraman, 2003). For example, ATC decision aids can make recommendations to 

controllers regarding whether aircraft are likely going to be in conflict or not. A widely used 

example of a decision aid is that of a spell-checking function ubiquitous in word processing 

software, and the operating systems of smart-phone and tablets (Chaffin & Fox, 2018).  

To further elucidate the complex relationship between the human operator and 

automation, another taxonomy was developed that combined the four stages of automation 

described by Parasuraman, Sheridan, and Wickens (2000) and the ten levels described by 

Endsley (1999). This taxonomy refers to what are described as degrees of automation, and 

was conceptualised by Wickens, Li, Santamaria, Sebok and Sarter (2010). Higher degrees of 

automation reflect both higher levels within a stage, and the inclusion of information 

processing in the later stages of automation. This taxonomy is effective at illustrating how 

higher degree automation can support performance more than lower degree automation when 
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it is correct, but be more likely to hinder performance when it is incorrect (Molloy & 

Parasuraman, 1996; Dixon & Wickens, 2006; Bainbridge, 1983). A meta-analysis 

investigating the consequences of increasing degrees of automation (Onnasch, Wickens, 

Huiyang, & Manzey, 2014) coined this phenomenon the “lumberjack effect”. The term 

lumberjack effect refers to the proverb whereby the higher a tree is, the farther it must fall 

(i.e., increased return-to-manual performance deficits if higher degrees of automation fail). 

1.3 Automation Misuse and Disuse 

1.3.1 Automation Misuse 

 Whilst automated systems typically perform reliably, and as expected, this is not 

always the case. Automation may be unreliable, or behave unpredictably (Parasuraman & 

Riley, 1997). If operators rely heavily on automation or fail to monitor its behaviour, this 

may result in unintended outcomes. The concept of automation misuse is defined as 

overreliance upon automation (Parasuraman & Riley, 1997). This reflects instances when the 

operator uses the automation when it has provided incorrect advice or when the operator fails 

to monitor the automation effectively.  

Misuse of automation has been implicated in several aviation accidents. Pilots of 

Eastern Flight 401 failed to monitor the aircrafts automated systems, and consequently failed 

to recognise the aircraft has disengaged autopilot and was losing altitude (NTSB, 1973). The 

result was the aircraft plummeting into the Florida Everglades, killing 101 individuals. In this 

example the level of automation would be considered high, and the pilots were engaged in an 

activity of passive monitoring. During the period of 2004-2014, the Future Aviation Safety 

Team analysed 247 fatal aircraft accidents from the Aviation Safety Network database and 

found that 40 of these accidents were caused by overreliance on automation (Smith, Roelen, 

& Hertog, 2016).  
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Automation misuse has been extensively examined in relation to automated decision 

aids (Lee & See, 2004). For example, Dzindolet, Pierce, Beck, Dawe, & Anderson, (2001) 

examined the use of a Combat Identification System by operators in a simulated combat 

environment. This decision aid helped operators identify threats that required detection in a 

series of still images. Three conditions were examined, with the decision aid operating at 

60%, 70% and 80% reliability. Operators misuse of the decision aid was greater in the higher 

reliability conditions. This occurs as operators rely more heavily on automation when it 

performs reliably and monitor the situation less. Further research by Bahner, Huper, and 

Manzey (2008) examined misuse of automated decision aids in complex, multitask process 

control simulation of a spacecraft. Operators were required to monitor and supervise the 

automated system that maintained atmospheric conditions within the spacecraft. Operators 

were aided with an Automated Fault Identification and Recovery Agent (AFIRA), and if any 

faults were diagnosed within the system AFIRA would notify the operators and provide 

advice rectifying the fault. Misuse of the automation was found whereby operators failed to 

adequately verify whether the automation was correct in its recommendation before accepting 

it, reflecting a degree of complacency; however, these instances of misuse were reduced by 

exposing operators to automation failures during training exercises. 

1.3.2 Automation Disuse 

As with misuse, automation disuse is also a prominent concept within the automation 

literature and is defined as the neglect or underutilisation of automation (Parasuraman & 

Riley, 1997). Disuse refers to instances where the operator fails to action the advice provided 

by automation when that advice is correct. Whilst some automation may be very reliable, it is 

also common for operators to be sceptical of new technology. Early research by Satchell 

(1993) found that operators may even attempt to disable automation, even if they have been 

mandated by an organisation or the government to use it. If automation is unreliable, this may 
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also cause operators to disuse it. For instance, akin to the ‘boy who cried wolf’, if a decision 

aid consistently alerts the operator to a threat that does not exist, the operator may become 

disinclined to accept and act upon the decision aid recommendations or alerts. If this occurs, 

and there is a threat, the operator may dismiss the aid due to its lack of reliability and become 

vulnerable to that threat.  

1.4 Perception and Calibration of Automation Reliability 

 Automation reliability has been identified as a key factor in determining appropriate 

operator use of automation (Endsley, 1999; Lee & See, 1994). That is, a key determinant of 

whether an operator will accept automated advice, is their perception of the probability of the 

decision aid providing them with correct advice. Further, it is likely that operator perceptions 

of automation reliability are not static and may develop or change with increased experience 

teaming with an automated system and may also be impacted initially by factors such as the 

criticality of the task, external pressure, or previous training. 

Several studies have investigated the factors that influence the perception of 

automation reliability (e.g., Barg-Walkow & Rogers, 2016; Pop, Shrewsbury, & Durso, 2015; 

Weigmann, Rich, & Zang, 2001). Barg-Walkow and Rogers (2016) examined perceptions of 

automation reliability in a simulated warehouse management task, where participants were 

required to both receive packages arriving at the warehouse, and to manage the dispatching of 

warehouse trucks. Participants completed eight blocks over the course of two days, with 20 

trucks filled per block (each full truck constituted one trial). Automation reliability was set at 

75%, however three conditions were used where participants were told the automation would 

be either 60%, 75%, or 90% reliable prior to commencing the task. Participant perceptions of 

automation reliability were measured at the beginning of the task to form a baseline 

perception (upon being told the automation reliability), and then at the end of each of the 

eight blocks. Participants initially matched their perceptions of automation reliability 
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reasonably closely to the reliability levels they were instructed of prior to the commencement 

of the task. Average perceptions of automation reliability over both Day 1 and Day 2 from 

participants in the 90% condition were increasingly accurate, with estimates concluding 

around the true 75% automation reliability. However, average perceptions of automation 

reliability over both Day 1 and Day 2 reflected an under-estimation of automation reliability 

for participants in both the 60% and 75% reliability conditions.  

Pop et al. (2015) investigated perceptions of reliability in a simulated x-ray task. 

Participants were required to study images of luggage X-rays presented on a monitor, and to 

determine whether the luggage contained weapons. If participants determined the luggage did 

not contain a weapon, it could be cleared. Whilst completing the task a decision aid provided 

a recommendation as to whether weapons were present or not. Participants screened 200 bags 

in total and completed a perceived automation reliability measure after the first and second 

100 bags. Three experimental conditions were included where the reliability of the automated 

decision aid changed after the first 100 trials; The first condition changed from 100% to 80% 

reliability, and the second changed from 80% to 100% reliability. A baseline condition was 

also included where the automation remained at a constant 80% reliability for all 200 trials. 

Whilst estimates of reliability did change across time points for the increasing and decreasing 

reliability conditions, participants in all conditions underestimated automation reliability 

across trials. A previous experiment was conducted with a similar design and task 

(Weigmann et al., 2001) which found similar patterns of reliability estimates, with the 

exception of the second 100 trials for the baseline condition whose estimates were close to 

the true reliability of the decision aid.  

 Several conclusions can be drawn regarding operator perceptions of automation 

reliability from this reviewed literature. The first conclusion is that the true reliability of the 

automated system can impact individuals’ perceptions of automation reliability. The second 
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is that individuals’ perceptions of automation reliability can change over the course of their 

experience with an automated system. Third, humans tend to underestimate the reliability of 

the automation when not notified of the true automation reliability. Lastly, it seems 

individuals are at least somewhat able to track changes in true automation reliability, 

although not perfectly; and underestimation of reliability appears to become exaggerated after 

experiencing lower levels of automation reliability.  

 A limitation of this prior research concerns the relative frequency with which 

perceptions of automation reliability was measured. These prior studies measured 

participant’s perceptions of automation reliability in a coarse manner (i.e., summed across 

blocks of trials), thus using a limited number of measurement points. Whilst this has 

suggested that perceptions of automation reliability change over the course of a user’s 

experience, it does not provide insight into the mechanisms underlying adaptations in 

perception of automation reliability over time, which would require measurement and 

analysis at a trial-by-trial level. Further to this, the prior research has typically only included 

one change in true automation reliability, and any effect of multiple automation reliability 

changes on individual perception of automation reliability have not been explored.  

1.5 Trust in Automation 

1.5.1 Trust and Automation Reliability 

 Trust in automation, and perceptions of automation reliability are distinct concepts, 

with trust encompassing a large number of factors (Hoff & Bashir, 2015). Whilst perceptions 

of automation reliability have not been examined at the individual experience level, research 

has investigated automation trust a trial-by-trial level (Yang et al., 2017). Given the breadth 

of trust literature and discourse, specifically in relation to human-automation teaming, there 

have been several notable definitions of trust that have been developed (Cohen, Parasuraman, 

& Freeman, 1999; Muir, 1994; Lee & See, 2004). When examining definitions of trust, Lee 
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and See (1994) identified a number of critical considerations for understanding trust. Early 

research that focussed upon trust as an attitude (Rotter, 1967; Rempel, Holmes, & Zanna, 

1985; Barber, 1983) tended to view trust in terms of expectancy of outcome. Similarly, Lee 

and See (1994) have asserted that trust concerns “an expectancy or likelihood of a favourable 

response”. Trust in automation can be understood to be a larger umbrella term for several 

factors that impact the use of automation, one such factor is operator perception of an 

automated system’s reliability i.e., the perception of how likely is it that a specific automated 

decision aid will be correct in its action recommendation. It is important to note here the 

relationship between expectancy and automation reliability. An operator’s expectations of a 

favourable response will be in part dictated by their pre-determined attitudes towards an 

automated system, but also by the experienced reliability of the system itself. This is 

fundamental to the relationship between an operator and their use of automation.  

A body of literature has focussed on the relationship between automation reliability 

and operator trust in automation, across a varying number of automation types and task 

domains. These include driving (Rovira, McLaughlin, Pak, & High, 2019) where automation 

failures reduced trust; piloting (Lyons, Fergueson, Sadler, Cals, Richardson, & Wilkins, 

2016), where automation reliability was positively correlated with trust; and a range of 

simulated environments (Chavaillaz, Wastell, & Sauer, 2016; Yang, Unhelkar, Li, & Shah, 

2017; Desai, Kaniarasu, Medvedev, Steinfeld & Yanco, 2013), where higher ratings of trust 

were reported with higher automation reliability. A meta-analysis of research investigating 

trust in automation and factors that influence (Hoff & Bashir, 2015) also found automation 

reliability to be a primary determinant of operator trust in automation. 

Desai, Kaniarasu, Medvedev, Steinfeld and Yanco (2013) investigated the effects of 

automation reliability on trust in a task where the participants were required to navigate a 

robot through an obstacle course, with the assistance of automation aiding navigation. Four 
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conditions were used where the reliability of the automation was reduced for a particular 

period(s) of time. Whilst participants all experienced an increase in perceived trust over time, 

participants that experienced period(s) of reduced automation reliability were significantly 

less trusting comparative to the control group. These finding suggests that even short periods 

of low automation reliability can have a negative impact on operator trust.  

A meta-analysis by Schaefer, Chen, Szalma, & Hancock (2016) investigated a variety 

of factors related to trust and found that both automation reliability and operator expectations 

regarding automation performance affect trust in automation. Further, an exploratory study 

was conducted on pilot opinions of automation (Tenney, Rogers & Pew, 1998), where 

commercial pilots were administered a comprehensive thirty-three-page survey focussed on 

factors such as automation reliability, workload, levels of automation, and phenomenological 

experiences. Simplicity and reliability were selected by pilots as the most important features 

of automation, suggesting again that for operators to be willing to relinquish governance to 

automation, the automation must be reliable. Further research conducted by Cahour and 

Forzy (2009) investigated automation reliability and operator trust in car cruise control 

systems. Predictability and dependability were both outlined as key mechanisms for 

developing operator trust.  

Taken together these findings indicate that automation reliability is a key component 

of the broader concept of automation trust. As reviewed below, research investigating trust at 

a trial-by-trial level may provide a basis for understanding how individual’s perceptions of 

automation reliability fluctuate at a trial-by-trial level.  

1.5.2 Using Trust to Understand Perceptions of Automation Reliability 

Yang et al. (2017) investigated the effects of automation reliability on trust in a task 

where an operator was required to use an automated decision aid to detect threats in an 

environment. The decision aid would provide users with an alarm if a threat was detected. Six 
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conditions were tested, three differing alarm reliabilities (70%, 80%, and 90%), by two 

differing alarm types (binary: ‘clear’ and ‘danger’; likelihood: ‘clear’, ‘possibly clear’, 

‘warning’, and ‘danger’). Trust was measured on a 0-100 scale, with 0 indicating “I don’t 

trust the threat detector at all” and 100 indicating “I trust the threat detector completely”. 

Operator trust was high for high levels of automation reliability (90%) in both alarm type 

conditions, 72.8 for the binary alarm and 83 for the likelihood alarm. However, estimated 

trust scores were lower for the 80% condition, 57 for binary and 53 for the likelihood, and 

70% condition, 40 for binary and 30 for likelihood. 

A novel feature of the Yang et al., (2017) study was the examination of the manner in 

with which trust developed and changed over the course of an operators experience using 

automation. Traditionally trust has been measured as a static or “steady state” variable, with 

only a handful of exceptions (Lee & Moray, 1992; 1994; Yang, Wickens, & Holtta-Otto, 

2016; Manzey, Reichenbach, & Onnasch, 2012; Desai et al., 2013) where trust has been 

measured continuously. However, these studies vary in their level of sensitivity. For example, 

Desai et al. (2013) measured participant trust every 25 seconds during a simulated task, 

totalling 26-30 datapoints, and Manzey et al (2012) measured participant trust at the end of a 

trial block, with four trial blocks in total. In comparison, to examine the development of trust 

Yang et al., (2017) required participants to self-report their trust in automation on a 0-100 

scale (0 = “I don’t trust the threat detector at all” & 100 = “I trust the threat detector 

completely”) after each trial, participants completed 100 trials in total. Yang et al., (2017) 

found that trust changed over time. Operators who used the binary alarm decision aid (‘clear’ 

and ‘danger’) exhibited increased trust over the course of their experience. Operators who 

used a likelihood alarm decision aid (‘clear’, ‘possibly clear’, ‘warning’, and ‘danger’) 

exhibited mixed responses in trust development, with the two lower reliability conditions 

(70%, 80%) exhibiting a reduction in trust over time. Conversely, operators in the condition 
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with the highest reliability (90%) exhibited increased trust over time. Yang et al., (2017) 

concluded that trust evolves and generally stabilizes with task experience.  

Another key finding of Yang et al. (2017) was that participants experienced what was 

referred to as a ‘momentary change in trust’. The alarm system decision aid that was utilised 

allowed for a total of four distinct responses, which included: hits where the automation 

successfully identifies a threat; false alarms where the automation errantly identified a threat; 

misses where the automation fails to recognise a threat that was present; and correct 

rejections where the automation correctly recognised that no threats were present. Operators 

experienced changes in their subjective levels of trust after each automation decision, 

however these changes were different depending on the decision type and the alarm type. 

Both hits and correct rejections resulted in small increases in trust across both alarm types. 

However, false alarms and misses resulted in much larger changes in trust, in the opposite 

direction (degraded trust). 

Taken together, these findings show automation reliability impacts automation trust, 

with higher automation reliability resulting in greater trust, thus serving to strengthen the 

understanding of this relationship. Further, the pattern of findings, notably of momentary 

changes in individuals trust on the basis of experience at a trial-by-trial level, may provide 

insight into adaptations in the perceptions of automation reliability.  

1.6 Predicting Changes in the Perception of Automation Reliability 

The momentary changes in perception of trust of automation reported by Yang et al 

(2017) are consistent with robust findings in the cognitive science literature of stronger 

influence of more recently processed information on human behaviour comparative to 

information more distantly processed (Jones & Sieck, 2003; Ludwig, Farrell, Ellis, 

Hardwicke, & Gilchrist, 2011; Speekenbrink, & Shanks, 2010; Tversky & Kahneman, 1974).  

These momentary changes are referred to as ‘recency effects’, and have been found 
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specifically for tasks where individuals were required to estimate the probability of future 

events (Gallistel, Krishan, Liu, Miller, & Latham, 2014; Jarvik, 1951; Nicks, 1959).  

Jarvik (1951) examined probability learning in a task where participants were 

required to choose between two possible outcomes. Upon choosing a probable outcome, 

participants were then shown the actual outcome, allowing probability learning. Three 

conditions were examined, all with different underlying probabilities (60%, 67%, 75%) in 

favour of one of the two possible outcomes. A positive recency effect was found whereby 

participants were more inclined to choose an outcome that was the same as the most recent 

previous outcomes. However, following this positive recency effect, a negative recency effect 

whereby participants were more inclined to choose an outcome that was different to the most 

recent previous outcome was found for the following trials until that outcome occurred. 

Nicks (1959) investigated probability learning in a similar task, where participants were 

required to choose between two possible outcomes (red vs green light). Upon choosing a 

probable outcome, participants were then showed the actual outcome. Three conditions were 

examined, all with different underlying probabilities (50%, 67%, 75%) for one of the two 

outcomes. A positive recency effect was found whereby participants were more inclined to 

choose an outcome that was the same as the most immediate previous outcome. 

The body of literature focussing on how humans perceive probability, and how these 

perceptions or beliefs change over time, can guide assumptions related to the development of 

operator perception of automation reliability over time. Given any automated 

recommendation can either be correct or incorrect, its outcome probability can be described 

on a scale of 0-100 (i.e., 0 representing certainty the decision is incorrect, and 100 

representing the converse). These probability outcomes are analogous to automation 

reliability (i.e., probability of p=.20 is equivalent to automation reliability of r=.20). Given 

this analogue, probability literature may serve to guide understanding of operator perceptions 
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of reliability in an applied context, particularly in relation to how humans update beliefs 

about automation with experience.  

As an example, Gallistel et al. (2014) examined individuals’ estimations of the 

probability of sequences of individual outcomes. During the experiment individuals 

completed a computer task where they were required draw “rings” from a “box of rings”. The 

box of rings was said to contain 1000 rings, which could be either red or green in colour. 

Upon removing a ring, individuals were asked to indicate their draw-by-draw estimates of the 

probability of removing a green ring. This probability indication reflected the unobserved 

proportion of rings within the box; however, it is based upon the observed proportion. 

Individuals were also told that at any point in time the box of rings may be replaced with 

another box that contains a different proportion of rings. If participants believed that the box 

of rings had been replaced, they were able to press a button indicating this, with an added 

option to reverse that decision after viewing more ring draws.  

 Gallistel et al. (2014) found that participants were reasonably accurate in their 

estimation of probability over a full range of possible values, with no systematic over or 

under-estimation. Participants were able to explicitly detect changes in probability, 

particularly substantial changes, and on occasion experienced ‘second thoughts’ regarding 

their latest perception of a probability change following the observation of further outcomes 

(i.e., reverting their perception of probability change upon seeing more evidence). The 

manner with which individuals updated their perceptions of probability has been described by 

Gallistel et al. as “stepwise”. This is in congruence with a seminal study completed by 

Robinson (1964) on probability perception. Robinson (1964, p. 11) characterised stepped 

changes as “rapid changes that were separated by period of little to no change in the 

estimate”.  
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 Ricci and Gallistel (2017) note that the pattern of true reliability in Gallistel et al. 

(2014) was stepped and suggested that the stepwise pattern of updating may be an artefact of 

the stepped changes in the unobservable probability, as opposed to an essential component of 

human probability updating. That is to say, individuals in the Gallistel et al., (2014) paper 

only updated their perceptions of probability in a step-wise pattern because the true 

probability also happened to be presented step-wise. To address this, further research was 

conducted by Ricci and Gallistel (2017), where individuals were exposed to both periodic 

and aperiodic unobservable probabilities. The stepwise pattern, which was referred to as in 

this latter paper a step-hold pattern, was evident in both cases. This means that the stepwise 

updating is not an artefact of step changes in unobservable probabilities and instead reflects a 

general characteristic of human probability updating.   

1.7 Factors Influencing Automation Use 

1.7.1 Trust and Automation Use 

Trust has long been established as a key determinant of operator use of automation 

(Lee & See, 2004), with individuals more likely use automation that they trust. In order to 

further understand the mechanisms that underlie trust and automation use, several studies 

have examined trust, and its relationship with operator self-confidence, and how this 

relationship impacts automation acceptance (use) (Lee & See, 2004; Moray, Inagaki, & Itoh, 

2000; Wiczorek & Meyer, 2019).  

 Lee and Moray (1992) investigated trust and its relationship with automation use in a 

simulated task where participants were required to manage a pasteurisation plant. Provisions 

for manual or automatic control were included in the simulated plant, and participants could 

use either. Trust in the automation alone did not predict automation use, but rather the 

relationship between trust and participant self-confidence in their own manual performance 

provided a better account for a participant’s choice between manual versus automation 
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control. Participants appeared to use automation as a function of relative levels of trust in 

automation, and their self-confidence in their manual ability. Lower self-confidence in 

manual ability relative to trust in automation lead to higher automation use.  

 Conversely, Wiczorek & Meyer (2019), tested the ‘trust vs confidence’ hypothesis of 

Lee & Moray (1992) in a simulated quality control task, and found no evidence to support the 

hypothesis. Participants who experienced a less reliable automation reported lower trust in 

automation than self-confidence in manual ability yet continued to rely on the system to some 

extent. Further no negative correlations were found between participant confidence and 

compliance or reliance, which would be expected if the ‘trust vs confidence’ hypothesis was 

supported. (Compliance refers to following an alarm system if there is an alarm, reliance 

refers to refraining from action in the absence of an alarm [Meyer, 2004]). 

 Taken together, and given the strong relationship between trust and perceived 

automation reliability and trust in automation, these findings may provide insight into the 

possible relationship between an individuals perceived reliability of an automated system and 

the confidence they have in their manual ability, and automation use.  

1.7.2 Automation Reliability, Perceived Reliability, and Automation Use 

 Automation dependence reflects the overall congruence between automation advice 

and human action (Barg-Walkow & Rogers, 2016). The manifestation of automation 

dependence is dependent on the type of automation. In the case of an automated alarm system 

an individual can either act upon an alarm or ignore it. In the case of an automated decision 

aid, the individual can either accept or reject automation advice. Automation reliability 

impacts how humans depend on automation (Lee & Moray, 1992; Parasuraman & Riley, 

1997). Prior research has found that participants using alarms, even without feedback on 

alarm reliability, tended to respond to the alarms at roughly the same rate as the automation 

reliability (e.g., Bliss, Gilson, & Deaton, 1995; Bliss, Munn, & Fuller, 1995), a phenomenon 
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referred to as ‘probability matching’. When participants are provided with feedback on alarm 

reliability, they also show rates of automation dependence that approximate actual 

automation reliability (Bliss, 2003; Manzey, Gerard, & Wiczorek, 2014). These findings are 

consistent with the understanding that human dependence on automation is affected by the 

reliability of that automation (Lee & Moray, 1992; Parasuraman & Riley, 1997).  

 Human perception of automation reliability has been found to impact automation 

dependence. For example, Wiczorek and Manzey, (2010) investigated how perceived 

automation reliability impacted response frequencies to alarms in a simulated task 

environment. Results showed a strong correlation between the true alarm reliability, and 

perceived alarm reliability, and that perceived reliability predicted participant alarm response 

rates. These findings reflect the assertion from Parasuraman & Riley (1997, pp 234) that 

perceived reliability is a key determinant of automation use. However, Barg-Walkow and 

Rogers (2016) investigated perceived reliability and automation use in a simulated task and 

found no relationship between the two. 

1.8 Overview of Experiments 

 Human-automation teaming relies on appropriate use of automation by operators, 

which can be impacted by several factors. Understanding the factors that impact operator 

perception of automation reliability, and factors that impact the acceptance of automated 

advice, is critical for effective human-automation teaming design.  

 The thesis had two primary goals. The first goal was to examine human perception of 

automation reliability, which included examining; (1) whether humans can accurately 

calibrate to initial automation reliability, (2) whether humans can accurately track automation 

reliability over time, including in cases where the true reliability of the automation changes, 

and (3) whether recent automation accuracy impacts the perceptions of automation reliability.  
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The second goal was to examine factors that influence the acceptance of automated advice, 

including true automation reliability, and the difference between an operator’s perception of 

automation reliability and perception of their own manual reliability. 

 A simulated maritime classification task was used as a testbed for these research 

questions which were tested across three experiments. This task was used as it is broadly 

representative of a number of work domains in which operators are required to monitor 

displays that present abstract features of dynamic situations occurring outside of their 

physical perceptual experience, in order to classify objects (entities) based on their observed 

behavior (e.g., submarines, surface ships, general maritime surveillance, land/sea surveillance 

with uninhabited vehicles). Participants monitored two task displays. The first was a 

bathymetric (ocean depth) display that showed the surrounding ocean and landmass, the 

second was a ruleset display showing the classification ruleset by which participants 

classified maritime contacts. Participants were required to monitor contacts on the 

bathymetric display, and to classify each contact when prompted. Participants classified 

contacts based on several criteria, with six possible contact types in total. Upon manually 

classifying a contact, an automated decision aid provided classification advice which the 

participant was to either accept or reject. Each participant completed 120 (15 blocks of 8 

classifications) classifications in the first experiment, and 160 classifications (16 blocks of 10 

classifications) in both the second and third experiments. 

1.8.1 Experiment 1 

 There were a number of aims in Experiment 1. The first was to examine participants 

calibration to initial automation reliability and the accuracy with which they tracked true 

automation reliability over time, including whether participants modified estimates of 

automation reliability to reflect changes in true automation reliability. The second was to 

examine whether recent automation accuracy influenced the perception of automation 
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reliability. The final aim was to examine factors that impacted the acceptance of automation 

advice, which included automation reliability, and the difference between an operator’s 

perception of automation reliability and perception of their own manual ability.  

 Participants (N = 85) were randomly assigned to either a high or low automation 

reliability condition. The high reliability condition experienced 90% automation reliability 

for the first 5 classification blocks, and the low reliability condition experienced 60% 

automation reliability for the first 5 classification blocks. Both conditions then experienced 

75% reliability for the remaining 10 classification blocks. It was predicted that participants in 

both the high and low reliability conditions would reasonably accurately track the true 

automation reliability, but that they would likely initially underestimate automation 

reliability. It was also expected participants would likely adapt their perceptions of 

automation reliability to the magnitude of change in the true automation reliability. Lastly, it 

was expected that perceptions of automation reliability would be lower following instances of 

incorrect automation advice comparative to correct automation advice.  

It was expected that the true reliability of automation would be predictive of 

automation use (acceptance rates). Further, it was expected that a positive difference between 

an operator’s perception of automation reliability and perception of their own ability (higher 

perceived reliability estimates relative to manual classification reliability estimates) would 

predict automation acceptance.  

1.8.2 Experiment 2 

 Experiment 2 was designed to extend and replicate the findings of Experiment 1. This 

was achieved by including an increased number of true reliability change points and larger 

magnitudes of true reliability change, as well as a condition that experienced no change in 

true automation reliability. Participants (N = 92) were randomly assigned to either a start-

high, start-low, or constant automation reliability condition. In the first 4 classification blocks 
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the automation reliability was 95% for the start-high reliability condition, and 55% for the 

start-low reliability condition. Following the completion of the fourth classification block, the 

automation reliability changed to 55% for the start-high reliability condition, and 95% for the 

start-low reliability condition. This four-block pattern of automation reliability alternation 

followed for the remaining 8 classification blocks. The constant reliability condition 

experienced automation reliability of 75% throughout all 16 classification blocks. Based on 

the outcomes of Experiment 1 it was expected that participants in all conditions would 

underestimate initial automation reliability and not accurately adapt to changes in true 

automaton reliability. Further, it was expected that perceptions of automation reliability 

would be lower when experiencing high reliability automation if participants had previously 

experienced low reliability automation phase, and this effect would compound with further 

experiences of low automation reliability. 

Replicating Experiment 1 it was expected that perceptions of automation reliability 

would be lower following instances of incorrect automation advice comparative to correct 

automation advice; it was also expected that a positive difference between an operator’s 

perception of automation reliability and perception of their own ability (higher perceived 

reliability estimates relative to manual classification reliability estimates) would predict 

automation acceptance. 

Lastly, it was expected that congruence between participant automation acceptance 

and perceptions of automation reliability would reduce when experiencing high reliability 

automation, following a period of low automation reliability (comparative to high reliability 

period not preceded by a lower reliability period). 

1.8.3 Experiment 3 

 Experiment 3 was designed to extend and replicate the critical findings of Experiment 

1 and Experiment 2. This was achieved by notifying participants of the initial automation 
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reliability prior to commencing the task, thereby anchoring all conditions at the same 

perceived reliability levels, and then introducing a different magnitude of decrease in 

automation reliability for different conditions. Following the reliability decrease, the 

automation reliability then returned to its previous level, allowing the impact of experiencing 

low automation reliability on future perceptions of higher automation reliability to be 

systematically investigated. Participants (N = 91) were randomly assigned to either a small, 

medium, or large automation reliability decrease condition. Participants were instructed that 

“previously this automation was shown to perform at around 90% reliability”. In the first 4 

classification blocks the automation reliability was 90% for all conditions; following this the 

automation reliability decreased to 70% for the small decrease condition, 50% for the 

medium decrease condition, and 30% for the large decrease condition for 4 classification 

blocks. The automation reliability then returned to 90% for the following 8 classification 

blocks for all conditions. The inclusion of 8 classification blocks at 90% reliability allowed 

investigation of whether participants could eventually recalibrate to changes in automation 

reliability if given more experience at the returned higher (original) automation reliability. 

It was expected that participants in all conditions would accurately calibrate to the 

reliability anchor point, and that participants would reasonably accurately track decreases in 

automation reliability. Further, it was predicted that automation reliability estimates for 

conditions with larger decreases in automation reliability would be lower upon the 

automation returning to its original reliability. As in Experiment 1 and Experiment 2, it was 

expected that perceptions of automation reliability would be lower following instances of 

incorrect automation advice comparative to correct automation advice; it was also expected 

that a positive difference between an operator’s perception of automation reliability and 

perception of their own ability (higher perceived reliability estimates relative to manual 

classification reliability estimates) would predict automation acceptance.  
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Lastly, it was expected that congruence between participant automation acceptance 

and perceptions of automation reliability would reduce when experiencing high reliability 

automation, following a period of low automation reliability (comparative to high reliability 

period not preceded by a lower reliability period).
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Chapter Two: The Perception of Automation Reliability and 

Acceptance of Automated Advice 

 

 

 

 

 

2.0 Preface 

The current chapter is presented as a journal article. This journal article was accepted 

in Human Factors (02/11/2021). The version presented in the thesis has been modified 

slightly from the journal article version. I have altered terminology within this chapter to 

ensure it is consistent with the thesis document.  

 



 

 

  

35 

2.1 Abstract 

Objective: Examine (1) the extent to which humans can accurately estimate automation 

reliability and calibrate to changes in reliability, and how this is impacted by the recent 

accuracy of automation; and (2) factors that impact the acceptance of automated advice, 

including true automation reliability, and the difference between an operator’s perception of 

automation reliability and perception of their own reliability. Background: Existing evidence 

suggests humans can adapt to changes in automation reliability but generally underestimate 

reliability. Cognitive science indicates that humans heavily weight evidence from more 

recent experiences. Method: Participants monitored the behavior of maritime vessels 

(contacts) in order to classify them, and then received advice from automation regarding 

classification. Participants were assigned to either an initially high (90%) or low (60%) 

automation reliability condition. After some time, reliability switched to 75% in both 

conditions. Results: Participants initially underestimated automation reliability. After the 

change in true reliability, estimates in both conditions moved towards the common true 

reliability, but did not reach it. There were recency effects, with lower future reliability 

estimates immediately following incorrect automation advice. With lower initial reliability, 

automation acceptance rates tracked true reliability more closely than perceived reliability. A 

positive difference between participant assessments of the reliability of automation and their 

own reliability predicted greater automation acceptance. Conclusion: Humans underestimate 

the reliability of automation, and we have demonstrated several critical factors that impact 

the perception of automation reliability and automation use. Application: The findings have 

potential implications for training and adaptive human-automation teaming. 
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2.2 Introduction 

Automated decision aids are increasingly being used by humans in the workplace to 

assist decision making (Vagia, Transeth, & Fjerdingen, 2016). Due to the complex and 

dynamic nature of many task environments, automated decision aids are often not perfectly 

reliable, creating opportunities for automation misuse and disuse (Lee & See, 2004; 

Parasuraman & Riley, 1997). Automation misuse refers to instances where the human 

operator accepts incorrect automated advice. Automation disuse refers to instances where the 

operator does not accept correct automated advice. An operator’s perception of automation 

reliability is a critical determinant of whether automated advice is followed (Madhavan & 

Weigmann, 2007). It is therefore important to understand the cognitive process underlying, 

and factors that influence, the human perception of automation reliability.  

Experiment 1 examines the extent to which individuals can accurately estimate 

automation reliability and calibrate to change in reliability, and how this is impacted by the 

recent accuracy of automation. We also examine how true automation reliability impacts the 

acceptance (use) of automated advice, and how acceptance relates to perceptions of 

reliability. In addition, in cases where automated advice is incongruent with a participant’s 

manual decision, we examine the extent to which a positive difference between a 

participant’s estimate of automation reliability, and their estimate of their own manual 

performance reliability, predicts automation acceptance. 

2.2.1 Calibration and Changes in Perception of Automation Reliability 

For flexible and effective human-automation teaming, the human operator needs to be 

able to update their perception of automation reliability based on prior experience. Several 

studies indicate that individuals can adjust their perceptions of automation reliability based 

on experience using automation (e.g., Barg-Walkow & Rogers, 2016; Pop, Shrewsbury, & 
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Durso, 2015; Weigmann, Rich, & Zang, 2001). Barg-Walkow and Rogers examined 

perceptions of automation reliability in a simulated warehouse management task. Participants 

were instructed that automation was either 60%, 75%, or 90% reliable; however, all 

experienced 75% reliability. Participants initially matched their reliability estimate 

reasonably closely to the instructed reliability, however perceptions changed as people gained 

experience with the 75% reliable automation. The 60% and 75% conditions completed the 

task underestimating automation reliability, while the 90% condition concluded with more 

accurate estimations. Pop et al. (2015) investigated perceptions of reliability in a simulated 

X-ray task. Automation reliability changed at the mid-point of the task for two conditions, 

with participants experiencing initial-changed reliabilities of 100%-80%, 60%-80% or 80%-

80%. Participants estimated reliability twice, after every 100 trials. Participants were not 

instructed of the reliability at any point. Participant’s perceptions of reliability increased 

(60%-80% condition), decreased (100%-80% condition) and maintained (80%-80% 

condition), indicating that participants adjusted their perceived reliability estimates to 

changes in automation reliability, but all conditions concluded underestimating reliability 

(also see Weigmann et al., 2001). Merritt, Lee, Unnerstall, and Huber (2015) investigated 

perceptions of reliability in a simulated X-ray task. Automation reliability increased by 

increments of 5% from 80% to 95% or decreased by increments of 5% from 95% to 80%. 

The increasing condition underestimated reliability, while the decreasing condition moved 

from underestimation to overestimation.  

Taken together, these studies indicate that humans can adapt their estimates of 

automation reliability, but tend to underestimate the reliability of automation, particularly 

when true automation reliability increases with time. Inaccurate probability estimation is also 

evident when individuals perform detection/diagnosis tasks that require them to estimate the 

optimal ratio between signal and noise states (i.e., Signal Detection), referred to as estimation 
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of the “ideal beta” or detection criterion (Wickens, Hollands, Banbury, & Parasuraman, 

2013). Several studies have found evidence of a “sluggish beta”, both in the laboratory 

(Green & Swets, 1966) and in real-world settings (Bisseret, 1981; Lusted, 1976), which 

manifests as a tendency to underestimate high ideal betas, and overestimate low ideal betas.  

A limitation of prior research is that perceptions of automation reliability have been 

measured at a coarse summative level (i.e., summed across entire sessions, or across large 

blocks of trials). Thus, previous studies revealed little about the dynamics by which 

perceptions of reliability are updated after each individual experience (episode) with 

automation. Better understanding the dynamics of automation reliability perception could 

have important implications for the design of real-time monitoring technology that can be 

used to predict human-automation team outcomes to dynamically adapt automation (Feigh, 

Dorneich, & Hayes, 2012). Experiment 1 extends the literature by examining the impact of 

the recent accuracy of automation on the perception of automation reliability. 

2.2.2 Detecting Momentary Changes in Perceptions of Reliability 

Adaptation to the statistical structure of the local environment is beneficial for any 

organism (Nissen & Bullemer, 1987). A robust finding in cognitive science is that recently 

processed information and events exert a stronger influence on subsequent human behavior 

than information and events processed distantly (Jones & Sieck, 2003; Ludwig, Farrell, Ellis, 

Hardwicke, & Gilchrist, 2011; Speekenbrink, & Shanks, 2010; Tversky & Kahneman, 1974). 

Recency-based mechanisms represent an adaptive solution to the assumption that 

environments outside the laboratory are non-stationary, and have been implemented in a 

number of models of sequential effects in decision-making, including for tasks involving the 

estimation of future event probability (Gallistel, Krishan, Liu, Miller, & Latham, 2014; 

Jarvik, 1951; Nicks, 1959). The perception of automation reliability is essentially an 

estimation of future event probability (will the automation provide correct advice in the 
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future?), and thus examining recency effects in the perception of automation reliability could 

provide crucial information about the cognitive mechanisms underlying the development of 

perceptions of automation reliability. 

To our knowledge, no prior studies have examined momentary fluctuations in the 

human perception of automation reliability. However, Yang et al. (2017; also see Yang, 

Wickens, & Hölttä-Otto, 2016) investigated how trust in automation develops with task 

experience and can be impacted by recent automation accuracy, and automation reliability is 

a critical subcomponent of trust (Hoff & Bashir, 2015; Schaefer, Chen, Szmala, & Hancock, 

2016). Using a generic dual task environment, Yang et al. found that after trials in which 

automation provided incorrect advice, participants trust in automation decreased, indicative 

of a recency bias in which the previous automation outcome had a significant impact on 

subsequent trust in automation. Trust is a far broader concept than reliability, determined by 

factors such as operator traits/pre-existing knowledge, design features (e.g., transparency) 

and automation performance factors (e.g., predictability), in addition to automation reliability 

(Hoff & Bashir, 2015), so it is not clear if similar findings to Yang et al. (2017) will apply to 

automation reliability estimation. It is important to address this research question because 

perceived automation reliability maps directly to the perceived probability of automation 

being correct in the future, and is thus likely to be predictive of automation use. 

2.2.3 Automation Acceptance 

In Experiment 1 we also investigate how true automation reliability impacted whether 

automated advice was followed (accepted) by the participant and how this automation 

acceptance was related to perceptions of automation reliability. Several studies have 

investigated the relationship between trust in automation, self-confidence in one’s own 

manual performance, and automation acceptance rates (e.g., Gao & Lee, 2006; Lee & See, 

2004; Moray, Inagaki, & Itoh, 2000; also see Yang et al., 2016 – the ‘contrast effect’ on 
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automation trust). The evidence indicates that to the extent that an individual’s trust in 

automation exceeds self-confidence, automated advice will more likely be accepted. 

Individuals are highly likely to accept automation congruent with their manual decision. 

Thus, we were interested in the extent to which a positive difference between a participant’s 

perception of automation reliability, and the perception of their own manual performance 

reliability on the same trial, predicted greater automation acceptance (use) in cases in which 

the automated advice was incongruent with the individuals’ manual decision. We refer to this 

variable as the perceived automation-manual reliability difference (PAMRD). As we 

expected the perception of automation reliability (a subcomponent of PAMRD) to be 

impacted by recent automation accuracy, we did not also include recent automation accuracy 

as an independent predictor of automation acceptance. To our knowledge, this is the first 

study to have examined the impact of PAMRD on automation use on a trial-by-trial basis. 

2.2.4 Experiment 1 

There are a number of work domains in which operators are required to monitor 

displays that present abstract features of dynamic situations occurring outside of the 

operator’s physical perceptual experience, to classify objects (entities) based on their 

observed behavior (e.g., submarines, surface ships, general maritime surveillance, land/sea 

surveillance with uninhabited vehicles). To emulate this type of work domain, participants in 

Experiment 1 monitored a display presenting maritime contacts and their surrounding 

topography. Participants were required to classify contacts based on their speed, movement 

variability, and depth of ocean in which they travelled. After manually classifying a contact, 

participants were asked to estimate the probability their classification was correct. The 

automation then classified the contact. Participants were required to accept or reject the 

automated advice, which could be congruent or incongruent with their manual classification. 

Following the acceptance or rejection of the automation, participants received visual 
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feedback regarding whether their manual classification, the automated classification, and 

their final classification was correct. Finally, the participant was asked to rate the probability 

of the next automated classification being correct.  

Participants were randomly assigned to either a high or low automation reliability 

condition. In the first five classification blocks the reliability of the automation in the high 

condition was 90% compared to 60% for the low condition. Following the completion of five 

blocks of eight contact classifications, the automation reliability for both conditions was set 

to 75% for the remaining 10 blocks of eight contact classifications. Participants were not 

notified of the initial or the changed reliability. 

2.3 Method 

2.3.1 Participants 

 Participants were 82 psychology students (M =22 years, SD = 7 years) who 

volunteered for course credit or were reimbursed $25. Of the sample, 47 participants 

identified as female, and 35 as male. This research complied with the American 

Psychological Association Code of Ethics and was approved by the Human Research Ethics 

Office at the University of Western Australia. Informed consent was obtained from each 

participant.  

2.3.2 Maritime Classification Task 

Bathymetric Display. The left-hand display presented a circular bathymetric display 

representing the surrounding ocean and landmass relative to the Ownship position (i.e., the 

participants simulated position relative to surroundings) (Figure 2.1). Variations in ocean 

depth were represented using a colored scale, with darker hues of blue representing deeper 

ocean and landmass represented as hues of green. Overlayed red colored lines represented the 

boundaries of a Commercial Lane. A black crosshair was presented centrally in the 

bathymetric display, representing the Ownship. Contacts appeared within the blue areas of 
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the bathymetric display and were represented by small white circles. As contacts moved, red 

“history dots” indicated historical movement. Participants hovered the mouse cursor over a 

contact to reveal its speed or whether it had been classified or not. To the right of the 

bathymetric display a classification selection box was shown, and below that a pop-up box 

for self-report questions. 

The classification selection box allowed participants to choose one of the six contact 

types available for classification when cued. Each contact had a semantic symbol, its contact 

name and an individual checkbox in the selection box (Figure 2.1). 
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Contact Classification Procedure. Each contact was initially displayed as an 

unclassified contact. After a specific contact was highlighted (by the appearance of a red 

circle surrounding the contact), the participant was prompted to provide a manual 

classification for that contact. 

Participants were instructed to classify contacts as quickly and as accurately as 

possible, using the classification rules presented on the right-hand display (Figure 2.1). After 

manual classification, participants were asked “What is the probability that your 

classification is correct?’ (Figure 2.1). Participants answered using the sliding scale ranging 

from 0-100. This was defined as Perception of Own Reliability. After the automation 

classification was highlighted, a selection box with the options “accept” and “reject” was 

presented. After the participant had accepted or rejected the automated classification, a 

feedback box was presented (Figure 2.2). The feedback contained the correct classification, 

the manual classification, the automated classification and whether it was accepted or 

rejected, and the final classification. This feedback obscured the bathymetric display. 

Following participant acknowledgement of feedback, they were prompted “What is the 

probability that the automation’s next classification will be correct?”, and they responded 

using the sliding scale ranging from 0-100. This was defined as Perception of Future 

Reliability. After this, the display returned to the bathymetric display. This process was then 

repeated for each contact that was required to be classified. 

Classification Ruleset Display. The right-hand display displayed the list of the six 

possible contact types, and the corresponding ruleset. Each contact had a semantic symbol, its 

contact name and the parameters of classification in relation to each rule. Each contact type 

was classified on the basis of five independent classification rules. 

Contact maximum speed referred to the maximum possible speed that a contact type 

could reach. Speeds could range from 0-10 units. Contact stall referred to whether the contact 
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could stop moving, for example large and small fishing contacts could stop. Contact depth 

range referred to the range of depths that a contact type could travel. These depths include 

three distinct zones classified as shallow-, moderate- and deep-ocean. These zones were 

represented on the bathymetric display by different hues of blue, with lighter hues 

representing shallower ocean. 

Contact maneuverability referred to possible variation in the path of each contact 

type. Contacts with low maneuverability turned slowly and displayed less movement 

variation. For example, a cargo contact travelling in a commercial lane had low 

maneuverability and would only show minimal deviation from a straight trajectory of travel. 

Conversely, contacts with high maneuverability turned more sharply and displayed more 

movement variation. For example, a sailing boat travelling in shallow coastal ocean had high 

maneuverability and large deviations travel trajectory. Commercial lane boundaries were 

overlayed on the bathymetric display. Certain contact types were only permitted to travel 

within these lanes and would not be found external to them.  

Classification Blocks. Sixteen contacts appeared in each classification block, 

including eight decoy contacts and eight contacts that participants were prompted to classify. 

During the first five classification blocks (40 classifications) the average automation 

classification reliability was either 90% (high reliability condition) or 60% (low reliability 

condition). During classification blocks 6 through 15 (80 classifications) the average 

reliability was set at 75% for both conditions. The assignment of contact types to 

classification blocks was random. Fifteen unique classification blocks were created, each 

with unique variation in contact type and contact behavior pattern. Content from each block 

was created from the same pool of contact types, paths, and speeds for the two reliability 

conditions during blocks 1-5 and blocks 6-15, and what differed between the two conditions 

during blocks 1-5 was the number of occasions the automation was correct. Participants were 
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presented a random order of blocks. However, due to a programming error, the first seven 

participants in the low reliability condition, and the first six in the high reliability condition, 

were presented a non-randomized order of blocks.    
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Figure 2. 2. Left-hand display with example of feedback box presented to participants. In this example the participants initial manual 
classification was correct, and the automated advice was correct. The participant accepted the advice, resulting in a correct final classification. 
Final classifications that were correct were colored green, and if incorrect were colored red.  
. 
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2.3.3 Procedure 

The experiment duration was 2.5 hours. Participants first viewed a 10-minute audio-

visual presentation of the instructions. The presentation explained the information displayed 

on both the bathymetric and classification ruleset displays and the process of contact 

classification. Participants were asked to classify each contact manually as quickly and as 

accurately as possible after being prompted. Participants were instructed that automation 

would make classifications, which they would be required to accept or reject. Additionally, 

they were provided instructions including self-report questions. Prior to commencement 

participants were also informed they could ask questions during the first two blocks. A 30-

second break for the participant was provided at the end of each classification block.   

2.3.4 Data and Statistical Analyses 

Final decision accuracy refers to whether the final decision, after accepting or 

rejecting the automated advice, was correct or incorrect.  

Future reliability estimates were recorded as a continuous variable ranging from 0 to 

100. To permit analysis using beta regression, which required values between (but not equal 

to) 0 and 1, these estimates were transformed to lie between 0.005 and 0.995. [i.e., (Future 

Reliability/100 - .5)* .99 + .5)].  

Automation acceptance was a dichotomous variable (“accept” or “reject”).  

Previous Automation Accuracy referred to whether the automation was correct or incorrect 

for the most recent contact classification.  

PAMRD was calculated by subtracting the participant estimate of the reliability of 

their submitted manual classification for the current contact from their previously made 

estimate of future automation reliability (made at the end of the previous trial for the next 

automated classification). To be clear then, the participant estimate of own manual reliability 
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and automation-reliability were made for the same specific contact (i.e., estimates were 

made, and PAMRD was calculated, on a contact-by-contact basis). 

The data were analyzed using mixed-effects modelling, using the glmmTMB package 

for the R programming language (Brooks et al., 2017). Mixed-effects modelling is ideal for 

repeated measures data as it allows fitting of individual participants’ data while capturing 

variance across participants as random effects (Singmann, & Kellen, 2019). Specifically, we 

included random intercepts for participants. Final decision accuracy, and automation 

acceptance for individual trials, were analyzed with generalized linear mixed modelling using 

a logit link function. Future reliability estimates were analyzed with beta regression linear 

mixed models using a logit link function (as the data were limited to between 0 and 1). The 

significance of each included model factor and interaction was evaluated with a Wald Chi-

Square test. A model using each factor or interaction was compared with a model excluding it 

and any associated higher order interactions.  

For each dependent variable, two mixed-effect models were evaluated: one for blocks 

1 to 5 (before change in automation reliability) to examine calibration and behavioral 

response to initial automation reliability, and one for blocks 6 to 15 (after the change in 

reliability) to examine response to the change in automation reliability. 

2.4 Results 

 Six participants were excluded from the analyses on suspicion of task disengagement 

or misunderstanding of the task. These participants failed to interact with the Future 

Reliability sliding scales (despite the clear instructions) for extended periods during the 

experiment. We present the data in order of relevance to the research questions (Future 

Reliability analyses followed by Automation Acceptance analyses). For completeness we 

then present the Final Decision Accuracy analyses.  
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2.4.1 Future Reliability Estimates 

Future Reliability Estimates (Blocks 1 to 5). The independent variables were 

reliability condition, previous automation accuracy, and classification block. There was a 

significant main effect of reliability condition (Table 2.1). As would be expected, participants 

in the high reliability condition reported higher future reliability estimates than participants in 

the low reliability condition during blocks 1 to 5 (Figure 2.3). However, both conditions, on 

average across blocks 1 to 5, underestimated the true reliability (high condition = -8.83%, SE 

= 1.64%: low condition = -5.26%, SE = 2.26%). A significant reliability condition by block 

interaction indicated that estimates of future reliability diverged between the high- and low-

reliability conditions across the five blocks, increasing by 6.43% and becoming more 

calibrated to true reliability for the high condition, and decreasing by -3.85% and becoming 

less calibrated to true reliability for the low condition.  

Table 2. 1. Mixed Effect Models with Factor Comparisons for Future Reliability: (Blocks 1-
5) and (Blocks 6-15). 
 Blocks 1-5  Blocks 6-15 

Factor !2 df p !2 df p 

Reliability Condition 64.72 1 <0.01 35.12 1 <0.01 
Previous Automation Accuracy 556.04 1 <0.01 865.57 1 <0.01 
Block 0.38 1 0.54 5.94 1 0.01 

Reliability Condition ´ Previous Automation 

Accuracy 

5.72 1 0.02 20.74 1 <0.01 

Reliability Condition ´ Block 31.26 1 <0.01 81.41 1 <0.01 

Previous Automation Accuracy ´ Block  12.20 1 <0.01 0.44 1 0.50 

Reliability Condition ´ Previous Automation 

Accuracy ´ Block 

2.70 1 0.10 0.44 1 0.51 

Note: Dependent Variable (y) = Future Reliability. Interactions between factors are indicated by ´. 
Significance of included factors was tested using Wald Chi-Square estimate (! 2 ) tests. 
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Figure 2. 3. Mean (SE +/-) Future Reliability estimates over 15 blocks, between High and 
Low reliability conditions. Note: Shapes represent reliability condition, error bars represent 
SE, dotted line represents reliability change point. 
 

As shown in Table 2.1, and Figure 2.4, there was a main effect of previous 

automation accuracy on future reliability estimates during blocks 1 to 5. Future reliability 

estimates were substantially higher for trials in which the previous automated classification 

was correct (74.74%) compared to when it was incorrect (48.54%), indicating a recency 

effect whereby the reliability of the most recent automated advice significantly impacted 

future automation reliability estimates. A significant interaction was found between previous 

automation accuracy and block, with reliability estimates that followed incorrect automated 

advice increasing from blocks 1 to 5 by 3.77%, compared to only 1.16% for reliability 

estimates that followed correct automated advice.  
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Figure 2. 4. Mean (SE +/-) Future Reliability estimates over 15 blocks, between High and 
Low reliability conditions. Note: Shapes represent reliability condition, error bars represent 
SE, dotted line represents reliability change point. 
 

Future Reliability Estimates (Blocks 6 to 15). As indicated in Table 2.1 there were 

significant main effects of reliability condition, previous automation accuracy, and block. 

Despite actual automation reliability being equated (75%) across the two reliability 

conditions, participants in the high reliability condition made higher future reliability 

estimates than the low reliability condition (Figure 2.3). There was an interaction between 

reliability condition and block, with future reliability estimates for both conditions moving 

toward the true 75% reliability, though with some separation even on the final classification 

block. Figure 2.3 indicates that the high reliability condition calibrated closer to the true 75% 

than the low reliability condition. However, this is likely because the high reliability 

condition estimates of automation reliability were closer to 75% at block 5 (before the 

reliability change-point). Neither condition calibrated to the full 15% change in future 

reliability that occurred during block 6 to 15 (-3.84% change for high reliability condition, 

and +6.66% change for low reliability condition).   
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 Future Reliability Estimates (Supplementary Analyses). A reviewer suggested that a 

lagged analysis could examine the extent to which the history of automation performance 

contributed to perceived reliability, in addition to the immediately preceding trial (i.e., to test 

for a longer-range correlation between automation reliability and perceived reliability). 

Mixed-effects beta regressions that included automation accuracy from previous trials along 

with reliability condition and block displayed issues of model convergence, likely indicating 

poor model identifiability. However, we found that simpler models including only previous 

automation accuracy and automation accuracy (1-back), without reliability condition or 

block, did converge. They indicated a significant main effect for previous automation 

accuracy (blocks 1-5, estimate = 0.86; blocks 6-15, estimate = 0.50), and a much weaker 

significant main effect for previous automation accuracy (1-back) (blocks 1-5, estimate = 

0.26; blocks 6-15, estimate = 0.01). Taken together, these findings suggest a steep recency 

gradient, with the recency effect largely captured in the most recent trial, supporting our 

focus on previous automation accuracy in the main analyses. Full details are included in the 

appendix.  

 Another reviewer suggested we include the additional predictor of whether the 

participant and the automation agreed or disagreed on the most recent classification. The 

premise is that if the automation was incorrect and the participant manual decision correct, 

that disparity could further erode perceptions of future automation reliability (Madhaven, 

Wiegmann, & Lacson, 2006; Yang et al., 2016). When manual classification accuracy was 

included as an additional predictor, we found a previous automation accuracy by manual 

classification accuracy interaction for block 1-5 in the expected direction. However, there 

was no corresponding effect in blocks 6-15, and for brevity and to maintain model parsimony 

we did not include the manual classification accuracy predictor in the main analyses. Full 

details are included in the appendix. 
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2.4.2 Automation Acceptance  

As shown in Figure 2.5 individuals in the high reliability condition accepted 

automation at a rate closely matched to their estimates of future reliability during blocks 1 to 

5 and blocks 6 to 15. In addition, individuals in the high reliability condition accepted 

automation at a rate closely matched to the true reliability of the automation in blocks 6 to 15. 

In contrast, as shown Figure 2.5, the low reliability condition accepted automation at a rate 

matched to the true reliability, but greater than their perception of future reliability, across all 

blocks. 
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Figure 2. 5. Mean Acceptance and Future Reliability Estimates for High (left panel) and Low (right panel) reliability conditions. Note: Shapes 
represent Automation Acceptance and Future Reliability Estimates, dashed line represents true reliability, dotted line represents reliability 
change point.
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Participants are likely to accept automation that is congruent with their manual 

classification. Indeed, the mean acceptance rate across participants for congruent trials was 

98.48%. Thus, we only analyzed only trials on which the participant’s manual classification 

was incongruent with the automated advice (35.37% of trials). The independent variables 

were reliability condition, block and PAMRD. PAMRD was included to investigate the 

extent to which a positive difference between a participant’s perception of future automation 

reliability, and the perception of their own reliability for their manual classification on a 

given contact, predicted greater automation acceptance (use).  

Table 2. 2. Mixed Effect Models with Factor Comparisons for Incongruent Manual-
Automation Trials: (Blocks 1-5) and (Blocks 6-15). 
 Blocks 1-5  Block 6-15 

Factor !2 df p !2 df p 

Reliability Condition 7.94 1 <0.01 1.33 1 0.25 

Block 1.43 1 0.23 0.26 1 0.60 

PAMRD  29.71 1 <0.01 155.60 1 <0.01 

Reliability Condition ´ Block 3.40 1 0.65 0.06 1 0.80 

Reliability Condition ´ PAMRD 0.05 1 0.83 0.42 1 0.52 

Block ´ PAMRD 0.29 1 0.59 0.00 1 1.00 

Reliability Condition ´ Block ´ PAMRD 0.00 1 1.00 0.29 1 0.59 

Note: Dependent Variable (y) = Acceptance. Perceived Automation-Manual Reliability Difference = 
PAMRD. Interactions between factors are indicated by ´. Significance of included factors was tested 

using Wald Chi-Square estimate (! 2 ) tests. 
 

Incongruent Automation Acceptance (Blocks 1 to 5). As shown in Table 2.2, there 

were significant main effects of reliability condition and PAMRD. Participants in the high 

reliability condition were more likely to accept automated advice that they disagreed with 

compared to the low reliability condition (Figure 2.6). The effect of PAMRD indicates that 

participants were more likely to accept automated advice when there was a greater positive 

difference between perceived automation reliability and their own manual reliability for a 

given contact. 
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Incongruent Automation Acceptance (Blocks 6 to 15). As shown in Table 2.2, there 

was a significant main effect of PAMRD. There was no main effect for reliability condition, 

as both conditions experienced the same automation reliability from block 6. The effect of 

PAMRD indicates that participants were more likely to accept automated advice when there 

was a greater positive difference between estimates of automation reliability and their own 

rated manual reliability for a given contact. 

 

Figure 2. 6. Mean Acceptance for High and Low Reliability conditions for cases where the 
participant initial decision was incongruent with the automated advice. Note: Shapes 
represent reliability group, dotted line represents reliability change point. 
 

2.4.3 Final Decision Accuracy 

The independent variables for the final decision accuracy analyses were reliability 

condition and classification block. 
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Table 2. 3. Percentage Means (M) and Standard Deviation (SD) for Final Decision Accuracy 
(Blocks 1-5) & (Blocks 6-15). 
  Blocks 1-5 Blocks 6-15 

Factor Reliability Condition M SD M SD 

Final Decision Accuracy Low 0.82 0.14 0.89 0.13 

 High 0.85 0.13 0.89 0.13 

 

Table 2. 4. Mixed Effect Models with Factor Comparisons for Final Decision Accuracy 
(Blocks 1-5) & (Blocks 6-15). 
 Blocks 1-5  Block 6-15 

Factor !2 df p !2 df p 

Reliability Condition 2.97 1 0.85 0.00 1 0.97 

Block 4.68 1 0.03 1.36 1 0.24 

Reliability Condition ´ Block 2.50 1 0.11 4.85 1 0.03 

Note: Dependent Variable (y) = Final Decision Accuracy. Significance of included factors was tested 

using Wald Chi-Square estimates (! 2 ) tests. Interactions between factors are indicated by ´.  
 

Final Decision Accuracy (Blocks 1 to 5). There was no significant difference in final 

decision accuracy between the high and low reliability conditions, despite the high reliability 

condition receiving 30% more reliable automated advice. The main effect for classification 

block was significant, with final decision accuracy improving over time.  

Final Decision Accuracy (Blocks 6 to 15). A significant interaction effect was found 

between reliability condition and block, with final decision accuracy increasing for the high 

reliability condition, and decreasing for the low reliability condition, over time. 

2.5 Discussion 

We examined how experience with automation impacts perceived automation 

reliability and automation acceptance. The empirical results can be summarized as follows. 

Participants underestimated automation reliability based on their initial experience with 

automation, particularly when true reliability was high. Further, while participant estimates of 

reliability were modified after the reliability change point, participants did not accurately 

calibrate to the change in reliability. There was evidence of substantial local fluctuations in 
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automation reliability estimations, in that estimates of reliability were significantly reduced 

following incorrect automation advice. Participants in the high reliability condition accepted 

automation at a rate closely matched to perceived future automation reliability, while the low 

reliability condition accepted automation at a rate greater than perceived future reliability. In 

instances where manual classification and automated advice were congruent, participants 

accepted automation at a high rate. However, in instances where manual classification and 

automated advice were incongruent, automation acceptance was higher in the high reliability 

condition during blocks 1 to 5 (i.e., before the true reliability converged to the common 

75%). Finally, a positive difference between a participant’s perception of future automation 

reliability, and the perception of their own reliability for their manual classification on a 

given contact, predicted greater automation acceptance (use) in cases in which the automated 

advice was incongruent with the individuals’ manual contact classification. 

A key research question concerned the extent to which participant perceptions of 

reliability would track true reliability. The current finding that both the high and low 

reliability conditions underestimated initial automation reliability (before the reliability 

change point) is consistent with previous literature (Barg-Walkow & Rogers, 2016; Pop et 

al., 2015; Weigmann et al., 2001), in addition to research using detection and diagnosis tasks 

investigating the ‘sluggish beta’ phenomenon (Bisseret, 1981; Lusted, 1976). The 

underestimation was larger for the condition that experienced higher levels of automation 

reliability, which is consistent with findings that underestimation can be more pronounced 

with higher true reliability (Madhaven & Weigmann, 2007). The perception of reliability did 

more closely match the true reliability after the change point in the high reliability condition; 

however, this is likely due to an initial under-calibration in the early phases. After the change 

point, the low reliability condition was under-calibrated, consistent with findings from 

previous research that individuals are particularly prone to underestimate reliability under 
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conditions where true reliability increases over time (Pop et al., 2015; Weigmann et al., 

2001), and also consistent with participants having a ‘sluggish beta’.  

There were recency effects on the perception of reliability. Perceptions of reliability 

were substantially lower following an instance of incorrect automation advice, consistent 

with and extending the outcomes of Yang et al.’s (2017) research on the impact of recent 

automation accuracy on trust in automation. Further, the outcomes of our supplementary 

analyses were consistent with findings in the cognitive science literature that recently 

processed information and events often exert a stronger influence on subsequent human 

behavior than information/events processed a longer time ago (Ludwig et al., 2011), 

including when humans make future event probability estimations (Jarvik, 1951; Nicks, 

1959). That is, in our study the outcome of the most previous trial had the largest impact on 

the estimation of automation reliability, compared to more historically distant outcomes.  

We found an interesting divergence between automation acceptance and estimation of 

automation reliability in the low reliability condition. Automation acceptance more closely 

tracked true automation reliability than perception of reliability, particularly after the change 

point in true reliability. The discrepancy between automation acceptance and estimation of 

reliability is consistent with findings in other literatures of deviations between judgement and 

choice (Einhorn & Hogarth, 1981; Lichtenstein & Slovic, 1971). One explanation is that 

people use different information decision strategies under judgement and choice, and 

probability estimation may have led participants to consider different information than when 

making choices about automation acceptance. One piece of information that would play a 

role in acceptance but not necessarily reliability estimation is a person’s estimation of their 

own reliability, and factors relating to self-perception that might shape a person’s willingness 

to take advice from automation over their own experience. This is consistent with evidence 
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that choice (vs judgement) is more likely to elicit self-referential processing, including recall 

of information relevant to the self (Sood & Forehand, 2005).  

Consistent with the idea of self-referential processing during automation acceptance, 

in cases where there was incongruence between the participant manual classification and 

automated advice, automation acceptance was significantly predicted by PAMRD scores, 

with more positive PAMRD scores leading to higher acceptance. This increase in acceptance 

based on higher estimates of the automation reliability (relative to one’s estimation of manual 

classification reliability) is consistent with prior research assessing operator trust (e.g., Lee & 

See, 2004; Moray et al., 2000). To our knowledge, this is the first study to have examined the 

impact of perceived automation-manual reliability (or confidence-trust) differences on 

automation use on a trial-by-trial basis. 

2.5.1 Practical Implications and Limitations 

The use of a student sample with limited training does constrain our ability to 

generalize the findings to field settings, as there is undoubtedly difference in skill and 

motivation between experts and novices. It will also be important to replicate these findings 

in more representative task settings, particularly the finding of increased automation 

acceptance with higher perceived automation reliability (relative to one’s estimation of 

manual classification reliability). Participants were asked to rate the likelihood of the next 

automated classification being correct immediately following the presentation of feedback. 

Participants may have interpreted the implied context of this future reliability question as 

being “based on the last automation outcome”. Future research could examine the extent to 

which more explicit instructions to base future reliability estimates “on the automation’s 

overall past performance” reduces the recency effect over time.  

It is clear from the current data and prior research that the human perception of 

automation reliability can be under-calibrated to the true reliability. Consistent with the 
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concept of a ‘sluggish beta’, it is likely that humans need substantial evidence (i.e., larger 

numbers of exposures than those presented in research to date) to correctly calibrate their 

beliefs about reliability to the system’s true reliability. Whilst true automation reliability may 

not always be able to be determined in operational contexts, automation will nonetheless 

have an inherent underlying reliability that operators need to calibrate to. Practitioners need 

to be aware that the under-calibration of operator perceived reliability may have implications 

for how operators in complex work systems use automated advice (Endsley, 2017; Lee & 

See, 2004; Madhaven & Weigmann, 2007), but at the same time it is important to note that 

the findings from Experiment 1 indicated that automation use may track the true reliability of 

automation more accurately than perceived reliability.  

Practitioners should also consider that automation reliability estimates can change 

substantially after each interaction with automation, and that recent instances of automation 

failure (incorrect advice) can decrease future automation reliability estimates. In operational 

contexts in which there are genuine temporal (contextual) correlations in successive 

automation advice accuracy, this simple form of last-event outcome priming could be 

effective in mediating operator adaptation to statistical patterns in automation reliability. 

However, as per Experiment 1, changed automation accuracy reflects more random 

variability occurring in an operational task context, recent events may not reflect a genuine 

automation reliability change, and decreased perception of automation reliability would not 

be optimal. Training operators to be aware of common human calibration biases, or the 

provision of historical automation reliability data, could be beneficial in this regard. 
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2.6 Key Points 

• In a maritime classification task, participants monitored the behavior of contacts to 

classify them, and then received advice from automation regarding classification. 

Participants were assigned either to a high (90%) or low (60%) automation reliability 

condition. During the task the reliability changed to 75% for both conditions. 

• Participants initially underestimated automation reliability. After the change in true 

reliability, estimates in both reliability conditions moved towards the common true 

reliability level, but did not reach it. 

• Evidence was found of a recency effect in reliability estimation, with a reduction in 

perception of future reliability immediately following incorrect automation advice.  

• For the low initial reliability condition, a divergence of automation acceptance and 

estimation of automation reliability was found, with automation acceptance more 

accurately tracking true automation reliability than perceived reliability. 

• A greater positive difference between participants’ estimates of automation reliability, 

and their estimates of their own reliability when manually classifying a contact, 

predicted greater automation acceptance.  
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2.8 Appendix 

The data were analysed using mixed-effects modelling, using the glmmTMB package 

for the R programming language (Brooks et al., 2017), allowing for control of random effects 

and providing suitability for repeated measures data (Singmann, & Kellen, 2019). Future 

reliability estimates were analysed with beta regression linear mixed models using a logit link 

function (as the data were limited to between 0 and 1). The significance of each included 

model factor and interaction was evaluated with a Wald Chi-Square test. A model using each 

factor or interaction was compared with a model excluding it and any associated higher order 

interactions.  

Lagged Models. 

The dependent variable for the models was future reliability estimates. The 

independent variables were previous automation accuracy (i.e., the most recent automated 

advice), and previous automation accuracy lag -1 (i.e., the second most recent automated 

advice.)  

Table 2. 5. Mixed Effect Models with Factor Comparisons for Future Reliability with a 
Single Lag (Blocks 1-5) & (Blocks 6-15).  
 Blocks 1-5  Block 6-15 

Factor !2 df p !2 df p 

Previous Automation Accuracy 554.11 1 <0.01 899.63 1 <0.01 

Previous Automation Accuracy Lag 1 49.85 1 <0.01 61.12 1 <0.01 

Previous Automation Accuracy ´ Previous 

Automation Accuracy Lag 1 

0.00 1 0.95 8.45 1 <0.01 

Note: Dependent Variable (y) = Future Reliability. Interactions between factors are indicated by ´. 
Significance of included factors was tested using Wald Chi-Square estimate (! 2 ) tests. 

 

Significant main effects were found for previous automation accuracy, previous 

automation accuracy lag -1 for classification blocks 1 to 5 (Table 2.1), with no interaction 

effects. Follow up analyses of the main effects indicated a significance difference between 
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future reliability estimates following correct and incorrect automation advice for previous 

automation accuracy (p < 0.01) and for previous automation accuracy lag -1 (p < 0.01). 

However, it is clear from the chi-square values that the impact of previous automation 

accuracy lag-1 on future reliability estimates was weaker than that of previous automation 

accuracy.  

Future Reliability Estimates and Participant Agreement with Automation 

The dependent variable for the models was future reliability estimates. The 

independent variables were reliability condition, previous automation accuracy, classification 

block, and participants manual (decision) accuracy.  

Significant main effects were found for reliability condition, previous automation 

accuracy, and participants manual (decision) accuracy for classification blocks 1-5. A 

significant interaction was found between previous automation accuracy and manual 

accuracy. Follow-up analyses of this interaction indicated that future reliability estimates on 

trials where the automation was incorrect, and on which the participant manual decision was 

also incorrect, were significantly higher than on trials where the automation was incorrect, 

and the participant was correct (p <0.01).  

The same significant main effects, and interaction between previous automation 

accuracy and manual accuracy was found for blocks 6-15. However, follow-up analyses of 

the interaction indicated that future reliability estimates on trials where the automation was 

incorrect and on which he participant manual decision was also incorrect, were not 

significantly different than estimates on trials where the automation was incorrect, and the 

participant manual decision was correct (p = 0.99). The interaction indicated that future 

reliability estimates were higher following classifications in which the automation and 

participant was correct compared to when the automation was correct and participant 

incorrect.   
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Table 2. 6. Mixed Effect Models with Factor Comparisons for Future Reliability: (Blocks 1-
5) and (Blocks 6-15).  
 Blocks 1-5  Blocks 6-15 

Factor !2 df p !2 df p 

Reliability Condition 66.32 1 <0.01 34.72 1 <0.01 

Previous Automation Accuracy 570.30 1 <0.01 873.94 1 <0.01 

Block 0.44 1 0.51 6.37 1 0.01 

Manual Accuracy 11.06 1 <0.01 27.32 1 <0.01 

Reliability Condition ´ Previous Automation 

Accuracy 

8.21 1 <0.01 20.02 1 <0.01 

Reliability Condition ´ Block 34.37 1 <0.01 83.66 1 <0.01 

Previous Automation Accuracy ´ Block  13.91 1 <0.01 0.56 1 0.45 

Reliability Condition ´ Manual Accuracy 0.68 1 0.41 12.92 1 <0.01 

Previous Automation Accuracy ´ Manual 

Accuracy 

31.80 1 <0.01 9.71 1 <0.01 

Block ´ Manual Accuracy 0.09 1 0.76 0.05 1 0.82 

Reliability Condition ´ Previous Automation 

Accuracy ´ Block 

2.67 1 0.10 0.29 1 0.59 

Reliability Condition ´ Previous Automation 

Accuracy ´ Manual Accuracy 

2.89 1 0.09 9.40 1 <0.01 

Reliability Condition ´ Block ´ Manual 

Accuracy 

0.24 1 0.62 0.53 1 0.46 

Previous Automation Accuracy ´ Block ´ 

Manual Accuracy 

0.00 1 0.97 4.00 1 0.04 

Reliability Condition ´ Previous Automation 

Accuracy ´ Block ´ Manual Accuracy 

0.10 1 0.74 1.20 1 0.27 

Note: Dependent Variable (y) = Future Reliability. Interactions between factors are indicated by ´. 
Significance of included factors was tested using Wald Chi-Square estimate (! 2 ) tests. 
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Chapter Three: Human Behavioural Response to Fluctuating 

Automation Reliability 

 

 

 

 

3.0 Preface 

The current chapter is presented as a journal article. This journal article was revised 

and re-submitted (10/03/2021) to Applied Ergonomics. The version presented in the thesis 

has been modified slightly from the journal article version. I have altered terminology within 

this chapter to ensure it is consistent with the thesis document.  
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3.1 Abstract 

Human perception of automation reliability and automation acceptance behaviours are 

key to effective human-automation teaming. This study examined factors that impact 

perceptions of automation reliability over time and the acceptance of automated advice. 

Participants completed a maritime vessel classification task in which they classified vessels 

(contacts) with the assistance of automation. In Experiment 2 automation reliability 

successively switched from high to low (or vice versa). In Experiment 3 automation 

reliability decreased by varying magnitudes before returning to high. Participants did not 

initially calibrate to true reliability and experiencing low automation reliability reduced future 

reliability estimates when experiencing subsequent high reliability. Automation acceptance 

was predicted by positive differences between participants perception of automation 

reliability and confidence in their own classification reliability. Experiencing low automation 

reliability caused perceptions of reliability and automation acceptance rates to diverge. These 

findings have important implications for training and adaptive human-automation teaming in 

complex and dynamic environments.  
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3.2 Introduction 

Automated decision aids that recommend decisions to humans are used to assist 

human performance in a variety of work domains (for recent reviews see Endsley, 2017; 

McNeese et al., 2018; Vagia et al., 2016). Complexities in dynamic task environments can 

lead to imperfectly reliable decision aids, which creates conditions for misuse and disuse of 

automation by the human operator (Lee & See, 2004; Parasuraman & Riley, 1997). The 

acceptance of incorrect automation advice is referred to as automation misuse, and the 

rejection of correct automation advice as automation disuse. A determinant of whether 

operators accept automated advice is their perception of automation reliability (Madhaven & 

Weigmann, 2007). Thus, it is crucial to understand what impacts the perception of 

automation reliability, and how operators respond to changes in reliability.  

Studies examining human probability estimation in detection and diagnosis tasks have 

reported that humans have a tendency to under-estimate the true ratio between signal and 

noise states (“ideal beta”) when the ideal beta is high, but to over-estimate when the ideal 

beta is low (referred to as a “sluggish beta”; Bisseret, 1981; Harris & Chaney, 1969; Lusted, 

1976). In line with the premise of a sluggish beta, humans can adjust their perception of 

automation reliability on the basis of task experience but in general underestimate reliability, 

particularly when reliability increases with time (Barg-Walkow & Rogers, 2016; Pop et al., 

2015; Weigmann et al., 2001). However, these prior studies investigated perceptions of 

reliability in a summative manner (i.e., summed across reasonably large blocks of trials, or 

entire sessions). Our understanding of how individuals update their perception of automation 

reliability after single experiences (episodes) with automation is far less developed. 

Examining dynamics surrounding perception of automation reliability in a trial-by-trial 

manner could provide valuable insight for ‘real-time’ adaptive automation design (Chen et 

al., 2017; Feigh et al., 2012). 
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3.2.1 The Dynamic Nature of the Human Perception of Automation Reliability 

Human Human behaviour is often more strongly influenced by recently processed 

information than information processed less recently (Jones & Sieck, 2003; Ludwig et al., 

2011; Speekenbrink, & Shanks, 2010; Tversky & Kahneman, 1974). Additionally, decision-

making models regarding how humans judge the probability of future events include recency-

based mechanisms in order to account for how humans adapt to dynamic task environments 

(Gallistel et al., 2014; Jarvik, 1951; Nicks, 1959;). 

Hutchinson et al. (2021) drew upon this cognitive science to theorize that because the 

perception of automation reliability involves estimation of future event probability, 

examining recency effects in the perception of automation reliability could provide crucial 

information about the underlying cognitive mechanisms. Participants completed a maritime 

contact classification task, assisted by automation. Automated advice could be accepted or 

rejected by the participant, and feedback on the accuracy of the advice was provided after 

each classification, after which participants rated their perception of future automation 

reliability. Participants were assigned to either a high reliability condition, in which they were 

initially exposed to 90% reliable automation, or a low reliability condition in which they were 

initially exposed to 60% reliable automation. After 40 of 120 classifications, the automation 

reliability in both conditions switched to a common 75%. 

 Hutchinson et al. (2021) found evidence of a positive recency effect, whereby 

participant estimates of automation reliability were substantially lower directly after 

receiving incorrect automation advice compared to correct advice. Reliability estimates 

before the change point were higher for the high compared to the low reliability condition, 

but both underestimated reliability. Following the change in reliability to 75%, reliability 

estimates from both conditions gradually approached the common true reliability, however 

did not converge, akin to a “sluggish beta”. In fact, the reliability estimates from participants 
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in the low reliability condition only minimally increased after experiencing the former period 

of lower true reliability, suggesting experiencing low reliability hindered them from 

calibrating to future higher reliability. Taken together, these findings showed that perception 

of automation reliability is dynamic, can be inaccurate and sluggish to evolve, and is subject 

to local fluctuations based on recent automation performance. 

Hutchinson et al. (2021) also examined factors impacting automation acceptance 

(reliance), finding that while participants in the high reliability condition accepted automation 

at a rate closely matched to their perception of automation reliability, automation acceptance 

by participants in the low reliability condition was higher than their perception of reliability. 

More specifically, while automation acceptance accurately tracked true reliability, perceived 

reliability estimates did not track true reliability, particularly after the true reliability change 

point. Further, automation acceptance on a trial-by-trial basis was predicted by the positive 

difference between participant perceptions of automation reliability and perceptions of their 

own manual classification reliability in cases where there was incongruence between 

automated advice and manual classification, a finding consistent with prior research that had 

analysed data collapsed across multiple trials/blocks to demonstrate increased automation 

acceptance as trust in automation exceeds operator self-confidence (Lee & See, 2004; Moray 

et al., 2000; Yang et al., 2016; also see Huegli et al., 2020). 

3.2.2 Human Response to Multiple Changes in Automation Reliability.  

 To be able to explain and predict use of automation, it is critical to develop a 

comprehensive and dynamic view of how individuals track (perceive) automation reliability 

during their experience using automation. The Hutchinson et al. (2021) design only included 

a single reliability change point. Given the dynamic nature of many work contexts, operators 

may experience multiple changes in automation reliability. For example, reliability may 

fluctuate due to software updates/bugs or environmental conditions. It is therefore important 
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to understand how individuals adapt perceptions of reliability, and automation acceptance, in 

response to successive changes in true reliability. Further, it is critical to examine if 

participants can more closely calibrate to a change in true reliability if that change is larger 

than the 15% change presented by Hutchinson et al., and thus potentially more salient.  

Successive changes in automation reliability may signal environmental volatility, and 

prominent models of learning would predict human adaptation to this volatility (Gallistel et 

al., 2014; Nassar et al., 2010). Further, animal learning studies demonstrate learning 

processes can be sensitive to the frequency of changes in reward rates, promoting faster 

adaptation in frequently changing environments (Costa et al., 2015; Gallistel et al., 2001). 

Notably, experiencing low-reliability automation may lead operators to expect a low 

reliability state could reoccur. One relevant form of model assumes that the environment has 

hidden states (e.g., true automation reliability) that cannot be directly observed, and can only 

be inferred by changes in observed behaviour (Brown & Steyvers, 2009; Rao, 2010). It has 

been proposed that when decision makers experience uncertainty across environmental states, 

they combine predictions from each possible state according to the estimated probability of 

that state (Daw et al., 2006; Rao, 2010). Thus, experiencing low-reliability automation could 

have long-lasting implications for future estimates of reliability, even after that reliability 

improves, if a low reliability continues to be perceived as possible.  

Consistent with this, Desai et al. (2013) reported that the recovery of trust in 

automation after a drop in automation reliability occurs at a slow (sluggish) pace, particularly 

if that reliability drop occurs early in the task sequence. Further, Hutchinson et al. (2021) 

found novel evidence that experiencing periods of low true reliability negatively impacted the 

ability of participants to accurately estimate subsequent higher true reliability. In one sense 

continued underestimation is adaptive in that it may foster increased manual reliance 

(control) in cases where automation has been historically unreliable. While this may be true, 
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it is important to note Hutchinson et al. also found that automation acceptance tracked the 

true reliability more accurately than did perceived reliability, indicating a disconnect between 

reliability perception and automation acceptance. This point notwithstanding, operators may 

be more accurate in re-calibrating reliability estimates to higher true reliability under 

circumstances in which they have experienced increased true reliability (as they have 

evidence that reliability moved from lower to higher in the past); and this could be adaptive 

to the extent it fosters increased reliance on automation that has become more reliable over 

time. However, it is unclear to what extent humans have the capacity to adapt their perception 

of automation reliability and it may be that historical low reliability can have long lasting 

effects on the human, even in the face of contrasting recent evidence of higher reliability.  

3.3 Experiment 2 

 We used the maritime classification task developed by Hutchinson et al. (2021). The 

task is broadly representative of work domains that require operators to classify abstract 

representations of objects (entities) presented on computer displays based on their observed 

behaviour (e.g., submarines, surface ships, general maritime surveillance). 

To test our novel research questions, we included multiple automation reliability 

change points. Participants were randomly assigned to a start-high, constant, or start-low 

reliability condition. Each group of four blocks was considered a reliability phase (Block 1-4 

= Phase 1; Block 5-8 = Phase 2; Block 9-12 = Phase 3; Block 13-16 = Phase 4). The start-

high condition alternated between high (95%: Phase 1) – low (55%: Phase 2) – high (95%: 

Phase 3) – low (55%: Phase 4) reliability. The start-low condition alternated from low (55%: 

Phase 1) – high (95%: Phase 2) – low (55%: Phase 3) – high (95%: Phase 4) reliability. This 

allowed us to examine the impact of experiencing low reliability on subsequent perception of 

reliability and automation acceptance in periods of higher true reliability. This design used a 

40% change in reliability, larger and potentially more salient than the 15% change presented 



 

 

 

78 

by Hutchinson et al. (2021). The inclusion of a third condition that experienced 75% 

reliability in all phases provided a baseline to examine the extent to which participants could 

accurately calibrate to true reliability given a period of time with constant reliability. 

 We expect to replicate the finding of Hutchinson et al. (2021) that participant 

estimates of automation reliability will be lower following incorrect compared to correct 

automated advice (recency effect), and that participants in all conditions will initially 

underestimate reliability. 

For participants in the start-low and start-high conditions, perceptions of reliability 

should decrease during low-reliability phases and increase during high-reliability phases. 

However, participants in these conditions will not accurately calibrate to the magnitude of 

change(s) in true reliability and will update perceptions of reliability sluggishly (as in 

Hutchinson et al., 2021). In contrast, we predict that with time participants in the constant 

condition will accurately calibrate to the true constant reliability of 75%.  

Participants in the start-low and start-high conditions will underestimate automation 

reliability to a greater degree during high-reliability phases that follow a low-reliability 

phase. Specifically, for the start-high condition, automation reliability estimates will be lower 

in high reliability phase 3 compared to high-reliability phase 1 due to participants having 

experienced low reliability in phase 2. For the start-low condition reliability estimates will be 

lower in high-reliability phase 4 compared to high-reliability phase 2 due to participants 

having experienced two (compared to one) low-reliability phases. As a result of this, 

automation acceptance (which should closely match true reliability; Hutchinson et al. 2021) 

will be less closely matched to (higher than) perceived reliability during high-reliability 

phases that proceed a low-reliability phase. In contrast, automation acceptance in the constant 

75% condition should closely match perceived reliability. 
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 As noted above, across the conditions, participant’s acceptance of automated advice 

will increase and decrease in the same direction as change in the true automation reliability. 

Further, replicating Hutchinson et al. (2021) a positive difference between perception of 

future automation reliability, and the perception of own reliability for manual classification 

on a given contact, will lead to greater automation acceptance in cases in which the 

automation advice is incongruent with the individual’s manual classification. 

3.4 Method 

3.4.1 Participants 

 In Experiment 2, participants were 91 psychology students (M = 23 years, SD = 8 

years) who volunteered for course credit or were reimbursed $25. Of the sample in 

Experiment 2, 61 participants identified as female, and 30 as male. This research (Experiment 

2 & 3) complied with the American Psychological Association Code of Ethics and was 

approved by the Human Research Ethics Office at the University of Western Australia. 

Informed consent was obtained from each participant. 

3.4.2 Maritime Classification Task 

 Bathymetric Display. The left-hand display presented a circular bathymetric map that 

represented surrounding landmass and ocean relative to the Ownships position (Figure 3.1). 

A colored scale was used to represent variations in ocean depth, with darker hues 

representing increased depth. Landmass was represented as green hues. The boundaries of the 

Commercial Lane were presented as overlayed red lines. The Ownship and its relative 

orientation was presented in the center of the bathymetric map as a black crosshair. Contacts 

were presented as small white circles and appeared within the blue areas of the bathymetric 

map. The movement history of each contact was presented as red “history dots” behind them. 

To reveal the speed of the contact, and whether it has been classified or not, participants 

hovered their mouse over the contact. A classification selection box was displayed to the 
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right of the bathymetric map. Self-report questions were displayed in a pop-up box below the 

classification box. Participants were able to choose one of six contact types from the 

classification box to classify. A semantic symbol, contact name, and individual checkbox was 

provided for each contact in the classification box (Figure 3.1). 
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 Contact Classification Procedure. Contacts were displayed as unclassified contacts 

initially. Participants were prompted to manually classify a contact once it was highlighted. 

 Once a contact was manually classified, participants responded to the query “What is 

the probability that your classification is correct?” on a sliding scale ranging from 0-100 

(Figure 3.1; perception of own manual reliability). A selection box with the options “accept” 

and “reject” appeared after the automated classification was highlighted. A feedback box 

(Figure 3.2) was presented after the participant had either accepted or rejected the automated 

classification. The feedback obscured the bathymetric map, and contained the correct 

classification, the manual classification, the automated classification and whether it was 

accepted or rejected, and the final classification. A second question was prompted upon 

acknowledgement of the feedback, which asked “What is the probability that the 

automation’s next classification will be correct?” (perception of future reliability). 

Participants responded using a sliding scale that ranged from 0-100. Following this, the 

bathymetric map returned to the display. 

 Classification Ruleset Display. A list of six contact classification types, and the 

corresponding ruleset applying to each was presented on the right-hand display. For each 

contact type, its name, semantic symbol, and classification rules were provided (Figure 3.1). 

Five independent classification rules were used to classify each contact. 

 Contact maximum speed referred to a contact type maximum possible speed, ranging 

from 0-10 units. Contact stall referred to whether the contact could stop moving. Contact 

depth range referred to the range of ocean depths in which a contact type was capable of 

travelling. Three distinct ocean zones were included, which were classified as deep, 

moderate, and shallow. Each zone was represented on the bathymetric map with differing 

hues of blue, with darker hues representing deeper ocean. Contact manoeuvrability referred 

to potential variations in the path of each contact. High levels of manoeuvrability denoted a 
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contact could display more variation in movement and turned sharply. For example, an 

enemy naval contact travelling in shallow coastal ocean could have large deviation in its 

travel trajectory, and high manoeuvrability. Lower levels of manoeuvrability denoted a 

contact displayed less variation in movement and turned slowly. For example, a large fishing 

contact travelling in deep ocean would only show minimal trajectory deviation, and low 

manoeuvrability. Overlayed on the bathymetric map were commercial lane boundaries. 

Certain types of contacts would not appear outside of these boundaries. 

Classification Blocks. Twenty contacts appeared in each of 16 classification blocks, 

including ten contacts that participants would be prompted to classify (160 classifications in 

total), and ten decoy contacts. In phase 1 (blocks 1-4) the automation reliability was 95% for 

the start-high reliability condition, and 55% for the start-low reliability condition. In phase 2 

(blocks 5-8), the reliability changed to 55% for the start-high reliability condition, and 95% 

for the start-low reliability condition. In phase 3 (blocks 9-12) the reliability changed to 95% 

for the start-high reliability condition, and 55% for the start-low reliability condition. In 

phase 4 (blocks 13-16) the reliability changed to 55% for the start-high reliability condition, 

and 95% for the start-low reliability condition. The constant reliability condition experienced 

reliability of 75% throughout all four phases. 

The assignment of contact types to classification blocks was random. Sixteen unique 

blocks were created, each with unique variation in contact type and contact behaviour pattern. 

The accuracy of automated advice during each block varied depending upon reliability 

condition. Incorrect recommendations were randomly assigned to contact type (cargo, sailing 

etc.) and each automation error was considered equally critical. Participants each experienced 

a randomised order of blocks, yoked between conditions. 
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Figure 3. 2. Left-hand display with example of feedback box presented to participants. In this example the participants initial manual 
classification was correct, and the automated recommendation was correct. The participant accepted the recommendation, resulting in a correct 
final classification.
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3.4.3 Procedure 

 The experiment duration was approximately 2.5 hours. Participants viewed a 10-

minute audio-visual presentation describing the displays, contact classification procedure and 

automation, and self-report questions. Participants were asked if they understood the task 

prior to commencement and could ask questions. Participants could also ask questions during 

the first two blocks. Participants were provided with a 30 s break at the end of each block. 

3.4.4 Data and Statistical Analysis 

Final decision accuracy refers to whether the final decision was correct or incorrect 

after accepting or rejecting the automated advice. 

 Future reliability estimates ranged from 0 to 10, and were recorded as a continuous 

variable. These estimates were transformed to lie between (but not equal to) 0.005 and 0.995 

[i.e., Future Reliability/100 - .5)* .99 + .5], in order to permit analysis using beta regression.  

 Automation acceptance was a dichotomous variable (‘accept’ or ‘reject’).  

 Previous automation accuracy referred to whether automated advice, on the most 

recent classification, was correct or incorrect.  

 PAMRD (Perceived Automation-Manual Reliability Difference) was calculated by 

subtracting the participant’s estimate of the reliability of their manual classification of the 

current contact from their estimate of future automation reliability (made at the end of the 

previous trial for the upcoming automated classification on the same contact). Thus, the 

difference score was calculated on a contact-by-contact basis.  

The glmmTMB package for the R programming language (Brooks et al., 2017) was 

used to conduct mixed-effects modelling. All mixed-effects models included a random-

intercepts term for participants, and no random slopes. Automation acceptance and final 

decision accuracy were analysed with generalised linear mixed modelling using a logit link 

function. Beta regression linear mixed models analysed future reliability estimates. A Wald-
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Chi square test evaluated the significance of each included factor or interaction. A model 

using each factor or interaction was compared with a model excluding it and any associated 

higher order interactions. Follow-up analysis of significant main effects was conducted using 

the emmeans package for the R programming language (Lenth et al., 2018), with Bonferroni 

corrections applied to all contrasts, and are reported in detail in the supplementary materials 

(p-values for these contrasts are reported in text). The estimated fixed and random effects for 

each included model are tabulated in supplementary materials. 

Four mixed-effect models were evaluated for each independent variable: one for 

phase 1 (before change in automation reliability) to examine initial calibration, and one each 

for phase 2, 3, and 4 to examine responses to change in reliability. We analysed each phase 

separately to reduce the overall complexity (number of parameters) in our analyses. Although 

we could have analysed all phases together in a single model including a “phase” factor, this 

would have required estimating multiple uninformative interactions with “phase”. To 

investigate differences in future reliability estimates between phases, and congruency 

between automation acceptance and future reliability estimates between phases, two 

additional models were included, with follow-up testing reported (using emmeans). A beta 

regression linear mixed model was used to investigate differences in future reliability 

estimates between phases. A standard linear mixed effect model was used to investigate 

differences between the closeness of automation acceptance and future reliability estimates, 

with future reliability estimates converted to lie between (or equal to) 0 [i.e., Future 

Reliability/100], to match the scale of automation acceptance scores. In both Experiment 1 

and 2 a number of interactions were not the focus of our research questions, and have been 

stated but not interpreted further.  
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3.5 Results 

 Four participants (Constant = 2; Start-Low = 2) were excluded from the analyses 

because they did not move the Future Reliability sliding scales for extended periods 

(reflecting misunderstanding of the task or task disengagement). Descriptive statistics for 

outcome variables are presented in supplementary materials.  

3.5.1 Future Reliability Estimates 

 The independent variables included were reliability condition, previous automation 

accuracy, and block. Block was included as a numerical value; each model included the four 

blocks in each phase in numerical order, beginning at the first block of each phase. 

Reliability Condition. There was a significant main effect of reliability condition in 

phase 1, 2, and 4 (Table 3.1, Figure 3.3). Participants in the start-high and start-low 

conditions underestimated reliability on average in high-reliability phases (Phase 1: start-

high, -11.70%; Phase 2: start-low, -18.88%; Phase 3: start-high, -24.19%; Phase 4: start-low, 

-19.81%), and overestimated reliability on average in low reliability phases (Phase 1: start-

low, +4.70%; Phase 2: start-high, +7.08%; Phase 3: start-low, +6.53%; Phase 4: start-high, 

+3.05%). 

The constant reliability condition underestimated true automation reliability in all 

phases (Phase 1, -5.13%; Phase 2, -4.38%; Phase 3, -5.80%; Phase 4, -5.92%), and thus did 

not gradually calibrate to the true reliability with task experience. 

Reliability estimates from participants in the start-high reliability condition were 

lower during high-reliability phase 3 (70.81%; i.e., after experiencing low automation 

reliability in phase 2) than in high-reliability phase 1 (83.30%; p < 0.01). Reliability 

estimates from the start-low reliability condition were lower in high-reliability phase 4 

(75.18%; after experiencing low reliability during phase 1 and 3) than in high-reliability 
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phase 2 (76.11%; i.e., after only experiencing low reliability during phase 1; p = 0.01), but it 

should be noted that this only reflects an approximate 1% decrease. 

Previous Automation Accuracy. There was a significant main effect of previous 

automation accuracy in all phases (Table 3.1, Figure 3.4), indicating a recency bias in which 

the reliability of the most recent automated advice decreased the next reliability estimate. 

Future reliability estimates were substantially higher for trials in which the previous 

automated classification was correct compared to incorrect (Phase 1, 76.50% vs 54.77%; 

Phase 2, 74.37% vs 55.17%; Phase 3, 72.44% vs 51.35%; Phase 4, 72.34% vs 52.39%). 

 Block. No significant main effects were found for block. 

Interactions. There was an interaction between reliability condition and previous automation 

accuracy for all phases that was not interpreted further. There was an interaction between 

reliability condition and block for all phases (Table 3.1). During phase 1 reliability estimates 

slightly decreased across the four blocks for the start-high and start-low conditions and 

increased for the constant condition. During phases 2, 3, and 4 the change in reliability 

estimates across blocks were consistent with the reliability presented to participants (e.g., 

during high reliability phases the perceptions of reliability increased across blocks). There 

was an interaction between previous automation accuracy (in phase 4 only) that was not 

interpreted further, and there was no three way interaction. 
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Table 3. 1. Mixed Effect Models with Factor Comparisons for Future Reliability: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), (Phase 3: Blocks 
9-12), and (Phase 4: Blocks 13-16). 

Note: Dependent Variable (y) = Future Reliability. Interactions between factors are indicated by ´. Significance of included factors was tested using Wald 
Chi-Square estimates (! 2 ) tests

 Phase 1  Phase 2 Phase 3 Phase 4 

Factor !2 df p !2 df p !2 df p !2 df p 

Reliability Condition 37.02 2 <0.01 7.82 2 <0.05 0.71 2 0.70 9.86 2 <0.01 
Previous Automation Accuracy 391.52 1 <0.01 414.58 1 <0.01 706.50 1 <0.01 541.34 1 <0.01 

Block 0.75 1 0.39 1.07 1 0.30 0.02 1 0.90 0.00 1 0.96 

Reliability Condition ´ Previous Automation 

Accuracy 

14.93 2 <0.01 17.80 2 <0.01 11.33 2 <0.05 10.96 2 <0.05 

Reliability Condition ´ Block 6.21 2 <0.05 105.21 2 <0.01 40.30 2 <0.01 25.69 2 <0.01 

Previous Automation Accuracy ´ Block  0.36 1 0.55 1.62 1 0.20 1.15 1 0.28 8.15 1 <0.01 

Reliability Condition ´ Previous Automation 

Accuracy ´ Block 

0.01 2 0.99 0.00 2 1.00 1.50 2 0.47 3.65 2 0.15 
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Figure 3. 3. Mean (SE +/-) Future Reliability estimates over the 16 blocks for the Start-High, 
Start-Low, and Constant reliability conditions. Error bars correspond to the mean plus or 
minus the SE. Note: Shapes represent reliability condition, vertical dotted lines represent 
reliability change points, and horizontal dashed lines represent the 55%, 75% and 90% true 
reliability levels. 

 

Figure 3. 4. Mean (SE +/-) Future Reliability estimates over 16 blocks as a function of 
previous automation accuracy for the Start-High, Start-Low, and Constant reliability 
conditions. Error bars correspond to the mean plus or minus the SE. Note: Shapes represent 
automation accuracy, vertical dotted lines represent reliability change points, and horizontal 
dashed lines represent the 55%, 75% and 90% true reliability levels. 
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3.5.2 Automation Acceptance  

Automation acceptance is plotted in Figure 3.5. Automation congruent with 

participant manual classifications was highly likely to be accepted (99.64%). Thus, we 

analysed only trials on which the participant’s manual classification was incongruent with 

automated advice (45.53% of trials). The independent variables were reliability condition, 

block and PAMRD. 

Reliability Condition. There was a main effect of reliability condition in all reliability 

phases (Table 3.2), reflecting greater automation acceptance with higher true reliability. That 

is, during phase 1 participants in the start-high condition (high-reliability phase) were more 

likely to accept automated advice than the constant (p = 0.01) and start-low conditions (low-

reliability phase; p < 0.01). During phase 2 the start-low condition (high-reliability phase) 

was more likely to accept advice than the start-high (low-reliability phase; p = 0.04), but not 

constant (p > 0.99) condition. During phase 3 the start-high (high-reliability phase) condition 

was more likely to accept advice than the start-low (low-reliability phase; p < 0.01), but not 

the constant (p > 0.99) condition. During phase 4 the start-low condition (high-reliability 

phase) was more likely to accept advice than the start-high (low-reliability phase; p < 0.01), 

but not the constant (p = 0.13) condition.  

PAMRD. There were main effects for PAMRD in all phases (Table 3.2), and they 

indicate that a greater positive difference between perceived automation reliability and their 

own manual reliability for a given contact predicted higher acceptance of automated advice. 

Other Effects. A main effect for block was found in phase 2 only, with automation 

acceptance increasing by 6.35% across the four blocks in Phase 2. There was an interaction 

between PAMD and block for phase 1 which is not interpreted further.  
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There was an interaction between condition and block in reliability phase 2 and 4 for 

the start-high and start-low conditions, consistent with the direction of true reliability change 

experienced. The constant condition showed increases in acceptance of automation of 

+13.90% in phase 2 and +5.66% in phase 4 across blocks. There was no interaction between 

reliability condition and block, and no three-way 

 

Figure 3. 5. Mean Acceptance for High, Low, and Constant Reliability conditions for cases 
where the participant manual decision was incongruent with the automated advice. Error bars 
correspond to the mean plus or minus the SE. Note: Shapes represent reliability group, and 
vertical dotted lines represent reliability change points.  
 

Figure 3.6 compares reliability estimates, automation acceptance, and true reliability. 

In general, acceptance rates were higher than perceived reliability estimates. Automation 

acceptance by participants in the start-high condition was less closely matched to (higher 

than) perceived reliability estimates during high-reliability phase 3 (following a period of low 

reliability in phase 2; +15.76%) than high-reliability phase 1 (+4.37%; p < 0.01). Automation 

acceptance rates in the start-low condition were less closely matched to perceived reliability 
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estimates during high-reliability phase 4 (after experiencing low reliability in phase 1 and 3; 

+14.80%) than high-reliability phase 2 (+8.49%; p = 0.05; after only experiencing low 

reliability in phase 1). Participants in the constant reliability condition accepted automation at 

a rate closely matched to their estimates of future reliability, and reasonably matched in phase 

1 and 2 to the true reliability. However, in phases 3 and 4, automation acceptance and 

perceived reliability rates diverged slightly above and below the true reliability respectively. 
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Table 3. 2. Mixed Effect Models with Factor Comparisons for Incongruent Manual Automation Trials: (Phase 1: Blocks 1-4), (Phase 2: Blocks 

5-8), (Phase 3: Blocks 9-12), and (Phase 4: Blocks 13-16). 

Note: Dependent Variable (y) = Acceptance. Interactions between factors are indicated by ´. Significance of included factors was tested using Wald Chi-
Square estimates (! 2 ) tests.

 Phase 1  Phase 2 Phase 3 Phase 4 

Factor !2 df p !2 df p !2 df p !2 df p 

Reliability Condition 21.28 2 <0.01 6.50 2 <0.05 10.09 2 <0.05 20.59 2 <0.01 
Block 0.03 1 0.87 5.16 1 <0.05 0.49 1 0.48 0.32 1 0.57 

PAMRD 31.39 1 <0.01 44.88 1 <0.01 53.23 1 <0.01 64.10 1 <0.01 

Reliability Condition ´ Block 1.84 2 0.40 8.88 2 <0.05 3.40 2 0.18 15.22 2 <0.01 

Reliability Condition ´ PAMRD 0.61 2 0.73 1.32 2 0.52 0.40 2 0.81 0.07 2 0.96 

Block ´ PAMRD  3.95 1 <0.05 0.44 1 0.51 0.02 1 0.89 0.04 1 0.84 

Reliability Condition ´ Block ´ PAMRD 0.79 2 0.67 0.91 2 0.63 1.36 2 0.51 0.47 2 0.79 
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Figure 3. 6. Mean Acceptance and Future Reliability Estimates for Start-High, Start-Low, 
and Constant reliability conditions. Error bars correspond to the mean plus or minus the SE 
Note: Shapes represent Acceptance and Future Reliability Estimates, dashed line represents 
true reliability, dotted lines represents reliability change points. 
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Table 3. 3. Percentage Means (M) and Standard Deviation (SD) for Final Decision Accuracy: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), 
(Phase 3: Blocks 9-12), and (Phase 4: Blocks 13-16). 
  Phase 1 Phase 2 Phase 3 Phase 4 

Factor Reliability Condition M SD M SD M SD M SD 

Final Decision Accuracy Start-High 0.87 0.12 0.69 0.16 0.86 0.13 0.71 0.16 

 Start-Low 0.66 0.16 0.84 0.14 0.67 0.18 0.89 0.13 

 Constant 0.75 0.15 0.76 0.13 0.78 0.12 0.80 0.12 

 

Table 3. 4. Mixed Effect Models with Factor Comparisons for Final Decision Accuracy: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), (Phase 3: 
Blocks 9-12), and (Phase 4: Blocks 13-16). 
 Phase 1  Phase 2 Phase 3 Phase 4 

Factor !2 df p !2 df p !2 df p !2 df p 

Reliability Condition 73.12 2 <0.01 37.12 2 <0.01 52.87 2 <0.01 52.03 2 <0.01 

Block 0.84 1 0.36 5.47 1 <0.05 0.14 1 0.71 0.59 1 0.44 

Reliability Condition ´ Block 2.50 2 0.28 2.93 2 0.23 4.48 2 0.10 4.26 2 0.12 

Note: Dependent Variable (y) = Final Decision Accuracy. Significance of included factors was tested using Wald Chi-Square estimates (! 2 ) tests. 
Interactions between factors are indicated by ´. 
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3.5.3 Final Decision Accuracy 

The independent variables for final decision accuracy analyses were reliability 

condition and block. Descriptive statistics are presented in Table 3.3 and analyses in Table 

3.4. 

Reliability Condition. A main effect of reliability condition was found for all phases, 

reflecting higher final decision accuracy with increased true reliability. Specifically, during 

phase 1 and phase 3 (high-reliability phases for the start-high condition) final decision 

accuracy for the start-high condition was higher than both the constant (Phase 1, p < 0.01; 

Phase 3, p < 0.01) and start-low (Phase 1, p < 0.01; Phase 3, p < 0.01) conditions, with the 

constant condition higher than the start-low condition (Phase 1, p < 0.01; Phase 3, p < 0.01). 

During phase 2 and phase 4 (high-reliability phases for the start-low condition) final decision 

accuracy for the start-low condition was higher than both the constant (Phase 2, p < 0.01; 

Phase 4, p < 0.01) and start-high (Phase 2, p < 0.01; Phase 4, p < 0.01) conditions, with the 

constant condition higher than the start-high condition (Phase 2, p = 0.03; Phase 4, p < 0.01). 

Other Effects. A significant main effect was found for block during phase 2, and there 

was no interaction between reliability condition and block. 

3.6 Experiment 2: Discussion 

 Participant estimates of automation reliability were lower following incorrect 

automated advice compared to correct advice (recency effect), replicating Hutchinson et al. 

(2021). As predicted, participants in the start-high and constant conditions initially 

underestimated reliability (Phase 1), however contrary to our predictions participants in the 

start-low condition initially overestimated reliability (Phase 1). Participants in the constant 

condition underestimated reliability through all four phases, and thus did not more accurately 

calibrate to the true constant reliability over time. 
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As predicted, perception of reliability in the start-high and start-low conditions 

decreased during low-reliability phases and increased during high-reliability phases, but 

participants did not accurately calibrate to change in true reliability. Reliability was 

particularly underestimated for high-reliability phases that followed at least one low-

reliability phase.  

When there was incongruence between manual classification and automated advice, 

participants were more likely to accept automated advice when there was a greater positive 

difference between perceived automation reliability and perceived manual reliability for a 

given contact, replicating Hutchinson et al. (2021). 

 Automation acceptance was less closely matched to (higher than) perceived reliability 

estimates during high reliability phases that proceeded a low reliability phase, and even more 

so if two low reliability phases had been experienced. This was likely due to a sluggish 

change in perceived reliability, because automation acceptance reasonably-well tracked true 

reliability. Participants in the constant reliability condition accepted automation at a rate 

closely matched to perceived reliability, and reasonably matched to the true reliability. 

3.7 Experiment 3 

 A key finding of Experiment 1 was that estimates of automation reliability during 

high-reliability phases were lower after a phase of low reliability, indicating that a period of 

low reliability can have lasting effects on reliability perception even in the face of recent 

contradictory evidence during higher reliability phases. This raises pressing questions 

regarding whether there are graded differences in enduring effects corresponding to different 

levels of automation reliability. For example, it may be that if operators observe a very steep 

temporary decrease in reliability due to transient factors (e.g., software bug, weather 

conditions), their perceptions of reliability are severely reduced in the longer term. This 

would suggest that the possibility of returning to the very low-reliability state is incorporated 
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into future predictions of reliability (Daw et al., 2006; Rao, 2010). In Experiment 2, we 

examine such possibilities by manipulating the magnitude of decreases in true automation 

reliability.  

A further consideration from Experiment 1 is that participants did not initially 

accurately calibrate to reliability, with start-high underestimating reliability, and the start-low 

over-estimating reliability. It is possible that these initial inaccurate reliability estimates have 

follow-on effects on subsequent reliability estimations. We designed Experiment 2 to provide 

participants with a firmer perception of initial true automation reliability (90%) by anchoring 

initial estimates of reliability via task instructions. Although this could have potentially been 

achieved by allowing participants a longer calibration period to automation reliability, the 

initial underestimation of high true reliability reported by Hutchinson et al. (2021) and in the 

current Experiment 1 indicated that participants may have needed an extensive period of task 

practice to calibrate to reliability, and explicit pre-task instructions regarding automation 

reliability have been shown to be effective in accurately anchoring perception of reliability 

(Barg-Walkow & Rogers, 2016). We reasoned that these task instructions could make the 

subsequent decreased automation reliability more salient, potentially providing participants a 

firmer anchor point when reliability returns to a higher level.  

 Participants were randomly assigned to either a small, medium, or large reliability 

decrease condition. Each reliability phase consisted of four classification blocks (Block 1-4 = 

Phase 1; Block 5-8 = Phase 2; Block 9-12 = Phase 3; Block 13-16 = Phase 4). All conditions 

experienced 90% reliability during phase 1, and before phase 1 participants were instructed 

that “previously this automation was shown to perform at around 90% reliability”. During 

phase 2 all conditions experienced decreased reliability; the small condition experienced a 

20% decrease (70% reliability), the medium condition a 40% decrease (50% reliability), and 

the large condition a 60% decrease (30% reliability). All conditions then return to 90% 
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reliability for phase 3 and 4. We included the second phase (i.e., Phase 4) at the returned 90% 

reliability to examine the extent to which participants could re-calibrate reliability estimates 

given more trials experienced at the higher reliability. 

 A subset of the predictions for Experiment 2 mirror those from Experiment 1 and 

Hutchinson et al. (2021) and provide further opportunity for replication. We expected to find 

a recency effect on perceived reliability, that participants in all conditions would not 

accurately calibrate to the magnitude of true reliability change, and that a positive difference 

between participant perception of future automation reliability and the perception of their 

own manual reliability on a given contact would lead to greater automation acceptance.  

 Due to the anchoring instruction, the initial perceptions of reliability (phase 1) from 

participants in all conditions should be reasonably well calibrated to true reliability. We 

predicted perceived reliability will be lower during low-reliability phase 2, with larger 

decreases in true reliability corresponding to larger decreases in perceived reliability. Further, 

perceptions of reliability during high-reliability phase 3 will be reduced compared to 

reliability estimates in high-reliability phase 1 for all conditions, as a result of experiencing 

low reliability during phase 2, with the extent of this reduction larger for the large compared 

to the medium decrease condition, and larger for the medium compared to the small decrease 

condition. It was less clear the extent to which experiencing low reliability phases, or the 

magnitude of decrease in reliability, would continue to impact reliability estimation in phase 

4 after continued exposure to higher reliability. 

 For all conditions, participant acceptance of automated advice will increase and 

decrease in the same direction as the change in true reliability. As a result of the expected 

changes in perceived reliability described above, automation acceptance should be higher 

than perceived reliability during high-reliability phases that proceed low-reliability phases, 

and this difference should be greater with larger decreases in true reliability. 
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3.8 Method 

Participants were 87 psychology students (M = 22 years, SD = 8 years) who 

volunteered for course credit or were reimbursed $25. Of the sample in Experiment 3, 61 

participants identified as female, and 26 as male. 

3.8.1 Task and Procedure 

 The task was identical to Experiment 1 with the exception of the reliability conditions 

included (small decrease = -20%; medium decrease = -40%; large decrease = -60%).  

 The measures and procedure were identical to Experiment 1, with the exception that 

participants were prompted that “previously this automation was shown to perform at around 

90% reliability” at the conclusion of the audio-visual training presentation, and prior to 

starting phase 1. The statistical methods applied to Experiment 1 were used again: 

generalised linear mixed modelling using a logit link function to analyse automation 

acceptance and final decision accuracy, and beta regression linear mixed models to analyse 

future reliability estimates. Further, a beta regression linear mixed model was used to 

investigate differences in future reliability estimates between phases prior to and following a 

true reliability decrease (Phase 1 vs Phase 3, and Phase 1 vs Phase 4). A standard linear 

mixed effect model was used to investigate differences between the closeness of automation 

acceptance and future reliability estimates prior to and following a true reliability decrease 

(Phase 1 vs Phase 3, and Phase 1 vs Phase 4). 

3.9 Results 

Eight participants (small-decrease = 5; medium-decrease = 2; large-decrease = 1) 

were excluded because they did not move the Future Reliability sliding scales for extended 

periods (task misunderstanding or disengagement). Descriptive statistics for outcome 

variables are presented in supplementary materials. 
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3.9.1 Future Reliability Estimates 

 Condition, previous automation accuracy, and block (as a numerical value) were 

included as independent variables. 

Reliability Decrease Condition. There was a main effect of reliability condition (only 

in Block 2 when true reliability changed; Table 3.5, Figure 3.7). Further, participants in all 

conditions underestimated reliability during phase 1 (Small, -9.88%; Medium, -5.19%; Large, 

-6.98%), overestimated reliability in phase 2 (Small, +5.29%; Medium, +19.52%; Large, 

+25.43%), and underestimated reliability in phase 3 (Small, -11.63%; Medium, -9.99%; 

Large, -13.83%) and phase 4 (Small, -10.44%; Medium, -8.20%; Large, -7.08%).  

Previous Automation Accuracy. There was a significant main effect of previous 

automation accuracy in all phases (Table 3.5, Figure 3.8), indicating a recency bias. Future 

reliability estimates were higher for trials in which the previous automated classification was 

correct compared to incorrect (Phase 1, 83.73% vs 73.39%; Phase 2, 74.04% vs 58.90%; 

Phase 3, 79.47% vs 66.12%; Phase 4, 82.67% vs 70.86%). 

Reliability estimates from participants in all conditions in high-reliability phase 3 

(after experiencing low reliability during phase 2) were lower than in high reliability phase 1 

(Small -1.75%, p < 0.01; Medium -4.80%, p < 0.01; Large -6.86%, p < 0.01). The extent of 

the phase 1 vs phase 3 difference was less for the small compared to the medium (p <0.01) 

and large (p < 0.01) reliability decrease conditions, with no difference between the large and 

medium conditions (p < 0.99).   

Reliability estimates for the medium decrease condition in high-reliability phase 4 

(after experiencing low automation reliability during phase 2) remained significantly lower 

than in high reliability phase 1 (-3.01%, p < 0.01), however participants in the small and large 

decrease conditions showed no significant difference in estimates between phase 4 and phase 

1 (Small, -0.56%, p = 0.06 ; Large -0.11%, p = 0.95). 



 

 

 

103 

Block. There was a main effect of block in phases 1, 2, and 3 (Table 3.5). Average 

estimates of automation reliability increased across blocks in phase 1 (+ 3.73%), and phase 3 

(+ 6.91%), and decreased across blocks during phase 2 (-14.10%), indicating participants 

responded to the varied true reliability, with the effect stabilising by phase 4. 
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Table 3. 5. Mixed Effect Models with Factor Comparisons for Future Reliability: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), (Phase 3: Blocks 
9-12), and (Phase 4: Blocks 13-16). 

Note: Dependent Variable (y) = Future Reliability. Interactions between factors are indicated by ´. Significance of included factors was tested using Wald 
Chi-Square estimates (! 2 ) tests.

 Phase 1  Phase 2 Phase 3 Phase 4 

Factor !2 df p !2 df p !2 df p !2 df p 

Reliability Decrease Condition 3.07 2 0.21 8.59 2 0.01 0.19 2 0.90 2.60 2 0.27 

Previous Automation Accuracy 221.16 1 <0.01 491.22 1 <0.01 346.75 1 <0.01 328.79 1 <0.01 

Block 14.16 1 <0.01 331.43 1 <0.01 172.61 1 <0.01 0.18 1 0.67 

Reliability Decrease Condition ´ Previous 

Automation Accuracy 

0.64 2 0.73 13.09 2 <0.01 33.52 2 <0.01 23.28 2 <0.01 

Reliability Decrease Condition ´ Block 7.38 2 0.02 34.60 2 <0.01 77.12 2 <0.01 5.43 2 0.07 

Previous Automation Accuracy ´ Block  15.93 1 <0.01 3.93 1 0.05 5.70 1 0.02 0.00 1 0.97 

Reliability Decrease Condition ´ Previous 

Automation Accuracy ´ Block 

2.76 2 0.25 4.24 2 0.12 4.02 2 0.13 0.36 2 0.84 



 

 

 

105 

 

Figure 3. 7. Mean (SE +/-) Future Reliability estimates over 16 blocks, for the Small, 
Medium, and Large reliability decrease conditions. Error bars correspond to the mean plus or 
minus the SE. Note: Shapes represent reliability condition, vertical dotted lines represent 
reliability change points, and horizontal dashed lines represent the 30%, 50%, 70% and 90% 
true reliability levels. 

 

Figure 3. 8. Mean (SE +/-) Future Reliability estimates over 16 blocks, for the Small, 
Medium, and Large reliability decrease conditions. Error bars correspond to the mean plus or 
minus the SE. Note: Shapes represent automation accuracy, vertical dotted lines represent 
reliability change points, and horizontal dashed lines represent the 30%, 50%, 70% and 90% 
true reliability levels. 
 

Interactions. There was an interaction between reliability condition and previous 

automation accuracy in phases 2, 3 and 4 (Table 5), which is not interpreted further. There 
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was an interaction between reliability condition and block in phases 1, 2, and 3. The 

magnitude of increase in reliability estimates across blocks 1 to 4 (Phase 1; Small, +2.85%; 

Medium, +5.07%; Large, +3.27%) and blocks 9-12 (Phase 3; Small, +1.47%; Medium, 

+5.46%’ Large, +13.11%), varied between conditions, as did the decrease in perceived 

reliability across blocks 5-8 (Phase 2; Small, -4.69%’ Medium, -10.66%; Large, -18.53%). 

There was an interaction between previous automation accuracy and block during phase 1, 2, 

and 3 (Table 3.5), which is not interpreted further. There was no three-way interaction. 

3.9.2 Automation Acceptance  

 Participants were highly likely to accept automated advice congruent with their 

manual classification (99.26%). Thus, we analysed trials on which automation advice was 

incongruent with manual classification (49.59% of trials). Reliability decrease condition, 

block, and PAMRD were independent variables. 

Reliability Decrease Condition. There was a significant main effect of reliability decrease 

condition for phase 2 (Table 3.6, Figure 3.9). During phase 2 acceptance rates for the small 

decrease condition were significantly higher than the medium (p < 0.01) and large (p < 0.01) 

conditions, with no difference between the medium and large conditions (p = 0.50). 
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Figure 3. 9. Mean (SE +/-) Acceptance for High, Low, and Constant Reliability conditions 
for cases where the participant manual decision was incongruent with the automated advice. 
Error bars correspond to the mean plus or minus the SE. Note: Shapes represent reliability 
group, and vertical dotted lines represent reliability change points. 
 

PAMRD. Main effects for PAMRD were found in all phases (Table 3.6), indicating 

that when there was a greater positive difference between perceived automation reliability 

and perceived manual reliability for a given contact, participants were more likely to accept 

automated advice. 

Block. Main effects for block were found in phase 2 and 4. During phase 2, average 

acceptance rates decreased by 13.52% across blocks. During phase 4, average acceptance 

rates increased by 9.15%% across blocks. 

Interactions. Significant condition by block, block by PAMRD (phase 1), and 

condition by block by PAMRD (Phase 3) interactions were found, but are not interpreted 

further. Condition and PAMRD did not significantly interact 
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Table 3. 6. Mixed Effect Models with Factor Comparisons for Incongruent Manual Automation Trials: (Phase 1: Blocks 1-4), (Phase 2: Blocks 
5-8), (Phase 3: Blocks 9-12), and (Phase 4: Blocks 13-16). 

Note: Dependent Variable (y) = Acceptance. Interactions between factors are indicated by ´. Significance of included factors was tested using Wald Chi-
Square estimates (! 2 ) test.  
 
 

 

 

 

.

 Phase 1  Phase 2 Phase 3 Phase 4 

Factor !2 df p !2 df p !2 df p !2 df p 

Reliability Decrease Condition 1.39 2 0.49 24.71 2 <0.01 4.15 2 0.13 1.46 2 0.48 

Block 0.18 1 0.67 7.92 1 <0.01 1.31 1 0.25 9.79 1 <0.01 

PAMRD 60.94 1 <0.01 49.39 1 <0.01 63.84 1 <0.01 45.94 1 <0.01 

Reliability Decrease Condition ´ Block 4.67 2 0.10 6.00 2 0.05 2.62 2 0.27 0.05 2 0.97 

Reliability Decrease Condition ´ PAMRD 2.65 2 0.26 1.33 2 0.51 2.78 2 0.25 1.03 2 0.60 

Block ´ PAMRD  4.16 1 0.04 0.33 1 0.57 0.13 1 0.72 2.81 1 0.09 

Reliability Decrease Condition ´ Block ´ 

PAMRD 

2.95 2 0.22 0.02 2 0.99 11.86 2 <0.01 0.57 2 0.75 
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Figure 3. 10. Mean (SE +/-) Acceptance and Future Reliability Estimates for the Small, Medium, 
and Large reliability decrease conditions. Error bars correspond to the mean plus or minus the SE. 
Note: Shapes represent Acceptance and Future Reliability Estimates, horizontal dashed lines 
represents true reliability, vertical dotted lines represent reliability change points.



 

 

 

110 

Table 3. 7. Percentage Means (M) and Standard Deviation (SD) for Final Decision Accuracy: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), 
(Phase 3: Blocks 9-12), and (Phase 4: Blocks 13-16). 
  Phase 1 Phase 2 Phase 3 Phase 4 

Factor Reliability Condition M SD M SD M SD M SD 

Final Decision Accuracy Small Decrease 0.82 0.11 0.74 0.12 0.85 0.11 0.89 0.08 

 Medium Decrease 0.81 0.12 0.63 0.13 0.80 0.16 0.84 0.14 

 Large Decrease 0.82 0.12 0.57 0.17 0.83 0.12 0.87 0.09 

 

 

Table 3. 8. Mixed Effect Models with Factor Comparisons for Final Decision Accuracy: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), (Phase 3: 
Blocks 9-12), and (Phase 4: Blocks 13-16). 
 Phase 1  Phase 2 Phase 3 Phase 4 

Factor !2 df p !2 df p !2 df p !2 df p 

Reliability Decrease Condition 0.16 2 0.92 45.47 2 <0.01 3.10 2 0.21 5.82 2 0.06 

Block 2.38 1 0.12 3.04 1 0.08 2.32 1 0.13 3.05 1 0.08 

Reliability Decrease Condition ´ Block 3.27 2 0.20 0.88 2 0.64 0.95 2 0.62 1.87 2 0.39 

Note: Dependent Variable (y) = Final Decision Accuracy. Significance of included factors was tested using Wald Chi-Square estimates (! 2 ) tests. 
Interactions between factors are indicated by ´.
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As illustrated in Figure 3.10, the congruence between automation acceptance and 

perceived reliability estimates during high-reliability phase 1 compared to high-reliability 

phase 3 or 4 (proceeding low-reliability phase 2) were not significantly different for the small 

(Phase 3, p = 1.0; Phase 4, p = 0.23) or medium (Phase 3, p > 0.99); Phase 4, p = 0.16)  

reliability decrease conditions, but were both significant for the large condition (Phase 3, p < 

0.01; Phase 4, p = 0.02; Figure 10).  

3.9.3 Final Decision Accuracy 

 The independent variables for the final decision accuracy analyses were reliability 

decrease condition and block. The descriptive statistics are presented in Table 3.7 and the 

analyses in Table 3.8. A main effect for reliability decrease condition was found for phase 2. 

In phase 2, final decision accuracy was higher for the small reliability decrease condition 

compared to the medium (p < 0.01) and large (p < 0.01) conditions, and for the medium 

compared to large (p = 0.03). No effects of condition on final decision accuracy were evident 

in phase 3 or 4, indicating that the magnitude of decrease in true reliability experienced in 

phase 2 did not have long lasting effects on accuracy after reliability returned to a higher 

level. There was no main effect of block and no interaction between condition and block.  

3.10 Experiment 3: Discussion 

 Experiment 2 replicated the recency effect on perceived reliability and the finding that 

participants did not accurately calibrate to true reliability change. Experiment 2 replicated 

that a positive difference between a participant’s perception of reliability, and the perception 

of own reliability for manual classification on a given contact, lead to greater automation 

acceptance when the automated advice was incongruent with manual classification. 

As predicted, reliability estimates for all conditions were lower during the high-

reliability phase (Phase 3) (i.e., after participants experienced low reliability phase 2) 

compared to the initial high-reliability phase (Phase 1), and this effect was stronger when 
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there was a medium or large reliability decrease in reliability in phase 2. However, with 

additional exposure to higher reliability during phase 4, reliability estimates returned to be 

statistically comparable to the initial high-reliability phase (Phase 1) for the small and large 

reliability decrease conditions but remained lower for the medium condition.  

 Differences between automation acceptance and perceived reliability were greater 

during high-reliability phase 3 (i.e., after participants experienced low reliability phase 2) and 

during phase 4 compared to high-reliability phase 1 for the large reliability decrease 

condition, but not for the small and medium conditions. 

3.11 General Discussion 

 The aim was to examine adaptation of perceived automation reliability, and 

automation acceptance behaviour, in response to successive changes in automation reliability. 

In addition to providing critical replications of prior work (Hutchinson et al., 2021), novel 

research questions were posed regarding the extent to which individuals have the capacity to 

adapt their perceptions of reliability after experiencing periods of lower reliability, and the 

extent to which the magnitude of decrease in reliability during lower reliability periods 

impacts reliability estimates and automation acceptance in subsequent high reliability phases. 

 Before summarising the theoretical and applied implications, it is important to 

highlight that several effects were replicated across Hutchinson et al. (2021) and the current 

two studies. These include lower perceptions of reliability following incorrect compared to 

correct automated advice, and individuals being more likely to accept automated advice when 

there is a greater positive difference between perceived automation reliability and perceived 

manual reliability for a given contact (PAMRD). This gives some indication that these 

psychological effects are robust (Jones et al., 2010; Pashler & Wagenmakers, 2012). 

 In Experiment 1 we also replicated the finding of Hutchinson et al. (2021) that 

individual’s initially under-estimated automation reliability [start-high (95% true reliability) 
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and constant (75% true reliability) conditions], however the start-low condition (55% true 

reliability) overestimated reliability. Overestimation has been reported when automation 

reliability is below 30% (Wiczorek & Manzey, 2010), however reliability at or above 60% 

has previously elicited underestimation (e.g., Hutchinson et al.; Madhavan & Weigmann, 

2007). However, the current findings are in line with reported outcomes from human 

probability estimation in detection/diagnosis tasks of under-estimation of the optimal ratio 

(“ideal beta”) between signal and noises states when the ideal beta is high, but over-

estimation when the ideal beta is low (sluggish beta; Bisseret, 1981; Harris & Chaney, 1969; 

Lusted, 1976). In addition, participants in the constant 75% true reliability condition initially 

underestimated reliability and did not gradually recalibrate to true reliability with experience. 

In Experiment 2 we provided task instructions to anchor individuals to true reliability, yet 

individuals still underestimated reliability by 5-10%.  

 Across both Experiment 1 and Experiment 2, estimates of automation reliability 

during high-reliability phases were lower (compared to previous high-reliability phases) 

following exposure to low reliability automation. Further, in Experiment 2, we found 

reasonably consistent evidence that the re-calibration of reliability estimates during high-

reliability phases that followed lower reliability phases was poorer for individuals that 

experienced larger reliability drops. However, there are two further critical outcomes related 

to these effects. First, in Experiment 1, the effect of lower reliability on perceived reliability 

during subsequent higher reliability phases was stronger after the first experience of low 

reliability compared to the effect of a subsequent experience with low reliability. Second, in 

Experiment 2, for two of the three reliability decrease conditions, after exposure to higher 

reliability, reliability estimates during phase 4 returned to be statistically comparable to those 

in the initial high-reliability phase (Phase 1), indicating individuals can reasonably quickly 

recover to make more accurate perceptions of reliability.  
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 An additional question was whether acceptance rates tracked changes in true 

reliability in a fashion similar to that for reliability estimates. In Experiment 1 and 2, the 

acceptance of automated advice was less closely matched to (higher than) perceived 

reliability estimates in high-reliability periods that followed periods of low reliability, 

compared to high-reliability periods that preceded low reliability. In Experiment 1 this effect 

was found after experiencing either one or two phases of low reliability. In Experiment 2, this 

effect was only found for the large reliability decrease condition and continued to be 

significant in phase 4 after prolonged exposure to higher reliability. It is not clear why we 

found this effect in Experiment 1 with the 40% reliability decrease, but not for the medium 

condition in Experiment 2 that experienced a 40% reliability decrease (although as noted 

below it may be related to anchoring perceptions of reliability in Experiment 2).  

During low reliability phases (and during high reliability phases that proceeded them), 

automation acceptance rates were typically higher than perceptions of reliability, which may 

suggest automation acceptance behaviours are less susceptible to low true reliability. As 

discussed further in Hutchinson et al. (2021) this disparity may be caused by differences in 

the strategies used for judgement versus choice (Einhorn & Hogarth, 1981; Lichtenstein & 

Slovic, 1971), leading to different information being used when making decisions regarding 

perception of reliability versus accepting automated advice.  

3.11.1 Practical Implications and Limitations 

 Generalisation of our findings to experts in field settings is constrained by the use of a 

student sample, as experts and novices differ in motivation and ability, and potentially in 

their perception of automation (Niu et al., 2018). In addition, our participants had limited 

training and were not provided with practice completing the task manually without 

automation assistance. Replication of these findings, and those of Hutchinson et al. (2021), 

using more highly trained novices (but note that the task difficulty would also need to 
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increase to ensure manual performance is not at ceiling and thus automated advice remains 

relevant), or using experts in settings that are more representative of real-world scenarios, are  

important steps for future research. 

 In Experiment 2 task instructions were designed to provide participants with a firmer 

perception of initial true automation reliability, and our expectation was these task 

instructions would make decreased reliability more salient, providing participants a firmer 

anchor point when reliability returned to higher levels. In retrospect, the anchoring of 

perceived reliability via task instructions could have potentially caused participants to be less 

inclined to alter their perceptions of reliability to the extent they assumed the task 

environment to be static and reliability unchanging. There is some evidence of this, in 

Experiment 1, perceived reliability dropped by 12.5% when true reliability decreased by 

40%, compared to only a 6.8% drop for the medium condition (40% decrease) in Experiment 

2. Further research might examine if re-calibration to higher true reliability after experiencing 

low reliability is as effective as that observed in Experiment 2 if participants are not 

anchored. A more general question concerns how and whether the origin of a belief affects 

updating. In real-world settings operators may not have extensive experience to base a belief 

upon, and as such some initial beliefs may be based upon statements from automation 

manufacturers or the shared views of other operators. Related to this, Madhavan and 

Wiegmann (2007; also see Pearson & Mayhorn, 2017) demonstrated that individuals display 

a tendency to trust and accept automated advice more when it is portrayed as a more 

reputable expert system (higher pedigree), but to our knowledge no research has examined 

the extent to which, or how quickly, initial perceptions of automation pedigree are tempered 

by experienced (true) accuracy of automated advice. 

The current data indicates that human perception of reliability may initially be under-

calibrated (although with particularly low reliability operators may overestimate reliability), 
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and that underestimation can persist even under conditions where true reliability is static 

(constant condition). Consistent with the concept of a ‘sluggish beta’, it is possible that 

humans need more evidence (task experience) than that presented in Hutchinson et al. (2021) 

and in the current studies to calibrate their beliefs about reliability to the true reliability. 

Alternatively, it is possible that humans would never completely accurately calibrate – given 

they are somewhat close to true calibration, and they are not experiencing new evidence 

substantive enough to cause a change (Gallistel et al., 2014).   

True automation reliability may not always be able to be determined in operational 

contexts, but in complex and dynamic environments is likely to fluctuate, and given the 

established relationship between perceived reliability and automation acceptance (use) in the 

prior literature (see review by Endsley, 2017), practitioners need to be aware of the potential 

implications of the current findings for human-automation teaming (Rieth & Hagemann, 

2022). The current findings pose important questions concerning what further information 

humans need in order to calibrate perceived reliability estimates to true reliability accurately, 

and what may hinder that calibration. Within applied settings operators are typically trained 

to use automation, and information that could facilitate their perception of reliability within a 

training paradigm could be of great benefit.
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3.13 Appendix 

Due to its suitability for repeated measures data and control of random effects 

(Singmann, & Kellen, 2019), mixed-effect modelling was used to analyse the data, using 

packages glmmTMB and lme4 for the R programming language (Brooks et al., 2017; Bates et 

al., 2014). Beta regression linear mixed models using a logit link function were used analyse 

future reliability estimates. Simple linear mixed effects models were used to analyse future 

reliability and automation acceptance difference scores. Factors and interaction significance 

was measured using Wald Chi-Square tests. Follow-up analysis of significant main effects 

was conducted using the emmeans package for the R programming language (Lenth et al., 

2018), with Bonferroni corrections applied to all contrasts. 

 The dependent variable included in the models in Table 1 and 7 was future 

reliability estimates. Phase was included as an independent variable. The dependent variable 

included in the models in Table 3 and Table 9 was a value representing the closeness 

automation acceptance and future reliability estimates. Future reliability and automation 

acceptance difference scores were calculated by subtracting mean future reliability from 

mean automation acceptance for each specific phase.  
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3.13.1 Experiment 2 Supplementary Analyses 

Table 3. 9. Mixed Effect Models with Factor Comparisons for Future Reliability across all 
phases. 
 

 

Table 3. 10. Follow-up emmeans contrasts for Mixed Effect Models with Factor 
Comparisons for Future Reliability across all phases. 
 

Contrast Odds Ratio SE df t ratio p 

Start-Low: Phase 2 vs Phase 4 1.11 0.04 13906 2.69 0.01 
Start-High: Phase 1 vs Phase 3 1.94 0.07 13906 17.62 <0.01 

 
Table 3. 11. Mixed Effect Models with Factor Comparisons for Future Reliability and 
Automation Acceptance difference scores across all phases. 
 

 
Table 3. 12. Follow-up emmeans contrasts for Mixed Effect Models with Factor 
Comparisons for Future Reliability and Automation Acceptance difference scores across all 
phases. 
 

Contrast Estimate SE df t ratio p 

Start-Low: Phase 2 vs Phase 4 -0.06 0.28 252 -2.26 0.05 
Start-High: Phase 1 vs Phase 3 -0.11 0.28 252 -4.15 <0.01 

 

 
 

Factor !2 df p 

Reliability Condition 0.19 2 0.91 

Phase 102.41 3 <0.01 

Reliability Condition ´ Phase 1651.64 6 <0.01 

Factor !2 df p 

Reliability Condition 0.01 2 0.99 

Phase 25.12 3 <0.01 

Reliability Condition ´ Phase 41.71 6 <0.01 
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Table 3. 13. Follow-up emmeans contrasts for Mixed Effect Models with Factor 
Comparisons for Incongruent Manual Automation Trials: (Phase 1: Blocks 1-4), (Phase 2: 
Blocks 5-8), (Phase 3: Blocks 9-12), and (Phase 4: Blocks 13-16). 
 

Contrast  Odds Ratio SE df t ratio p 

Phase 1 Start-High vs Start-Low 3.90 1.15 1569 4.61 <0.01 

 Start-High vs Constant 2.35 0.70 1569 2.88 <0.01 

 Start-Low vs Constant 0.60 0.16 1569 -1.83 0.20 

Phase 2 Start-Low vs Start-High 0.46 0.14 1558 -2.52 0.03 

 Start-Low vs Constant 1.18 0.36 1558 0.53 >0.99 

 Start-High vs Constant 0.54 0.16 1558 -2.04 0.12 

Phase 3 Start-High vs Start-Low 2.76 0.94 1549 3.00 <0.01 
 Start-High vs Constant 1.25 0.43 1549 0.65 >0.99 

 Start-Low vs Constant 0.45 0.15 1549 -2,37 0.05 

Phase 4 Start-Low vs Start-High 0.20 0.07 1570 -4.63 <0.01 

 Start-Low vs Constant 2.04 0.71 1570 2.03 0.12 

 Start-High vs Constant 0.41 0.13 1570 -2.70 0.02 

 

Table 3. 14. Follow-up emmeans contrasts for Mixed Effect Models with Factor 
Comparisons for Final Decision Accuracy: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), 
(Phase 3: Blocks 9-12), and (Phase 4: Blocks 13-16). 
 

Contrast  Odds Ratio SE df t ratio p 

Phase 1 Start-High vs Start-Low 0.27 0.04 3473 -8.60 <0.01 

 Start-High vs Constant 2.25 0.34 3473 5.16 <0.01 

 Start-Low vs Constant 0.61 0.09 3473 -3.500 <0.01 

Phase 2 Start-Low vs Start-High 2.38 0.33 3473 6.18 <0.01 
 Start-Low vs Constant 1.69 0.24 3473 3.61 <0.01 

 Start-High vs Constant 0.71 0.09 3473 -2.55 0.03 

Phase 3 Start-High vs Start-Low 0.32 0.05 3473 -7.32 <0.01 
 Start-High vs Constant 1.79 0.29 3473 3.61 <0.01 

 Start-Low vs Constant 0.57 0.09 3473 -3.72 <0.01 

Phase 4 Start-Low vs Start-High 3.50 0.60 3473 7.34 <0.01 

 Start-Low vs Constant 2.17 0.38 3473 4.39 <0.01 

 Start-High vs Constant 0.62 0.10 3473 -3.01 <0.01 
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Table 3. 15. Random effects and Beta weights, with corresponding standard deviation (SD), Z scores, and significance values for Mixed Effect 
Models with Factor Comparisons for Future Reliability. 

Note: Dependent Variable (y) = Future Reliability. RC = Reliability Condition, PAA = Previous Automation Accuracy, Interactions between factors are indicated by ´. 

 

 

Conditional Model Phase 1 Phase 2 Phase 3 Phase 4 

Random Effects Variance = 0 29  SD  = 0 54 Variance = 0 39  SD  = 0 63 Variance = 0 44  SD  = 0 66 Variance = 0 52  SD  = 0 72 

 Estimate SE Z p Estimate SE Z p Estimate SE Z p Estimate SE Z p 

Intercept 0.13 0.11 1.20 0.23 0.33 0.17 1.97 0.05 -0.05 0.13 -0.41 0.68 0.40 0.17 2.40 0.02 

RC: Start-High 0.70 0.19 3.76 < 0.01 -0.15 0.20 -0.72 0.47 0.35 0.21 1.67 0.09 -0.40 0.21 -1.84 0.07 

RC: Constant 0.10 0.16 0.64 0.52 -0.03 0.21 -0.14 0.89 0.18 0.19 0.95 0.34 -0.11 0.22 -0.50 0.62 

PAA: Correct 0.56 0.05 11.88 < 0.01 0.97 0.12 8.05 < 0.01 1.07 0.05 20.93 < 0.01 0.87 0.10 8.51 < 0.01 

Block -0.03 0.03 -1.11 0.27 0.18 0.11 1.68 0.09 -0.08 0.03 -2.35 0.02 0.03 0.09 0.39 0.70 

RC: Start-High ´ PAA: Correct 0.23 0.13 1.81 0.07 -0.39 0.13 -2.99 < 0.01 -0.43 0.12 -3.49 < 0.01 -0.24 0.11 -2.19 0.03 

RC: Constant ´ PAA: Correct 0.27 0.07 3.74 < 0.01 -0.12 0.13 -0.90 0.37 -0 11 0.08 -1.42 0.16 -0.05 0.11 -0.43 0.66 

RC: Start-High ´ Block -0.02 0.11 -0.17 0.87 -0.33 0.11 -2.96 < 0.01 0.10 0.11 0.91 0.36 -0.01 0.09 -0.12 0.91 

RC: Constant ´ Block 0.05 0.05 0.95 0.34 -0.13 0.12 -1.14 0.26 0.12 0.06 2.24 0.03 0.01 0.10 0.08 0.94 

PAA: Correct ´ Block 0.02 0.04 0.40 0.69 -0.03 0.11 -0.31 0.76 -0.05 0.05 -1.07 0.28 0.04 0.09 0.41 0.69 

RC: Start-High ´ PAA: Correct ´ Block -0.01 0.12 -0.05 0.96 -0.01 0.12 -0.06 0.95 0.13 0.11 1.19 0.24 -0.09 0.10 -0.95 0.34 

RC: Constant ´ PAA: Correct ´ Block 0.01 0.07 0.09 0.93 0.00 0.12 -0.04 0.97 0.00 0.07 0.03 0.98 -0.17 0.10 -1.71 0.09 
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Table 3. 16. Random effects and Beta weights, with corresponding standard deviation (SD), Z scores, and significance values for Mixed Effect 
Models with Factor Comparisons for Incongruent Manual Automation Trials. 

Note  Dependent Variable (y) = Acceptance. RC = Reliability Condition, PAMRD = Perceived Automation Manual Reliability Difference, Interactions between factors are indicated by ´. 

 

 

 

 

 

Conditional Model Phase 1 Phase 2 Phase 3 Phase 4 

Random Effects Variance = 0 79 SD  = 0 89 Variance = 0 97  SD  = 0 98 Variance = 1 30 SD  = 1 14 Variance = 1 25  SD  = 1 12 

 Estimate SE Z p Estimate SE Z p Estimate SE Z p Estimate SE Z p 

Intercept 0.53 0.22 2.38 0.02 -0.72 0.21 -3.47 < 0.01 0.31 0.24 1.27 0.20 -0.76 0.23 -3.28 < 0.01 

RC: Start-Low -1.36 0.30 -4.61 < 0.01 0.77 0.31 2.52 0.01 -1.02 0.34 -2.99 < 0.01 1.60 0.35 4.63 < 0.01 

RC: Constant -0.86 0.30 -2.89 < 0.01 0.61 0.30 2.04 0.04 -0 22 0.34 -0.65 0.52 0.89 0.33 2.70 0.01 

Block 0.06 0.13 0.45 0.65 -0.06 0.09 -0.72 0.47 0.18 0.10 1.70 0.09 -0.16 0.09 -1.84 0.07 

PAMRD 1.22 0.63 1.93 0.05 1.58 0.45 3.51 < 0.01 2.23 0.66 3.37 < 0.01 2.55 0.57 4.52 < 0.01 

RC: Start-Low ´ Block -0.13 0.15 -0.87 0.39 0.41 0.14 2.93 < 0.01 -0 24 0.13 -1.82 0.07 0.56 0.15 3.66 < 0.01 

RC: Constant ´ Block 0.02 0.15 0.16 0.87 0.23 0.12 1.81 0.07 -0 13 0.14 -0.97 0.33 0.19 0.13 1.49 0.14 

RC: Start-Low ´ PAMRD 0.31 0.74 0.42 0.67 0.17 0.71 0.24 0.81 -0 34 0.75 -0.46 0.65 0.20 0.85 0.24 0.81 

RC: Constant ´ PAMRD 0.61 0.78 0.78 0.43 0.70 0.64 1.09 0.28 -0.45 0.79 -0.57 0.57 -0.03 0.74 -0.05 0.96 

Block ´ PAMRD 0.08 0.52 0.15 0.88 0.46 0.40 1.15 0.25 0.10 0.39 0.25 0.81 0.16 0.42 0.38 0.70 

RC: Start-Low ´ Block ´ PAMRD 0.53 0.61 0.87 0.38 -0.50 0.59 -0.85 0.39 0.02 0.48 0.05 0.96 0.07 0.66 0.11 0.91 

RC: Constant ´ Block ´ PAMRD 0.31 0.64 0.48 0.63 -0.43 0.54 -0.79 0.43 -0 51 0.54 -0.93 0.35 -0.32 0.58 -0.55 0.58 
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Table 3. 17. Random effects and Beta weights, with corresponding standard deviation (SD), Z scores, and significance values for Mixed Effect 
Models with Factor Comparisons for Final Decision Accuracy. 

Note  Dependent Variable (y) = Final Decision Accuracy. RC = Reliability Condition, PAMRD = Perceived Automation Manual Reliability Difference, Interactions between factors are indicated by ´. 

 

 

 

 

 

 

 

 

 

 

 

Conditional Model Phase 1 Phase 2 Phase 3 Phase 4 

Random Effects Variance = 0 16 SD  = 0 40 Variance = 0 13  SD  = 0 35 Variance = 1 89 SD  = 0 43 Variance = 0 21  SD  = 0 46 

 Estimate SE Z p Estimate SE Z p Estimate SE Z p Estimate SE Z p 

Intercept 0.67 0.10 6.81 < 0.01 1.71 0.11 16.00 < 0.01 0.76 0.10 7.35 < 0.01 2.19 0.13 16.38 < 0.01 

RC: Start-High 1.30 0.15 8.61 < 0.01 -0.87 0.14 -6.18 < 0.01 1.15 0.16 7.32 < 0.01 -1.25 0.17 -7.34 < 0.01 

RC: Constant 0.50 0.14 3.50 < 0.01 -0.52 0.14 -3.61 < 0.01 0.56 0.15 3.72 < 0.01 -0.78 0.18 -4.39 < 0.01 

Block -0.02 0.06 -0.39 0.69 0.18 0.07 2.48 0.01 0.03 0.06 0.54 0.59 0.18 0.09 2.11 0.04 

RC: Start-High ´ Block 0.15 0.10 1.58 0.11 -0.16 0.09 -1.71 0.09 0.09 0.10 0.94 0.35 -0.17 0.10 -1.61 0.11 

RC: Constant ´ Block 0.06 0.08 0.76 0.45 -0.09 0.10 -0.92 0.36 -0 12 0.09 -1.37 0.17 -0.22 0.11 -2.03 0.04 
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Table 3. 18. Mean and Standard Deviation (SD) by Phase and Reliability Condition for Future Reliability, Acceptance, and PAMRD (Perceived 
Manual Automation Reliability Difference). 
  Phase 1  Phase 2  Phase 3  Phase 4  

Variable  Mean SD Mean SD Mean SD Mean SD 

FR Start-High 83.30 12.96 62.09 13.26 70.81 18.13 58.06 14.39 

 Constant 69.87 11.98 70.62 12.10 69.20 10.79 69.08 13.37 

 Start-Low 59.70 11.70 76.11 16.32 61.53 13.78 75.18 14.51 

Acceptance Start-High 0.87 0.12 0.65 0.16 0.86 0.13 0.63 0.18 

 Constant 0.73 0.25 0.76 0.15 0.78 0.14 0.79 0.14 

 Start-Low 0.61 0.15 0.84 0.12 0.65 0.16 0.90 0.13 

PAMRD Start-High 12.35 12.15 -5.91 13.29 1.75 19.31 -11.48 15.48 

 Constant -6.30 13.98 -4.11 14.88 -3.53 13.29 -4.59 15.19 

 Start-Low -9.84 14.23 3.89 17.18 -6.23 16.30 7.32 15.12 

Note  Acceptance scores range from 0 to 1
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3.13.2 Experiment 3 Supplementary Analyses 

Table 3. 19. Mixed Effect Models with Factor Comparisons for Future Reliability across all 
phases. 

 
Table 3. 20. Follow-up emmeans contrasts for Mixed Effect Models with Factor 
Comparisons for Future Reliability across all phases. 
 

Contrast Odds Ratio SE df t ratio p 

Small: P1 vs P3 1.20 0.04 12626 5.15 <0.01 

Small: P1 vs P4 1.11 0.07 12626 2.80 0.06 

Medium: P1 vs P3 1.43 0.05 12626 9.92 <0.01 

Medium: P1 vs P4 1.24 0.04 12626 5.94 <0.01 

Large: P1 vs P3 1.40 0.05 12626 9.80 <0.01 

Large: P1 vs P4 1.00 0.03 12626 -0.07 >0.99 

(Small: P1 vs P3) vs (Medium: P1 vs P3) 0.84 0.04 12626 -3.36 <0.01 

(Small: P1 vs P3) vs (Large: P1 vs P3) 0.86 0.04 12626 -3.10 <0.01 

(Medium: P1 vs P3) vs (Large: P1 vs P3) 1.02 0.05 12626 0.32 >0.99 

(Small: P1 vs P4) vs (Medium: P1 vs P4) 0.89 0.04 12626 -2.22 0.31 

(Small: P1 vs P4) vs (Large: P1 vs P4) 1.10 0.06 12626 2.05 0.48 

(Medium: P1 vs P4) vs (Large: P1 vs P4) 1.24 0.06 12626 4.29 <0.01 
Note: P = Phase 

 

Table 3. 21. Mixed Effect Models with Factor Comparisons for Future Reliability and 
Automation Acceptance difference scores across all phases. 

Factor !2 df p 

Reliability Condition 0.70 2 0.70 

Phase 2413.44 3 <0.01 

Reliability Condition ´ Phase 836.90 6 <0.01 

Factor !2 df p 

Reliability Condition 4.01 2 0.13 

Phase 93.15 3 <0.01 

Reliability Condition ´ Phase 9.99 6 0.12 
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Table 3. 22. Follow-up emmeans contrasts for Mixed Effect Models with Factor 
Comparisons for Future Reliability and Automation Acceptance difference scores across all 
phases. 
 

Contrast Estimate SE df t ratio p 

Small: P1 vs P3 1.20 0.04 228 5.15 >0.99 
Small: P1 vs P4 1.11 0.07 228 2.80 0.06 

Medium: P1 vs P3 1.43 0.05 228 9.92 >0.99 

Medium: P1 vs P4 1.24 0.04 228 5.94 <0.01 

Large: P1 vs P3 1.40 0.05 228 9.80 <0.01 

Large: P1 vs P4 1.00 0.03 228 -0.07 0.02 
Note: P = Phase 

 

Table 3. 23. Follow-up emmeans Mixed Effect Models with Factor Comparisons for 
Incongruent Manual Automation Trials: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), (Phase 
3: Blocks 9-12), and (Phase 4: Blocks 13-16). 
 

Contrast  Odds Ratio SE df t ratio p 

Phase 2 Small vs Medium 0.43 0.11 1569 -3.34 <0.01 

 Small vs Large 0.31 0.08 1569 -4.78 <0.01 

 Medium vs Large 0.72 0.17 1569 -1.38 0.50 

 

Table 3. 24. Follow-up emmeans Mixed Effect Models with Factor Comparisons for Final 
Decision Accuracy: (Phase 1: Blocks 1-4), (Phase 2: Blocks 5-8), (Phase 3: Blocks 9-12), and 
(Phase 4: Blocks 13-16).  
 

Contrast  Odds Ratio SE df t ratio p 

Phase 2 Small vs Medium 1.68 0.21 1569 4.18 <0.01 

 Small vs Large 2.26 0.27 1569 6.72 <0.01 

 Medium vs Large 1.34 0.16 1569 2.55 0.03 
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Table 3. 25. Random effects and Beta weights, with corresponding standard deviation (SD), Z scores, and significance values for Mixed Effect 
Models with Factor Comparisons for Future Reliability. 

Note  Dependent Variable (y) = Future Reliability. RD = Reliability Decrease, PAA = Previous Automation Accuracy, Interactions between factors are indicated by ´.  

 
 
 
 
 

Conditional Model Phase 1 Phase 2 Phase 3 Phase 4 

Random Effects Variance = 0 34  SD  = 0 59 Variance = 0 69  SD  = 0 83 Variance = 0 55 SD  = 0 74 Variance = 0 57 SD  = 0 76 

 Estimate SE Z p Estimate SE Z p Estimate SE Z p Estimate SE Z p 

Intercept 0.86 0.14 6.35 < 0.01 0.78 0.17 4.58 < 0.01 0.91 0.16 5.68 < 0.01 1.07 0.16 6.58 < 0.01 

RD: Medium 0.33 0.19 1.73 0.08 -0.16 0.24 -0.65 0.51 -0.01 0.22 -0.07 0.95 -0.06 0.23 -0.25 0.80 

RD: Large 0.27 0.19 1.44 0.15 -0.72 0.23 -3.06 < 0.01 -0 39 0.22 -1.76 0.08 -0.04 0.22 -0.18 0.86 

PAA: Correct 0.65 0.07 9.08 < 0.01 0.51 0.05 10.55 < 0.01 0.47 0.07 7.23 < 0.01 0.43 0.06 6.75 < 0.01 

Block 0.20 0.06 3.35 < 0.01 -0.17 0.04 -4.86 < 0.01 0.04 0.06 0.75 0.45 0.00 0.05 0.06 0.96 

RD: Medium ´ PAA: Correct -0.07 0.10 -0.72 0.47 0.00 0.06 0.03 0.98 0.12 0.09 1.34 0.18 0.21 0.09 2.43 0.02 

RD: Large ´ PAA: Correct -0.03 0.10 -0.31 0.76 0.20 0.07 3.10 < 0.01 0.51 0.09 5.56 < 0.01 0.43 0.09 4.82 < 0.01 

RD: Medium ´ Block -0.05 0.09 -0.63 0.53 -0.05 0.04 -1.10 0.27 0.01 0.08 0.11 0.91 0.05 0.07 0.69 0.49 

RD: Large ´ Block -0.02 0.08 -0.22 0.83 -0.11 0.04 -2.73 0.01 0.08 0.08 1.00 0.32 -0.04 0.07 -0.58 0.56 

PAA: Correct ´ Block -0.21 0.06 -3.31 < 0.01 0.10 0.04 2.35 0.02 0.00 0.06 0.01 0.99 -0.01 0.06 -0.19 0.85 

RD: Medium ´ PAA: Correct ´ Block 0.15 0.09 1.62 0.10 -0.04 0.06 -0.72 0.47 0.06 0.08 0.76 0.45 -0.01 0.08 -0.10 0.92 

RD: Large ´ PAA: Correct ´ Block 0.04 0.09 0.47 0.64 -0.12 0.06 -2.01 0.04 0.16 0.08 1.98 0.05 0.04 0.08 0.45 0.65 
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Table 3. 26. Random effects and Beta weights, with corresponding standard deviation (SD), Z scores, and significance values for Mixed Effect 
Models with Factor Comparisons for Incongruent Manual Automation Trials. 

Note  Dependent Variable (y) = Acceptance. RD = Reliability Decrease, PAMRD = Perceived Automation Manual Reliability Difference, Interactions between factors are indicated by ´.  

 

 

 

 

 

 

Conditional Model Phase 1 Phase 2 Phase 3 Phase 4 

Random Effects Variance = 0 84 SD  = 0 91 Variance = 0 54  SD  = 0 73 Variance = 1 19 SD  = 1 10 Variance = 1 60 SD  = 1 26 

 Estimate SE Z p Estimate SE Z p Estimate SE Z p Estimate SE Z p 

Intercept 0.81 0.21 3.92 < 0.01 -0.92 0.17 -5.54 < 0.01 0.86 0.24 3.59 < 0.01 1.68 0.28 5.92 < 0.01 

RD: Medium -0.24 0.30 -0.81 0.42 0.33 0.24 1.38 0.17 -0 28 0.34 -0.81 0.42 -0.46 0.40 -1.15 0.25 

RD: Small 0.13 0.30 0.42 0.68 1.17 0.25 4.78 < 0.01 0.48 0.35 1.38 0.17 -0.07 0.41 -0.16 0.87 

Block -0.14 0.10 -1.44 0.15 -0.28 0.08 -3.51 < 0.01 0.10 0.10 0.92 0.36 0.17 0.12 1.43 0.15 

PAMRD 3.75 0.65 5.79 < 0.01 1.64 0.37 4.40 < 0.01 3.19 0.59 5.42 < 0.01 3.92 0.83 4.69 < 0.01 

RD: Medium ´ Block 0.22 0.14 1.58 0.11 0.27 0.11 2.42 0.02 -0.09 0.14 -0.64 0.52 0.01 0.17 0.07 0.94 

RD: Small ´ Block 0.23 0.15 1.54 0.12 0.17 0.12 1.44 0.15 0.11 0.15 0.71 0.48 0.01 0.18 0.07 0.94 

RD: Medium ´ PAMRD -1.57 0.90 -1.75 0.08 -0.16 0.62 -0.26 0.80 1.19 0.97 1.23 0.22 -0.97 1.14 -0.84 0.40 

RD: Small ´ PAMRD -0.66 0.87 -0.76 0.45 0.57 0.59 0.96 0.34 -0 32 0.95 -0.34 0.74 -1.00 1.16 -0.87 0.39 

Block ´ PAMRD 1.29 0.54 2.41 0.02 -0.14 0.29 -0.47 0.64 0.90 0.45 2.02 0.04 -0.52 0.64 -0.80 0.42 

RD: Medium ´ Block ´ PAMRD -1.26 0.74 -1.71 0.09 0.02 0.46 0.05 0.96 -0 28 0.73 -0.38 0.70 -0.39 0.87 -0.45 0.65 

RD: Small ´ Block ´ PAMRD -0.75 0.72 -1.04 0.30 0.07 0.45 0.15 0.88 -2 21 0.67 -3.28 < 0.01 0.21 0.85 0.25 0.80 
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Table 3. 27. Random effects and Beta weights, with corresponding standard deviation (SD), Z scores, and significance values for Mixed Effect 
Models with Factor Comparisons for Final Decision Accuracy. 

Note  Dependent Variable (y) = Final Decision Accuracy. RD = Reliability Decrease, PAMRD = Perceived Automation Manual Reliability Difference, Interactions between factors are indicated by ´. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Conditional Model Phase 1 Phase 2 Phase 3 Phase 4 

Random Effects Variance = 0 13 SD  = 0 36 Variance = 0 07  SD  = 0 27 Variance = 0 25 SD  = 0 49 Variance = 0 15 SD  = 0 40 

 Estimate SE Z p Estimate SE Z p Estimate SE Z p Estimate SE Z p 

Intercept 1.60 0.11 14.18 < 0.01 1.08 0.09 11.84 < 0.01 1.79 0.14 13.23 < 0.01 2.11 0.13 16.25 < 0.01 

RD: Medium -0.06 0.16 -0.41 0.68 -0.52 0.12 -4.18 < 0.01 -0 32 0.19 -1.73 0.08 -0.39 0.17 -2.26 0.02 

RD: Large -0.03 0.15 -0.17 0.87 -0.82 0.12 -6.72 < 0.01 -0 11 0.18 -0.58 0.56 -0.11 0.18 -0.64 0.52 

Block 0.13 0.08 1.69 0.09 0.01 0.07 0.13 0.90 0.10 0.08 1.20 0.23 -0.01 0.09 -0.14 0.89 

RD: Medium ´ Block -0.01 0.10 -0.12 0.91 0.08 0.09 0.91 0.36 -0.09 0.11 -0.80 0.42 0.16 0.12 1.37 0.17 

RD: Large ´ Block -0.16 0.10 -1.60 0.11 0.06 0.09 0.72 0.47 0.00 0.11 0.02 0.98 0.10 0.12 0.81 0.42 
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Table 3. 28. Mean and Standard Deviation (SD) by Phase and Reliability Decrease Condition for Future Reliability, Acceptance, and PAMRD 
(Perceived Manual Automation Reliability Difference). 

Note  Acceptance scores range from 0 to 1. 

  Phase 1  Phase 2  Phase 3  Phase 4  

Variable  Mean SD Mean SD Mean SD Mean SD 

FR Small 80.12 13.34 75.29 15.83 78.37 15.86 79.56 15.38 

 Medium 84.81 10.01 69.52 16.18 80.01 10.50 81.80 11.14 

 Large 83.03 10.74 55.43 21.86 76.17 14.50 82.92 10.11 

Acceptance Small 0.85 0.14 0.78 0.14 0.88 0.12 0.91 0.10 

 Medium 0.83 0.13 0.62 0.16 0.82 0.16 0.87 0.16 

 Large 0.83 0.14 0.47 0.16 0.84 0.15 0.91 0.11 

PAMRD Small 15.85 17.96 11.39 19.11 15.46 17.76 14.47 16.77 

 Medium 14.78 13.04 1.93 17.27 13.75 13.21 14.44 13.64 

 Large 14.77 13.58 -9.34 20.46 12.33 15.93 17.79 14.02 
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Chapter Four: General Discussion 

 In order to optimise human-automation teaming outcomes it is essential to understand 

the factors that influence, and the cognitive mechanisms that govern, how human operators 

perceive and use automation. Automation reliability has been shown to be a key determinant 

of appropriate automation use by human operators (Endsley, 1999; Lee & See, 1994), and 

operator perception of automation reliability also plays an important role in determining 

whether automated advice is accepted. The development of human perceptions of automation 

is dynamic and is subject to change with experience, making it critical to understand the 

processes and influencing factors that govern the perception of automation reliability over 

time.  

 The first goal of this thesis was to examine human estimation of automation 

reliability. Specifically, the goal was to investigate how accurately humans initially calibrate 

to automation reliability (with and without instructions specifying reliability level), how 

accurately humans track changes in automation reliability thereafter, and how human 

estimation of automation reliability is impacted by the recent accuracy of automation. The 

second goal of the thesis was to examine factors that influence acceptance of automated 

advice, including true and estimated automation reliability and the difference between an 

individual’s perception of automation reliability and perception of their own manual ability.  

Chapter Two investigated the accuracy of initial automation reliability perceptions 

across two different automation reliability levels, and how individuals tracked changes in 

automation reliability, and whether their reliability estimates were impacted by the outcome 

of recent automation advice. It also examined the acceptance of automation advice as a 

function of true and estimated automation reliability, and as a function of the difference 

between an individual’s perception of automation reliability and perception of their own 

ability. 
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The first experiment in Chapter Three extended Chapter Two by increasing the 

number of automation reliability changes that participants experienced, as well as increasing 

the magnitude of automation reliability change, in order to further examine how participants 

tracked changes in true automation reliability, and how these changes impact automation 

acceptance. The second experiment in Chapter Three extended Chapter Two by examining 

initial automation reliability estimates after notifying participants of the likely true 

automation reliability (anchoring) and by examining perceptions of automation reliability and 

automation acceptance after automation reliability reduction of varying magnitude, including 

whether the adaptation to returned higher (original) automation reliability improved with 

longer periods of time (following a period of reduced automation reliability). The key 

empirical findings of this thesis, and their practical implications are discussed in this chapter. 

4.1 Perceptions of Automation Reliability 

4.1.1 Initial Calibration to Automation Reliability  

How perceptions of automation reliability develop over the course of a person’s 

experience with an automated system is a significant question for human-automation teaming 

in dynamic task environments. The current thesis used a maritime classification task as 

representation of a complex and dynamic task environment, akin to those in domains such as 

submarine track management or air-traffic control, where operators are required to monitor 

visual information and make complex decisions under time-pressure. An important feature of 

the maritime classification task was participant interaction with an automated decision aid 

that provided advice, thereby constituting a human-automation teaming context.  

Participant ability to make accurate initial estimations of the true reliability of the 

automation was examined in Chapters Two (Experiment 1) and Three (Experiment 2 and 3) 

In Experiment 1 and Experiment 2, participants were not notified of the expected automation 

reliability. In Experiment 3, participants were instructed of the approximate reliability that 
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the automation had previously performed at. Across all studies, initial estimations were 

considered the first 40 classifications made by the participant; this period of time allowed 

participants to experience a series of outcomes and form an understanding of the true 

reliability. In Experiment 1, the initial true reliabilities experienced by the two conditions 

were 60% and 90%, and in Experiment 2 the initial true reliabilities experienced by the three 

conditions were 95%, 75%, and 55%. In Experiment 3, all conditions experienced an 

(instructed) initial true automation reliability of 90%.  

 The findings of Experiment 1 indicated that participants in both the 60% and 90% 

reliability conditions initially underestimated automation reliability, which was consistent 

with outcomes from prior research investigating perceptions of automation reliability (e.g., 

Barg-Walkow & Rogers, 2016; Pop, Shrewsbury, & Durso, 2015; Weigmann, Rich, & Zang, 

2001). The empirical outcomes regarding participants initial calibration in Experiment 2 were 

mostly consistent with Experiment 1. Participants in the 95% and 75% reliability conditions 

underestimated automation reliability in a similar manner to participants in Experiment 1, 

however those participants experiencing 55% automation reliability initially overestimated 

automation reliability. This latter finding was unexpected, however the 55% reliable 

automation experienced by participants in Experiment 2 was lower than the lowest (60%) 

automation reliability experienced by participants in Experiment 1, which may point to a 

particular reliability threshold where humans overestimate rather than underestimate 

reliability. Moreover, the Experiment 1 and 2 findings are generally consistent with findings 

from Wiczorek & Manzey (2010) who found overestimation of lower automation reliability 

and underestimation of higher automation reliability. Also consistent is research investigating 

the ‘sluggish beta’ phenomena, which has found humans tend to underestimate high optimal 

betas, and overestimate low optimal betas (Green & Swets, 1966; Harris & Chaney, 1969; 

Lusted, 1976; Bisseret, 1981). In Experiment 3, participants also underestimated the 90% 
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automation reliability, even after being instructed of the approximate true automation 

reliability prior to commencing the task. The Experiment 3 findings suggest that the 

combination of experiencing the automations’ reliability, receiving feedback confirming its 

performance, as well as being told the approximate true reliability of the automation, are not 

enough to accurately calibrate perceptions of reliability.  

 It would be useful for future research to systematically vary automation reliability to 

locate a potential reliability threshold whereby by humans move from overestimating 

reliability to underestimating reliability. Knowing at what initial reliabilities humans begin to 

overestimate reliability as opposed to underestimate could be of use when developing and 

testing new automation technology that may not yet be performing at a highly reliable level. 

It would also be of benefit to further examine other potential factors that impact calibration in 

conjunction with instruction and participant cumulative evidence. A potential explanation for 

the underestimation in Experiment 3 is that initial perceptions of automation reliability are 

likely impacted by beliefs regarding automation, as well as the prior performance of the 

automation. Accordingly, the effectiveness of the single statement (“previously this 

automation was shown to perform at around 90% reliability”) provided in Experiment 3 

regarding the automation’s approximate reliability may have been impacted by the 

participants prior expectations before attending the experimental testing session, and how 

trustworthy and informative the statement is perceived to be. Alternatively, humans may need 

longer periods of time to accurately calibrate initial perceptions of automation reliability; 

however, this explanation inconsistent with the findings of Experiment 2, where the constant 

(75%) reliability condition maintained their initial underestimation of automation reliability 

throughout the entire task and did not calibrate their estimates towards the true reliability 

with increased task experience. 
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4.1.2 The Impact of Experience on the Human Perception of Automation Reliability 

 Real-world environments in which operators use automated decision aids have the 

potential to be not only be complex in nature, but also dynamic. If the environmental 

variables an automated system is interacting with are changing, it is possible that the 

underlying reliability of that automation may also be subject to change. Given that 

automation reliability, and subsequently perceptions of that automation reliability, are key 

components governing automation use it is critical to understand the nature of how human 

perception of automation reliability develops over the course of an experience with 

automation, particularly if the reliability of that automation is changing. The maritime 

classification task used in this thesis allowed for the manipulation of automation reliability 

over time and tracking of the ability of participants to calibrate their perceptions of 

automation reliability to these changes.  

 Participant ability to track automation reliability over the duration of the maritime 

classification task they completed was investigated in Chapters Two (Experiment 1) and 

Three (Experiment 2 and 3). In Experiment 1 participants experienced either 60% or 90% 

reliability initially, and then this reliability changed to 75% for the remainder of the task for 

both conditions. In Experiment 2, two conditions experienced three reliability changes, with 

one condition alternating through 95%-55%-95%-55% reliability, and the other 55%-95%-

55%-95% reliability. The final condition in Experiment 2 was presented a constant 75% 

reliability throughout. In Experiment 3, participants experienced two reliability changes; all 

conditions started at 90% reliability, and then experienced a decrease in reliability of either 

20%, 40%, or 60%, with all conditions then returning to 90% reliability for an extended 

period of time.  

The findings from Experiments 1, 2, and 3 can be discussed in relation to the impact 

of automation reliability on perceptions of automation reliability, and in relation to 
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participants ability to adequately adjust their perceptions of automation reliability to the 

magnitude of reliability change experienced.  

4.1.2.1 Effects of Automation Reliability on Perceptions of Automation Reliability.  

In Experiment 1, reliability condition was related to perceptions of automation 

reliability both before and after the change in true automation reliability. Automation 

reliability was a key factor in determining participant reliability estimates during the initial 

calibration period where each condition experienced different true automation reliability, and 

this effect was present even after the automation reliability change point where participants 

experienced a common automation reliability. In Experiment 2, reliability condition was 

generally found to predict perceptions of automation reliability, again indicating the 

importance of true automation reliability for the perception of automation reliability. In 

Experiment 3, reliability condition predicted perceptions of automation reliability, including 

during the period that participants experienced different true automation reliabilities. Taken 

together, these findings are consistent with prior literature that has found true automation 

reliability predicts perceived automation reliability (Barg-Walkow & Rogers, 2016; Pop, 

Shrewsbury, & Durso, 2015; Weigmann, Rich, & Zang, 2001), although they represent 

reliability perception at an aggregate level; future research may benefit from investigating the 

impact of automation reliability at a case by case level whereby each automation 

recommendation is considered in terms of its reliability. That is, if the automation was 

incorrect, to what degree was that error? A potential limitation of the research design used in 

the current thesis is that incorrect automation recommendations could be perceived by the 

user to be either more or less erroneous based on what the incorrect recommendation was 

e.g., if the correct vessel was a cargo vessel, would an impact on perceptions of automation 

reliability be the same following a recommendation of large fishing vessel (very similar to a 

cargo vessel) compared to a sail boat (dissimilar to a cargo vessel)? 
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4.1.2.2 Calibrating to Changes in Automation Reliability.  

The findings from Experiment 1 indicate that participants were unable to accurately 

adapt to the magnitude of change in automation reliability. However, this inability to adapt to 

the change in true automation reliability may have been due to the small magnitude of change 

experienced by both conditions. A further point of interest was that participants in the low 

reliability condition of Experiment 1 showed reduced reliability estimates after the true 

reliability increased to a higher reliability, which was tentatively attributed to the participants 

experiencing the previous period of low automation reliability. In Experiment 2 participants 

in both the start-high and start-low conditions also modified their estimates of automation 

reliability in the correct direction when true automation reliability changed, however these 

changes were not at the same magnitude to the true automation reliability change. Further, 

and consistent with findings in Experiment 1, the start-high condition showed reduced 

reliability estimates during high reliability phases that followed a low automation reliability 

phase, and the start-low condition showing slightly reduced reliability estimates during high 

reliability phases after experiencing two low automation reliability phases compared to one. 

In Experiment 3 participants did not accurately calibrate to the magnitude of decrease in true 

automation reliability, with larger decreases causing larger inaccuracy in calibration, and did 

not accurately calibrate to the magnitude of increase when the reliability returned to its initial 

reliability. Somewhat consistent with Experiment 2, participants in all conditions showed 

reduced reliability estimates during the first high reliability phase after experiencing a low 

automation reliability phase; however, participants did accurately recalibrate during the 

second high reliability phase that followed low automation reliability. 

Taken together, the findings across the three experiments indicate that individuals do 

update their perceptions of automation reliability based on observed automation reliability, 

however, they do not accurately adapt to the magnitude of changes in true automation 
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reliability. Specifically, experiencing periods of low automation reliability appears to impact 

adjustment to future periods of increased automation reliability in the short-term. However, 

this effect appears to dissipate with time. It seems the presumably negative experience of low 

reliability automation lingers for a short period, although recalibration to a higher automation 

reliability does eventually occur given further experience with the task (i.e., further 

opportunities to update existing beliefs regarding the reliability of the automation). Indeed, 

the literature investigating the development of trust over the course of an experience with 

automation has found that recovery of trust after automation failure can be sluggish (Desai, 

Kaniarasu, Medvedev, Steinfeld, & Yanco, 2013; Robinette, Howard, & Wagner, 2017; 

Rossi, Dautenhahn, Koay, & Walters, 2017). The assertion could be made that multiple 

changes in the reliability of an automated system could lead to uncertain participant 

calibration, meaning individuals may require more evidence to accurately recalibrate to each 

subsequent change in true reliability. Further, if an individual was already mis-calibrated to 

automation reliability, and then the reliability changes, participants may form an idea of the 

direction of the reliability change relative to the previous reliability, but still be mis-

calibrated to the actual true automation reliability.  

Another explanation for the inability to calibrate to the magnitude of automation 

reliability changes could be that individuals have framed the updating of their perceptions of 

automation reliability to capture the overall reliability of the system since the commencement 

of the task, as opposed to just the current reliability of the system. That is, individuals have 

weighted historic automation reliability, and their updating reflects more of a rolling average 

than the current state of the automation. In cases where there are multiple substantive changes 

in automation reliability, individuals could be aware of these changes though their reliability 

estimates would not appear to accurately track the magnitude of automation reliability 

changes.  
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Future research may benefit by robustly anchoring participant perception of 

automation reliability (i.e., more so than in Experiment 3) before investigating calibration to 

true automation reliability changes. In addition to explicitly notifying participants of the 

approximate expected automation reliability, and providing them with automation 

performance feedback, it may also be beneficial to provide a running count of automation 

correctness on the task interface (i.e., more transparent feedback). Indeed, increasing the 

transparency of feedback has been shown to improve the calibration of human trust in 

automation (Kunze, Summerskill, Marshall, & Fitness, 2019).  

Another consideration is the context of the automation reliability estimation. As 

discussed in relation to optimal beta estimation in signal detection theory (Wickens, 

Hollands, Banbury, & Parasuraman, 2013), the severity of the consequences of incorrect 

decision-making impacts automation use. Whilst beta estimation is not a direct reflection of 

participant estimates of automation reliability, it may be that the task context impacts 

participant perceptions of automation reliability (i.e., humans may be more conservative 

when making automation reliability estimations in contexts where overestimation could have 

severe negative consequences). Future research may benefit from examining contexts with 

varying levels of perceived severity (risk) for the consequences of important participant 

decisions/actions. 

4.1.3 Recency Effects in Reliability Estimation 

 A primary goal of this thesis was to examine the change in the perception of 

automation reliability over time. The cognitive science literature indicates that one likely 

critical dynamic factor that should influence perceptions of automation reliability over time is 

recently processed information, which has been found to exert a stronger influence on 

subsequent human behavior than information processed more distantly (Jones & Sieck, 2003; 

Ludwig, Farrell, Ellis, Hardwicke, & Gilchrist, 2011; Speekenbrink, & Shanks, 2010; 
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Tversky & Kahneman, 1974). In line with this, recency effects have also been found when 

investigating trust in automated alarms (Yang et al, 2017). On the basis of this literature, it 

was important to investigate whether perceptions of automation reliability were subject to 

change on a trial-by-trial basis based on prior automation performance. The maritime 

classification task used in Chapter Two (Experiment 1) and Chapter Three (Experiment 2 & 

3) provided participants with feedback regarding the accuracy of automated advice after each 

individual classification, as well as requiring participants to estimate the reliability of the 

automations next classification. The design used allowed for the impact of recent incorrect 

automation advice on participant perceptions of automation reliability to be examined. 

 The findings from Experiment 1 provided evidence for a recency effect whereby 

participant estimation of automation reliability was substantially lower following incorrect 

automated advice compared to following correct automated advice. Given the critical 

importance of establishing the replicability of psychological effects (Pashler & 

Wagenmakers, 2012), particularly effects with potential safety consequences (Jones, Derby, 

& Schmidlin, 2010), it is notable that the recency effect was replicated in Experiments 2 and 

3. In order to determine whether the recency effect extended beyond a single trial an 

exploratory analysis was included in the Experiment 1 appendix. Whilst there were issues 

with model convergence, the recency effect was largely captured by automation performance 

on the most recent trial.  

 4.2 Automation Acceptance 

 The appropriate acceptance and rejection of automation advice is a key determinant of 

the effectiveness of human-automation teaming outcomes (Lee & See, 2004). Previous 

research has investigated factors that influence acceptance of automated advice, with several 

studies examining how the differences in an operator’s confidence in their manual ability and 

their trust in the automation predicted automation acceptance (e.g., Gao & Lee, 2006; Lee & 
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See, 2004; Moray, Inagaki, & Itoh, 2000). Findings from this body of research suggest that 

when an operator’s trust in the automation exceeds their own self-confidence, they will be 

more inclined to accept automated advice.  

The maritime classification task used in Chapter Two (Experiment 1) and Chapter 

Three (Experiment 2 & 3) required participants to first classify a contact manually before 

being prompted to report the probability of their classification being correct. Following this 

they received advice regarding the classification from the automation and were then required 

to either accept or reject this advice. Lastly, they were prompted to report the probability of 

the automations next classification being correct. This experimental design allowed for the 

investigation of how differences in participant confidence in their manual ability, and their 

perceptions of future automation reliability (as measured in the previous trial), impacted 

automation acceptance. The maritime classification task allowed this relationship to be 

investigated on a contract-by-contact (trial-by-trial) basis, whereas previous research 

investigating the relationship between trust, self-confidence, and automation use has used 

more summative measures. Given that participants were highly likely to accept automation 

that provided a contact classification congruent with their initial manual classification, the 

analyses investigating factors that influence automation acceptance were only conducted on 

cases whereby there was an incongruence between participant manual classification and 

automated advice (thereby allowing for analysis of the effect without confounding from the 

fact that accurate participants are more likely to agree with more highly-reliable automation).  

 The findings relating to automation acceptance are discussed in relation to both 

automation reliability and PAMRD (Perceived Automation-Manual Reliability Difference) 

scores.  
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4.2.1 Effects of Automation Reliability on Automation Acceptance.  

 As would be expected, the outcomes from all three experiments indicated that true 

automation reliability was predictive of automation acceptance rates. That is, higher true 

automation reliability predicted higher automation acceptance. Further, acceptance rates for 

incongruent trials were below the true automation reliability in all experiments. A 

discrepancy between acceptance rates and automation reliability for incongruent trials could 

suggest that true automation reliability is not the only factor driving acceptance, which is 

consistent with the understanding that other factors such as automation consistency and 

workload (Parasuraman & Riley, 1997) also impact automation acceptance in conjunction 

with automation reliability.  

4.2.2 Effects of PAMRD on Automation Acceptance.  

The results from Experiment 1 found PAMRD to be predictive of automation 

acceptance, both before and after the change in true automation reliability. Participants were 

more likely to accept automated advice that was incongruent with their manual classification 

when there was a greater positive difference between their perceived automation reliability 

estimates and their own manual reliability for a given contact. Again, given the critical 

importance of establishing the replicability of psychological effects, it is notable that the 

PAMRD effects were replicated in Experiment 2 and 3. 

Previous research has demonstrated that a greater positive difference between trust in 

automation (Gao & Lee, 2006; Lee & See, 2004; Moray, Inagaki, & Itoh, 2000; Wiczorek & 

Meyer, 2019) and self confidence in manual ability predicts greater automation acceptance. 

Given that perceptions of automation reliability are a sub-component of the broader construct 

of automation trust, establishing a similar relationship with perceptions of automation 

reliability is important. It would be useful for future research to examine how this 

relationship is impacted when participants have very high self-confidence, as would be 
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expected in situations where operators are highly experienced in the task environment or have 

received extensive training in manually completing the task performed by the decision aid; 

measured longitudinally, it would also be possible to view this relationship as an individual is 

trained or gains more experience. Additionally, consideration may be given to disordered 

environments where both operator and automation performance are reduced (low), and 

whether automation use would be impacted in these instances even though operator manual 

performance relative to automation performance is unchanged. 

4.3 Automation Acceptance & Perceptions of Automation Reliability  

It is sensible to expect there would be a strong relationship between how reliable an 

individual perceives automation to be, and how often they accept that automations advice. 

However, discrepancies between the two would suggest that even if a person perceives 

automation to be reliable, they may not use it (or vice versa), which is an effect that could 

have large practical implications. Simply, this is analogous to comparing what an operator 

says they would do, to what they actually do. The current thesis explored this relationship in 

Chapter Two (Experiment 1) and Chapter Three (Experiment 2 & 3). 

Results from Experiment 1 indicated that for participants experiencing high 

automation reliability, automation acceptance rates and perceptions of automation reliability 

were closely matched, and closely matched the true automation reliability after the reliability 

change point. However, for participants experiencing low automation reliability, automation 

acceptance rates and perceptions of automation reliability were reasonably closely matched 

before the reliability change point, and then diverged afterwards. After the divergence, 

automation acceptance more accurately tracked true automation reliability than perceptions 

of automation reliability did.  

These findings of a decrease in congruence between automation acceptance and 

perceptions of automation reliability were unexpected, and it was tentatively proposed that 
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the incongruence was impacted by participants experiencing low automation reliability. The 

findings were investigated further in Experiment 2, where participants experienced multiple 

changes in automation reliability. The Experiment 2 findings were consistent with 

Experiment 1, with participants in the start-high condition showing a greater difference 

between automation acceptance and perceptions of automation reliability during high 

reliability phases after experiencing a phase of low automation reliability. Further, this effect 

did not dissipate for the start-low condition after experiencing a second low reliability phase.  

In Experiment 3, the effect of the magnitude of lower automation reliability that 

preceded phases of high reliability automation, on the congruence of automation acceptance 

and perceptions of automation reliability was investigated. The findings were reasonably 

consistent with the first two experiments. Only participants who experienced a large (50%) 

decrease in reliability showed a greater difference between perceptions of automation 

reliability and automation acceptance during high reliability phases following exposure to 

low automation reliability. Conditions that experienced smaller decreases in automation 

reliability did not show an incongruence between automation acceptance and perceptions of 

automation reliability, suggesting larger decreases in automation reliability may be a 

necessary catalyst for the effect.  

From a theoretical perspective, these findings pose questions about why perceptions 

of automation reliability are more negatively impacted following reduced automation 

reliability compared to acceptance behaviours. It should be noted though that in the current 

studies this may have been caused by the presentation of acceptance feedback, which gave 

participants clear information regarding the effectiveness of their automation acceptance 

behaviour but did not provide feedback regarding the accuracy of their estimates of 

automation reliability (i.e., the effect of a change in automation reliability on acceptance 

outcomes was more salient to participants). Future research may benefit from examining this 
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relationship while providing feedback regarding the accuracy of participant automation 

reliability estimates. Another explanation may be that perceptions of automation reliability 

and automation acceptance are governed by different factors, which are differentially 

impacted by experiencing low automation reliability. For example, automation acceptance 

may be governed by a broad concept such as trust in automation, which encompasses a large 

number of factors in addition to perceived automation reliability (Hoff & Bashir, 2015), 

whereas perceptions of automation reliability may be governed by a more specific cognitive 

mechanisms such as expectancy of automation performance. In this case, a more specific 

factor may be more susceptible to the negative experience of reduced automation reliability, 

whereas the effect may be attenuated with a larger number of factors.  

Taken together the findings across the three experiments indicate that experiencing 

low automation reliability between periods of high automation reliability causes a divergence 

of perceptions of automation reliability and automation acceptance. Evidence from 

Experiment 1 suggested that this divergence under low true reliability conditions may have 

been caused in part by perceptions of automation reliability failing to recalibrate to the 

magnitude of change in automation reliability, while automation acceptance rates follow 

automation reliability more closely. In both Experiment 2 and 3, after a divergence between 

automation acceptance and perceptions of automation reliability, automation acceptance 

more closely followed true automation reliability than perceived reliability. 

4.4 Practical Implications 

There are several potential practical implications of the findings relating to both 

perception of automation reliability and automation acceptance. First, the findings suggest 

that humans tend to either overestimate or underestimate automation reliability initially 

(dependent on true initial reliability levels), and that experiencing low levels of automation 

reliability may cause a reduction in the accuracy of perceived reliability estimates in the 
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future during episodes of higher true reliability. This outcome points to the importance of 

early periods of automation use. For example, considering the relationship between 

perceptions of automation reliability and automation use (Endsley, 2017), underestimation of 

reliable automation early in an operator’s experience may lead to early instances disuse of the 

automation, in a period where automation could potentially be more heavily relied upon. 

Conversely, overestimation of poorly performing automation may lead to early misuse. These 

potential outcomes point to the importance of designing automation in a manner that can 

allow operators to establish true reliability swiftly and accurately. Indeed, if operator 

perceptions of automation reliability were well calibrated early during an experience with 

automation, this improved understanding of the automation may have a mitigating effect on 

the negative impact of early instance of poor automation reliability on future reliability 

estimates.  

The finding that humans do not appear to accurately adjust their perceptions of 

automation reliability to the magnitude of changes in true automation reliability also has 

potential implications for human-automation teaming outcomes. Given that true automation 

reliability is likely to fluctuate in dynamic and complex operational contexts (due to the 

potential increase in difficulty of providing accurate recommendations e.g., software bugs, 

extreme weather conditions), these findings have relevance for automation design challenges 

practitioners may face. Designing automation with characteristics that can improve operator 

perception of reliability, particularly through periods of dynamic reliability, will likely 

optimise automation use throughout these periods. Another key finding was the presence of a 

recency effect in the human perception of automation reliability. The presence of a recency 

effect indicates that human perception of automation reliability is subject to local fluctuation, 

which may have potential ramifications in real-world settings. Given that appropriate use of 

automation is at least somewhat governed by perceptions of automation reliability, the 
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opportunity for those perceptions to be rapidly reduced may mean that automation use could 

rapidly (and potentially unjustifiably) become inappropriate (i.e., the appropriateness of 

automation use directly after automation failure could be reduced, therefore causing 

increased risk of erroneous decision-making in safety-critical contexts).  

The finding that participants were more likely to accept automated advice that was 

incongruent with their manual classification when there was a greater positive difference 

between their perceived automation reliability estimates and their own manual reliability for 

a given contact also has potential implications for the design of optimal human-automation 

teaming. Findings from this thesis have established that perceptions of automation reliability 

are often not optimally calibrated, which will impact automation acceptance in incongruent 

cases. For example, experts are likely to be highly confident in their manual task abilities. 

Coupled with the current findings of underestimation of high reliability automation in initial 

periods of automation use, if an expert is using a highly reliable system, and there is a case of 

incongruence, they may be more inclined to reject correct automated advice. Given that 

underestimation may also occur during high reliability periods following low reliability 

periods, acceptance of advice for incongruent cases may be sub-optimal in complex and 

dynamic task environments.  

Finally, the finding that experiencing high automation reliability following a period of 

low automation reliability causes incongruence between perceptions of automation reliability 

and automation acceptance may also have practical implications. From an empirical 

perspective this divergence could point towards the potential for using automation acceptance 

as a proxy for measuring how well an individual understands the reliability of an automated 

system. Pragmatically, these findings broadly suggest individuals can reasonably accurately 

use automation even if the true reliability of the automation is subject to periods of reduction 

(i.e., in complex and dynamic task environments).  
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4.5 Conclusion 

 This thesis examined the human perception of automation reliability and acceptance 

of automated advice in a maritime classification task. Accuracy of initial automation 

reliability estimates and their change over time, as well as automation acceptance were 

investigated in Chapter Two. Chapter Three examined calibration to true automation 

reliability with an increase in the size and frequency of the automation reliability changes. 

The findings indicate a robust recency effect when estimating automation reliability, and that 

individuals tend to underestimate high automation reliabilities, overestimate low automation 

reliabilities, and do not accurately adapt to the magnitude of automation reliability changes. 

Further, experiencing low automation reliability following periods of high automation 

reliability caused reductions in future automation reliability estimates, however these reduce 

with time. Participant automation acceptance was predicted by a greater positive difference 

between their perceived automation reliability estimates and their own manual reliability and 

was less closely matched to estimates of automation reliability following periods of low 

reliability automation. These findings pose important considerations for the design and 

optimization of automation used in human-automation teaming, particularly in complex and 

dynamic task environments. 
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