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Abstract

Automation has become more pervasive and started to replace human operation in all
information-processing stages (e.g., machine-learning based systems). Typically, automated systems have
a variable degree of automation (DOA) that challenges modeling and design. Cognitive Work Analysis
(CWA) is a modeling approach to support analysts in coping with the complexity of socio-technical
domains and has shown success in providing implications for developing ecological displays that are
effective in unanticipated situations. CWA allows space for modeling automated systems but has not been
well developed to describe variable DOAs. This dissertation explores this problem by focusing on the
case of automated trading which is underexplored in both human factors research and finance research.

This dissertation starts with developing a modeling approach then focuses on design and evaluation.

Modeling. A DOA layering approach on the decision ladder was developed to serve as the
theoretical foundation of this research. Two cases of automated trading — basket trading and trend
following trading, each using a different DOA — were presented to facilitate the development of this
approach. With this approach, the two most commonly used modeling tools in the CWA, the abstraction
hierarchy, and the decision ladder each adopted an additional layer for representing human-administrated
functions and automated functions. Also, the four information-processing stages in which the automation
could take place were marked on the decision ladder to allow for a more detailed level mapping, which is
unique in the CWA research. The DOA layering approach was demonstrated to extend the use case of
CWA to include automated systems with a variable DOA and have important implications for ecological

display design as well as automation design.

Design and evaluation. The experimental approach presented later in this dissertation further
explored automation and display design implications of the DOA layering approach using AUTRASS
(AUtomated TRAding System Simulation), a simulation developed as part of this research program. Two

experimental studies on trend following trading are reported in which the design concepts were evaluated.

In Experiment 1, inspired by the CWA models, automation was designed as two configurations to
represent distinct DOA situations. The moderate DOA configuration simulated a trading situation in
which the participants performed a flexible trading task. The high DOA configuration represented a
higher DOA situation where a trading algorithm that was unfamiliar to the participants traded in a similar
market condition, and the participants monitored the automation and performed a fault detection task.
Two types of displays were designed. Conventional displays were typical in information content and form
to current trading displays and should support the basic use of the automation. Ecological displays were

implemented from the CWA models to support monitoring for unanticipated situations for each DOA



condition. Four scenario types were developed by combing the two DOA configurations with the two
display types. Experiment 1 involving 24 participants was conducted to thoroughly examine the
effectiveness of ecological displays with different DOAs. Based on the literature, the ecological displays
were hypothesized to improve task performance and situation awareness and to trigger riskier actions
without imposing higher workload. Results of Experiment 1showed that the ecological displays did not
provide better support on either trading performance (moderate DOA) or fault detection performance
(high DOA). Empirically, a trade-off of situation awareness and workload between the two DOA
configurations seemed to exist without the influence of the ecological displays. Interestingly, the results
of this study suggested a different pattern of risk preference compared to that in the literature. Specifically,
the ecological displays imposed riskier financial trading decisions. The results of Experiment 1 provided
implications for identifying system and contextual factors that could influence risk preference and

demonstrated sufficient space for improving automation design.

Experiment 2 is a follow-up to the first experimental study with separately recruited 24
participants. The high DOA configuration previously used in Experiment 1 was improved with its traits
inherited and its flaws in automation design eliminated (i.e., the improved-high DOA configuration was
expected to be better supported by the ecological displays). An adaptive configuration was introduced to
simulate adaptive automation in the automated trading setting. The conventional displays and the
ecological displays continued to be used without any modifications, and similar hypotheses were
examined with the two new DOA configurations. Results of Experiment 2 showed that with the improved
automation design in the high DOA configuration, the ecological display significantly improved fault

detection performance. A consistent pattern of risk preference was found in this study as in Experiment 1.

A comparison of the two experimental studies showed new opportunities to derive automation
and display design from the DOA layering approach that can support fault detection performance in
automated trading, and future research is warranted to explore the influence of ecological displays on risk
preference. The development of AUTRASS also makes a unique contribution. The design of the different
DOA configurations demonstrated the applicability of the DOA layering approach to guide automation

design.

Overall, the following conclusions were reached by conducting this dissertation research: CWA
has been effective in characterizing the complexity in automated trading that is associated with the
variable DOA, and it can further support the design of automation and the ecological displays. Ecological
displays may foster risky operation with moderate DOA as well as performance improvement with high
DOA. The applicability of the proposed approaches spanning modeling, design, and evaluation should go

beyond the limit of automated trading to the brave new world of artificially intelligent automation.
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Dissertation Outline

This dissertation presents a research program that consists of four parts and a series of

appendices.

Part A lays the foundation for this research program. The author provides the motivations,

develop the research questions, and justify the research methods.

Part B presents the modeling work of this research program.

Part C develops a design approach based on the modeling work and presents two experimental

studies to evaluate the design approach.

Part D concludes this dissertation, summarizing key contributions and discussing future work.

The appendices of this dissertation include a literature review, materials for the experimental

studies, notes for the data analysis, and the curriculum vitae of the author.



Part A

Background

The first part of the dissertation is the introduction to the research program being proposed. In
chapter 1, the author introduces the motivations of this research. Inspired by these motivations, the
author proposed three research questions that will be examined in the rest of this dissertation. the author

then provides a summary of research methods and an overview of this dissertation.



Chapter 1

Introduction

1.1 Motivations
1.1.1 The Era of Intelligent Automation

The era of artificially intelligent automation is here (Sheridan, 2017). Autonomous cars
transport passengers to destinations (e.g., Dikmen & Burns, 2016; Endsley, 2017; National Highway
Traffic Safety Administration, 2013). Conversational agents, such as Siri, Cortana, and Alexa, facilitate
conversations and perform real-world tasks (Luger & Sellen, 2016; Pogue, 2012; Solaimani, Keijzer-
Broers, & Bouwman, 2015). IBM Watson computers mimic various aspects of human brains to handle
complex cognitive computing works (Modha et al., 2011), reshaping the worlds of scientific research
(Chen, Elenee Argentinis, & Weber, 2016), healthcare (Fortune, 2016), and most recently manufacturing
(Reuters, 2017). From steam turbines to intelligent automation, automation has become more pervasive,

and the degree of automation (DOA) is increasing.

Human factors research proposed that automation could use four distinct stages of information-
processing (i.e., information acquisition, information analysis, decision and action selection, and action
implementation, Parasuraman, Sheridan, & Wickens, 2000). A higher DOA can be achieved by using
both “later stages and higher levels within stages” (Onnasch, Wickens, Li, & Manzey, 2014), suggesting
that intelligent automation may augment human decision-making and independently execute action
choices. With increasing DOA, automation has benefits for reducing operator workload and improving
system performance when the automation is reliable. However, increasing the DOA may degrade
operator awareness and hurt system performance when the automation fails. There is the automation
trade-off, statistically describing the relationship between automation and its human operator (Onnasch

etal., 2014).



Based on machine learning algorithms, intelligent automation spans these last two stages to
make sense of a large amount of information collected through sensors and to make sophisticated
decisions. Although automation is more capable of taking over sophisticated tasks from human operators
as it gains more independence, there may still be occasional but crucial human intervention which is
“feeding in goals, criteria and other value information” (Sheridan, 2017). If, ultimately, the goal of
human factors engineering research in the intelligent automation era is to facilitate “the design of
interactive systems of people, machines, and environments to ensure their effectiveness, safety, and ease
of performance” (Human Factors and Ergonomics Society, n.d.), efforts must be made to identify
intervention opportunities for human operators and to develop support for human operators working
with automation in a coordinated way. Arguably, it is logically necessary to start this endeavor by

understanding a real-world system.

1.1.2 Automated Trading: A Complex Socio-Technical System

The legacy of the human factors research lies in safety- and life-critical domains (e.g., aviation,
nuclear, and medical, for a review, see Parasuraman & Wickens, 2008). Arguably, there should be more
attention in other domains which might not be life-critical, but have a significant social impact that has

not been well explored in the literature.

The theoretical foundation of this dissertation (Part B) is built to understand a largely
unexplored domain: automated trading. The trend of intelligent automation is emerging in the world of
finance, where automated trading has started to take over thousands of Wall Street jobs. Automation in
financial trading is not life-critical, but has a substantial social impact due to its vulnerability to
technical, economic and political disturbances. Automation uses sophisticated computerized algorithms,
powerful computers, and rapid telecommunication technologies, and has significantly changed the ways

of financial trading. Automated trading is responsible for more than 50% of the trading volume of the



United States stock markets (lati, 2009). It can capture extremely short windows of trading opportunities
(seconds or milliseconds in the case of high-frequency trading, HFT) and complete many transactions
with minimal human intervention. Today, artificial intelligence is being adopted by highly automated
trading systems, with machine-learning based algorithms, making multiple market predictions and
action choices based on different sources of information, and voting on the best course of action choice
(Metz, n.d.). While Tesla cars, Siri and IBM Watson computers are under the spotlight and have
prompted many debates about the rewards and risks of automation (e.g., “ban on human drivers”,
Dredge, 2015), on the other hand, relatively less attention has been paid to similar issues with automated

trading (for a review, see Treleaven, Galas, & Lalchand, 2013).

From a human factors research point of view, studying automated trading would make unique
contributions to understanding the social impact of automation. The social impact of automation has
become more pervasive in automated trading and intelligent automation in general but has not been well
addressed with legacy, life-critical domains in the literature. The DOA in automated trading is not only
increasing as the technology advances, but can vary through the regulation, the knowledge and intention
of the algorithm designer, and the technological capability. The flexibility in trading algorithm design
brings in increasing regulatory pressure, as the abuse of automation is a serious disturbance that may
lead to significant market crashes (e.g., the 2010 Flash Crash: Minotra & Burns, 2016; N.D. Ill. v. Sarao,
United States District Court Northern District of Illinois Eastern Division, 2015). On the other hand, the
flexibility in algorithm design creates a “quality arbitrage” phenomenon where automation profits from
competitors who use less powerful technologies (Kumiega & Van Vliet, 2012). Trading algorithm
designers always have different resources for developing trading algorithms, and the quality difference
between trading algorithms will only be amplified when more artificially intelligent automation is

onboard.



Automated trading, a domain with varying DOAs, has high complexity. It is apparent that the
finance domain, in general, has become more technologically complex as the automation advances
through time. Since also the DOA can vary through trader’s skills and intentions, the coupling between
trading algorithms and traders increases, suggesting that automated trading is not a pure technological
domain. In the prior work, the author identified automated trading as a complex socio-technical system
(Li, Burns, & Hu, 2015), similar to domains that have been well studied in the human factors literature
(e.g., aviation and process control). The complexity of automated trading can be described using all
eleven characteristics of complex socio-technical systems suggested by Vicente (1999, p. 14). It should
be particularly noted that the complexity of each characteristic is amplified as the DOA varies. For
example, traders have different knowledge backgrounds so that financial trading, in general, involves
heterogeneous perspectives, which is one of the eleven characteristics. As part of the trading process, the
identification of chart patterns (e.g., price chart) to predict market movements is a subjective process and
should be related to the trader’s skill and knowledge, as Murphy commented (1999): “The truth of the
matter is that charting is very subjective, chart reading is an art (possibly the word ‘skill’ would be more
to the point)”. For automated trading, trading algorithms typically identify chart patterns using
guantitative measures, which are supposed to add less subjective perspective to that charting process, as
stated by Kumiega and Van Vliet (2012): “Computers, on the other hand, face no such subjectivity.
They can be expected to follow the rules, and they can form objective, unbiased estimates of risk”.
Trading algorithms may not be as subjective to decision bias as traders. However, the fact is automation
and traders must work coordinately in a tightly coupled manner. At a low DOA, automated trading uses
ad-hoc trading algorithms which strictly follow the rules set up by the trader. Therefore, these trading
algorithms are merely representations of the trader’s perspective, and carry over the trader’s market
estimates with bias. The rules that the ad-hoc trading algorithms follow may prove excessively

cumbersome to adapt to unanticipated market situations, which obviously requires human intervention.



Highly automated trading algorithms, typically machine-learning based, are potentially more adaptive to
unanticipated market situations. However, like in other machine-learning based systems (Alaieri &
Vellino, 2016), these trading algorithms may produce unpredictable consequences that may not be easily

explained by traders, and at the end of the day, any monetary losses will be in the trader’s wallet.

In Part B of this dissertation, the modeling of automated trading is demonstrated using cognitive
work analysis (CWA). CWA is a theoretical framework for analyzing functions and constraints for
complex socio-technical systems. Despite its origin in process control industries (e.g., nuclear,
Rasmussen, 1986; Vicente, 1999), CWA has received increasing attention in social domains (e.g.,
healthcare, Bisantz & Burns, 2009; Jiancaro, Jamieson, & Mihailidis, 2014). So far, the author’s prior
work has been the first to apply CWA to modeling automated trading (Li, Burns, & Hu, 2016; Li &
Burns, 2017; Li et al., 2015). In particular, Li and Burns (2017), thoroughly described how to model
automated trading systems and automated systems with varying DOAs in general. This paper is

incorporated in chapter 5 of this dissertation.

1.1.3 Ecological Displays to Support Monitoring Performance for Automated Trading

To study monitoring performance in trading, an important facet of automated trading, the author
explores the ecological interface design (EID) approach to develop graphical displays. Based on CWA
models, EID is an approach that copes with the complexity of socio-technical systems and helps to
design graphical displays to improve monitoring performance. In this regard, EID supplements CWA
and would extend the scope of this dissertation to improving automated trading software with better
display design. As reported in the literature, EID graphically represented constraints that can be
extracted from CWA models, and has improved operator monitoring performance in certain cases in
comparison to conventional displays (e.g., nuclear power station: Lau, Jamieson, Skraaning Jr., & Burns,

2008; petrochemical plant: Reising & Sanderson, 2000a, 2000b). In these examples, the conventional



displays were industry state of art (Vicente, 2002) that represent the physical structure of the domain and
typically mimicked plant diagrams (e.g., pipeline and reservoir). The ecological displays were developed
to add functional information to the representation of the physical structure to support knowledge-based
problem-solving. Although both the conventional and the ecological displays could effectively support
monitoring for anticipated situations (Vicente & Rasmussen, 1992) where procedures to cope with these
situations are documented by the system designer, the ecological displays were particularly useful in
unanticipated situations where procedural support is not always available (Lau, Jamieson, et al., 2008).
The unanticipated situations are likely where automated trading lies, as financial markets are so dynamic
and trading algorithms are extremely flexible. On the other hand, human factors research into the
finance domain has been rare and so far at the analysis/modeling phase (e.g., Achonu & Jamieson, 2003;
Leaver & Reader, 2015; McAndrew & Gore, 2013; Minotra & Burns, 2016; Sundstrém & Hollnagel,

2011); therefore, a gap exists in supporting monitoring performance for automated trading.

To fill this gap, built on the CWA maodels the author has developed in Part B, Part C of this
dissertation further explores design concepts following the EID principles in a computer simulation of
automated trading with human participants. The author evaluated ecological displays that might support
the improved monitoring performance in unanticipated situations. In the literature, the primary measures
for evaluating the efficacy of ecological displays are task performance, awareness, and workload (Burns
et al., 2008; Lau, Skraaning Jr, Jamieson, & Burns, 2008). These measures can be used to evaluate the
effects of ecological displays in an automated trading setting, and if there is an effect, in which DOA

this effect exists.

1.1.4 Ecological Displays to Influence Traders’ Risk Preference

For evaluating ecological displays, a unique opportunity lies in adding new measures pertaining

to trader’s risk preference from the behavioural finance research to the evaluation of ecological displays.



For example, prospect theory, the foundation of behavioural finance research, described risk preference
as people might perceive more pains at a prospect loss than an equal amount of prospect gain
(Kahneman & Tversky, 1979). Risk preferences vary and, therefore, result in different description-based
choices, whereby people were presented with different outcomes (i.e., prospect gains and losses) and
their probabilities. Each probability distribution was associated with a certain risk level. In the real
world, however, people make choices based on their experiences, and no outcomes and probabilities are
explicitly stated (Hertwig & Erev, 2009). A description-experience gap (Hertwig & Erev, 2009) was
observed whereby people make different risk preferences in a description-based choice or when
“personal observation and feedback from the environment guided the outcomes generated and
assessments of their relative probabilities”, in other words, an experience-based choice (McAndrew &
Gore, 2013). To study risk preference in experience-based choice, Hertwig and Erev (2009) designed a
sampling paradigm that allowed people to explore two outcomes and their probability distributions
before the risk preferences were examined. People gained experience through learning in Hertwig and
Erev’s sampling paradigm (McAndrew & Gore, 2013). McAndrew and Gore drew a distinction between
the “experience through learning”, which could be achieved in Hertwig and Erev’s sampling paradigm,
and the “experience through professional training”, achieved by conducting a series of structured

interviews with professionally-trained traders (McAndrew & Gore, 2013).

McAndrew and Gore’s research made unique contributions by extending the behavioural
finance research to the field of naturalistic decision making (NDM), showing environmental factors in a
real-world setting can influence traders’ risk preference. Both NDM and cognitive system engineering
(Rasmussen, Pejtersen, & Goodstein, 1994), the branch of human factors to which CWA and EID
belong, “stress the importance of real-world task settings for capturing and understanding the true nature
of human cognition” (Endsley, Hoffman, Kaber, & Roth, 2007). McAndrew and Gore’s success in

understanding financial trading from the NDM perspective has inspired this dissertation research to



explore further whether traders’ risk preference can be influenced by other socio-technical factors (e.g.,
display, automation, and probably the financial trading software in general). The author argues that this
further exploration would make a direct impact on the improvement of automated trading software.
Since EID should improve operator performance for unanticipated events that are associated with risks,
evaluating ecological displays in a financial trading setting can add a new perspective to the behavioural

finance research on risk preference in experience-based choice.

In this dissertation research, traders’ risk preference as previously observed by McAndrew and
Gore was evaluated qualitatively with participants in the simulation study. In addition, traders’ risk
preference was analyzed quantitatively through understanding what strategies the participants adopted in
a simulated financial trading task. The design of the quantitative measures was inspired by Borst, Flach
and Ellerbroek’s recent observations (2015) in the aviation domain. They found that pilots occasionally
made risky decisions with ecological displays, and provided an explanation for this finding: the
representation of the deep physical structure on ecological displays made the limits of system
performance clear. With these limits directly perceived, pilots might be more likely to go beyond the
limits than pilots who were uncertain about the existence of the boundary. On the other hand, as
predicted by Borst et al., if the ecological displays were designed to make more aspects of the
intentional structure (e.g., safety culture and regulation) visible, pilots may be able to balance the trade-
off between efficiency and safety. As a continuing attempt of studying the automated trading work
domain, care must be taken in this dissertation to determine whether the intentional structure of the work
domain could be considered in the design of the ecological displays, and if not, whether the influence of

the ecological displays follows the same pattern of risk-seeking as observed in the aviation domain.

These qualitative and quantitative measures are being explored in Part C of this dissertation.

10



1.2 Research Questions
Inspired by the motivations presented above, the author developed three research questions for

this dissertation:

Research question 1: How can we model automated trading systems with a variable DOA using

CWA?

Research question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

Research question 1 is being examined in Part B of this dissertation. Research questions 2 and 3

will be answered in Part C, with several hypotheses relevant to the experimental design being examined.

1.3 Research Methods
The author used five research methods to examine the research questions: literature review,

using expert opinions, modeling, design, and simulation.
1.3.1 Literature Review

Although the author has very specific research questions, there is no doubt that the application
domain is broad and unfamiliar to me and the human factors community in general; therefore, studying
these research questions required gaining a large amount of new knowledge on automated trading. These
knowledge bases are difficult to directly obtain from traders, because financial practitioners are legally
required to maintain strict confidentiality of all client information provided to them. There are also
practical concerns about ethically accessing trading algorithms which are expensive intellectual products

(e.g., a former Goldman Sachs developer is allegedly guilty for stealing trading algorithms, Bloomberg,
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2017). These difficulties were partially compensated for by reviewing publicly accessible textual
sources (e.g., research papers, books, reports, and news). Further, since the research questions involve
many existing research topics with each one alone being sophisticated research, the author reviewed a
large amount of literature on human-automation interaction, CWA, and EID. Results of the literature

review are presented in Appendix A.

1.3.2 Using Expert Opinions

The author gained a basic knowledge of the automated trading domain, identified theoretical
gaps and generated initial research questions through the literature review. To ensure the validity of
these research questions, the author was fortunate to receive help from several subject-matter experts
whom he contacted from professional and personal sources. During the candidacy, the author
participated in a Natural Sciences and Engineering Research Council of Canada (NSERC) collaborative
research project with Quantica Trading to train myself as a user experience designer in designing
automated trading software. With usability principles in mind, the author was part of a team to design an
interactive interface for trading algorithm design and displays for traders who monitor back-testing and
live-trading. These design deliverables later became cornerstones of a commercial product. As part of
the collaboration, the author worked closely with the company’s user experience lead and director of
sales, the algorithm manager, and the project manager who previously held job positions in institutional
brokerage firms. The modeling part of this dissertation research was completed at the time of this
research collaboration, resulting in two co-authored publications with one of the subject-matter experts.
The display design and evaluation parts of this dissertation research involve developing trading
algorithm prototypes, a computer simulation of automated trading, and quantitative and qualitative
measures for evaluation of performance. As the author worked on this part of the dissertation, he was

closely guided by a trading algorithm designer working in the futures market.
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The influence of expert opinions spanned the entire dissertation, including the modeling, the
design, and the evaluation stages; therefore, expert opinions are not reported in a separate chapter in this
dissertation. The design work the author conducted at Quantica Trading was commercialized so that its
detail has not been revealed in this dissertation. Readers may refer to a media report for public
information regarding this commercial product (Leaprate, 2014). The author declare that all
development work was based on publicly accessible information and the author report no conflicts of

interest with the institutes to which the subject-matter experts were affiliated.

1.3.3 Modeling

The author laid the theoretical foundation of this dissertation by modeling the automated trading
domain with an approach that can handle its increasing social and technological complexity. CWA, a
formative modeling approach that has been successfully used to model socio-technical domains (Vicente,
1999), seemed to be a reasonable starting point for understanding automated trading. CWA is a work-
centred approach, focusing on modeling how operator behaviour is influenced by constraints in a work
environment. Being able to model a variable DOA is an important feature for addressing the coupled
relationship between traders and automation which is typical in automated trading; however, this feature
has not been explored in the CWA literature. To add this feature to CWA, as part of this modeling
exercise, the author proposed a DOA layering approach that extends CWA to handle the complexity of
the variable DOA. Further, the proposed DOA layering approach, as the rest of this dissertation implies,

is not limited to modeling automated trading and should be applied to other automated systems.

1.3.4 Design

Choosing EID as the display design approach is a logical decision because the core value of EID
is to use formative CWA models to guide display design. Further, display design should “reveal the

deeper structure of the work domain when automation is taking over more and more of the control
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activities” (Borst et al., 2015), suggesting that EID is potentially suitable in support of display design for
automated trading. My DOA layering approach extends CWA to model a variable DOA, a situation that
has not been explored in the CWA literature; therefore, the natural next step is to explore new ways of
using EID to support improved design for this situation, which could make unique contributions. To
design displays following EID principles, the author linked different aspects of the CWA models
developed with the DOA layering approach to different types of ecological displays that are designed to

support one or more DOAs; further, the author developed the design concepts.

1.3.5 Simulation

The design concepts were developed into displays and evaluated in a lab-control simulation. The
author led a team of student software developers at the University of Waterloo and received help from
subject-domain experts to develop the AUTRASS (AUtomated TRAding System Simulation)
microworld to represent automated trading software used by institutional traders. AUTRASS was
designed to be representative of many aspects of the complexity of automated trading, as identified in
the author’s prior work (Li et al., 2015). AUTRASS consists of a modular frontend that allows for a
variety of displays being tested, an order processing back-end supporting both traders and automation,
and a data feed using historical data. The development of AUTRASS was inspired by DURESS (DUal
REservoir System Simulation), the first microworld designed for evaluating ecological displays (Vicente,

1991).
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1.4 Dissertation Overview
This dissertation is an exploration of automated trading from a human factors perspective, with
the chapters logically structured into four subjects concerning introduction, modeling, design and

evaluation, and a conclusion.

This chapter is the only chapter in Part A. While this chapter briefly introduced the automated
trading domain and presented the research questions, this dissertation assumes the readers have no prior
knowledge of human factors or finance. Appendix A presents an in-depth literature review of automated

trading, human-automation interaction and CWA.

Part B of this dissertation includes chapter 2, and it builds the theoretical foundation for this
dissertation. The major part of this chapter is adopted from a paper published in the Journal of Cognitive
Engineering and Decision Making with minor formatting changes in figure and table numbers and
references. In chapter 2, CWA has been used to model automated trading, and during this modelling
exercise, a DOA layering approach has been proposed to handle varying DOA situations. A summary of
key findings is added to the end of this chapter to connect the development of the DOA layering

approach to the other topics of this research program.

Part C presents the design and evaluation of ecological displays in automated trading inspired by
the DOA layering approach. The author presents two experimental studies in which the design concepts
were evaluated in AUTRASS. Chapter 3 starts with an introduction to the design approach based on the
CWA models developed in chapter 2. Automation was designed with two configurations to demonstrate
a variable DOA. Conventional displays were industry state of art and should support the basic use of the
automation. Ecological displays were implemented based on the CWA models and should support the
variable DOA. Experiment 1 evaluated a series of hypotheses derived from the research questions of this

dissertation and is reported later in this chapter. An earlier version of this chapter has been accepted by
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the 2017 IEEE International Conference on Systems, Man, and Cybernetics in Banff, Canada. Chapter 4
presents Experiment 2 which was a follow-up to the first experiment. Automation design was partially

modified to eliminate the flaws identified in Experiment 1 results and to include an adaptive automation
condition. A discussion on the results of Experiment 2 is presented with comparisons to the Experiment

1 results.

Part D contains chapter 5 and concludes this dissertation. In this chapter, the author summarizes

key findings, highlight contributions of this research program and suggests directions for future research.
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Part B

Modeling

Chapter 2 is the only chapter in Part B. The author proposes a theoretical approach that extends
several analysis phases of the CWA. Section 2.1 to 2.7 were adopted from a manuscript entitled
“Modeling Automation with Cognitive Work Analysis to Support Human-Automation Coordination”.
This manuscript has been published in the Journal of Cognitive Engineering and Decision Making. The
theoretical approach proposed in this manuscript is called the DOA layering approach. As its name
implies, the DOA layering approach aims at mapping functions allocated to the trader and functions
allocated to the automation onto an AH and a DL. The author discusses what additional information and
design implications can be captured with this approach in comparison to other ways of representing

automation in the CWA literature.
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Chapter 2
Modeling Automation with Cognitive Work Analysis to Support

Human-Automation Coordination

Overview: Cognitive Work Analysis (CWA) is useful to develop displays for complex
situations but has not been well explored in providing support for human-automation coordination. To
fill this gap, in this paper, we proposed a degree of automation (DOA) layering approach, demonstrated
by modeling an automated trading domain with a future goal of supporting interface design in this
domain. The abstraction hierarchy and the decision ladder each adopted an additional layer mapping
functions allocated to the trader and functions allocated to the automation. In addition to the mapping,
we marked the four stages of automation on the decision ladder to provide guidance on representing the
function allocation at the task level. Next, we compared the DOA layering approach to how automation
was previously represented in the CWA literature. We found that a DOA-layered decision ladder, which
included well-developed knowledge of the stages and levels of automation, can be suited to modern
automated systems with different DOAs. This study suggested that the DOA layering approach has
important implications for designing automation displays and deciding stages and levels of automation,

and may be a useful approach for modeling adaptive automation.

Keywords: Cognitive work analysis; human-automation interaction; degree of automation;

stages and levels of automation; automated trading; abstraction hierarchy; decision ladder.

2.1 Introduction

Automated systems are becoming more pervasive and the degree of automation (DOA) that is
possible has been increasing. Recently, there has been a growing interest in artificially intelligent
automation (Sheridan, 2017). The IBM Watson computer that defeated a human chess champion and

self-driving cars are two examples suggested by Sheridan (2017). These two examples are highly
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automated systems powered by sophisticated machine learning algorithms (Sheridan, 2017). At a high
DOA (i.e., later stages and higher levels within stages, Wickens, Li, Santamaria, Sebok, & Sarter, 2010),
task dynamics are represented by automated features, but humans still take a supervisory role by
initiating parameter changes that drive the control of the system. For example, financial trading
algorithm designers specify the goals, knowledge and criteria to the development process. After the
automated systems are implemented, users must sometimes regain full control when unexpected
automation failures or environmental disturbances occur (e.g., the driver must manually reduce speed
when a self-driving car enters a road construction zone that is undocumented in the navigation system).
Therefore, for highly automated systems using all stages and levels of automation (Parasuraman et al.,
2000), there is clearly a need for occasional human intervention (Sheridan, 2017). Understanding where,

and how humans will interact with automation remains a challenge.

Two approaches for keeping humans in the loop have been to manipulate the DOA to either
avoid high DOA situations, or to provide adaptive automation when users are in varying DOA contexts.
These approaches are derived from the automation trade-off (e.g., Bainbridge, 1983; Sarter & Woods,
1995). There might be a third approach. A recent meta-analysis suggested that effective, or “ecological”
displays may modify or even reverse the automation trade-off, which means a higher DOA could
improve both routine and failure performance (Onnasch et al., 2014). Though preliminary, this
suggestion has shown that designing better displays for automated systems can be a potentially useful
approach. We argue though, that to design effective displays, or to choose an appropriate DOA, one
should first develop models of the cognitive work that the user will experience in different DOA
contexts. These models can begin to show the functions that the user must take over in cases where the
automation must be ended. Further, these models could be used to help to derive the design requirements
for displays that can help users work with higher levels of automation, without losing situation

awareness.
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Consistent with this idea, Kaber, Riley, Tan, and Endsley (2001) suggested that automated
system displays must highlight the transition between system states and inform operators of the
allocation of control responsibilities. This suggestion aligns with the goal of the Ecological Interface
Design (EID) approach, of making control opportunities visible in order to retain skill and awareness
(e.g., Borst et al., 2015; Furukawa & Parasuraman, 2003; Kaber et al., 2001). Borst et al. (2015) recently
advanced the understanding of EID applied to automated systems, suggesting that ecological displays
should coordinate with the increasing DOA by providing more information to support human-
automation coordination. However, stronger approaches are needed to help determine what that

information should be.

In this paper, we propose an approach to transform knowledge from the stages and levels of
automation model to design requirements that could promote human-automation coordination. By
integrating the stages and levels of automation model into an analysis, we can discover important
properties of human-automation interaction that could be represented in better designs. Since Cognitive
Work Analysis (CWA) has shown success in determining requirements for complex systems, it makes
sense to explore how CWA could be used more effectively to generate design requirements for
automated systems. In this paper, we demonstrate our approach in an automated trading domain.
Financial systems present a fertile domain to explore human decision making, with complex dynamics
and increasingly pervasive automation. There have been some, but not many human factors studies on
financial systems in general (e.g., behaviour and performance modeling: Achonu & Jamieson, 2003;
McAndrew & Gore, 2013; systematic safety: Sundstrom & Hollnagel, 2011; incident analysis: Leaver &
Reader, 2016), but none specifically analyzed automated trading. Studying automated trading presents
many potential research opportunities. First, applying CWA to automated trading expands the
application of CWA to a complex market-based domain that operates on different principles from

physical systems (e.g., process control). Second, studying automated trading presents an opportunity to
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address the automation trade-off in a financial domain. In financial markets, the majority number of
transactions are now completed with automation technologies, mostly by using sophisticated trading
algorithms (lati, 2009). While trading algorithms improve the human ability to utilize small profitable
opportunities (e.g., a small trading window may only last seconds or milliseconds), traders may
encounter attentional failures while interacting with the trading algorithms or intentionally abuse the
trading algorithms. An example of attentional failures in financial trading is a slip or lapse (e.g., Leaver
& Reader, 2016), and an example of abuse of automation is “spoofing” - illegally profiting from market
manipulation by generating fake supply or demand (e.g., N.D. Ill. v. Sarao, United States District Court
Northern District of Illinois Eastern Division, 2015). The last research opportunity lies in the great
flexibility in developing trading algorithms. Traders may develop trading algorithms using all stages and
levels of automation. Here we give two examples of trading algorithms with different DOAs. The first
example is high-frequency trading, using a rigid execution algorithm to trade in milliseconds. This
algorithm typically has a high DOA that requires minimal human intervention, and therefore, it
introduces a new risk of magnifying market value losses. For these reasons, high-frequency trading
systems have received increased regulatory pressure, such as traders who utilize high-frequency
technologies are being closely monitored by the regulators (Fabozzi, Focardi, & Jonas, 2011). In certain
cases, traders may be more inclined to move towards developing intermediate DOA algorithms or
manual trading (Li et al., 2015). As another example, it has been reported in the literature that traders
using more advanced algorithms may completely outperform and profit from their competitors, who are
equipped with less advanced technologies. This is a phenomenon known as “quality arbitrage” (Davis,
Kumiega, & Van Vliet, 2013). We summarize the research opportunities discussed above: the
complexities of automated trading suggest that human factors research in this area could contribute to

both new understandings of human decision-making, and improvements to financial trading software.
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An investigation on how traders interact with different DOA algorithms could improve the

understanding of automated trading, and automation in general.

The remaining part of this paper is organized as follows. We first introduce two automated
trading scenarios, one for low DOA the other for high DOA. After that, we propose a DOA layering
approach, showing how CWA can be used to model these scenarios by extending the Work Domain
Analysis (WDA) and Control Task Analysis (ConTA) to account for DOA. As part of this work, we
discuss the difference in the proposed DOA layering approach and how automation was represented in
the CWA literature. We then discuss the implications of using the DOA layering approach - implications
for display design and implications for automation design. Finally, we discuss a future application for
the DOA layering approach would be to represent function allocation that changes during DOA shifts,

for modeling adaptive automation.

2.2 Automated Trading Scenarios
Two financial trading scenarios, basket trading and trend following trading, are used for this
analysis. The two trading systems differ in their DOAs and were mainly inspired by the knowledge

obtained from a literature review (e.g., Chan, 2009) and a discussion with subject-domain experts.

1. Low DOA scenario: basket trading. Basket trading systems are popular in the institutional trader
community. To use a basket trading system, the trader first configures a data analysis and order
generation algorithm to create a shortlist of financial products for trade. The trader then executes
the algorithm to generate a basket of orders. On the completion of all orders in the basket, the
trader may adjust their portfolio holdings without altering the portfolio allocation. As part of the
purpose of basket trading, the basket of orders should be executed simultaneously, though price
movements of the financial products are quick. The basket of orders must go through a trading

platform in order to reach the market exchange. The trading platform is either provided by the
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trader’s brokerage firms (e.g., Interactive Brokers), or it is broker-neutral software (e.g.,
Bloomberg Terminal). Chan (2009) described the basket trading system as typically running
“only a few times a day in order to generate one or a few waves of orders”. This description
showed that the basket trading system is a low DOA, semi-automated system. The asynchronous
nature of basket trading (e.g., collecting data and generating orders) is related to information
analysis and decision-making. In normal conditions, the order execution is synchronous with the
financial market. In other cases, if it is not possible to execute all orders synchronously (e.g., in
a volatile market), the basket trading system could fail. The trader may also make a wrong
decision on the proportions of the financial product in the basket.

High DOA scenario: trend following trading. Trend following trading systems are a real-time
trading system, typically based on a sophisticated technical analysis (e.g., Moving Averages:
Ellis & Parbery, 2005; Bollinger Bands: Bollinger, 2001). Our automated trading experts
described a hypothetical trend following system: a trading system uses a “scalping” algorithm
based on a Moving Average technical analysis, seeking to make profitable trades based on
arbitrage of small price gaps. The algorithm typically goes through a number of trade iterations.
Once a trade iteration is completed, another iteration will begin automatically, limited only by a
total number of iterations defined by the trader. The algorithm has distinct buy and sell logic.
For example, the algorithm would wait to confirm a buying signal that the 50-day Simple
Moving Average (SMA) crosses above the 200-day SMA on the day candles and the Relative
Strength Index (RSI) in an oversold territory is below 30. Once a buying signal is identified, the
algorithm would place multiple buying orders in 10 iterations to the market, buying a random
quantity between 400 to 800 shares in each iteration. To use a scalping algorithm, the trading
platform must perform real-time data collection, automatic decision-making, and rapid order

placing. The scalping algorithm is perfect for exploiting a small market opportunity repeatedly
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without manually re-launching the trading system. The trader typically evaluates the
performance of the trend following system using a set of measures, such as Sharpe ratio, total
profit and loss, and commissions. The trader has authority over monitoring every trade made by
the scalping algorithm, but the monitoring is not required. The trader would typically intervene
when the trading system achieves expected revenue, or when the scalping algorithm needs a
performance upgrade. However, the trader may override the autonomous operation, if an
algorithm bug or market disturbance occurs, by canceling or modifying an order, closing a
position (e.g., selling off), or stopping the entire trading system. According to Chan’s (2009)

description, the trend following system has a high DOA.

2.3 Using the Work Domain Analysis to Model Automation
We have modeled these two automated trading scenarios using WDA. We first build a base AH

from the domain, and then propose a DOA layering approach for representing the DOA.
2.3.1 Base AH

We propose a base AH should be developed as is typically done in CWA (Rasmussen, 1986;
Vicente, 1999). The base AH should include the usual five levels of abstraction as in Rasmussen and
Vicente’s original AH approach. The scope of the base AH is limited to the system under control by the
user or the automation and does not include the automation. Once developed, the base AH can serve as a

template for mapping the influence of automation on the domain.

We developed a base AH to represent the financial trading domain, using the two automated
trading scenarios. Since the descriptions of the scenarios are generally task-specific, we reviewed the
scenarios with our subject-domain experts and distilled the scenarios into domain functions (e.g., the

functions of buying and selling in both scenarios). Later, the domain functions were organized to fit the
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five levels of abstraction, excluding DOA-specific functions (e.g., the basket of orders in the low DOA

scenario and the Moving Average technical analysis in the high DOA scenario).

As a result, the base AH shows the flow of securities is largely about buying and selling and is
governed by principles such as the law of supply and demand and the flow of capital. In the next

paragraphs, the base AH is described in more detail, with list numbers correspond to labels in Figure 1:

1. Functional Purpose shows the purposes of trading. Financial activities have a commonly
accepted goal that is to make a profit. At the same time, financial activities receive regulatory
constraints such as market principles and laws. The regulatory constraints shall ensure traders
and automation are seeking to profit in legal ways;

2. Abstract Function defines principles, priorities, and values to follow in achieving the Functional
Purpose. We identified two groups of Abstract Functions: financial decision-making principles,
and market constraints. Financial decision-making principles include the law of supply and
demand, a law governs that financial activities at the most fundamental level phrase in Adam
Smith ‘s 1776 book The Wealth of Nations. We identified a priority that to balance gains and
losses, acknowledging that the ideal balance point of gains and losses would interact with the
profit goal as well as the acceptable risk level. For example, a trader may aim to maintain a
diversified portfolio to protect the trader against the risk of volatility, while other traders may
seek higher profits at greater risk. Financial products must be traded ethically according to the
values of the trading system. Otherwise, there could be ethical problems, such as the market
crash (Davis et al., 2013); In the second set of abstract functions, market constraints, we have
represented the flow of capital, market information, and laws and regulation. The flow of capital
influences trading in that no trader can trade beyond their authorized capital limit, and capital

must flow between market participants to keep the market liquid. Market information must also
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flow to enable decisions, following a certain protocol. For example, the Financial Information
eXchange (FIX) protocol is the de facto electronic communication standard protocol introduced
in 1992. The FIX protocol regulates the information flow in a financial market, exchanging real-
time trading data related to securities, orders, and trades between traders and brokers (Hu &
Watt, 2014). Further, the markets are subject to regulations and policies that may influence
individual trades, securities, and market behavior as a whole;

At the Generalized Function level, we identified four main processes: 1) to buy, resulting in
position gains of a portfolio; 2) to sell, resulting in position losses of a portfolio; 3) to obtain
market information such as quotes and order books and 4) to develop successful trading
strategies;

The Physical Function level shows physical components, including 1) exchange, a computerized
auction market (e.g., New York Stock Exchange). Traders and automation may have access to
multiple exchanges, allowing them to execute arbitrage strategies across exchanges; 2) buyer
and 3) seller. They can be traders or automation representing a trade client; 4) securities,
identifying which financial products are being traded. Multi-asset trading platforms use multiple
securities at the same time; 5) order, showing instructions of a trading action. A bid order
represents increasing a position. An ask order is used to decrease a position; 6) account and 7)
position, showing trader’s capacity in the form of cash and assets; 8) intermediaries, which are
normally brokers offering services to a number of trade clients and market exchanges;

The bottom level, Physical Form, shows the operational conditions, or attributes. There are five
categories: 1) cost, including variable and fixed costs to trade; 2) time, showing the life cycle of
a trading strategy, market and order time, and latency; 3) state of the market and the position; 4)

price, including market price, order price and price of portfolio in a certain currency and 5)
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volume, including market, order and position volume in shares. Many of these attributes can be

seen directly through the trading platform visualizations.
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Figure 1. Base AH of financial trading.

2.3.2 DOA Layering on the Base AH

We have modeled the financial trading domain as broad as possible, thereby representing both

automated financial scenarios with the same base AH. A consistent base AH can be used as the common

ground for portraying DOA-specific information that was excluded from the base AH.

Having completed this model, we propose the DOA layering approach, layering automation on

the base AH. The key to this approach is to identify the responsibility of each function in the base AH. A
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function in the base AH can be represented as either a sole responsibility of a trader or automation, or a
shared responsibility. For simplicity, in the following examples of DOA layering, we represent functions

that are solely allocated to the trader or the automation, excluding shared function allocations.

The function allocation was based on domain knowledge, with much of the knowledge coming
from the literature review (e.g., Chan, 2009), ethnographic experience at a trading software company,
and discussions with traders on staff at the company. The first author had been involved in an
observational study at Quantica Trading Inc., an automated trading software company based in
Kitchener, Canada. He was part of a multidisciplinary team, including staff traders, to redesign an
automated trading platform. Details of this observational study were reported in a previous paper (Li et
al., 2015). In certain cases, details that would be instrumental in determining the function allocation
were not available in the literature. Particularly in this domain, details about a trading system are rarely
publicized, as the finance industry is unique for its strict confidentiality and protection of institutional
clients. This unique characteristic of the finance industry also led to a significant limitation in being able
to directly observe professional traders. To mitigate these concerns, we discussed with subject-matter
experts, staff traders, available at the company about function allocations that were missing in the two
scenarios. For example, the high DOA scenario suggested that the “to achieve a maximum rate of
profitable revenue” Functional Purpose would be allocated to the automation. The “to meet lawful and
market constraints” Functional Purpose was not described in the scenario literature but, discussions with

the subject matter experts suggested this function was best allocated to the trader.

As shown in Figure 2 and 3, functions of the base AH were assigned shades. Functions allocated

to the automation were shaded and functions allocated to the trader were not shaded.

Figure 2 shows the low DOA function allocation. We can see the higher levels, namely, the

Functional Purpose and the Abstract Function, are solely allocated to the trader. The trader is
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responsible for deciding the proportion of each financial product in the portfolio allocation. The lower
levels, Generalized Function, Physical Function and Physical Form, are allocated to both the trader and
the automation. The automation is not capable of controlling all aspects of trading, thereby requiring

trader involvement.

In Figure 3 we present the high DOA function allocation. While the automation continues to
share functions at the lower levels with the trader, it also plays a role in controlling functions at the
higher levels. For example, the scalping algorithm is responsible for ensuring the profitability of the
trading system (Functional Purpose). The algorithm may realistically achieve this purpose by balancing
gains and losses (Abstract Function), even as the trader exercises authority over other Abstract
Functions (e.g., “ethics” and “laws, regulations, and policies). To manage both Generalized Functions
of buying and selling, the algorithm must accurately choose entry and exit points into the market. A
broader base of information is being considered by the algorithm, such as the market price, the order

price and the latency of the order (Physical Functions and Physical Forms).
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Figure 2. AH of basket trading (low DOA).
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Figure 3. AH of trend following trading (high DOA).

The DOA layer adds a new dimension to the base AH, showing how human and automation
work collaboratively at a certain DOA. Functions can be allocated to any actor of the work domain
(human or automation). Shared allocations could also be included in the DOA layer, though the analyst
may want to differentiate between shared allocation approaches. The greater breadth of physical
functions and associated attributes of the DOA layer can show where situation awareness losses might
occur. Effective salient display of this information, and the operation of the functions being performed

by the automation may inform more effective displays in this situation.
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2.4 Using the Control Task Analysis to Model Automation

The WDA, as was described in the previous section, can be used to map the function allocation
of automation on domain structure, while the other phases of CWA can be used to illustrate the behavior
of the automation. In particular, the ConTA looks at how information is processed, mapping those task
stages on to the decision ladder (DL) and exploring various shortcuts that are possible in processing
(Mcllroy & Stanton, 2015; Vicente, 1999). In this section, we propose to utilize the stages and levels of
automation information while conducting a ConTA. We first discuss how to represent the four stages of
automation on a base DL. This base DL is a template having the usual ladder structure and shortcuts as
in an original DL. We then model four cases using a layering approach on the base DL. The four cases
include two automated trading scenarios (the low DOA and high DOA), each in two situations (routine

operations and unanticipated situations).
2.4.1 Representing Four Stages of Automation on the Base DL

We divided the DL over four regions and mapped the four stages of automation on to the ladder.
Automation of four stages includes acquisition automation, analysis automation, decision automation

and action automation (Parasuraman et al., 2000).
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We describe DL steps (Rasmussen, 1974) and their affiliation with the four stages of automation,
with list numbers correspond to labels in Figure 4. The following points explain the justification for this
mapping and connect DL and stages of automation contents to financial trading examples. We correlate

the DL steps to the five levels of abstraction of the base AH we previously presented.




1. Activation. The DL may start when traders are notified by environmental signals in the market
(Physical Form: “market price”). If this DL step is automated, acquisition automation receives
real-time quotes from the market (Physical Form: “market price””) when the market is open and
a reliable data connection is established,;

2. Observe. Traders observe alerts from the previous step (Generalized Function: “to plan trading
strategies”) and reduce noise to form a set of observations (Physical Functions: “exchange”,
“securities”, “account”, “position” and “intermediary”), based on a subconscious mental model.
If this step involves acquisition automation, it will become an automated data processing step
based on a pre-defined rule. For example, an algorithm prioritizes stocks depending on their
volatility (Generalized Function: “to plan trading strategies”), then presents the priority list to
the traders for further research;

3. ldentify. At this step, traders identify the underlying state of the trading system (Abstract
Function: “flow model of capital”’). For example, traders may correlate the current state to a
previously experienced state. In aviation and process control domains, trend displays are
provided in analysis automation to help the operators make sense of the available information
(Parasuraman et al., 2000). In financial trading, similar tools such as trend line and Moving
Average are used to help traders identify market movements (Abstract Function: “flow model of
market information”);

4. Interpret and Evaluate. Rasmussen (1974) pointed out that human decision-making is a “very
complex mental process that requires a high level of abstraction of the domain knowledge” and
expert operators may bypass this process if the system state is known. For example, a
professional trader may find an association from the current state to a certain chart pattern that
leads to a trading opportunity (Abstract Function: “flow model of capital”). A novice or non-

trader does not have an ability to bypass the interpretation, and must actively look for possible
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options (two Functional Purposes: “to achieve a maximum rate of profitable revenue” and “to
meet lawful and market constraints”). Similarly, decision automation is related to varying
numbers of options to choose from, depending on the level of automation (Parasuraman et al.,
2000). For example, an ad hoc algorithm trades when a market indicator (e.g., price) meets
certain criteria (Functional Purpose: “to achieve a maximum rate of profitable revenue”). The
algorithm uses “if X, then y, else z”” conditional logic. y and z are known states that can be
mapped to decision a and b separately. If the state is unknown (Functional Purpose: “to meet
lawful and market constraints”), there will be no decision. In another example, a machine
learning algorithm uses a higher level of decision automation and could be more artificially
intelligent than the ad hoc algorithm. The machine learning algorithm can learn without being
explicitly programmed with a conditional logic. It has more options to choose from than the ad
hoc algorithm does (Functional Purposes). This intelligent algorithm may even create new
options by self-learning unidentified system states;

Define Task, Formulate Procedures and Execute. The right-hand side of the DL describes the
execution process, and action automation describes the same. Both manual and automated
trading require specific technological details of the trading system to complete the execution
process. The process typically involves multiple steps, for example, to define the direction
(Generalized Functions: “to buy”, “to sell”), to formulate the parameters (Physical Functions

and Physical Forms) and to decide the destination (Physical Function: “exchange”).

Mapping the four stages of automation on a base DL provides guidance on representing the

function allocation at the task level. “What is more automation” in each stage (Onnasch et al., 2014) can

now be represented by annotating the boxes (steps) in the corresponding DL region. Table 1 is a

summary of function allocation as seen in the two automated trading scenarios we have been

considering. Functions in each stage are annotated with the names of DL steps.
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Table 1. Function Allocation Mapped on the Four Stages of Automation (With DL Annotations in

Bold).

Scenario

Stage 1. Information

Acquisition

Stage 2. Information

Analysis

Stage 3. Decision

Selection

Stage 4. Action

Basket trading
(low DOA)

Trend following
trading (high
DOA)

Partially automated.
The trader manually
downloads historical
market data
(activation). A
MATLAB algorithm
organized the data

(observe).

Mostly automated. A
real-time data feed
streamlines data
collection (activation).
The trader typically
monitors the market
data, but is not
dependable in the
data collection

process (observe).

Automated. The
trading software
retrieves
fundamental
information of the
shortlisted stocks (to
buy or sell) from a

database (identify).

Automated.
Sophisticated
metrics are
calculated in real-

time (identify).

Not automated. The
trader decides all
trades (Interpret and

Evaluate).

Mostly automated.
The trading
algorithm interprets
the situation by
examine the metrics
with a pre-
determined
criterion. The trader
may stop trading
(e.g., “panic button”)
but is unable to
modify the criterion
in real-time
(Interpret and

Evaluate).

Partially automated.
The trader
determines the
parameters of the
orders. Once
submitted to the
market exchange,
the orders are
proceeded
automatically
(Define Task,
Formulate
Procedures, and

Execute).

Automated. Orders
are generated in
milliseconds and are
executed by the
market exchange
(Define Task,
Formulate
Procedures, and

Execute).
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2.4.2 DOA Layering on the Base DL

Similar to our way of representing DOA on the base AH, we used a DOA layering approach for
the base DL. Likewise, functions allocated to the automation are shaded and functions allocated to the
user are not shaded. In Figure 5 and 6, we use shaded boxes to represent information processes that are
responsibilities of automation (e.g., trading algorithms). Boxes that are not shaded are human
information-processing steps, assuming for simplicity that the operator is moving through all the steps of
the DL. In this section, we present four cases - two scenarios (low DOA and high DOA) and two

situations (routine operation and unanticipated situation).
2.4.2.1 Low DOA scenario: The routine operation situation (Case 1)

We represent two cases of the low DOA scenario (basket trading), a routine operation DL in
Figure 5 and a DL showing unanticipated situations in Figure 6. We have looked at routine and
unanticipated situations in order to show the challenges faced by the trader in intervening in the different
automated trading scenarios. In each case, a data analysis and order generation algorithm is involved in

the information acquisition and information analysis stages.

1. Goal State. The goal in basket trading is to hold many financial products in certain
proportions. The basket of products must be bought or sold simultaneously, so that price
movements for each product do not alter the portfolio allocation. The basket of products can

be stated as follows:

basket of products = Z asset allocation ;

i
Since the proportion of each product is normally preset and required by the trader or the trading

institution, the trader begins this routine operation DL with knowledge of a desired goal state;
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Define Task. Knowing the goal state, the trader then defines the task needs to be
accomplished in basket trading. For basket trading, this step involves the trader setting up
the criteria for short-listing products that will be traded, and deciding what trading action
will be conducted;

Task to Procedure Shortcut. An expert trader may take this shortcut step to transfer
knowledge of the task to certain procedure activities, without considering all details of the
basket purchase allocation every time;

Formulate Procedure. To generate a complete basket, the trader must consider position
limit and other administrative or trading restrictions on each product of the basket. In the
futures market, for example, position limit is the highest number of futures contracts a trader
may hold on the premise of deposit. In this case, the trader may fine tune the basket
purchase allocation that does not violate the regulations;

Procedure to Alert Shortcut. Instead of manually carrying out the task, the trader can take
this shortcut step to transfer knowledge of the task to a certain data form that will be later
used by the algorithm;

Activation. The trader must download and submit historical data from the market into the
automation at the beginning of each trading day;

Alert. The resulting alert will indicate to the automation that data are ready for analysis. The
data are combined with the desired proportion of each financial product, and will be
provided to the analyzing program;

Observe. The algorithm contains a MATLAB script (Chan, 2009) to organize (e.g., sort,
rank, index and select) data according to pre-defined criteria into suitable formats. The
resulting observations contain a shortlist of financial products. The resulting observations

also involve orders will indicate to the automation that data are ready for analysis;
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10.

11.

12.

Identify. The algorithm generates a basket of orders that should lead toward a desired
product allocation portfolio;

Interpret. The basket of orders must be interpreted by the trader before being submitted to
the market. In financial trading, many system states are unique and could change in a short
time period. At this step, the trader must undergo an interpretation of the consequences
(Rasmussen, 1974);

Goal State to Procedure Shortcut. The trader decides to submit all orders. The task and all
the procedures have been determined by the trader and the algorithm;

Execute. The brokerage’s trading application (action implementation) submits the basket of

orders to the market. The DL ends at this step.
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Figure 5. DL of basket trading (low DOA, routine operation).
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2.4.2.2 Low DOA scenario: The unanticipated situation (Case 2)

The basket trading system can also be operated in an unanticipated mode if it is not possible to
execute the basket trade on all products. As a consequence, it will be difficult to hold products in their
correct proportions. Alternatively, the trader could make a wrong choice on the financial products or
their proportions in the basket. A violent price fluctuation of a single product can nullify all the gains or
expose the trader to losses. In this case, the basket trade cannot provide the trader protection against
volatility. The unanticipated mode is represented in Figure 6. At a low DOA, the algorithm does not

contain a diagnosis feature, therefore most of the decision-making is completed by the trader.

1. Activation. The DL starts in automated information acquisition, that is the brokerage trading
software receives quotes from the market exchange via an electronic communication
protocol (e.g., Financial Information eXchange — FIX). In an unanticipated situation, the
resulting alerts contains quantitative data (e.g., unfilled order quantities) and the reason of
order rejection (e.g., no financial product definition has been found for the purchase request);

2. Observe. The trader must observe the variables and compare the variables to their respective
desired values to assess the fault. For example, the trader must try to probe the reason of
order rejection;

3. ldentify. The trader may identify the root cause of the fault and whether the fault is fixable.
For example, if illiquidity is the principle problem and can not be mitigated in a short term,
the trader may stop the attempt to rebalance the proportions of the products;

4. Interpret, Evaluate and Re-evaluate. The trader decides what action to take to manage the
fault;

5. System State to Goal State Shortcut. A reoccurred situation provides knowledge that can

accelerate the decision-making process;
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6. Define Task. The trader now defines the necessary task - depending on the type of the
unanticipated situation — that can move the system to the correct state;

7. Formulate Procedure. The trading platform takes over control from the trader. Procedures
are formulated based on the decision made by the trader. The trading platform may either
continue to purchase financial products in the basket, or hold on to the current portfolio;

8. Execute. The trading platform submits orders (e.g., buying orders or stop orders). The trader

receives a confirmation message from the market exchange.

Essentially, in the unanticipated situation, with the low DOA, the trader must take over the

observations and determination of system state, continuing to execute or not as required.
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Figure 6. DL of basket trading (low DOA, unanticipated situation).
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2.4.2.3 High DOA scenario: The routine operation situation (Case 3)

The high DOA scenario (trend following trading) is represented in Figure 7 (routine operation)
and Figure 8 (unanticipated situation). In a routine operation mode, a scalping algorithm is first
developed by an algorithm developer. At the beginning of each trading day, the trader first downloads
data, strategies with other traders and clients and then starts up various applications including the

scalping algorithm and the trading platform.

1. Activation to Set of Observations shortcut. A real-time data feed (information acquisition)
receives quotes from the market;

2. Observe. Automation at this degree uses a pre-determined trading shortlist, therefore it does
not filter the data. The trader may observe the real-time data, but this step is optional as it
does not provide inputs for observations;

3. ldentify. The quantitative trading algorithm (information analysis) calculates 50-day SMA
and 25-day SMA and the RSI for preselected stocks. Note that this is an automated process,
as the variables being calculated, the calculating methods and the stocks were determined
before this trading task started:;

4. Interpret. For each listed stock, when the 50-day SMA crosses above the 200-day SMA and
RSI in an oversold territory is below 30, the quantitative trading algorithm (decision
selection) interprets the situation as a buying signal. Automation at this DOA does not
provide alternatives. It will not trade if there is no designated trading signal;

5. Define Task. The scalping algorithm (action automation) determines a buying task when the
buying signal occurs;

6. Formulate Procedure. The scalping algorithm (action automation) randomizes the size of

each order (400 to 800 shares), and determines other order parameters;
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7. Execute. The scalping algorithm (action automation) places 10 iterations of orders to market

then waits for a confirmation message from the market exchange.

GOAL

A 4

EVALUATE
CHOSEN
OPTIONS GOAL
@ INTERPRET

SYSTEM
STATE
@ IDENTIFY DEFINE TASK. @

TASK

FORMULATE
OBSERVE PROCEDURE @

ALERT PROCEDURE

ACTIVATION EXECUTE @

Figure 7. DL of trend following trading (high DOA, routine operation).

2.4.2.4 High DOA scenario: The unanticipated situation (Case 4)

The trend following trading system may face a disturbance and be faced with an unanticipated
situation. Possible disturbances are algorithm bugs (e.g., incorrect order quantity), event risk (e.g.,

political event) and illiquidity. llliquidity happens during times of low volatility when market price
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swings in a small range. The lack of liquidity causes a slippage, a difference between “the intended price
of a trade and the price at which the trade is really executed” (Investopedia, n.d.-a). A tremendous loss
of liquidity of many financial products, or systemic illiquidity, disturbs the entire market and fails most
trading systems in the market (e.g., the May 6, 2010 “Flash Crash”: Minotra & Burns, 2016; U.S.
Commodity Futures Trading Commission & U. S. Securities & Exchange Commission, 2010). The
scalping algorithm used in the trend following trading system being discussed requires a highly volatile
market in order to enter and exit a trade at will in order to get a good price for the order fill. During an
unanticipated situation, the trader must intervene to take a diagnosis task in order to understand the

situation and try to save the system from the disturbance. The diagnosis task is presented as follows.

1. Activation. Just like we discussed before for the case of basket trading in an unanticipated
situation, the DL begins with receiving quotes from the market exchange. The brokerage
trading software summarizes market information that can contribute to the set of
observations;

2. Observe. In an unanticipated situation, the trader must observe the collected data. The
resulting observations indicate all evidence that a disturbance has happened. For example, to
estimate the likelihood of a systemic liquidity risk, observations must be made on illiquidity
in multiple stocks and market indexes;

3. Identify. The trader now identifies the current state of the trading system and confirm type
and magnitude of the disturbance. The resulting system state also involves knowledge of the
control law of the trading strategies;

4. Interpret, Evaluate and Re-evaluate. In order to generate the knowledge of goal state, it is
especially important to evaluate the current system state and justify the efficacy of goal state.
This stage is extremely time-consuming and may include additional data-processing

activities on top of the DL. For example, when a market crash is observed, traders must be
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very careful in setting up new trading strategies. The trader must decide whether an
algorithm-placed order has been processed by the market exchange;

5. System State to Goal State shortcut. Another constraint to generate a goal state is timing.
Using the same example of a market crash, sophisticated trading strategies may provide
robust market disturbance tolerance (e.g., a certain market condition and trading status can
trigger a precaution trading execution), and some of the extreme market conditions can be
considered in algorithm design. In this case, there is a state knowledge transfer from the
current system state to the goal state. The transfer is illustrated as a leap from system state to
goal state;

6. Define Task. Because the trading system has a high DOA, there are limited options to
recover the system from hazardous conditions to compensate for the disturbance. The trader
may reconfigure the current trading system to compensate for the disturbance (e.g.,
modifying an offset setting of the SMA crossover rule). In the case of irretrievable
disturbance, a stop loss task is decided by the trader;

7. Formulate Procedure. The scalping algorithm (action implementation automation)
determines order parameters;

8. Execute. The brokerage trading software (action implementation automation) places new
orders to the market and waits for a confirmation message from the market exchange. For
example, the scalping algorithm submits a stop order to the market exchange. A

confirmation message is then received from the market exchange.

It becomes apparent that in the two high DOA cases, routine operation and unanticipated
situation, the trader must interrupt the automation and assume a larger scope of control. Further, because
the automation is likely handling small fluctuations well, the problem at hand is likely more complex

than usual, for example, a market liquidity change as discussed. Compared to the low DOA cases, the
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Figure 8. DL of trend following trading (high DOA, unanticipated situation).
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2.5 Discussions

In this modeling exercise, we proposed a DOA layering approach for conducting two analyses,
first the WDA then the ConTA. For each analysis, we first built a base model (i.e., AH or DL), then
mapped function allocation in an additional layer. The base model is similar in many respects to that of
an original AH or DL consistent at any DOAs. Functions in the base model can be allocated to any actor
(human or automation) and represented in the DOA layer. Shared allocations could also be included in
the DOA layer, though the analyst may want to differentiate between shared allocation approaches. The
DOA layer adds a new dimension to the base model, showing how human and automation work
collaboratively at a certain DOA. The DOA layering approach can be used for representing function
allocations at the domain-level and the task-level. First, the presented base AH example shows that the
physical and the functional structures are consistent in the basket trading system and the trend following
trading system. The DOA layer suggests function allocations are different in the two trading systems,
depending on the system’s DOA. In the DL examples, we analyzed two tasks - routine operation and
unanticipated situation - of the basket trading system and the trend following trading system. Second,
the base DL as a template (Vicente, 1999) was augmented with four regions to show the four stages of
automation. The DOA layer enriches the base DL with more features, such as automated information-

processing steps, stages of knowledge and shortcuts.

The following discussions are focused on a comparison of the DOA layering approach and how
automation was previously modeled with CWA, and what more design implications the DOA layering
approach might have for designing support for automation than existing approaches. Lastly, we discuss

implications of applying the DOA layering approach to adaptive automation.
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2.5.1 Comparing DOA Layering Approach to Dual-Model Approach

In this section, we compare the DOA layering approach to how automation was represented in
the CWA literature. In most cases, CWA literature explicitly focusing on modeling automation has taken
a dual-model approach, with one model showing non-automated systems and a separate model showing
automated components. We first introduce the dual-model approach and its origin, then conduct a
comparative analysis of the DOA layering approach and the dual-model approach. The objective of this
analysis is not to draw a conclusion on which approach is superior to the other. Instead, we suggest that
either approach has its own application depending on the type of system and problem being modeled.
The applicable occasions of the two approaches are discussed, suggesting when to develop the DOA

layered model and when to develop the dual-model.

2.5.1.1 Dual-model approach

Typically, automation and function allocation requirements are explained in the Social and
Organizational Analysis of CWA, after the WDA and the ConTA are completed (Vicente, 1999). The
dual-model is a relatively new approach formally introduced by Mazaeva and Bisantz (2007) using a
digital single-lens reflex camera analysis study. Mazaeva and Bisantz (2007) suggested that automation
should be explicitly modeled at the WDA and the ConTA phases, using AH and DL tools. We found
that the two aspects of the dual-model approach, the dual-model AH, and the dual-model DL, have

somewhat different origins.

1. Dual-model AH. The original AH proposed by Rasmussen (1986) modeled automation as work
domain components at the lower AH levels, which are Physical Function and Physical Form. It
seems to be an appropriate modeling decision in various examples of automated systems given
by Rasmussen. These examples include a washing machine (pump and valve function,

configuration and weight, and size), manufacturing plant (physical functioning of equipment
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and machinery) and computer system (electrical function of circuitry). Burns, Bisantz and Roth
(2004) suggested an extension to the original AH to represent automation with WDA. Burns et.
al comparied decisions made on modeling naval sensor systems. They proposed that developing
dual AH models in which one AH represents the system being controlled and another AH
represents the automation, may “help specify information needs for those responsible for
automation monitoring and control” (Burns et al., 2004). Inspired by Burns et. al’s work,
Mazaeva and Bisantz (2007) provided a detailed example of dual-model AH, introducing a
“camera AH” to show non-automated camera components that are being controlled, and a
separate “automation AH” to show automated systems allow for automated movement and
exposure control of the camera’s components. Their dual models also represent interconnections
between each level of the two AHs;

2. Dual-Model DL. To our knowledge, the first introduction of the dual/multiple model approach is
Rasmussen and Goodstein’s work (1987). It was pioneering work, using three DLs to represent
cooperative decision making in a nuclear reactor control domain among different actors,
including a human designer, an operator, and a computer. Each DL reveals a different sub-task
and together they complete a control task (e.g., operator intervention during an accident).
Similarly, Mazaeva and Bisantz (2007) developed three DLs, representing interrelated control

tasks distributed across the automation, the photographer and the designer represented.

2.5.1.2 Occasions where the dual-model approach fits

Table 2 briefly summarizes the differences between the dual-model approach and the DOA

layering approach.
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Table 2. A Comparison of the Dual-Model Approach and the DOA Layering Approach.

Dual-model approach DOA layering approach
Basic concepts Allocate user and automated system Allocate user and automated system
functions to separate AHs; functions to separate layers in the same AH;
Allocate user and automated Allocate user and automated procedures to
procedures to separate DLs. separate layers in the same DL.
Deliverables User model (AH and DL); Base model (AH and DL);
Automation model (AH and DL). User layer (AH and DL);

Automation layer (AH and DL).

The dual-model approach is a successful first attempt to explicitly represent automation within a
CWA model. To understand the applicability of the dual-model approach, readers must note that
Rasmussen and Goodstein’s approach (1987), the origin of the dual-model approach, was initially
proposed for supporting supervisory control system design. Supervisory control is associated with an
intermediate DOA (Sheridan & Verplank, 1978). The system boundary is clear for analyzing a
supervisory control system, whereby the automation takes a task performer’s role in the closed inner
loop, while the operator manipulates control parameters in an outer loop (Sheridan, 2011). Similarly,
Mazaeva and Bisantz’s AHs and DLs (2007) are exclusive representations of decision process allocation
within the ongoing supervisory control. They looked at a digital single-lens reflex camera, a commercial
product whose DOA has already been decided. In other words, the dual-model AHs and DLs are

constrained by a certain DOA.

From Rasmussen’s example (1986), and Mazaeva and Bisantz’s example (2007), we can see
that the dual-model approach is an appropriate approach to model with a fixed DOA, and to analyze and
understand existing automated systems. This finding echoes with Burns et. al’s work (2004). They

pointed out that the automation AH is “perhaps created later in the analysis, once the levels of
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automation have been specified”. In this case, guiding automation design is not the primary objectives of
the analysis. Instead, analysts may focus on addressing multiple control tasks and strategies to represent

sophisticated interactions between human and automated behaviours, at a predetermined DOA. Since the
dual-model approach develops a more explicit model of the workings of that automation, the dual-model

approach is a good choice where operators must diagnose or fix the automation itself.
2.5.1.3 Occasions where the DOA layering approach fits

There are certain occasions where the DOA layering approach fit better than the dual-model

approach.

1. Modeling systems with a variable DOA. Mazaeva and Bisantz (2007) modeled a fixed DOA
system, the dual models lack flexibility of analyzing domains of a variable DOA. Analysts using
the dual-model approach may encounter a scalability issue while applying the dual-model
approach to guide automation design in significantly more complex, personal and property
safety systems (e.g., aviation, process control, finance) than a camera system. On the other hand,
the automated trading system we analyzed, is an example of intelligent automated systems with
a consistent physical structure and a variable DOA. The proposed DOA layering approach is a
single-model approach. In the presented AH examples, a consistent physical structure is shared
between the human and the automation. Likewise, in the presented DL examples, the same
control task is shared between the human and the automation. The DOA layered models have
simplicity in how automation is modeled. Our approach may prove useful in representing more
coordinated human-automation interaction, by leaving more flexibility in modeling multiple
system modes (e.g., routine operation and unanticipated situations);

2. Incorporating stages and levels of automation model. CWA was built for understanding

complex automated systems. Automated is an important aspect of socio-technical systems
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(Vicente, 1999). A considerable interest has grown up in the human factors community around
the theme of how to model the DOA (e.g., Sheridan & Verplank, 1978; Parasuraman et al.,
2000). Among the previous examples discussing how to explicitly model automation in CWA,
the stages and levels of automation model has not been well utilized in the CWA literature. The
DOA layering approach takes the first step to fill this gap, by transforming DOA knowledge to
CWA models. We found that ConTA could play an important role in describing how
information-processing activities are allocated to the user and the automation;

3. Supporting automation design. The DOA layer, layering on the base DL, is a supplement to the
stages and levels of automation model. The DOA layering approach supplements the “broad-
brush” description of levels of automation (Pritchett, Kim, & Feigh, 2014), by enabling two
important features within DL, which are the ability to show shortcuts between information-
processing steps, either 1) leaps and shunts an expert takes in the case of human information-
processing, or 2) bypassing a non-automated step in the case of automated information-
processing. The former feature is inherent from the original DL and is still available to analysts
using the DOA-layered approach. The latter feature describes alternative routes of information-

processing, implying opportunities of human operators.

2.5.2 Implications for Design

The DOA layering approach makes unique contributions to automation design, both designing
automation displays and deciding stages and levels of automation. We discussed two possible design
implications, designing ecological automation displays with DOA and constraint-based procedure
supports, and deciding stages and levels of automation. We used the presented AHs and DLs as

examples.
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2.5.2.1 Implication for display design: Designing ecological automation displays

The Ecological Interface Design approach requires user interface designers to first conduct an
information analysis to extract information from a completed AH (Burns & Hajdukiewicz, 2004). Next,
this information should be organized as a list of variables for representational design, with constraints

from the work domain.

The DOA layering approach allows user interface designers to capture variables from the base
AH, and constraints from both the base AH and the DOA layer. For example, in the trend following
trading AH, a functional purpose of the system is to achieve a maximum rate of revenue in trading. This
function could be described by revenue run rate, a metric for predicting future financial performance
based on the current financial information. The constraint of this metric is decided by the technical
limitation of the trading system and can be found in the DOA layer. Allocating this functional purpose to
automation means the trading system is running in real-time in a day trading setting. Therefore, a short
duration (milliseconds or seconds) of this metric must be calculated and monitored by the automation, as
the trader is incapable of monitoring the rate of revenue in an extremely short duration. On the other
hand, at the Physical Form level, both variable cost and fixed cost functions are allocated to the trader.
According to the base AH, the two types of costs are constrained by a certain currency type of the
trading market. Other constraints are related to the trader only, not the automation. They are trader
specific information such as the trader’s personal financial status, indicating that the trader is ultimately

responsible for cost control in a trend following trading system.

More variables and constraints can be seen from the means-ends relationships on the base model,
as well as the DOA layer overlaid. For example, “position” at the Physical Function level of the base

AH connect to “market price”, “order price” and “position price” at the Physical Form level, suggesting

market and portfolio are two inter-related sides, and an integrated market-portfolio display may support
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direct perception of information from both sides. With a high DOA layer, such a relationship remains
consistent but “position” is allocated to the trader and the price-related functions are allocated to the
automation. This allocation suggests that, in a trend following system, although these price-related
functions are represented on the display with appropriated constraints, the trader does not take control of
these functions. Therefore, additional visualizations may be provided to the trader to understand how

automation processes these functions.

2.5.2.2 Implication for automation design: Determining automation stages and levels

Another implication of the DOA layering approach is this approach could fit into the framework
for automation design proposed by Parasuraman et al. (2000) to help determining automation stages and
levels. The stages of automation model, an important “starting point for considering what types and
levels of automation should be implemented in a particular system” (Parasuraman et al., 2000), provides
“a simple guide for automation design”. The framework suggested that automation design should begin
with identifying what class of functions should be automated. The automation designers then apply
evaluative criteria (e.g., automation reliability and situation awareness) and recommend “particular

levels of automation for each of the four types of automation”.

We believe that fitting DOA layering approach to an existing automation design framework
could supplement the stages and levels of automation model, rather than replacing this model. We
suggest that automation designers may use the DOA layering approach at an early phase of automation
design, before applying evaluative criteria, to help automation designers determine what stages and
levels of automation are appropriate for the system. The base DL represents the four functional domains
on a DL, providing an easy start point for automation designers to develop a conceptual design
estimation. We hope trading algorithm developers may consult with the base DL in the future, to decide

which algorithm to use, an intelligent algorithm (i.e., decision automation) or an order-placing script (i.e.,
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action automation). Automation designers must also justify the use of a certain stage of automation. At a
subsequent stage of automation design, automation designers must decide what level of automation
should be developed within each functional domain (Parasuraman et al., 2000). The DOA-layered DL
provides richer information than the stages and levels of automation taxonomy. The DL shows not only
what human or automation functions should be applied within each stage (shades), but also what aspects

of human interactions with automated systems should be considered (shortcuts).

The DOA layering approach could potentially help with understanding and design for modern,
intelligent automation. The DOA layering approach echoes a recent suggestion by Sheridan (2017),
suggesting that modern automation is hierarchical in the same way as the human work competencies. If
modern automation is hierarchical, then automation competencies can be modeled by the Skill-Rule-
Knowledge (SRK) taxonomy, the last phase of CWA that has only been used to model human work
competencies in the literature. Sheridan gave hints for identifying an SRK for automation: 1) skills of
the automation are continuous actions triggered by the laws of physics (e.g., the spinning of steam
turbine) but are conditioned through commands of an automated (e.g., a programmable logic controller)
or human (e.g., an operator) agent; 2) supervisory control and artificial intelligence go beyond the
traditional realm of classic feedback control, and invoke the “rule” or “knowledge” level on the
hierarchy of SRK. An “if X, then y, else z” logic forms a stored rule to invoke designated human (e.g., an
action recommendation system) or automation (e.g., action automation) activities; 3) automation using
the knowledge level is rare, but becomes possible in machine learning based systems such as the IBM

Watson computer.

The implication of the SRK for automation is, automation may use all stages and levels of
information processing. By modeling the DOAs on the AH and DL, it can clearly be seen that in the

higher DOA situation, functions at the higher AH levels (e.g., Functional Purpose and Abstract Function,

57



in the high DOA AH) and information-processing steps on top of the DL (e.g., Interpret, in the high
DOA, routine operation DL) are allocated to the automation which may present knowledge-based
automation (c.f., Rasmussen, 1986). The interconnections of the presented AH and DL examples and
SRK for automation suggests a future extension of DOA layering, layering function allocations in other

phases of CWA to support automation design.

2.5.3 Implications for Modeling Adaptive Automation

The DOA layer on the DL may help the analyst model DOA shifts, shedding some light on how
to model adaptive automation in future. For example, Table 3 presents two cases of DOA shifts, a DOA-
increase case and a DOA-decrease case, based on the high DOA scenario. It can be seen from the table
that a DOA shift can occur at any DL step, as any DL step (box) can be shaded (i.e., functions
reallocated to automation) or not shaded (i.e., functions reallocated to the human). On the other hand,
DOA shifts can be frequent, as algorithm development is an extremely flexible process depending on
traders’ expertise and preference. It is also an iterative process, with each iteration starts from
developing, back-testing to live-trading. At this stage, the DOA layering approach portrays the
relationship between human and automation functions at a task level, and we hope it grows into a

potentially useful approach for modeling adaptive automation.
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Table 3. Example Reasons for DOA Shift per DL Step in Trend Following Trading.

DL processing steps (in financial trading

terms)

Reasons for DOA shift

DOA increases

DOA decreases

Activation by normality and abnormality

in maket or portfolio

Observe the dimensions of the issue

Identify the current state

Interpret the ambiguity of historic and
current states, as well as the
consequences of future states; evaluate
the current state with a goal from a

higher level of abstraction

Automated signal detection is
capable (e.g. timely tick data in
shorter duration; Level Il data);

impulse control

High computing power is
available for real-time pattern

generation

High computing power is
available for real-time pattern
recognition; system state can be

quantitatively modeled

Artificial intelligence advances; no
or little ambiguity in the current
status the current market
condition is predicted; historic
market data is accessible and
understandable by the trading
algorithm; prediction model is

reliable
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Technology is unavailable due to
high costs or lack of work
competence; distrust in
technology (e.g., concerns with
latency of the data); obsessive

financial market monitoring

Countervailing trading philosophy
(e.g., fundamental analysis is
favored over real-time technical

analysis)

Concerns with latency in pattern
recognition (e.g., unavoidable

delay in automated executing)

Automation is not capable to
interpret or is believed
misinterpreted the current status;
market condition is abnormal; the
current status is interpretable,
but the consequences of future
states are not acceptable (e.g.,
risk of spoofing, see N.D. lll. v.

Sarao, 2015)



DL processing steps (in financial trading Reasons for DOA shift

terms)

DOA increases DOA decreases
Define task in financial trading (e.g. buy Indispensable in some high- Complexity and cost are not
or sell) frequency trading systems (Chan,  acceptable

2009); adequate knowledge of
automated trading and high-

performance programming

Formulate procedures, in another word, Indispensable in some high-
generate orders with appropriate frequency trading systems
arguments (e.g. order quantity, order

price and target financial product)

Execute an order in the market Indispensable in some high- Lack of knowledge in high-
frequency trading systems performance programming, but

Semi-automated alternative

2.6 Conclusion

Information systems should support human-automation coordination (e.g., either human or
automation must seamlessly switch between responsibilities). CWA helps the development of “simple
qualitative models” (Sheridan, 2017) that can be represented by graphical interfaces. An adoption of
function allocation models, such as the stages and levels of automation model to CWA could provide a
new design opportunity. Yet, this approach has been not well developed. We attempted to fill this gap by
proposing a DOA layering approach, layering DOA on AH and DL to express domain- and task-level
function allocation respectively. This paper is an extension to two earlier versions in the Proceedings of

the Human Factors and Ergonomics Society Annual Meeting (Li et al., 2015, 2016).

Automated trading, a domain rarely explored by the human factors community served as an
appropriate example in this modeling exercise. Automation in financial trading is versatile in terms of

the various stages and levels of automation involved, the highly-coupled relations between traders,
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infrastructure and trading algorithms and the unpredictable dynamics in the environment. Two scenarios
of financial trading are provided in this paper, each has a unique DOA. New models in the context of
automated trading were developed, using extended AH and DL with DOA layers. In each case, a base
model was first created, followed by mapping two scenarios (i.e., low DOA, and high DOA) onto the
base model. In particular, we correlated the stages and levels of automation model (Parasuraman et al.,
2000) to the DL, whereby DL steps were organized into four stages. This paper is the first to propose a
DOA layering approach, and the first to comprehensively use CWA and the stages and levels of

automation model to model automated trading.

This paper provides useful insights to the debate of using a single-model approach or a dual-
model approach to model automated systems. The DOA layering approach extended the flexibility of
the single-model approach by representing the DOA and echoes Sheridan’s recent homage (2017) to
Rasmussen’s frameworks (e.g., AH) for their robustness and applicability to behaviors of humans or
highly intelligent automation. Future works include how to model adaptive automation using the
template-layering approach. This paper also corroborates Borst’s recent suggestions (2015) on providing
more automation status on ecological displays to support human-automation coordination. We will

further examine the design implications in an experimental study.
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2.8 Chapter Summary and Connections to Research Questions
2.8.1 Key Findings

DOA layering approach: This chapter proposed a DOA layering approach to extend the CWA.
The base AH and the DL are identical to how the AH and the DL has been typically used in the CWA
literature and shows the constraints and relationships for the functional working of the system without
any automation applied to it. The DOA layer, as its name suggests, reflects additional constraints related
to the system’s DOA. The stages and levels of automation model has been adopted in the DL. The
applicability of this approach has been demonstrated using automated trading examples. The examples
as well as the resulting models have demonstrated how the DOA layering approach can be applied to
reveal the connections between the human and the automation. The possibly most important deliverables
of the models were the gaps between human and automated steps on the same information-processing

template.

Design implications: This chapter demonstrated that the DOA layering approach has
implications for designing ecological displays and automation in general. These implications are useful

in guiding the design of an experimental study for evaluating the effectiveness of ecological displays.

Modeling adaptive automation: This chapter suggested future extensions to the DOA layering
approach. The current form of the DOA layering approach described DOA shifts using a DL template
and has enabled preliminary modeling of adaptive automation with the CWA. Future development in

this area is warranted.
2.8.2 Connections to Research Questions

The author has three research questions for this dissertation:
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Research question 1: How can we model automated trading systems with a variable DOA using

CWA?

Research question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

This chapter examined research questions 1 in great detail. With the complexity relevant to the
variable DOA in the automated trading domains explicitly modeled using the DOA layering approach,
this research objective has been achieved. Further, the DOA layering approach has strong potentials in

supporting automation and design, which will be demonstrated in Part C of this dissertation.
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Part C

Design and Evaluation

Part C of this dissertation is formed by two chapters that give examples of designing ecological
displays based on DOA-layered models as well as evaluating these displays in a financial trading

simulation.

Chapter 3 presents Experiment 1 to evaluate a trend following trading system that used four
scenario types (combinations of two DOA configurations and two display types). The four scenarios
were moderate-conventional, moderate-ecological, high-conventional and high-ecological. Guided by
the DOA-layered models presented in Part B, automation is designed with two DOA configurations that
involve the identical acquisition and analysis stages but the different decision and action stages.
Conventional displays that are typical in financial trading software are implemented to facilitate the
basic control of the two configurations. Ecological displays are developed to add additional support to
the conventional displays that are appropriate to the specific DOA. The ecological displays are derived
from the base CWA models (previously presented in Part B). In this experiment, a series of hypotheses
are proposed based on the research questions of this dissertation and are examined with a variety of
measures in the categories of task performance, SA, eye-tracking, workflow and risk preference. Results

of this experiment are reported, and connections to the research questions are discussed.

Chapter 4 presents Experiment 2 to evaluate the trend following system with four other scenario
types — combinations of two DOA configurations and two display types. The first DOA configuration
used automation in all information-processing stages and the second DOA configuration was an
adaptive automation condition. The first DOA configuration is similar to one described in Experiment 1

with a disconnection between the earlier stages (i.e., acquisition and analysis) and the later stages (i.e.,
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decision and action) of automation eliminated to improve ecological display support in this
configuration. The second DOA configuration demonstrated a preliminary design exercise of adaptive
automation in the financial trading domain, with automation being allocated dynamically during task
performance. The design of Experiment 1 and 2 are identical in other aspects, sharing similar apparatus

and using the same evaluation methods. Results of the evaluation are presented later in this chapter.
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Chapter 3

Experiment 1: Trend Following Trading

3.1 Foreword

Starting in this chapter, AUTRASS is introduced as a simulator for evaluating concepts for
designing automation as well as ecological displays. This chapter describes Experiment 1 to understand
how human participants interact with the AUTRASS in a trend following trading setting which has been

previously modeled in Part B of this dissertation.

First, as part of the apparatus of Experiment 1, reasons to build the simulation on the trend
following trading scenario are explained. After that, the development of the AUTRASS simulator is
introduced and the distinct function allocations between the trader and the automation and the design of
conventional displays are described. Later, the design of two ecological displays which might provide
additional support for using the two DOA configurations is explained. In Experiment 1, four scenario
types denoting all combinations of the two DOA configurations and the two display types were
examined. The participants performed different tasks in the two DOA configurations. The simulated
market dynamics demonstrated unanticipated situations that were unfamiliar to the participants. As
discussed in the literature, it is important to note that these unanticipated situations were likely where the
ecological displays outperformed the conventional displays (Lau, Jamieson, et al., 2008). Later in this
chapter, independent variables and the dependent variables relevant to Experiment 1 are introduced, and
a series of hypotheses about the research questions of this dissertation are proposed. Lastly, experiment

results and connections of these results to the research questions are discussed.
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3.2 Trend Following Trading: A Revisit
For design and evaluation purposes, the trend following trading scenario (“high DOA”) that has
been previously discussed in the modeling stage of this dissertation was re-adopted. This particular

scenario was chosen over the basket trading scenario (“low DOA”) due to the following reasons:

First, the trend following trading scenario can be studied in more depth as an example of an
automated system with a variable DOA. Trend following trading is a commonly applied strategy in
financial trading in general and, as demonstrated in the DOA-layered models, may use all stages and
levels of automation. In the presented models, the automation generates trading signals based on the
calculations of technical analysis indicators of market prices and executes the trades autonomously.
However, trend following trading does not always use an upper-intermediate to high DOA. In other
cases not demonstrated in the presented models, the use of automation in trend following trading can be
limited to just calculating the technical analysis indicators and providing the results to the trader, in
which case, the trader must decide on what action to take and implement the action. Indeed, Murphy
(1999) suggested that automation (or “computer” in his original words) can even be largely excluded
from trend following trading. Murphy stated that “much of the work involved in technical analysis can
be performed without the computer. Certain functions can be more easily performed with a simple chart
and ruler than with a computer printout”. Thus, it became necessary and feasible to implement and

evaluate a lower DOA trend following trading system;

Second, it is more practical to develop monitoring and fault detection tasks for human
participants to evaluate different DOA and display types with trend following trading. Typically, human
factors researchers evaluate design concepts in a scenario-based experiment (DURESS: Vicente &
Rasmussen, 1992). In trend following trading, the trader and the automation must respond instantly to

both opportunities and anomalies in trading. The fault detection task (as shown in the unanticipated DL)
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are performed in parallel to the monitoring task (as shown in the routine operation DL) in a simulation
of trend following trading and can be integrated to a scenario-based experiment. The trend following
trading environment can be used to evaluate existing measures in the literature (e.g., task performance,
workload, and SA) and to develop new measures relevant to the automated trading domain (e.g., traders’
risk preference). The basket trading scenario, however, involves longer task phases than those in trend
following trading. The longer task phases may not be completed in a short timeframe and are more

expensive to simulate in a lab-control experiment;

Third, it is easier to recruit and train participants for an experiment that examines trend
following trading in comparison to basket trading. As shown in the DOA-layered models, legally
achieving a profitable revenue is the major mission objective of trend following trading. This mission
objective was expected to be straightforward to novice participants who did not have in-depth
knowledge of financial trading. Technical analysis and trading algorithm would be new concepts to most
novice participants; however, with appropriate on-site training before performing designated tasks, these
concepts should be understandable by those who have basic knowledge of mathematics and computer
programming, which represent the typical student population of the University of Waterloo. On the other
hand, evaluating basket trading requires the participants to have formal knowledge that might only be
obtained through professional training. Indeed, to successfully generate a complete basket of financial
products or just to understand the importance of portfolio management, the participants must have
adequate knowledge of market fundamentals, portfolio and risk management, and laws and regulations.
In this case, the selection of participants was extremely limited, and those who are experts in this

domain (e.g., institutional traders) would be qualified.
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3.3 Apparatus
3.3.1 AUTRASS: The Simulator

The author of this disseration led and was actively involved in a student development team to
develop AUTRASS under the guidance of the subject-matter experts. AUTRASS was programmed in
Microsoft Visual Studio 2013 development environment using C# with the Microsoft Dynamic Data
Display framework (CodePlex, 2011) under an open-source Microsoft Reciprocal License (Ms-RL). In
total, there were approximately 2,200 lines of code, and it took approximately 12 person-months to
implement. The AUTRASS was deployed onto a 3.8Ghz quad-core desktop computer with 12 gigabytes

of memory and a 27” liquid-crystal display. The display used a resolution of 1920 x 1080 pixels.

For this experiment, AUTRASS was fine tuned to provide playback of historical market data of
a financial product named SPY at a real pace. SPY stands for the Standard & Poor's depositary receipts,
a popular exchange-traded fund designed to track the S&P 500 stock market index. The update interval

of the playback was 5 seconds and such corresponded to the interval of the market data.

A module front-end of AUTRASS was designed to allow different ways for submitting orders to
the back-end that would be appropriate with various DOAs. In section 3.3.3 of this chapter, automation
design will be discussed in detail. Different displays were designed and implemented on the AUTRASS
front-end for evaluation purposes, and the development will be described in detail in section 3.3.5 and
3.3.6. In the back-end, AUTRASS simulated a market exchange to process orders submitted from the

front-end by the participants or the automation.

It is important to note that participants who attended the experiment were explicitly told that the
AUTRASS back-end would only process one trade per 5 seconds to simulate a latency (i.e., the time
delay in the telecommunication and trade processing), which is typical in financial trading in the real

world. Only one order (i.e., buying or selling) can be submitted from the front-end at any time stamp (let
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it be t). This order would be silently processed by the back-end at the current timestamp (t), and the
results of the trade would be executed and presented on the display when the next timestamp arrived (t +
1). Note that AUTRASS backend did not allow for short selling (i.e., profiting by selling shares
borrowed from a brokerage in a falling market). Although brokerage was captured in the CWA models,
it was not simulated on AUTRASS for simplicity. All simulation data were silently recorded in log files
by the AUTRASS back-end. A Gazepoint GP3 eye tracker (Figure 9) was attached to the bottom of the
computer monitor. The eye tracker used infrared cameras to identify participants’ scan pattern at a 60 Hz
sampling rate. The eye tracker has .5° to 1° of accuracy. The participants attending this experiment were
told that they can naturally move their head and eyes. Raw eye-tracking data and the simulation screen

were jointly captured by a software tool provided by Gazepoint.

Computer Monitor

— —
Eye tracker
| ———

Figure 9. Eye tracker set-up.

e

3.3.2 Unanticipated Situations

The latency in executing trading orders simulated by AUTRASS created a slippage between the
intended market price of a trade at which the decision would be made and the market price at which the
execution would be completed. Slippage, as well as the market dynamics naturally created unanticipated
situations in financial trading that would be important for evaluating the effectiveness of ecological

displays. The ecological displays provide a functional representation of the physical structure of the
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work domain to support knowledge-based problem-solving. According to the literature, ecological
displays were particularly useful in supporting problem-solving in unanticipated situations where

procedural support is not always available (Lau, Jamieson, et al., 2008).

This treatment of unanticipated situations was different from how ecological displays have
previously been studied in the literature. The EID literature studied both anticipated and unanticipated
situations in scenario design (e.g., Burns et al., 2008). Typically, each scenario was designed to have
different phases in their order of occurrence in time (e.g., the detection and mitigation phases, in Burns
et al., 2008; the climb, cruise, and descent phases, in Ellerbroek, Brantegem, van Paassen, de Gelder, &
Mulder, 2013). In this dissertation, unanticipated situations were presented to the participants across the

entire scenario, because the slippages and the market dynamics occurred all the time.

3.3.3 Automation Design

Two DOA configurations - moderate DOA and high DOA - were designed to demonstrate how
DOA layering approach (cf. section 2.5.2) can be used to imply automation design. Technical
capabilities and limitations of the AUTRASS were also considered. The two DOA configurations, based
on the CWA models, described distinct function allocations between the trader and the automation under
similar requirements of trend following trading. Each participant attending Experiment 1 took the role of
the trader that was considerably different within the two DOA configurations. Table 4 shows the
multiple task phases that correspond to the Parasuraman et al. stages and levels of automation model.
This particular model was selected over the other automation models for demonstrating the connections
of the design to the CWA models previously presented. Both DOA configurations involve the first two
stages of automation (i.e., acquisition automation and analysis automation), relating to financial trading.
With the high DOA, automation has been allocated to more authorities regarding financial decision-

making and execution.
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The following sections explain the design considerations for each DOA configuration, with

reference to the trend following trading CWA models.

Table 4. Function Allocation Between the Participant and the Automation across the Moderate DOA

and the High DOA (Experiment 1).

Stages of
Automation

Task Phases

DOA

Moderate *

High

Trader

Automation

Trader

Automation

Information
acquisition

Information
analysis

Decision selection

Action
implementation

Collect and
observe
information from
the market
quotes and
display itona
display (in favour
of the traders)

Calculate a short-
period SMA and
a long-period
SMA and plot the
curves onto a
display (in favour
of the traders)

Interpret the
current and
predict situations
to decide signals
to buy and sell

Determine and
perform a buying
or a selling task

! Its DOA was lower but it was also derived from the trend following trading scenario described in Part B.

different from the basket trading scenario. The word “moderate” was used to avoid confusions.
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3.3.3.1 Information acquisition

According to the DL models, acquisition automation in trend following trading involves using a
real-time data feed to receive quotes from the market, storing the data in appropriate data structures,
performing basic data cleaning and filtering and, in the case of moderate DOA, graphically representing
the data on a display (e.g., a bar chart or a candlestick chart). For the high DOA, since later stages of
automation were also being used, visualizing the market data was not necessary as the automation
directly accessed the data structures. For consistency in the experimental design, this visualization has
been used in both DOA configurations. The information automation in a real-world setting must also
include a hardware back-end to ensure the telecommunication to the market exchange is stable. In this
experiment, since the trading software and the market were being simulated on the same computer,

functions related to the hardware were omitted for simplicity.

3.3.3.2 Information analysis

Analysis automation identifies a series of system states about the financial market that can be
formed into a technical analysis tool for the decision maker (either the trader or the automation) to
pursue the later task stages. Automation must calculate technical analysis indicators in real-time and, if
necessary, presents the results in an appropriate visual form for the trader to utilize these results. For
consistency in experimental design, the technical analysis indicators have been illustrated as curves that
overlaid the market data visualization in both DOA configurations. In the high DOA routine-operation
DL example, a long-period SMA (200-day), a short-period SMA (50-day), and an RSI indicator have
been used. To simplify the training materials for this experiment, this experiment did not include the RSI
indicator which was previously presented in the DL models. Further, the periods of the two SMA
indicators have been shortened to 20-second and 10-second, as the original periods are too long for a

lab-control experiment that has a limited timeframe.
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3.3.3.3 Decision selection and action implementation

For the moderate DOA configuration, functions in the last two information-processing stages
(i.e., decision selection and action implementation) have been completely allocated to the trader.
Although the concept of trend following trading might have been familiar to the participants already (i.e.,
“buy low sell high” in a market that does not involve short-selling), the participants must be trained to
utilize features provided by earlier stages of automation. For example, the participants should familiarize
themselves with the characteristics of the two SMAs, and understand how SMA can help with the

identification of market trends.

For the high DOA configuration, a trading algorithm was developed to trade on the crossovers
of the two moving averages to replace the participants in the last two stages. The original “two moving
averages” method was best described by Murphy (1999, p. 203), referred to as the Murphy method;
whereas this experiment used an “inverted two moving averages” method. It can be seen in Table 5 that
the Murphy method and the “inverted moving averages” method responded to similar system states
about the market that has been identified in the information analysis but had inverted execution

behaviours.

Table 5. Distinct Operation Logic of the Murphy Method and the Inverted Two Moving Averages

Method.
i Decisi M ith the | T
System State regarding the Decisions Made with the Murphy ecisions . ade with the Inverted Two
Market Moving Averages Method
Method .

(Experiment 1)
The short-period moving
average crosses above the Buving sienal selling sienal
long-period moving average YIng st gslg
The short-period moving
average crosses below the . . L

Selling signal Buying signal

long-period moving average
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The inverted two moving averages method was chosen over the Murphy method to create a
realistic simulation of a most common market condition. Ellis and Parbery pointed out that moving
averages are lagging indicators and therefore, the Murphy method may only be profitable in a market
that has major trends (2005). The latency simulated by the AUTRASS created a slippage between the
intended market price of a trade at which the decision was made (P, puy OF Pm sen) and the market price
at which the execution was completed (P, buy and P, sei). Indeed, if an SMA crossover occurred
between two timestamps (let them be t and t + 1), an execution submitted using the Murphy method
would be delayed and may take place at t + 1. In a trending market, as described hypothetically in the
left portion of Figure 10, the Murphy method may be still profitable despite the slippage, because the
trend is steady and strong (Pum, buy < Pm, seir). However, in a market that only fluctuates within a narrow
range, as shown in the right portion of Figure 10, following small trends may not be possible with the

Murphy method and the trading system may consistently perform poorly (P, buy > P, seir)-

P P

: : Time :
t t+1 t t+1

Time

Figure 10. Trading with the Murphy method in a market with (left) or without major trends (right).

Since market trends are relatively rare in a real trading environment (Schlossberg, 2005), with
limited resources for recruiting and scheduling the participants, it is more feasible for this first

experiment to simulate a more common market condition that has no major trends. In this experiment,
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the “inverted two moving” averages method was adopted to develop a profitable trading algorithm in
this simulated market condition. As shown in Figure 11, in a market that has no major trends, this
trading algorithm would be able to accumulate profits over a certain period by making a selling
execution on the same number of shares as soon as a rebound ended (at timestamp t) and a buying

execution on a fixed number of shares when the next rebound began (at timestamp t + 1).

P

m

Time

Figure 11. Trading with the inverted two moving averages method in a market without major trends.

The automation used in the high DOA configuration has been designed in such way that the
automation was solely responsible for making decisions and executing trades, following a rigorous
engineering standard which is typical in the use of trading algorithms (Kumiega & Van Vliet, 2012). At
the same time, the participants were asked to carefully monitor the automated trading. The monitoring
performance was evaluated through a fault detection task, in which the participants were asked to
monitor the automation entering a simulated market and reported on the possible realized loss upon
exiting the simulated market. This dissertation defines the pair of a buying execution and a
corresponding selling execution that followed as a buy-sell pair. In short, to perform the fault detection

task, the participant must be able to compare the Py, .- and Py, ;- O the most recent buy-sell pair. It
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should be noted that the selling execution at time stamp t and the buying execution at time stamp t + 1 as
shown in Figure 11 belong to two different buy-sell pairs. To monitor for possible automation failure at
time stamp t + 1, the participants must wait for the next selling execution that will be made by the

automation. The fault detection task will be further described in section 3.4.4.

The trading algorithm used in the high DOA configuration had a rigorous operation logic which
was solely based on system states about the market dynamics. Obviously, the automation did not take
any responsibility for the temporal performance of a portfolio or the eventual revenue of the trading
system (i.e., a losing portfolio or a losing trading system would not change the operation logic of the
trading algorithm). To ensure the participants effectively monitor the work of the automation (and in a
future trading system where the participants can be assigned to more authorities in trading - deciding
opportunities for intervention), the participants were trained with the two SMAs and the two system
states described in Table 5 in which the trading algorithm would make trading decisions (i.e., SMA
crossovers); whereas the logic of the trading algorithm for identifying which trading decision to make

was not made available to the participants.

3.3.4 Financial Market Data

In the experiment, AUTRASS replayed historical market data. Each training scenario was
designed to last 5 minutes. To reduce learning effects, each formal scenario was designed to last 10 or

15 minutes and used a different financial market data set.

Eight data sets were purchased from an online financial data source (Trading Physics, n.d.)
which has been previously used in other studies (e.g., Cartea, Jaimungal, & Penalva, 2015). These data
sets contained tick-by-tick data aggregated in 5 seconds (matches the update interval of the trading
simulator). These data sets were originally recorded on eight trading days in the year of 2010. According

to the suggestion of a subject-matter expert, these eight trading days were chosen because they had
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moderate high-low spreads. High-low spread, representing the total price movement over the trading
day, was calculated by subtracting the lowest price of the day from the highest price. The high-low
spread for each of the 252 trading days in the year of 2010 was calculated, M = 1.519, SD = .955. The
122 trading days which have the highest high-low spreads and 122 trading days which have the lowest
high-low spreads were excluded from the selection. Finally, tick-by-tick data for the remaining eight
trading days, which have moderate high-low spreads, were selected as the data source for this
experiment, M = 1.365, SD =.020. The first half hour of each trading day (i.e., 9:30 am to 10:00 am) is
arguably the most volatile time in the financial market, typically showing the highest bid-ask spread
(Ahn & Cheung, 1999). In the finance industry, traders avoid trading in the first half hour of a trading
day (TradingSim, n.d.). The eight data sets were subsequently adopted from the original data starting at

10:00 am on each trading day.

The two DOA configurations used distinct data sets due to consideration for the design of the
tasks in the high DOA. This design consideration will be further discussed in section 3.4.4. Table 6

presents details of the eight data sets used in this experiment.
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Table 6. SPY Historical Market Data Sets.

Data Set  Starting Price  Original Trading Day Total Total Duration (min) DOA
Timestamps
TD1 111.76 August 2, 2010 60 5 Moderate
TD2 110.63 July 26, 2010 60 5 Moderate
TD3 106.76 July 8, 2010 60 5 High
TD4 117.67 April 8, 2010 60 5 High
D1 115.75 November 30, 2010 120 10 Moderate
D2 114.11 October 18, 2010 180 15 Moderate
D3 118.37 October 7, 2010 120 10 High
D4 118.98 September 22, 2010 180 15 High

3.3.5 Conventional Displays

Conventional displays, representing financial trading industry state of art, have been designed to
ensure the basic use of the automation. Two conventional displays were developed - the first one was
developed to support the moderate DOA configuration and the second one supported the high DOA
configuration. It can be concluded from Table 7 that most display elements were shared by the two DOA
configurations. These shared elements are: 1) market panel, showing quotes and technical analysis
indicators; 3) fundamental history panel, showing the fundamentals of the financial product; 3) portfolio
panel, showing the size and the average price of the portfolio and trading performance; 4) trading history
panel, presenting a list of buying and selling executions that have been submitted or completed during
the simulation; 5) the execution panel, which had distinct views in the two DOA configurations to

support different responsibilities of the trader in the decision-making and the execution stages.
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Table 7. Display Elements of the Conventional Displays for the Moderate DOA and the High DOA

Configurations.

Moderate DOA High DOA

Market panel
Fundamental history panel
Portfolio panel
Trading history panel

Execution panel for moderate DOA Execution panel for high DOA

Figure 12 and 13 provide an overview of the two conventional displays. The following

subsections describe each display element in detail.

Figure 12. Conventional display for moderate DOA.
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Figure 13. Conventional display for high DOA.
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3.3.5.1 Market panel

In the left portion of the conventional displays there is a market panel as shown in Figure 14.
The market panel consists of a market price chart and a market volume chart for the SPY. The market
panel presents the market price of the SPY in a white line with a white numeric indicator showing its
value (P, unit: dollar). In addition to the numeric indicator, an arrow showed the trends of the market
price and was coloured to represent the direction (green: an uptrend; red: a downtrend). The market
price chart is overlaid with a yellow curve and a purple curve, accompanied by a yellow numeric
indicator (SMAgw, Unit: dollar) and a purple numeric indicator (SMAs, unit: dollar), representing the
two SMAs. Although the market price and the two SMAs were graphically represented on the display,
however, in a rare situation, an extremely small change in these indicators would be unlikely to
recognized by the participants with normal visual acuity. The numeric values showing the same
indicators were provided to the participants for dealing with this situation. Although volume is an
indicator in technical analysis as it can be used to evaluate the strength of trends in the market price, it
requires the participants to have a deeper knowledge of the law of supply and demand. Therefore, the
market volume chart was provided just to improve the resolution of the simulation, but the participants

were not expected to make decisions based on features provided on this chart.
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Figure 14. Market panel.

3.3.5.2 Fundamental history panel

On the top right of the conventional displays, the fundamental history panel presents features
regarding the long-term fundamentals of the SPY (Figure 15). They are: 1) price range of the day before
the current day, which was the day when the historical market data originally came from (unit: dollar); 2)
price range of the past 52 weeks, indicating the long-term performance of the SPY (unit: dollar,
Investopedia, 2003a); 3) opening price, the market price at which the SPY was first traded on the current
day (unit: dollar); 4) total market volume of the day before the current day (unit: dollar); 5) market
capitalization, the total value of the outstanding shares of the SPY (unit: billion dollar). Features
provided on the fundamental history panel are related to the fundamental analysis and might not be

useful for participants who have limited knowledge in financial trading. However, these features are
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typical in financial trading software and therefore, the fundamental history panel was included to

provide a realistic simulation environment.

204.25 - 206.76
181.92 - 213.78

206.34

38.60M

171.37B

10.01

Figure 15. Fundamental history panel.

3.3.5.3 Portfolio panel

The portfolio panel presents several key portfolio indicators: 1) portfolio’s average price (Pp,
unit: dollar); 2) portfolio’s size (S, unit: shares); 3) unrealized profit and loss of the current portfolio
(UPL, unit: dollar); 4) realized profit and loss (RPL, unit: dollar), accumulating through each scenario of
the experiment; 5) current asset of the financial product (unit: dollar), which can be calculated by
multiplying the portfolio’s average price (Py) by the portfolio’s size (Sp); 6) cash, including the initially
provided cash for trading and money that has been cashed out from a winning portfolio (unit: dollar).
For simplicity in the experimental design, the initially provided cash was 100 million dollars which
mean the buying power was always unlimited within the full duration of each scenario; 7) total asset,
including cash and the current asset of the financial product. The unrealized and the realized profit and
loss were illustrated in numeric forms, with distinct arrows and colours provided to indicate the

directions of the changes. The portfolio panel is shown in Figure 16.
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Figure 16. Portfolio panel.

3.3.5.4 Trading history panel

The trading history panel (Figure 17) displayed properties of trades previously made by the
trader in moderate DOA or the automation in in high DOA. These properties include: 1) timestamp at
which the trade was made; 2) status (submitted: when a trade was submitted to the AUTRASS back-end;
filled: when a trade was completed); 3) side (buy or sell); 4) market price (P.,) when the trade was
submitted, equals to the market price when the trade was completed, as each trade was proceeded by the
AUTRASS back-end at the current timestamp; and 5) size, the number of shares that have been bought

or sold in the trade.

Real Time

Figure 17. Trading history panel.
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3.3.5.5 Execution panel for moderate DOA

The bottom-most panel, referred to as the execution panel, showed distinct information in the
two DOA configurations. In moderate DOA, the execution panel contained execution buttons that can be
used to perform buying or selling executions according to the limitation of the AUTRASS. At each
timestamp, participants may choose to buy (at any time) or sell (if the portfolio’s size permitted) 500
shares of the SPY at the current market price which was presented on the market panel (Figure 18), or
do not act (holding to the current portfolio). If a buying or selling execution were made, both execution
buttons would be disabled until the next timestamp. The AUTRASS front-end generated and submitted
an order to the back-end. The order appeared on the trading history panel as a new row added to the top

of the list.

SPY

500

Figure 18. Execution panel for moderate DOA.

3.3.5.6 Execution panel for high DOA

To support the monitoring task in the high DOA configuration, an alternative execution panel
illustrated the logic of the Murphy method that could also be concluded from the analysis automation
(Figure 19). Although the automation used a rebound trading algorithm which did not have the exact
behaviour as with this method, the conditional logic of the algorithm was not explicitly presented on the

execution panel. The Murphy method was provided for training on how to interpret the two-SMA
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information. At the bottom of this panel, a report loss button was provided for participants to complete

the fault detection task which will be further introduced section 3.4.4.

Automated Trading

If Fast SMA crosses Slow SMA from bottom, buy. ra— SPY

If Fast SMA crosses Slow SMA from top, sell. ) .
Order Price Market Price

_— — — — Order Qty. 500
: REPORT LOSS

Figure 19. Execution panel for high DOA.

3.3.6 Ecological Displays

Similar to the design of the conventional displays, two ecological displays were designed and
implemented to support the two DOA configurations. In the following subsections, the author first
presents two design concepts for designing visualizations that can provide additional help for each of the
two DAO configurations. Further, the author organized the ecological displays by adding these

visualizations to the conventional displays.

3.3.6.1 Design concept inspired by a base model to support both moderate DOA and high

DOA

The first design concept was based on the base AH previously presented in section 2.3.1 and
therefore, this design concept was independent of DOA. This design concept is supported by the
theoretical foundation of EID to provide knowledge-based support for participants to cope with
unanticipated situations in both the moderate DOA and the high DOA scenarios. Based on the base AH
previously modeled in this dissertation, a causal relationship between the financial market, the portfolio
and the buying and selling executions to achieve a maximum rate of revenue in trading has been

identified. In this dissertation, this relationship is referred to as the market-portfolio-execution
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relationship. This relationship has been shown on the base AH where multiple levels are logically
connected, including the generalized function (where the execution functions take place), the physical
function (where some market and portfolio and functions can be found), and the physical form (where
other market functions and portfolio functions lie). Although the allocation of these functions to traders
and automation varies through the DOA, as shown in the different DOA layers previously modeled, the
market-portfolio-execution relationship remains consistent. Therefore, it is possible that this design
concept can derive an ecological display that may support both moderate DOA and two which differ in

their DOAs.

The next step, according to the EID principles, is to take information out of this relationship,
guantify the information, and generate a list of variables that can be graphically represented on a display
(Burns & Hajdukiewicz, 2004). The causal relationship can be quantified in equation (1), with several

constraints extracted from the base AH.

UPL = (Pm—Pp) X S (1

UPL is the portfolio’s unrealized profit and loss of a financial product (unit: dollar). Py, is the
market price of the financial product (unit: dollar). P, is the portfolio’s average price of the same
financial product (unit: dollar). S, is the portfolio’s size (unit: share). P, and S, were determined by two
trading executions that are available to the traders: 1) if the trader makes a buying execution, S, will
increase, and P, will be updated accordingly; 2) if the trader sells shares, S, will decrease, and P, will
remain unchanged. Together, Py, S, and P, determined UPL. The consequences of the trading
executions were decided by UPL and related to realized profit and loss (RPL, unit: dollar), which is the
definite revenue, of the trading system. When UPL > 0, there is a winning portfolio. The traders may sell

shares to convert the profiting portfolio into cash, in other words, realized a profit. When UPL < 0, there
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is a losing portfolio. If the traders decide to sell their shares at this point, the unrealized loss becomes a

cost, in other words, realized loss.

Market-portfolio-execution visualization

Equation (1) and the accompanying constraints (UPL, P,,, P, and S,) can be further designed
into a visualization that may support the hierarchical behaviour of the trader, inspired by Rasmussen’s
SRK taxonomy (Burns & Hajdukiewicz, 2004). The skill-based and rule-based behaviour would be
given priority over the knowledge-based behaviour in the representational design. Burns and
Hajdukiewicz pointed out that operators should be able to take actions directly from the perceptual
information (skill-based behaviour), or at least, there is a one-to-one mapping of the visualizations onto
the tasks that should be performed (rule-based behaviour). Further, showing multivariate constraints in
one visualization makes complex relationships easy to understand by operators. With these suggestions
in mind, a multivariable visualization was developed for this design concept. The mechanism of this
visualization is graphically presented in Figure 20. This visualization was implemented in AUTRASS as
shown in Figure 21. The multivariable visualization was presented when the trading system has 1) a
profiting portfolio (i.e., unrealized profit, UPL > 0) or 2) a losing portfolio (i.e., unrealized loss, UPL <
0). In each case, there were two stacked boxes having the same width. The width of the two boxes
represented the portfolio’s size in shares (Sp). The height (P,) of the box with a thick black border
represented the average price in the portfolio. The market price (P.,) was plotted on the Y-axis as well.
The shaded portion (green) on top of the box showed the unrealized profit in the portfolio. The shaded

portion (red) inside the box showed the unrealized loss in the portfolio.
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Figure 20. Mechanism of the market-portfolio-execution visualization: A profiting portfolio (left)

and a losing portfolio (right).

118.03

Figure 21. Implementation of the market-portfolio-execution visualization: A profiting portfolio

(left) and a losing portfolio (right).

The viewport of the market-portfolio-execution visualization is generally stable throughout the
experiment to ensure the information was perceived consistently. That being said, the Y axis of this
visualization was generally limited to a $1 range, and the market price generally fluctuated within this
range. On the X axis, the maximum limit was initially set to 1200 shares and would be doubled only

when the current portfolio’s size was close to the limit. For example, the maximum limit would be
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rescaled to 2,000 shares if the participants held a 1,300 shares portfolio (initial 200 shares plus extra
shares - gained by performing two buying executions, 2 x 500 shares). In the case of high DOA, the X

axis would not change because the trading algorithm would not hold more than 600 shares.

In summary, the first design concept was based on the base AH and derived the market-
portfolio-execution visualization to make clear a causal relationship in the work domain. The causal
relationship would be consistent in all DOAs that would be possible with trend following trading. The
market-portfolio-execution visualization is similar to how ecological displays are typically designed. It
explicitly represented the information structure of the work domain and is expected to support problem-

solving in unanticipated market situations.

3.3.6.2 Design concepts inspired by DOA-layered models to support high DOA

The high DOA configuration may be more vulnerable to the disturbances caused by the slippage,
as the trading algorithm followed a rigorous logic and the participants were unable to intervene.
However, the market-portfolio-execution visualization provided neither a) problem-solving support for
understanding the automated decision-making process and b) procedural support for detecting
automation failures. As previously discussed in section 2.5.2.1, the DOA layer may be particularly
useful for adding more variables and constraints that are not visible on the base models, suggesting

opportunities to develop additional visualizations for specific DOAs.

States-task visualization

To develop a supplement to the market-portfolio-execution visualization that can specifically
support the different task requirement in the high DOA configuration, new design concepts were
inspried by consulting with the previously made DL models for trend following trading in the routine
operation (Figure 7) and in the unanticipated operation (Figure 8). The AH for modeling trend following

trading (Figure 3) was also used as a reference. Rationale for the design concepts was to understand how
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the DOA has been layered in four regions that corresponded to the stages of automation and how to
conclude a causal relationship concerning the AH model. As the result of this comparison, several
functions were extracted from the models and the DOA layers to develop problem-solving support and

procedural support. After that, the two types of support were integrated into a states-task visualization.

Problem-solving support. Three DL functions were captured from multiple stages of automation
and were used to develop knowledge-based support for participants in coping with unanticipated
situations. These functions used different function allocations in the routine operation DL and the
unanticipated DL. They are “system state” (analysis automation), “goal state” (decision automation) and
“task™ (action automation). A comparison of the different function allocations and the connections to the

trend following trading AH are presented as follows.

The system state represented the calculations of SMA relevant to two Abstract Functions, the
“flow model of capital” and the “flow model of market information”. The goal state described that to
profit from the market; the automation must identify a trading signal when a crossover of the two
moving averages was achieved (Functional Purpose: “to achieve a maximum rate of profitable revenue”).
The task specified the buying and the selling executions of the automation and indicated that the
performance of the executions should be evaluated by the participants (Generalized Functions: “to buy”,
“to sell”, and underlying Physical Functions and Physical Forms). The trend following trading AH
(Figure 3) showed that most of the corresponding AH functions were allocated to the automation,

suggesting that the automation had high authority in the high DOA configuration.

The routine operation DL demonstrated that all three DL functions would be successfully
established by the automation if no slippage occurred in this environment (Figure 7: Step 3, 4, and 5). In
this case, the relationship between these functions was anticipated and no knowledge-based reasoning

would be needed. In contrast, in unanticipated situations, this relationship was more complex due to the
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influence of the slippage. Indeed, the unanticipated DL showed that all three functions must be
understood by the participants (Figure 8: Step 3, 4, and 6), suggesting that a common monitoring
strategy would not be sufficient in this situation. The slippage was attributed to the latency simulated by
the AUTRASS (Physical Form: “latency’) and was coupled with both system state and task. The
coupled relationship could not be directly perceived by the participants through the conventional
displays. System state and goal state were represented on the market panel as SMA curves and
crossovers. The participants may observe the trading history panel for information related to the
execution completion time but could not directly perceive the latency. The conventional displays
contained heuristic cues of the system state, the goal state, and the task but supported neither the

interpretation of the slippage nor the representation of their relationship.

Graphically representing this relationship on the ecological displays should support participants
in coping with all situations, including unanticipated situations where a more complex relationship
existed. Visualizing this relationship in the unanticipated situations would support knowledge-based

reasoning activities that were identified on top of the unanticipated DL (Figure 8: Step 4).

Figure 22 demonstrates how a graphical representation of this relationship could work. The
dashed curve describes the system state by graphically representing the difference between the long-
period and the short-period SMAS. The solid-horizontal line has zero vertical distance and inherently
matches the timeline of the simulation. Whenever the dashed curve reached the solid-horizontal line,
meaning a crossover of the two SMA curves occurred on the market panel, the desired goal state would
be achieved. If the trading algorithm decides to execute on this goal state, a circle would appear on the
dashed line, representing the type of the execution. The latency caused by the slippage could be
identified by visually scanning the position difference between the SMA crossover and the circle on the

dashed curve. Following the EID principles (Vicente & Rasmussen, 1992), knowledge-based problem
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solving is supported with the entire problem space demonstrated in this representation to help

participants understand factors that complicated the relationship.

SMA crossover (goal state)
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Figure 22. Mechanism of the states-task visualization for high DOA: Problem-solving support

(knowledge-based, left) and procedural support (skill- and rule-based, right).

Procedural support. Procedural support was provided for detecting automation failures at the

skill- and rule-based levels. The trading algorithm ran iteratively to capture a buying signal that was

associated with a lower market price and the following selling signal that was associated with a higher

market price. Although the trading algorithm was fine tuned to perform well in the simulated market, it

was still possible that the automation experienced a temporal loss which should be detected by the

participants (see section 3.4.4 for the task descriptions). The temporal performance of the automation in

the most recent iteration relative to the current timestamp can be described using the realized profit and

loss that was gained through the buying and selling executions:

RPL (buy", seiry = Pseirr X Seir — Ppuy» X Spuy-
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The relationship described in equation (2) was visualized in the right portion of Figure 22. Since
the trading algorithm always traded with the same number of shares, S- equals to Sy,,-. The participants
may directly observe the temporal performance of the automation by comparing the heights of the two
boxes which essentially represented Py,,- and Py-. The boxes include parameters related to the “task”
function that has been identified on the DL models. This design concept utilized the procedure that was
formulated and executed by the automation and should support rule- and skill-based processing. The
temporal performance of the trading algorithm can be characterized by patterns of the height difference
of Py and Py representing a winning or losing buy-sell pair. Following the EID principles (Vicente &
Rasmussen, 1992), a consistent skill- and rule-based mapping was developed between the pattern and

the algorithm performance.

The design concepts for the states-task visualization was polished to include a variety of visual
cues. Distinct colours were used to illustrate functions that had different meanings. For example, for the
circle representing the executions on the left portion of the visualization, cyan was used to represent a
buying execution and amber was used to represent a selling execution. The box representing the
parameters of the most recent buying execution was consistently assigned a gray colour, showing that
the buying execution alone did not decide the trading performance. If the corresponding selling
execution was associated with a market price that was lower than the buying price (i.e., Pseir < Pyyy), the
box representing the parameters of the selling execution would be coloured green, showing that the
trading performance was failing. As shown in Figure 23, the execution panel for the high DOA which

has been used in the conventional displays has been modified to incorporate the states-task visualization.
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Figure 23. Integrating the states-task visualization to the execution panel (high DOA).

In summary, while the market-portfolio-execution visualization may be still useful to assist the
traders in maintaining some aspects of their awareness, the problem-solving support (left portion, Figure
22 and 23) should help the participants develop knowledge about how the automation selected decisions
and whether the slippage caused automation failures. On the other hand, the procedural support (right
portion, Figure 22 and 23) would not overcome the difficulty associated with the knowledge-based

processing but could provide skill- and rule-based support to fault detection.
3.3.6.3 Putting it all together: Designing ecological displays

The ecological displays were built on the conventional displays and included the additional
visualizations that have been described in the previous sections, as presented in Table 8. Since the
market-portfolio-execution visualization was based on the base AH, it was adopted in the design of both
the low DOA and the high DOA configurations. The states-task visualization was designed to
specifically support the monitoring for the high DOA configuration; therefore, this visualization was

incorporated to the high DOA execution panel.
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Table 8. Display Elements of the Ecological Displays for the Moderate DOA and the High DOA

Configurations.

Moderate DOA High DOA

Market panel
Fundamental history panel
Portfolio panel
Execution history panel

Market-portfolio-execution visualization*

Execution panel for high DOA and the states-task

Execution panel for moderate DOA ek
visualization

* New in ecological displays.

Figure 24 and 25 show distinct ecological displays that have been used in the moderate DOA

and the high DOA configurations respectively.

Figure 24. Ecological display for moderate DOA.
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Figure 25. Ecological display for high DOA.

3.4 Method

3.4.1 Experimental Design

This dissertation defines ““scenario type” in equation 3 according to the individual levels of the

DOA and the display type:

Scenario type = DOA - display type 3)

Each participant completed four scenarios denoting combinations of the two DOAs and the two
display types. Therefore, the experiment was generally a one-way, within-subject design (scenario type:
moderate-conventional, moderate-ecological, high-conventional and high-ecological). Scenarios that
were considered in the data analysis (referred to as the measurement scenarios, not including the
training scenarios) were completely counterbalanced for each participant to reduce learning effects.
Other than scenario types, there were additional within-subject independent variables that were used

with certain dependent variables. These independent variables were SA level (used with the SA
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dependent variable), area of interest (used with the eye-tracking dependent variable) and workload

subscale (used with the perceived workload dependent variable).

The following sections introduce procedure, demographics of the participants, descriptions of
the different tasks performed by the participants in the moderate and the high DOA configurations,

independent variables and dependent variables.

3.4.2 Procedure

Experiment 1 received initial ethics clearance by a University of Waterloo research ethics
committee on November 30, 2015 (ORE #: 21061). All participants were recruited from undergraduate
and graduate student applicants at the University of Waterloo. During the recruitment process, each
applicant was asked to complete a screening questionnaire to report their age, visual acuity, and colour
vision, and provided information regarding their degree program and their minor or option at the
university if there was any. On the screening questionnaire, the applicant was also requested to state
whether they have successfully completed at least one computer programming course, and how
comfortable they would be with using spreadsheet software (e.g., Microsoft Office Excel) and
information graphics software (e.g., creating a chart from a data set) each on a customized five-point
scale (1 for strongly uncomfortable to 5 for strongly comfortable). A copy of the recruitment letter and
an example screening questionnaire are provided in Appendix B and Appendix C of this dissertation
respectively. The answers to the screening questionnaire were reviewed. Each selected participant was
invited to attend an experimental session that will be described in the following paragraphs. The
experimental session lasted approximately two hours, but there were individual differences (typically

within £ 20 minutes).
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1. Consent. The participant was asked to read the information letter and provided their consent
to participate in the experiment. Examples of the information letter and the consent form can
be found in Appendix D and Appendix E respectively;

2. Demographic questionnaire. The participant completed a demographic questionnaire on their
gender, experience using computers, and experience with financial trading. A copy of the
demographic questionnaire is provided in Appendix F;

3. Training slides and training scenarios. The participant was provided with training slides
introducing them to the basic concepts of financial trading (including most content in section
2.2 and 2.3 of this dissertation) and instructions on how to use the automation provided in
each scenario and how to perform the designated tasks. The participant was first introduced
with moderate-conventional, as the moderate DOA is a more familiar situation than the high
DOA regarding the participant’s responsibility in trading, and the conventional displays are
less complex than the ecological displays. After that, the participant experienced the first
training scenario on the same scenario type simulated with financial data set TD1. This
training scenario included 60 time stamps and lasted 5 minutes. To avoid biases in trading
decision-making, each scenario started with a neutral portfolio (i.e., UPL = 0). The starting
size of the portfolio was 100 shares, and the average price was identical with the starting
market price. The RPL started at zero as well and would be accumulated throughout the
scenario. During the training scenario, the simulation was paused at a random timestamp to
evaluate the participant’s SA for the moment before the pause using designated SA queries.
The SA queries were presented in a full-screen mode so that the participant was unable to
revisit the simulation screen for clues. The SA queries were customized to describe the
financial trading context and will be described in detail in section 3.4.6. The training scenario

ended with feedback on the participant’s risk preference (Appendix G) and perceived
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workload (Appendix H) for that scenario. Similarly, the participant was presented with
training slides and scenarios for other scenario types, which are moderate-ecological, high-
conventional and high-ecological using financial data sets TD2, TD3, and TD4 respectively.
It is important to note that all training materials did not include descriptions of the algorithm
logic;

. Measurement scenarios. The participant experienced four measurement scenarios. To
balance the trade-off between the limited time and the quality of the training, the
measurement scenarios were similar to the training scenarios regarding the designated tasks
and the measurements during and after the simulation but had four major differences. First,
the presentation order of the measurement scenarios was counterbalanced to reduce learning
effects, whereas the training scenarios were presented in a fixed sequence to ensure the
participant was appropriately trained. Second, the measurement scenarios used financial data
sets D1, D2, D3, and D4 which led to a significantly longer simulation than those data sets
used by the training scenarios, allowing the participant’s performance and risk preference to
be better measured. Third, in each measurement scenario the simulation was paused twice to
facilitate more measurements of the participant’s SA. Lastly, the participant’s scan pattern
was measured in the measurement scenarios but not in the training scenarios to reduce the
duration of the experimental session. As a result, before the first measurement scenario
started, the participant was asked to complete a 9-point eye tracker calibration task using a
software tool provided by Gazepoint. According to the guidance of Gazepoint, the participant
was required to complete at least 80% calibration points to proceed in this experiment.
Should the participant cannot complete the eye tracker calibration within 20 minutes, they
would be asked to withdraw from the experiment but would still receive their participation

payment in full;
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5. Debriefing. The participant was encouraged to comment on the experimental design and was
debriefed about the objective of this experiment. After that, the participant was remunerated

for their participation.

3.4.3 Participants

To robustly estimate the minimum number of participants that would be required to reasonably
detect an effect in the data analysis, a prior power analysis was performed using G*Power 3.0 (Faul,
Erdfelder, Lang, & Buchner, 2007). As suggested by Cohen (1988), the alpha was set as 95% (two-tail)
and the desired power was set as at least .80. For a one-way (scenario type: moderate-conventional,
moderate-ecological, high-conventional or high-ecological), within-subject experimental design, the

minimum number of participants suggested to detect a medium effect (f = .25) is 24.

Eight females and sixteen males voluntarily participated in this study, and each was remunerated
30 Canadian dollars for their participation. The average age of all participants was 25.1 years (SD =
3.256). All participants were undergraduate and graduate students registered at the University of
Waterloo. All participants reported they have a normal or corrected normal visual acuity (i.e., wearing
glasses or contact lenses) and normal colour vision, and they would be comfortable interacting with
numeric and colour visualizations that are commonly used in financial trading displays (rated at least 3
in the 5-point scale in both cases). All participants stated that they have successfully completed at least
one computer programming course, indicating that the participant had a basic understanding of computer
algorithms. Regarding trading experience, seventeen participants claimed no previous trading experience.
Seven participants identified themselves as having previous trading experience, of which four
participants had performed personal investment, one participant had taken academic courses related to
financial markets. Only one participant claimed to have received professional training in financial

trading by completing an internship in that industry.
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3.4.4 Task Descriptions

3.4.4.1 Moderate DOA: Flexible trading task

The participant’s task in the moderate DOA scenarios was flexible, which was to monitor the
simulation screen for trading opportunities with automation support and perform trend following trading.
The participants were explicitly told during the training stage to follow four restrictions set by the
AUTRASS. These restrictions helped with the control of confounding in the experimental design but
may limit the use of certain trading strategies. Some of these restrictions have been described previously.

A summary of all four restrictions is being provided as follows.

1. Only one execution (buying or selling) could be submitted between two timestamps;

2. Tosimulate latency (or slippage) in financial trading, executions (buying or selling) may be
filled to generate a successful trade at the next timestamp after the execution was submitted
to the simulator;

3. The participant was provided with unlimited buying power (i.e., cash). Perceptually, there
was no limit on the maximum portfolio’s size the participant could achieved. However,
because of the limit on the duration of each scenario and restriction (1), the participant could
buy as many as 60,000 shares in the case of the 120-timestamp scenario or 90,000 shares in
the case of the 180-timestamp scenario;

4. Any execution (buying or selling) must be performed at the current market price of the SPY
with 500 shares. The participant was unable to specify the price at which order would be

submitted.

All restrictions simplified the task and were expected to reduce individual differences that may
confound the experimental design. Restriction (1) had a known drawback: participants were unable to

immediately sell off a position larger than 500 shares. Restriction (4) reduced individual differences in
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typing in the number of shares to be traded. This restriction helped to reduce the noise caused by human
errors in the resulting data. For example, slips and lapses could happen in the highly routinized task of

specifying the parameters needed to submit an execution, as identified by Leaver and Reader (2015).
3.4.4.2 High DOA: Fault detection task

In the high DOA configuration, the trading algorithm performed a selling or buying execution of
500 shares at the current market price whenever a rebound trading opportunity occurred. The participant
performed a fault detection task in parallel to the automated trading. The fault detection task was
designed for the participants to detect temporal automation failures at the stages of decision selection
and action implementation in the high DOA situation. Since the automation traded in a series of buy-sell
pairs (t;-t;-, t>-ty, ta-t3-, @s shown in Figure 26), the participants must effectively monitor the simulation
screen for realized profit and loss made by the automation through each pair. It can be seen in Figure 26
that the automation has achieved realized profits through the first two pairs, as the market price at which
the buying execution was made was lower than that at which the selling execution was made (Pp, x, buy <
Pm, x,sen, X = 1 0r 2). A temporal automation failure occurred at the third pair (Pm, 3, buy < Pm, 3, sen)), in
which case, the participant should click on the “report loss” button as soon as possible to demonstrate
they have detected the failure. The report loss button was located at the execution panel used in the case

of high DOA configuration.
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Figure 26. P, overlaid with winning and losing buy-sell pairs (high DOA).

During the training stage of this experiment, the participants were explicitly told that constant

temporal failures of the automation would accumulate a significant realized loss and caused a system

failure. The system failure could be directly observed through the “realized profit and loss” indicator on

the portfolio panel (i.e., RPL < 0). However, the temporal automation failure which would be reported in

the fault detection task was only related to the trading algorithm and should be differentiated with a

system failure. Details of the system failure will be described in section 3.4.5.3.

As have been explained previously, each participant experienced two counter-balanced

scenarios with the high DOA. In each scenario, either financial market data set D3 or D4 was used. The

presentation order of the two data sets was also counter-balanced for a strict experimental design. The

reason for choosing these data sets for the high DOA scenarios is they triggered similar numbers of

losing buy-sell pairs that should be reported by the participants. There were four losing buy-sell pairs
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occurred within D3 and five in the case of D4. Using D3 and D4 as the financial market data sets was an

important design consideration in establishing a consistent baseline reference for evaluating the fault

detection task performance across different display types within high DOA.

3.4.5 Independent Variables

All independent variables are listed in Table 9. The following sections explain how each

independent variable was manipulated in this experiment.

Table 9. Summary of the Independent Variables (Experiment 1).

Independent Variable

Type

Level

Used with

Scenario type

Financial market data

System state

Area Of Interest (AOI)

SA Level

Within-subject

Within-subject

Within-subject

Within-subject

Within-subject

Moderate-conventional,
moderate-ecological, high-
conventional or high-
ecological

D1,2,30r4

Profiting, neutral or losing

Market, portfolio, trading
history, market-portfolio-
execution or states-task

SA Level 1 and 2, or 3.
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All dependent variables

Manipulated in the
experimental design (D1
and 2 for moderate DOA
and D3 and 4 for high
DOA) but was not
included in data analysis

Included in the evaluation
of mean position size
portfolio and decision
preference in a
guaranteed profiting
situation

Included in the evaluation
of all eye-tracking
measures: 1) the market,
portfolio and trading
history AOIS were
evaluated with all scenario
types; 2) the market-
portfolio-execution AOI
was involved in the
evaluation of conventional
display scenarios; 3) the
states-task AOI was
evaluated within the high
DOA scenarios only

Included in the evaluation



Independent Variable Type Level Used with

of SA rating
NASA TLX subscale Within-subject Mental, physical, temporal Included in the evaluation
demand, performance, of perceived workload

effort or frustration

3.4.5.1 Scenario type

Scenario type was manipulated in the different scenarios. Simulation data for each measurement

scenario was logged in a separate file to facilitate data analysis.

3.4.5.2 Financial market data

Different financial market data sets were counterbalanced by scenario for consistency and

statistical validity. This independent variable was considered as a covariable and therefore not analyzed.

3.4.5.3 System state

System state has been previously introduced as a DL component. During the modeling stage
(section 2.4.2.3 and 2.4.2.4) and the development stage of the automation for the high DOA (section
3.3.3), system state was described similarly but was limited to the state of the financial market. In
moderate DOA, the participants not only interpreted the market dynamics but also managed the state of
the portfolio and the performance of each execution, adding up to the eventual revenue of the trading
system. That being said, system state must be evaluated in a broader sense than in the previous modeling
to describe the overall state of the trading system. To evaluate this effect, the data analysis of this
experiment defines the RPL that accumulated through every trading execution as the system state
(profiting: RPL > 0; neutral: RPL = 0; losing: RPL < 0). System state reflected realized profits and losses
and was independent of the unrealized profit and loss (e.g., a trader may have a realized loss and yet
hold an unrealized profit in the portfolio). At any time during the simulation, the trading system may
either encounter an anticipated routine situation (in the case of a profiting state or a neutral state) or an

unanticipated failure (in the case of a losing state).
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System state was not rigorously manipulated in the experimental design. Instead, it reflected
differences in trading performance that was attributable to 1) financial market data, 2) slippage (i.e.,
unanticipated situations), 3) scenario type (i.e., DOA configuration and display type). It is noteworthy to
mention that the impact of financial market data on the distribution of system states has been controlled
by counterbalancing the financial market data sets. In moderate DOA, since the participants may use
different strategies for the conventional and the ecological displays, it might be necessary to examine the
differences in the distribution of the system states between participants and displays. In this case, system
state was analyzed as an independent variable. For high DOA, however, the system state could not be
evaluated as the trading algorithm was well calibrated to achieve a consistent performance with selected
financial market data sets (i.e., D3 and D4) and would neither be influenced by participant nor display.

In this case, system state was not analyzed.

It is also important to know that only a small number of dependent variables could be evaluated
with system state. For example, it has been previously introduced that the participants’ SA was only
measured twice within each measurement scenario. Therefore, the SA ratings reflected the overall SA
per scenario, not the individual SA for each system state. For dependent variables that could be
evaluated per system state, the system state would be determined through a data preparation process,
after the completion of the experiment. RPL data for each scenario were divided into some groups that
reflect different system states. For a hypothetical example of this data preparation process, a participant
completed a scenario that contains t timestamps. The author first captured the RPL reading for each
timestamp. Let the readings be RPL3, RPL,, RPLg, ..., RPL.. The author then categorized all RPLs into
three groups by system state. Table 10 shows the grouping of the first 15 time stamps using hypothetical
data. It should be noted that RPL; was flagged as an outlier in all scenario data and excluded from the
experimental data because each scenario started with a neutral portfolio and the starting RPL was set as

zero. The grouping result shows at which time stamps the simulator was in profiting, neutral or losing
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system states. Using these timestamps as references, the effect of the system state on the designated

dependent variables could be examined.

Table 10. RPL Grouping According to System State Using Hypothetical Data.

Profiting Neutral Losing
RPL, RPL, RPL, |
RPL, } RPLS} RPLg
RPL, RPLg RPLy |
RPLy; RPLyy ]
RPLM} RPLy, |
RPLys RPLy; |

’ RPL, was consistently zero because each scenario would start with a neutral portfolio and was excluded from

the analysis.

3.4.5.4 Other independent variables

Other independent variables, such as the area of interest (AOI), SA level and NASA TLX

subscales, were tied to specific dependent variables and will be further described in the next section.

3.4.6 Dependent Variables

Some dependent variables existed in this experiment, and they were categorized according to the
research questions they attempted to answer (Table 11). First, four categories of measures (task
performance, SA, eye-tracking, and workload) were used to determine the effectiveness of scenario type
on financial trading performance. Second, the influence of scenario type on trader’s risk preference was
examined using a paper-based questionnaire inspired by McAndrew and Gore’s findings (2013). For
moderate DOA scenarios, additional quantitative measures were used to examine what risk-related

strategies the participants possessed in different system states.
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Table 11. Summary of the Dependent Variables (Experiment 1).

Research Category Dependent Type Independent Data Collection
Question to Variables Variables Method
Answer (Number of
Levels)
Research Task performance End of scenario  Ratio Moderate DOA  Simulation data
question 2: “Do RPL only: scenario
ecological type (2)
displays have . Fault detection  Ratio High DOA only:  Simulation data
an advantage in .
. accuracy scenario type
supporting 2)
financial trading
performance? If ~ Situation awareness Mean SA score Ratio Scenario type Computer-
so, in which (4) administrated
DOA does this questionnaire
advantage . . . . .
exist?” Eye tracking Total dwell time  Ratio (log- Scenario type Eye tracking
transformed) (4), AOI (6) data
Workload NASA TLX rating  Ratio Scenario type Paper-based
(4), NASA TLX guestionnaire
subscale (6)
Research Risk preference Choice of Binary Scenario type Paper-based
question 3: options (as part  (nominal) (4), fourfold questionnaire
“Can ecological of the fourfold situations (4)
displays pattern of
influence preferences)
trader’s risk Mean Ratio Moderate DOA  Simulation data
preference? If S .
. portfolio’s size only: scenario
they can, in type (2), system
which DOA !
does this state (3)
influence Decision Ratio Moderate DOA  Simulation data
exist?” preferencein a only: scenario
guaranteed type (2), system
profiting state (3)
situation
Decision Ratio Moderate DOA  Simulation data
preference in a only: scenario
guaranteed type (2), system

losing situation

state (3)
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3.4.6.1 Task performance measures

End of scenario RPL (moderate DOA)

Since achieving profitable revenues has been identified as the primary goal of financial trading
and the participants had relatively high flexibility in making decisions with moderate DOA, end of
scenario RPL was collected at the end of each scenario and was used in the data analysis to evaluate the
task performance in this environment. To explore the ceiling of end of scenario RPL (i.e., the maximum
revenue the participants could possibly achieve given the financial market data were known), a
guantitative researcher was consulted for generating an optimized result. The optimization was
performed with the same constraints experienced by the participants during the flexible trading task (i.e.,
maximum one buying or selling execution per timestamp, with unlimited buying power). Results of the
optimization showed that it was possible to achieve up to $810 with D1 (120-timestamp data) and $1745
with D2 (180-timestamp data). These results were later compared to participants’ performance to

determine whether a ceiling has been achieved.

Fault detection accuracy (high DOA)

Since the operation logic of the trading algorithm and the financial market data sets used in the
high DOA scenarios were both predetermined, mean RPL would neither be influenced by the individual
differences nor the displays; therefore, mean RPL should not continue to be used as the task

performance measure for the high DOA.

In the high DOA configuration, the participants performed a monitoring task, monitoring the
behaviour of the automation and the status of the trading system. Fault detection accuracy would be an
appropriate task performance measure in this setting. This dissertation defines fault detection accuracy
as the number of losing buy-sell pair correctly reported by the participant divided by the total number of

losing buy-sell pairs in each high DOA scenario. The denominator was the total number of losing buy-
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sell pairs that should be correctly reported. This denominator, as was previously described, was only
determined by the financial market data set and would serve as an appropriate analysis baseline. There

were in total four losing buy-sell pairs with D3 and five losing buy-sell pairs with D4.

3.4.6.2 Situation awareness measure

Situation Awareness Global Assessment Technique (SAGAT: Endsley, 1988, 1995) was used as
a measure of the participants’ SA. SAGAT was originally developed to provide a measure of SA in
mission scenarios in simulated aircraft systems, and has become a popular method in the automation
literature (e.g., Endsley, 2015; Kaber & Endsley, 2004) and the EID literature (e.g., Burns et al., 2008).
Using SAGAT, participants are requested to self-report their perceived SA by answering a series of
guestions (randomly selected and categorized in separate SA levels) during random pauses of the
simulation without accessing the flight status displays. After the completion of the simulation, SA
should be scored by comparing the participants’ answers to the real situations that are typically
described in the simulation data. Subject-domain experts, such as professional pilots, are usually
involved in the data analysis process to help to decide the scoring rubrics. As previously introduced, in
each measurement scenario of this experiment, the AUTRASS simulation was paused at two random
points in time with the displays blanked. During each pause, the participants were requested to provide
answers to six questions based on their understanding of the last seen situation of the AUTRASS
simulation. AUTRASS randomly drew each question from a predetermined pool of sixteen SA queries.
For statistical stability, two questions were drawn for each SA level, and no duplicate SA queries were
used during both pauses of each measurement scenario, to ensure that all aspects of the participants’ SA
were equally evaluated. The SA queries were framed in a way that encouraged the participants to search

for the required information in three different situations:
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First, five level 1 SA queries were designed to elicit the participants’ perception of the present
situation (i.e., the 5-second window before the pause during which SA was measured). These questions
primarily asked about the market aspects of the simulation related to the performance of the acquisition
and analysis automation which was included in both DOA configurations. The market aspects included
market price (related to the acquisition automation), SMAs (related to the acquisition automation) and
various system states (e.g., SMA crossovers, related to the analysis automation). The last level 1 SA
query targeted at awareness of the most recent trading execution relevant to the decision selection and
action implementation stages. The information required to report the participants’ immediate perception
of this aspect could be retrieved from the information presented in the tabular form on the trading
history panel which was used in all DOA and display scenarios, whereas the ecological displays may

provide more explicit support;

Second, the level 2 SA queries also reflected the present situation but were designed to elicit the
deeper level of comprehension. There were five level 2 SA queries. Two of these questions were
specific to the identification of the decisions on trading signals which were made by the participants in
the case of moderate DOA or the automation in the case of high DOA. Three other level 2 SA queries
required the participants to understand the probable cause of the present situation of the portfolio.
Although many aspects of the portfolio have been illustrated on the portfolio panel of the conventional
displays, the present situation of the portfolio depended on other factors, including the market dynamics
and the trading executions. Since the causal relationship between the market, the portfolio and the
executions have not been explicitly represented on the conventional display, to reason from the situation
of the portfolio, the participants must also obtain a good awareness of the market and the trading
executions, particularly in the case of high DOA where the automation did not take any responsibility
for the portfolio. It is reasonable to expect that the market-portfolio-execution visualization presented on

the ecological displays could provide additional help;
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Lastly, six level 3 SA queries were framed to encourage the participants to predict most aspects
of the AUTRASS in the next 5 seconds from the occurrence of the simulation pause. The 5-second
window was set for the participants to recall their working memory, rather than their long-term memory
(e.g., from the beginning of the scenario). Regarding the answer format, all level 1 SA queries were
multiple choice questions which were appropriate to the specific level of understanding they tried to
evaluate. Level 2 and 3 SA queries required the participants to provide more detailed, open-ended

answers. A list of all questions in the pool is provided in Table 12.

Table 12. SA Query Pool (Experiment 1).

SA Level SA Query Answer Choice
1 “In the last 5 seconds, the market close price has  Up, down or flat
gone:”
“In the last 5 seconds, the slower moving Up, down or flat

average curve (yellow) has gone:”

“In the last 5 seconds, the faster moving average  Up, down or flat
curve (purple) has gone:”

“In the last 5 seconds, was there a crossover of Yes or no
the two moving average curves?”

“In the last 5 seconds, what was the most recent  Buy, sell
trade?”

2 “What is happening with the unrealized profit (Open-ended)
and loss in your portfolio? Why?”

“Is there a buying opportunity? Why?”
“Is there a selling opportunity? Why?”

“What is happening with the quantity in your
portfolio? Why?”

“Has the most recent trading execution made
any profit? Why?”

3 “What will happen to the market close price in (Open-ended)
the next 5 seconds? Why?”

“Do you think there will be a buying opportunity
in the next 5 seconds? Why?”
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SA Level SA Query Answer Choice

“Do you think there will be a selling opportunity
in the next 5 seconds? Why?”

“Do you think there will be a buying execution in
the next 5 seconds? Why?”

“Do you think there will be a selling execution in
the next 5 seconds? Why?”

“What will be the status of the quantity in your
portfolio in the next 5 seconds? Why?”

3.4.6.3 Eye-tracking measure

Eye-tracking data were collected continuously through a software tool provided by Gazepoint
and were analyzed to support the interpretation of the SA results. This dissertation defines a dwell as
some fixations that can be determined as a visit in an area of interest (AOI) on the AUTRASS
simulation screen. According to Holmgvist, Nystrém, Andersson, Dewhurst, Jarodzka and Van de
Weijer (2011), a higher dwell time (calculated per dwell) indicates that the participants might have poor
SA, have difficulties in capturing information from an AOI, or need more time to gather the information.
The total dwell time, defined as the sum of all dwell times on an AOI, has similar features in interpreting
the SA results and should be used to describe long-term cognitive processes. Eye-tracking data for the 5-
second window before each SA pause in the measurement scenario were used to determine the

frequency and duration that the participants spent monitoring each AOI.

Figure 27 shows that the three primary AOIs were defined on the top portion of the market
panel (which contained the price chart), the portfolio panel and the trading history panel. These AOls
represented the most important aspects of the simulator screen and were consistent with all scenario
types (using all combinations of DOA and display type). The market-portfolio-execution AOI was

defined on the market-portfolio-execution panel for the moderate-ecological scenarios and the high-
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ecological scenarios. The states-task AOI was defined on the execution panel of the high-conventional

scenarios and the high-ecological scenarios.
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Figure 27. AOI layout.

3.4.6.4 Workload measure

The original NASA TLX approach required supplementary paired comparisons of six subscales
to determine the weight or importance of each subscale. Each comparison is being made using a 0-5
scale. In this experiment, perceived workload ratings were calculated based on an unweighted approach
recommended by Nygren (1991). Nygren argued that with the original approach, one of the weights
could be incorrectly determined as 0.0 and causes the final score to reflect only five components or

subscales. On the other hand, the unweighted NASA TLX approach reduces the time consumption of
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taking the NASA TLX measure, and might improve the validity of workload measures. A copy of the

NASA TLX questionnaire is provided in Appendix H.

3.4.6.5 Risk preference measures

Fourfold pattern of preferences

A paper-based risk preference questionnaire was developed based on McAndrew and Gore’s
findings (2013) on professional traders’ risk preference. McAndrew and Gore described four situations
that were different in the outcomes (prospect gains or losses) and the probabilities of achieving these
outcomes (small-probability and medium- and large-probability). Further, as shown in Table 13, risk
preference can be described as either choosing a risk-seeking decision or a risk-aversion decision, while

facing certain outcomes and probabilities.

McAndrew and Gore compared the findings of prospect theory, Hertwig and Erev’s findings
(2009) on a decision from experience and their observations on professional traders and found different
fourfold patterns of risk preference. The prospect theory suggested that people would typically perceive
rare events as having more weight if people are told to make decisions from descriptions of those
probabilities; therefore, people are risk-seeking in small-probability gains and medium and large-
probability losses. On the contrary, if people are allowed to experience the outcomes and their
probabilities through observations of events in the environment, rare events would be underweighted.
Indeed, it has been found in Hertwig and Erev’s experiment that people may be risk-aversion for small-
probability gains. As McAndrew and Gore pointed out, it is not clear that how people make those
decisions for medium- and large-probability gains and losses (shown as question marks in Table 13),
though a speculation suggested that the same fourfold pattern with that described in prospect theory may

exist.
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Lastly and most importantly, McAndrew and Gore interviewed professional traders and
documented their preferences on market situations that were associated with similar outcomes and
probabilities (2013, pp. 189-191). To study traders’ risk preference in experience-based choice,
McAndrew and Gore conducted an Applied Cognitive Task Analysis (ACTA: Militello & Hutton, 1998)
and synthesized interview data collected from the traders and developed a cognitive demands table. The
cognitive demands table provided an overview of the difficult cognitive elements and the strategies used
by expert traders to overcome the difficulties. McAndrew and Gore then mapped the cognitive demands
to the fourfold pattern of prospect theory and characterized the traders’ risk preference as risk-seeking or
risk-aversion. Their work not only suggested that learning from a professional source might lead to a
different fourfold pattern of preferences in comparison to those patterns derived from the case of
descriptions of outcomes and probabilities and the case of experience through learning, but also
provided a template of various market situations and choices that could be re-evaluated in a different

experimental setting.

Table 13. Fourfold Pattern of Preferences for Description- and Experience-Based Choices.

Description (prospect theory)  Experience through learning Experience through professional
(Hertwig & Erev, 2009) training (McAndrew & Gore,
2013)

Gains Losses Gains Losses Gains Losses
Small Risk seeking Risk aversion  Risk aversion  Risk seeking Risk aversion Risk aversion
probability
Medium Risk aversion  Risk seeking Risk Risk seeking?  Risk seeking Risk aversion
and large aversion?
probability

A subject-domain expert on automated trading supported the development of this risk preference

guestionnaire, by framing the market situations and decisions summarized by McAndrew and Gore into
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guestions and options. One market situation about the medium and large probability gains described

anticipating the effect of changes in market fundamentals which cannot be simulated with AUTRASS.

This market situation was not included in the guestionnaire design of the questions.

The questionnaire consisted of four questions. Each question described a market situation that

was associated with an outcome and a probability of occurrence. There were two options for each

question, and each option represented a decision. After the completion of each scenario, the participant

provided an answer to each question by choosing their most likely decision from the provided two

options. Table 14 contains annotations in an italic font that described the probability of each question

(fourfold) and the outcome of each provide an answer (risk-seeking or risk-aversion). Readers should

know that these annotations were not presented to the participants.

Table 14. Fourfold Pattern of Preferences Framed onto Questions and Options.

Situations

Question

Choice (a)

Choice (b)

Identifying
emerging trends
(medium and
large probability
gains)
Responding to
trend reversals
(small probability
losses)

Detecting regime
shifts (small
probability gains)

Taking actions
following sudden
interruption to
supply (medium
and large

probability losses)

“If there is a micro trend
that the market will move
to one direction, | would
more likely:”

“If there is a change in the
market direction after a
position has been placed
(buy), | would more
likely:”

“If the market has been in
a shock (regime shifts) for
quite a while (5 minutes,
in the context of this
experiment), | would
more likely:”

“If the market is
collapsing (e.g., market
crash), | would more
likely:”

“Immediately place the
position (buy) for the

maximum profitability” (risk

seeking)

“Believe this reverse trend
is only momentary” (risk
seeking)

“Immediately place the
position (buy), as | believe
the market will break the
shock and the space for
uptrend has been opened
up” (risk seeking)

“Immediately close out all
or most positions, or do
nothing” (risk seeking)

“Wait until the market direction
is clear” (risk aversion)

“Immediately close the position
(sell) to minimize losses” (risk
aversion)

“Wait longer, as | still believe the
market is in the shock” (risk
aversion)

“Promptly buy back the same
financial product to lower the
average portfolio price” (risk

aversion)
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Mean portfolio’s size (moderate DOA)

The fourfold pattern of preferences was measured after the participant experienced each
scenario and it was a subjective and robust measure. As a supplement to the qualitative, risk preference
guestionnaire, quantitative measures were developed based on the objective simulation data to
characterize the participants’ risk preference with higher fidelity. Since in moderate DOA scenarios the
participants had the authority to trade, their strategies may be influenced by the DOA and the display
type and possibly reflected their risk preference. For example, mean position size of the portfolio was
used to measure the participants’ portfolio management strategy. The participants did not directly
perform trading executions in the high DOA configuration. Therefore, no quantitative risk preference

was developed in that case.

The participants performed a flexible trading task with moderate DOA and the buying power
was unlimited. The only hard limit on the maximum number of shares one could obtain was subject to
the duration of the scenario (i.e., 90,000 shares with 180-timestamp data and 60,000 shares with 120-
timestamp data). The optimization results to achieve a relatively good end of scenario RPL were
previously discussed. With the optimized result with 180-timestamp data, the maximum portfolio’s size

would be 8,000 shares. In the case of 120-timestamp data, this number would be 2,000 shares.

Decision preference in a guaranteed profiting situation (moderate DOA)

The participants’ risk preference could be further studied by understanding how they balanced
risk against performance in each execution. This dissertation defines a guaranteed profiting situation as
UPL > 0, which can be achieved when S, > 500 (the author has previously described that for simplicity
the minimum number of shares the participant could buy or sell was 500) and P, < Py, Guaranteed
profiting provided a common ground for making comparisons and it naturally fit into the fourfold

pattern of preferences as a high probability prospect gain.
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Three decisions (or risk levels) were available to the participant during guaranteed profiting

situations - either selling off the existing shares, holding the portfolio or buying more shares:

1. Selling the financial product (i.e., SPY) in a guaranteed profiting situation was associated
with no risk because unrealized profit would be immediately converted to realized profit. In other words,

a selling execution was a risk-averse execution;

2. A holding execution in a guaranteed profiting situation can be interpreted as the participants
were taking a moderate level of risk. The market price could fall right after this timestamp, cutting their
unrealized profit. Unless it was a hard fall, the participants were still confident about their ability to sell
off the financial product before the unrealized profit reduced or turned to an unrealized loss. It can be

concluded that a holding execution was a moderate risk-seeking execution;

3. Buying more shares to increase the position size when UPL > 0 was interpreted as having
high risks, due to the polarized results it might cause similar to a large portfolio size. If the market
moved up after the buying execution, a large portfolio would have more unrealized profit. If the market
moved down, a large portfolio would lead to more losses. Therefore, a buying execution can be

interpreted as a high risk-seeking execution.

Decision preference in a guaranteed losing situation (moderate DOA)

This current measure is similar to the previous measure. A guaranteed losing situation was
defined as UPL < 0 (i.e., S, > 500 and P, > P;,) and the participants should be facing a high probability
prospect loss. Similar to a guaranteed profiting situation, the participants were able to perform either a

selling execution, a holding execution or a buying execution.

1. A selling execution means that the unrealized loss would be immediately realized. A selling

execution was a risk-averse execution;
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2. Holding to a losing portfolio was a moderate risk-seeking execution;

Buying more shares with a losing portfolio suggested that the participants were looking to take a
higher level of risk. Therefore, a buying execution at this time can be interpreted as a high risk-seeking

execution.

3.5 Research Hypotheses

This dissertation examines three research questions:

Research question 1: How to model automated trading systems with a variable DOA using

CWA?

Research question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

The following two sets of hypotheses were developed to examine research question 2 and 3

respectively.
3.5.1 Research Hypotheses for Examining Performance

H1: The participants should achieve better performance with ecological displays in comparison

to conventional displays.
Hypothesis 1 will be examined in several aspects:

H1a: The participants should perform better with moderate-ecological than with moderate-
conventional, and should perform better with high-ecological than with high-conventional. Hypothesis
1a examined what demand each DOA configuration placed upon the participants. The participants faced

unanticipated situations in both DOA configurations. Therefore, the ecological displays were expected
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to improve the task performance relative to the conventional displays similar to Lau et al.’s findings
(2008). Since the participants performed distinct tasks in moderate DOA and high DOA scenarios and
the ecological displays were designed to provide different support for specific DOASs, this hypothesis
would not generalize the overall difference between display type and DOA. Instead, two comparisons
were made between moderate-ecological and moderate-ecological, and high-ecological and high-

ecological.

H1b: The participants’ SA would be higher with moderate-ecological than with moderate-
conventional. The participants’ SA would be higher with high-ecological than with high-conventional.
There might also be some evidence in the eye-tracking measure data that can support the SA results.
According to Burns et al. (2008), ecological displays should improve the participants’ SA, particularly

in unanticipated situations.

H1c: The participants would neither perceive higher workload with moderate-ecological than
with moderate-conventional. The participants would neither perceive higher workload with high-
ecological than with high-conventional. According to the literature, the ecological displays should

achieve performance advantages without imposing more workload (Lau, Jamieson, et al., 2008).
3.5.2 Research Hypotheses for Examining Risk Preference

H2: The participants could have different risk preferences with ecological displays in

comparison to conventional displays.
A breakdown of hypothesis 2 is presented as follows:

H2a: The participants’ fourfold experience-based choice in an automated trading environment
would be different from that as identified in McAndrew and Gore’s observations (2013), under the

influence of scenario type (moderate-conventional, moderate-ecological, high-conventional or high-
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ecological). If hypothesis 2a is supported, the pattern of choice in this experiment would be compared to

those in McAndrew and Gore’s study, Hertwig and Erev’s study (2009) and the prospect theory.

H2b: With moderate DOA, mean portfolio’s size (S,) with the ecological displays would be

larger with that with the conventional displays.

H2c: In one or more system state, the participants would be leaning towards riskier actions in a

guaranteed profiting situation with the ecological displays with that with the conventional displays.

H2d: In one or more system state, the participants would be leaning towards riskier actions in a

guaranteed losing situation with the ecological displays with that with the conventional displays.

If hypothesis 2b, 2c and 2d can be supported, it may be possible to elaborate the finding of Borst
et al. (2015) that operators occasionally make risky decisions with ecological displays. A warranted

conclusion would be required.
3.6 Results
3.6.1 Conventions
The data analysis process followed several conventions:

First, all results were set to three decimal places. A statistically significant result is a result with

p <.05. A result with p = .05 is not a statistically significant result.

Second, according to Cohen’s (1992), In paired t tests, the effect size (d) used .2, .5 and .8 for
small, medium and large effects respectively. In repeated measures analysis of variance (ANOVA) tests,
the effect size (7°) used .01, .06 and .14 for small, medium and large effects respectively (Cohen, 1992).
For Wilcoxon signed rank tests, the effect size (r) was calculated by dividing z by the square root of the
number of subjects (Field, 2005). The calculations were then compared to the r thresholds of .1, .3

and .5 for small, medium and large effects respectively. There is no generally agreed effect size measure
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for Friedman’s tests. Effect sizes were calculated in post hoc tests (using Wilcoxon Signed Rank tests

for pairwise comparisons).

Third, for repeated measures ANOVA test and paired t test, the arithmetic mean (M) was used to
determine whether a statistically significant difference existed between the means of multiple
independent groups. In the case of non-parametric tests, including Friedman’s test and Wilcoxon signed
rank test, median (Mdn) was used to determine the statistical significance. Skewed distributions would
be common in financial data and these distributions, medians provide a measure that is more robust to

outlier values than arithmetic means.

3.6.2 Data Analysis Script

Customized scripts for cleaning and statistically analyzing the data were developed with R 3.3.2
and RStudio. There were approximately 25,000 lines of code, and it took approximately eight person-

months to develop the scripts.

3.6.3 Summary of Results

In the following subsections, the author presents the data analysis results which are sorted based

on the types of the dependent variables.

3.6.3.1 Task performance

End of scenario RPL (moderate DOA)

End of scenario RPL was collected at the end of each moderate DOA scenario the participant
experienced. One participant experienced technical difficulties and their data were subsequently
excluded from the analysis. There were in total 46 end of scenario RPLs and the data were divided into
two groups denoting the two scenario types (moderate-conventional and moderate-ecological), N = 23.

The assumption of normality was violated, ps < .05 and a non-parametric test was performed instead.
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Results of a Wilcoxon signed-rank test showed that the scenario type did not significantly affect the
participants’ trading performance in the moderate-conventional and moderate-ecological scenarios,
p > .05. This result aligned with the data collected through the training scenarios (moderate-conventional:

Mdn = $108; moderate-ecological: Mdn = $51.5). No statistically significant difference, p > .05).

Table 15 summarizes the descriptive statistics. Empirically, the participants achieved a slightly

less end of scenario RPL in the moderate-ecological scenarios than in the moderate-conventional

scenarios.
Table 15. Summary of End of Scenario RPLs (Experiment 1).
Scenario Type End of Scenario RPL
Mdn M Mo SD
(Middle Most)  (Arithmetic Mean)  (Most Frequent)  (Deviation)
Moderate-conventional S35 $39.0 $113 132.4
Moderate-ecological $30.5 $7.1 $83 210.6

Since the moderate DOA task was generally flexible, it might be influenced by mediating
factors that were used to facilitate the within-subject design. For example, a follow-up analysis was
performed to understand whether the different characteristics of the two financial market data sets could
influence the scenario type effect on end of scenario RPL. The data were divided into two groups by
financial market data (D1: 120 timestamps; D2: 180 timestamps). The analysis was only performed
empirically due to the unequal sample sizes of the two groups. Results showed that with D1, end of
scenario RPL was lower with the moderate-conventional scenario (Mdn = -$18) than with the moderate-
ecological scenario (Mdn = $78). However, in the case of D2, a reverse pattern was found (moderate-
conventional: Mdn = $48; moderate-ecological: Mdn = -$80) that aligned with the initial analysis results.
Further analysis included only the first 120 timestamps of D2 in order to control the duration. The
reverse pattern was still consistent (moderate-conventional: Mdn = $35.5; moderate-ecological: Mdn = -

$89.3), indicating that trend or volatility difference may have contributed to the empirically different
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patterns with the two financial market data sets. Thus, a comparison between of the characteristics of D1

and D2 was included as follows.

Several indicators were used for comparing the financial market characteristics. Note that open-
close spread is similar to high-low spread which was initially used to determine what financial market
data to be used in this experiment. Open-close spread describes the overall market trend (up-trend or
down-trend) of a given time period, whereas high-low spread may be related to the volatility of the
market. It can be seen from Table 16 that D1 and D2 have similar volatilities, indicating by their similar
high-low spreads and SDs. D1 has a up-trend, whereas D2 has a down-trend during the first 180
timestamps followed by a recovery in the last 60 time stamps. The different trends are evident in Figure
28 and 29, which show the trends of D1 and D2 (with a line dividing the first 120 timestamps and the

last 60 timestamps, for clarity).

Table 16. Characteristics of Financial Market Data (Experiment 1).

Indicator D1 D2
(120 timestamps)
(first 120 (180 timestamps)
timestamps)
Open-close spread (S) -.220 (up-trend) .240 (down-trend) .100 (down-trend
then recover)

High-low spread (S) .330 410 410
SD .095 .096 .096
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Market price (D1; Y: dollar; X: timestamp)
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Figure 28. Market price (with D1, Experiment 1).

Market price (D2, Y: dollar, X: timestamp)
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Figure 29. Market price (with D2, Experiment 1).

Fault detection accuracy (high DOA)
All participants completed the fault detection task while experiencing the high-conventional and

the high-ecological scenarios. Fault detection accuracy was calculated per scenario (high-conventional
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or high-ecological) for each participant and all results were subsequently compared between the two
scenario types, N = 24. There were in total 48 fault detection accuracies. The assumption of normality
was violated, ps < .05. Wilcoxon signed rank test results suggested that the scenario type effect was not

significant in the fault detection performance measure, p > .05.

Non-parametric tests used the median to compare multiple within-subject groups. To provide a
full pattern in the data, Table 17 presents a multiple central tendency measures and provides a full
picture of the simulation data. It can be seen in this table that the participants performed the fault

detection task equally well with both the conventional display and the ecological display.

Table 17. Summary of Fault Detection Accuracies (Experiment 1).

Scenario Type Fault Detection Accuracy
Mdn M Mo SD
(Middle Most)  (Arithmetic Mean)  (Most Frequent)  (Deviation)
Moderate-conventional 75.0% 73.2% 100% .289
Moderate-ecological 100.0% 87.2% 100% 213

3.6.3.2 Situation awareness

The participants’ responses to the SA queries were compared to the actual situations as
simulated by AUTRASS. Due to limited expert support in this analysis stage, the actual situations were
reconstructed with the quantitative simulation data recorded in log files, not with the video recordings of

the simulation screen. The grading of the responses was binary (0 or 1).

The participants’ responses to one SA query (“in the last 5 seconds, what was the most recent
trade?””) were excluded from the data analysis, because the answer choices did not include a third option
for the participants to report no trading execution which may happen during the window of the past 5
seconds. Special cases in the participants’ responses were treated separately in the scoring process. For
example, if the participant expressed no opinion toward in response (e.g., “not sure”), the response

would be assigned score zero. If the participant also expressed a guess in the response (e.g., “not sure
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but I guess there will be a sell trade”), the response would be scored according to the participant’s guess.

Table 18 provides a list of all SA queries, answer choices and the rubrics for scoring.

Table 18. Summary of SA Queries and Scoring Rubrics (Experiment 1).

SA Level SA Query Answer Choice To Achieve a Score of 1, the
Participant Must Have

1 “In the last 5 seconds, the Up, down or flat Correctly compared P,att-1tot.
market close price has gone:”

“In the last 5 seconds, the Up, down or flat Correctly compare SMA o at t—1

slower moving average curve tot.

(yellow) has gone:”

“In the last 5 seconds, the faster  Up, down or flat Correctly compared SMA;,; at t —

moving average curve (purple) ltot.

has gone:”

“In the last 5 seconds, was there  Yes or no Correctly identify whether SMA;

a crossover of the two moving crossed over SMA, during t - 1 to

average curves?” t.

“In the last 5 seconds, what was  Buy, sell Correctly identified the trade

the most recent trade? (buying, selling or neither) during t
-1ltot.
2 “What is happening with the (Open-ended) Correctly identify whether UPL
unrealized profit and loss in your was positive or negative at t and
portfolio? Why?” the direction of its movement
fromt—-1tot.

“Is there a buying opportunity? Correctly identified a buying

Why?” opportunity if P, > P, at the
timestamp t.

“Is there a selling opportunity? Correctly identified a selling

Why?” opportunity if P, < P, and Q, > 500
at the timestamp t.

“What is happening with the Correctly compared Q, at t—1

quantity in your portfolio? with Q, at t.

Why?”

“Has the most recent trading (Open-ended) Correctly compared Py, with P, if

execution made any profit? there was a selling trade between

Why?” t—1andt, or explained there was
a buying trade or no trade.

3 “What will happen to the market (Open-ended) Correctly compared P, at t and P,

close price in the next 5
seconds? Why?”
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SA Level

SA Query

Answer Choice

To Achieve a Score of 1, the
Participant Must Have

“Do you think there will be a
buying opportunity in the next 5
seconds? Why?”

“Do you think there will be a
selling opportunity in the next 5
seconds? Why?”

“Do you think there will be a
buying execution in the next 5
seconds? Why?”

“Do you think there will be a
selling execution in the next 5
seconds? Why?”

“What will be the status of the
quantity in your portfolio in the
next 5 seconds? Why?”

Correctly predicted a buying
opportunity if P, <P,att+1, or
correctly explained why there
would be no buying opportunity in
other cases.

Correctly predicted a selling
opportunity if P, > P, and Q, > 500
at t+ 1, or correctly explained why
there would be no buying
execution otherwise.

Correctly predicted a buying
execution if Q, increased during t
and t + 1, or correctly explained
why there would be no buying
execution otherwise.

Correctly predicted a buying
execution if Q, decreased during t
and t + 1, or explained there
would be no selling execution
otherwise.

Correctly compared Q, at t and Q,
att+1.

" Excluded from the data analysis due to flawed question design.

Twenty-three participants successfully completed the SA queries. One participant encountered

technical difficulties, and their responses were not correctly logged. For each measurement scenario, the

mean score for each SA level (1, 2 or 3) was calculated by averaging the SA ratings for all queries on

that level at both pauses. Responses to the excluded level 1 SA query were flagged as unpresentable and

the mean score for SA level 1 was decided by the responses to the other three level 1 SA queries

presented during the two pauses. The mean scores were normalized to the 0 to 1 range. There were in

total 276 mean scores. The mean scores were then divided into 4 (scenario type: moderate conventional,

moderate-ecological, high-conventional or high-ecological) x 3 (SA level: 1, 2 or 3) groups, N = 23. The
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assumption of normality was violated in most groups, ps < .05. Non-parametric tests were performed to

evaluate the individual effects of scenario type and SA level.

Results of the Friedman’s test showed that there was a significant scenario type effect, y* =
9.560, p = .023. Figure 30 is a box and whisker plot that shows this effect. It is evident that the
participants had higher overall SA when they were experiencing the ecological in moderate scenario
than the ecological in high scenario, p = .043. The participants also had higher SA in the conventional in

moderate scenario than in the ecological in high scenario, p = .040.

Mean SA score: max, third quartile, median, first quartile and min (range: 0-1)

O Moderate-Conventional O Moderate-Ecological

B High-Conventional O High-Ecological
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Figure 30. Mean SA score: DOA effect (Experiment 1).

The SA level effect was not significant, ps > .05. These results suggested that while the
participants’ SA was generally moderate (Mdn =.500), the ecological displays did not further improve
the participants’ SA in the current experimental setting. Median statistics per scenario type and per SA

level are summarized in Table 19 for references.
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Table 19. Summary of Mean SA Scores (Experiment 1).

Scenario Type Per Scenario Type (Mdn) Per SA Level (Mdn)

1 2 3
Moderate-conventional .611 .667 .667 .533
Moderate-ecological .583 .667 .500 .609
High-conventional 472 .667 .333 435
High-ecological 417 .333 .333 413

3.6.3.3 Eye tracking

Eye-tracking data were analyzed to help with the interpretation of the SA findings. Total dwell
time data for eight participants were missing in some scenarios due to technical reasons and were

subsequently excluded from the analysis.

Total dwell time (market price AOI, portfolio AOI and trading history DOA)

Total dwell time data for AOIs that were consistent with the type of display were divided to 4
(scenario type: moderate-conventional, moderate-ecological, high-conventional or high-ecological) x 3
(AOI: market, portfolio, trading history) groups. The assumption of normality was violated in several
groups, ps < .05, N = 16. The total dwell time data were applied a log 10 transformation with zero data
handled in a way similar to Bartlett’s log (x+1) approach (1947) to normalize the distribution and were
consequently submitted to a 4 x 3 repeated measures ANOVA. The assumption of Sphericity was
violated with all main and interaction effects. A Greenhouse-Geisser correction was applied. There was
a significant scenario type simple main effect, F(2.111, 45) = 3.839, p = .023, 7> = .038 (medium effect)
and a significant AOI simple main effect, F(1.661, 30) = 7.666, p = .003, 7* = .124 (large effect).All
other effects were not significant, p > .05. Post hoc tests were performed to analyze the two simple main

effects.

For the market price AOI and the trading history AOI, there was no statistical significant

difference between any two scenario types, p > .05. For the portfolio AOI, as highlighted in Figure 31,
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the participants spent significantly longer total dwell time when they experienced the moderate-
conventional scenario than the moderate-ecological scenario, p = .046. A longer dwell time may
correlate with a poorer SA or higher informativeness of a specific AOI (Holmqgvist et al., 2011). The
moderate-ecological display contained more information pertaining to the relationship between the
market, the portfolio and the executions (i.e., market-portfolio-execution visualization), which was
instrumental to portfolio management. As a result, the portfolio AOI has become less informative with
moderate-ecological than with moderate-conventional. It is also possible that SA specific to portfolio
management in the moderate DOA scenarios was improved while using the ecological displays over the

conventional displays.

Total dwell time (transformed mean, unit: log s)
O Moderate-Conventional 00 Moderate-Ecological @ High-Conventional B High-Ecological
.350 375
312
.300
.250
217 213
199 .202
.200 - *
p=0467 175 169
[ 1
.100
062
.050
.000
Market Portfolio Trading History

Figure 31. Total dwell time in common AOIs: Scenario type effect (Experiment 1).
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For the AOI effect, total dwell time was significantly longer in the market AOI than in the
portfolio AOI in the case of moderate-ecological (p = .011) and high-ecological (p = .016). Total dwell
time was significantly longer in the portfolio AOI than in the trading history AOI during the moderate-
ecological scenario (p = .041). Total dwell time was significantly longer in the market AOI than in the
trading history AOI only with the high-ecological scenario (p = .032). The two ecological display
scenarios included the market-portfolio-execution visualization which could facilitate more effective
portfolio management and allow the participants to focus on the market panel, which was expected to be
an important source of uncertainties in this simulated environment. This conclusion is supported by the
empirically longer total dwell time between moderate-ecological and moderate-conventional and
between high-ecological and high-conventional. The empirical results also showed that total dwell time
on the market AOI might be longer in the high DOA scenarios than in the moderate DOA scenarios, and
such may be associated with the different tasks performed in the two cases. Total dwell time on the
trading history AOI was also lower with the high-ecological scenario, suggesting that executions made
by the trading algorithm were provided by the states-task visualization, leading to less attention
allocation to the trading history panel. A summary of total dwell time for the common AOIs is presented

in Table 20.

Table 20. Summary of Mean Total Dwell Time for the Common AOIs (Experiment 1).

Scenario Type Area of Interest (M, SD, unit: log s)
Market Portfolio Trading History
Moderate-conventional .199 131 .202
(.176) (.114) (.146)
Moderate-ecological 217 .062 .169
(.167) (.081) (.166)
High-conventional 312 .175 .213
(.186) (.176) (.180)
High-ecological .325 .128 133
(.199) (.118) (.132)
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Total dwell time (market-portfolio-execution AOI)

Total dwell time on the market-portfolio-execution AOI with the ecological displays were log
transformed and submitted to a paired t test for examining the scenario effect (scenario type: moderate-
ecological or high-ecological), N = 20. No statistically significant difference in the total dwell time was
found between the two configurations, p < .05, as shown in Table 21. The empirical difference was
likely to be a result of different task requirements with moderate DOA and with high DOA. The market-
portfolio-execution visualization might be less informative to the monitoring and automation fault

detection task.

Table 21. Summary of Mean Total Dwell Time for the Market-Portfolio-Execution AOI

(Experiment 1).

Scenario Type Area of Interest (M, SD, unit: log s)

Market-Portfolio-Execution

Moderate-ecological .157
(.156)
High-ecological .093
(.102)

Total dwell time (states-task AOI)

Total dwell time on the states-task AOI in the high DOA scenarios was log transformed and
examined using a paired t test on the expected effect of the states-task visualization (scenario type: high
conventional or high ecological), N = 20. This effect was not significant, p > .05, as shown in Table 22.
Empirically, the states-task AOI drew more participants’ attentions due to the more information

provided by the visualization displayed in this area.
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Table 22. Summary of Mean Total Dwell Time for the States-Task AOI (Experiment 1).

Scenario Type Area of Interest (M, SD, unit: log s)

States-Task

High-conventional .169
(.213)
High-ecological .208
(.155)

3.6.3.4 Workload

Arithmetic means of all participants’ unweighted NASA TLX ratings on all subscales after they
completed each of the four scenarios were calculated and subsequently submitted to a 4 (scenario type:
moderate conventional, moderate ecological, high conventional or high ecological) x 6 (NASA TLX
subscale: mental workload, physical workload, temporal workload, performance, frustration or effort)
repeated measures ANOVA. This repeated measures ANOVA provided a robust estimation as the
assumption of normality violated in several groups, ps < .05. The assumption of sphericity was violated
with the NASA TLX subscale, p <.05. A Greenhouse-Geisser correction was applied. There was a
significant effect of scenario type, F(2.142, 69) = 3.390, p = .023, 7> = .032 (small effect). Post hoc
tests were performed to make pairwise comparisons using Bonferroni corrections. However, none of the
pairwise difference was significant, ps > .05. Emprical results presented in Figure 32 suggested that the
unweighted ratings for the two moderate DOA scenarios were greater. Compared to the high DOA
scenarios, the participants possibly endured higher workload in the moderate DOA scenarios in which
they were requested to perform a more demanding task. The NASA TLX subscale effect was also
significant, F(2.960, 115) = 9.002, p < .001, 7* = 0.126 (medium effect). All other effects were not

significant, ps > .05.
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NASA TLX rating (mean, range: 1-21)
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Figure 32. NASA TLX rating: Scenario Type effect (Experiment 1).

3.6.4 Risk Preference
3.6.4.1 Fourfold pattern of preferences

Each participant provided one response to each of the four questions on the risk preference
guestionnaire, after the completion of each scenario. All 24 participants’ responses were recorded. There
were in total 384 responses. The number of risk-seeking choices was compared to the number of risk-
aversion choices for each scenario type (moderate-conventional, moderate-ecological, high-conventional
or high-ecological), N = 24. Four McNemar's exact tests were performed on each question to examine
whether the DOA and the display could affect the preference choices (i.e., comparing the responses
between the two DOA configurations while controlling the display independent variable, and vice versa).
The McNemar’s test, similar to the Pearson’s chi-squared test, can be used to evaluate the consistency in

participants’ responses across two variables in a within-subject experimental design.
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Neither the DOA effect nor the display effect was significant, ps > .05, suggesting that there was

a consensus on the preference choices in each question among all DOA and display groups. It can be

concluded from Table 23 that the participants were risk-seeking with small-probability gains and losses,

and risk-aversion with medium-and large-probability losses. For medium- and large-probability losses,

there was no consistent pattern in the participant’s choices.

Table 23. Fourfold Patterns of Preferences: Display and DOA Effects (Experiment 1).

Medium- and large-probability gains

Moderate-Conventional

Moderate-Ecological

High-Conventional

High-Ecological

Risk seeking 14

Risk aversion 10

14

10

Small-probability losses

Moderate-Conventional

Moderate-Ecological

High-Conventional

High-Ecological

Risk seeking 15 17 19 18
Risk aversion 9 7 5 6
Small-probability gains
Moderate-Conventional Moderate- High-Conventional High-Ecological
Ecological
Risk seeking 8 6 6 9
Risk aversion 16 18 18 15

Medium- and large-probability losses

Moderate-Conventional

Moderate-Ecological

High-Conventional

High-Ecological

Risk seeking 11

Risk aversion 13

12

12

8

16

14

10
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3.6.4.2 Mean portfolio’s size (moderate DOA)

Mean portfolio’s size was calculated by averaging the portfolio’s size of all timestamps for each
scenario (moderate-conventional or moderate-ecological). The data were divided to 2 (scenario type:
moderate-conventional or moderate-ecological) x 3 (system state: profiting, neutral or losing) groups for
analyzing the mean position sizes, N = 23. The assumption of normality was violated in all groups, ps
< .05. The data were subsequently analyzed using a non-parametric test. Results of the Wilcoxon signed
rank test showed that the system state effect was not significant, p > .05 (profiting: Mdn = 625.3 shares;
neutral: Mdn = 707.5 shares; losing: Mdn = 1,034.6 shares). There was a significant scenario type effect,
z=2.464, p =.014, r = .363 (medium effect), suggesting that the participants held a significantly larger
portfolio in the moderate-ecological scenario (Mdn = 904.3 shares) than in the moderate-conventional
scenario (Mdn = 618.0 shares). The median difference and other data attributes, including max, min and
guartiles, are presented in a box and whisker plot as in Figure 33. So far, it is not clear whether the
largest data point in the ecological display data (12,092.5 shares) should be flagged as an outlier. The
participants were provided with unlimited buying power so that building a large portfolio was
technically possible. To be sure, a follow-up Wilcoxon signed test was performed that excluded this data
point. The difference between the moderate ecological scenario and the moderate conventional scenario

was still significant, z = 2.256, p = .024, r = .333 (medium effect).
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Mean portfolio's size (max, third quartile, median, first quartile and min; unit: shares)

O Moderate-Conventional [ Moderate-Ecological

12,000.0 ©12,092.5
10,000.0
8,000.0

6,000.0 ©5,839.3

©5,181.0

4,000.0

3,300.2
2,582 40
2,000.0 2199185 074.3 |

1,947.0
1,417.7
) 54'% o
18
159.8
T ——-2432

Figure 33. Mean portfolio’s size: Scenario type effect (Experiment 1).
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Since the two financial market data sets had distinct characteristics, a further analysis was
conducted to understand how the participants developed and managed their portfolio in the two
simulated financial markets. Note that this analysis was empirical because the two financial market sets
were randomly (unequally) assigned to participants and scenarios. Figure 34 and 35 demonstrated the
different portfolio management strategies the participants used with the moderate-conventional scenario
and the moderate-ecological scenario. The two financial market data sets, D1 and D2, showed distinct
portfolio management behaviours. For D1 (Figure 34), with the market moving up-trend, the participants
abruptly sold off their shares with moderate-conventional. On the other hand, with moderate-ecological,
the participants adopted a more consistent portfolio management strategy and performed less “panic”
sell-offs. For D2 (Figure 35), the market moved down-trend during the first 120 timestamps. The

behaviour patterns between moderate-conventional and moderate-ecological were very different. With
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moderate-conventional, the participants generally held a more risk-averse portfolio management strategy,
whereas with moderate-ecological a much larger portfolio has been maintained throughout the scenario.

These results are empirical, and more work is needed.

Market price (D1, Y: dollar, X: timestamp)
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m. \W
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115
1 8 15 22 29 36 43 50 57 64 7 78 85 92 99 106 113 120

Portfolio's size (D1, moderate-conventional, unit: share)
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1 8 15 22 29 36 43 50 57 64 71 78 8 92 99 106 113 120

Portfoilo's size (D1, moderate-ecological, unit: share)

1 8 15 22 29 36 43 50 57 64 71 78 85 92 99 106 113 120 D

Figure 34. Portfolio’s size: moderate-conventional versus moderate-ecological (with D1,

Experiment 1).
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Market price (D2, Y: dollar, X: timestamp)
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Portfolio's size (D2, moderate-ecological, unit: share)
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Figure 35. Portfolio’s size: moderate-conventional versus moderate-ecological (with D2,

Experiment 1).
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3.6.4.3 Decision preference in a guaranteed profiting situation (Low DOA)

The percentage of performing each execution (selling, holding or buying) in a guaranteed
profiting situation reflects the likelihood of being risk-aversion, moderate risk-seeking or high risk-
seeking when the participants faced a high probability prospect gain. It can be calculated by counting the
number of each execution made then dividing the sum by the total number of guaranteed profiting

situations.

First, the total number of guaranteed profiting situations were calculated for each moderate
conventional scenario and high ecological scenario, N = 23. The author then counted the number of each
execution (risk level: risk-aversion, moderate risk-seeking or high risk-seeking). The percentage of
execution that was associated with each risk level was calculated by dividing the number of each
execution by the total number of guaranteed profiting. The statistical model for analyzing the percentage
of execution was a 2 (scenario type: moderate conventional or moderate ecological) x 3 (system state:
profiting, neutral or losing) x 3 (risk level: risk-averse, moderate risk-seeking or high risk-seeking)
repeated measures design. It has been observed in some scenario the participant did not experienced any
guaranteed profiting opportunities during one or more system states, given the system states was
dynamically distributed. In these cases, the percentage of execution at each risk level was manually set
as 1/3, representing a neutral risk preference among the three risk levels. The assumption of normality
was violated in all 2 x 3 x 3 groups, ps < .05. As a result, non-parametric tests were performed. The
scenario type effect was not significant, p > .05 (moderate conventional: Mdn = 33.3%; moderate
ecological: Mdn = 33.3%). The system state effect was also not significant, p > .05 (profiting: Mdn =
33.3%; neutral: Mdn = 33.3%; losing: Mdn = 33.3%). Results of the Friedman’s test showed that the risk
level effect was significant, y*= 9.478, p = .009 (risk-aversion: Mdn = 22.5%; moderate risk-seeking:

Mdn = 53.7%; high risk-seeking: Mdn = 22.0%), suggesting that the participants achieved different
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percentages for each execution, as shown in Figure 36. Post hoc tests indicated that the participants were
more likely to make a moderate risk-seeking decision than a risk-averse decision (z = 2.677, p = .007, r
=.395, a median effect) and a high risk-seeking decision (z = 3.346, p <.001, r =.493, a medium effect).

All other effects were not significant, p > .05.

Percentage of execution (max, third quartile, median, first quartile and min; unit: %)
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Figure 36. Percentage of execution in a guaranteed profiting situation: Risk level effect (Experiment

1).

Since the risk level x scenario type interaction cannot be examined through a non-parametric
test, the simulation data were collapsed into categories representing the three risk levels, with each
category further examined with the same statistical model. The statistical model was fine tuned to
evaluate whether the system state could influence how the participants chose between the three types of

executions. The statistical model used a 2 (scenario type: moderate conventional or moderate ecological)
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x 3 (system states: profiting, neutral or losing) with-subject design, N = 23. The assumption of normality

was violated in all groups, ps < .05. Non-parametric tests wereperformed for each risk level:

1. For the risk-averse risk level, the percentage of selling executions was analyzed. The scenario
type effect was not significant, p > .05 (moderate-conventional: Mdn = 24.7%; moderate-ecological:
Mdn = 24.9%). The system state effect was also not significant, p > .05 (profiting: Mdn = 22.8%; neutral:
Mdn = 25.0%; losing: Mdn = 24.4%);

2. For the moderate-risk seeking risk level, the percentage of holding executions made by the
participants was analyzed. The scenario type effect was not significant, p > .05 (moderate-conventional:
Mdn = 49.1%; moderate-ecological: Mdn = 49.2%). The system state effect was also not significant,

p > .05 (profiting: Mdn = 55.6%; neutral: Mdn = 33.3%; losing: Mdn = 44.2%). For the high risk-
seeking risk level, the percentage of buying executions made by the participants was analyzed. The
scenario type effect was not significant, p > .05 (moderate conventional: Mdn = 24.9%; moderate
ecological: Mdn = 23.4%). The significant system state effect was also not significant, p > .05 (profiting:
Mdn = 21.7%; neutral: Mdn = 33.3%; losing: Mdn = 19.6%).

Table 24 summarizes all median percentages of execution that have been calculated.

Table 24. Summary of Percentages of Executions in a Guaranteed Profiting Situation (Experiment

1).
Scenario Type System State Percentage of Execution (Mdn)
Risk-Aversion Moderate Risk- High Risk-Seeking
Seeking
Moderate- Profiting 28.0% 56.2% 20.6%
conventional Neutral 33.3% 33.3% 33.3%
Losing 33.3% 33.3% 33.3%
Moderate- Profiting 32.1% 56.2% 20.6%
ecological Neutral 33.3% 33.3% 33.3%
Losing 30.0% 33.3% 33.3%
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3.6.4.4 Decision preference in a guaranteed losing situation (Low DOA)

Similar to the previous analysis on decision preference in guaranteed profiting situations,
decision preference in a guaranteed losing situation by calculating the total number of guaranteed losing
situations were calculated for each moderate conventional scenario and high ecological scenario, N = 23.
The percentage of execution that was associated with each risk level was calculated using a 2 (scenario
type: moderate conventional or moderate ecological) x 3 (system state: profiting, neutral or losing) x 3
(risk level: risk-aversion, moderate risk-seeking or high risk-seeking) within-subject statistical model.
The scenario type effect was not significant, p > .05 (moderate conventional: Mdn = 33.3%; moderate
ecological: Mdn = 33.3%). The system state effect was also not significant, p > .05 (profiting: Mdn =
33.3%; neutral: Mdn = 33.3%; losing: Mdn = 33.3%). Results of the Friedman’s test showed that the risk
level effect was significant, y* = 29.826, p < .001 (risk-aversion: Mdn = 18.2%; moderate risk-seeking:
Mdn = 60.7%; high risk-seeking: Mdn = 21.3%). Post hoc test results showed the participants were more
likely to make a moderate risk-seeking decision than a high risk-seeking decision (z = 4.106, p <.001, r
= .605, a large effect) and a risk-averse decision (z = 4.197, p <.001, r =.619, a large effect). The
difference between high risk-seeking and risk-averse was also significant (z = 2.007, p = .045, r = .296,

a small effect). The risk level effect is portrayed in Figure 37.
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Figure 37. Percentage of execution in a guaranteed losing situation: Risk level effect (Experiment 1).

The rest of the analysis aimed at understanding how scenario type (moderate-conventional or
moderate-ecological) could influence decision preference within each risk level (risk-aversion, moderate

risk-seeking or high risk-seeking):

1. For the risk-averse risk level, the scenario type effect was not significant, p > .05 (moderate-
conventional: Mdn = 17.6%; moderate-ecological: Mdn = 18.0%). The system state effect was
significant, y* = 21.356, p < .001 (profiting: Mdn = 33.3%; neutral: Mdn = 8.3%; losing: Mdn = 19.9%)).
Post hoc test results showed that the difference between the profiting state and the neutral state (z =
3.848, p <.001, r = .567) and the difference between the losing state and the neutral state were
significant (z = 3.102, p =.002, r = .457). The difference between the profiting state and the losing state,

however, was not significant, p > .05;
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2. For the moderate risk-seeking risk level, the scenario type effect was not significant, p > .05
(moderate-conventional: Mdn = 63.2%; moderate-ecological: Mdn = 60.0%). The system state effect
was significant, y* = 13.604, p = .001 (profiting: Mdn = 41.7%; neutral: Mdn = 77.1%; losing: Mdn =
60.5%). Pairwise comparison results showed that the difference between the profiting and the losing
state (z = 2.601, p = .009, r = .383), the difference between the neutral state and the profiting state (z =
3.650, p <.001, r = .538) and the difference between the neutral state and the losing state (z = 2.068, p

=.039, r =.305) were all significant;

3. For the high risk-seeking risk level, the participants made significantly more buying
executions in the moderate-ecological scenarios than in the moderate-conventional scenarios, z = 2.403,
p =.016, r = .354 (moderate-conventional: Mdn = 20.6%; moderate-ecological: Mdn = 24.1%), as
demonstrated in Figure 38. This effect is a medium effect. The system state effect was significant, y* =
10.352, p = .005 (profiting: Mdn = 33.3%; neutral: Mdn = 13.2%; losing: Mdn = 20.0%). The difference
between the profiting and the losing state (z = 3.088, p = .002, r = .455) and the difference between the
neutral state and the profiting state (z = 2.129, p = .033, r = .314) were significant. The difference

between the neutral state and the losing state was not significant, p > .05.

149



Percentage of execution (max, third quartile, median, first quartile and min; unit: %)

100.0%

90.0%

80.0%

70.0%

60.0%

50.0%

40.0%

30.0%

20.0%

10.0%

0.0%

O Moderate-Conventional O Moderate-Ecological

063.9%

52.4%p

43.3%—— 44.8%

29.0%

27.3

24.1%

20.6!

8.4%
—|—15.6%

14.0

3.9%=—"—

Figure 38. Percentage of buying execution in a guaranteed losing situation: Scenario type effect

(Experiment 1).

The ecological display being used in the moderate DOA scenarios has made the participants

more likely to take high risk-seeking executions in guaranteed losing situations than with the

conventional display, a similar result demonstrated in the mean portfolio’s size data. Table 25

summarizes all median percentages of execution that have been calculated.
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Table 25. Summary of Percentages of Executions in a Guaranteed Losing Situation (Experiment 1).

Scenario Type System State Percentage of Execution (Mdn)
Risk-Aversion Moderate Risk- High Risk-Seeking
Seeking
Moderate- Profiting 33.3% 33.3% 33.3%
conventional Neutral 5.6% 80.0% 7.6%
Losing 23.1% 54.8% 23.5%
Moderate- Profiting 33.3% 33.3% 33.3%
ecological Neutral 2.9% 80.0% 7.6%
Losing 16.7% 54.8% 23.5%

3.7 Discussion

Experiment 1 simulated trend following trading with a higher DOA configuration similar to the
original, high DOA trend following trading scenario provided in Part B of this dissertation and a
moderate DOA configuration that reverted later stages of automation to human operation. The moderate-
ecological display was designed to visualize a clear market-portfolio-execution relationship for
supporting problem-solving behaviour with the moderate DOA. The high-ecological display again
addressed the market-portfolio-execution relationship and provided problem-solving and procedural
support pertaining to detecting automation failure with a states-task visualization for the high DOA
configuration. Task performance, SA, eye tracking pattern, workload and risk preference were evaluated
in Experiment 1. The participants monitored unanticipated situations in the AUTRASS simulation, and
their flexible trading performance was expected to be best supported in the moderate-ecological scenario
and their automation failure detection performance was expected to best support in the high-ecological

scenario.

3.7.1 Performance

3.7.1.1 Task performance

According to hypothesis 1a, the participants should achieve better performance with the two

scenario types that used ecological displays. That being said, the participants should achieve better
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flexible trading performance with moderate-ecological than with moderate-conventional and better
automation fault detection performance with high-ecological than with high-conventional. However,

neither case was observed. Hypothesis 1a is rejected.

End of scenario RPL: A detection-mitigation confound

The participants did not achieve a better end of scenario RPL with the moderate-ecological
scenario type. A probable explanation to this result is that end of scenario RPL not only measures
detection performance (i.e., how well the participant detected market disturbances), but also describes
mitigation performance (i.e., how well the participant mitigated the disturbances to improve the
profitability of the trading system). The participants were responsible for detecting and mitigating the
disturbances in the financial trading while the ecological display only provided support in the detection
phase. The performance of the mitigation in financial trading may be largely influenced by individual
differences. With a considerably large amount of human operation involved in the moderate
conventional scenario and the moderate ecological scenario, detection and mitigation could be
confounded, and the performance difference between moderate-conventional and moderate-ecological in
detection would be diminished. This explanation was directly supported by Lau et al. (2008), who
observed no direct performance improvement with their ecological display during the mitigation of

disturbances, as their ecological display did not provide relevant cues to support the mitigation.

Providing cues on an ecological display to support mitigation could be challenging in a financial
trading setting. In the real world, mitigation performance typically reflected both the risk and the reward
of financial trading. For example, Sharpe Ratio (1994) is a real-world measure of risk-adjusted return
for evaluating a portfolio’s performance. It can be calculated by subtracting the rate of return of a risk-
free financial product (e.g., a debt instrument issued by a government) from the rate of return of the

portfolio, then dividing that result by the standard deviation of the portfolio’s return. As a real-world
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measure, Sharpe Ratio suggests that the mitigation performance in financial trading is attributable to
both the effectiveness of the trading strategy (including strategy used by the trading algorithm and
strategy manually executed by the trader) and the volatility of holding a highly risky financial product
(decided by the market and is probably beyond the control of most traders). The effectiveness of the
trading strategy may be determined by the support for problem solving provided by the ecological
displays as well as many other factors, including expertise and training which was observed by Lau et al.
(2008). Obviously, a professionally trained trader is more likely to consistently profit in trading than a
typical university student similar to the participants attending this experiment. In a broader sense,
financial trading is ultimately a probability game where every trading system has its probability of
success (Treynor, 1981). The probability of success is subject to many factors and, not surprisingly, only

a small set of these factors have been simulated in this experiment.

Fault detection accuracy: Ceiling effect, stages of automation misconnection, and inadequate
training

It has been found that both the conventional display used in the high conventional scenario and
the ecological display used in the high ecological scenario effectively supported fault detection for
unanticipated situations, but the ecological display did not provide better support over the conventional
display. This result was largely unexpected. Since the system did not deviate from its present stage
whether an automation failure was detected (i.e., the trading algorithm strictly followed its rule no
matter if the participants clicked on the “report loss” button or not), fault detection accuracy only
described detection performance and did not affect the mitigation performance. Therefore, there was
unlikely a detection-mitigation compound. Here the author offers three explanations for the absence of a

statistical difference in the fault detection accuracy in the type of display.
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The first explanation for the missing difference between the high conventional display and the
high ecological display is a ceiling effect, given many central tendency measures indicated that the
participants performed the task extremely well. In particular, the most frequent value in the simulation
data was 100% with both the conventional display and the ecological display, as demonstrated by the
mode measure. The ceiling effect was possibly caused by the low incidence rate of the automation
failure (2.67%: four total losing buy-sell pairs divided by 180 timestamps with D3; 4.17%: five total
losing buy-sell pairs divided by 120 timestamps with D4). The low incidence rate was mainly
attributable to the “inverted two moving average methods” used by the algorithm logic, which generally
performed well in the simulated market. Previous EID studies have found ecological displays have a
larger effect on task performance in unanticipated situations and generally no difference in performance
in anticipated situations. Although the slippage still caused latency issues in automated trading, the

simulated environment may be more anticipated than it was intended to be.

The second explanation is the misconnection between the earlier stages of automation (i.e.,
perceptual understanding of the market trend through the two SMA curves presented on the market
panel) and later stages of automation (i.e., the operation logic of the trading algorithm). The participants
may perceptually develop a consistent rule-based mapping between the cues provided by the two SMA
curves on the market panel and the actions described by the Murphy method. In contrast, the ecological
display provided problem-solving support based on the “inverted two moving average” logic and was
inconsistent with this rule-based mapping. The complexity of the work domain unexpectedly increased
with the misconnection between the perceptual support provided by the earlier stages of automation and
the inconsistent automation behaviour determined by the later stages of automation. With limited
support provided by the states-task visualization to deal with the increased complexity, no mental model

that would support knowledge-based problem solving was developed with the ecological display.
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The third explanation is inadequate training. The algorithm logic was unfamiliar to the
participants and might have a negative impact on the training of the ecological displays. As Borst et al.
(2015) clarified, operators required certain information in the deep structure of the work domain to think
productively, and EID makes such information transparent to the operators but cannot eliminate the need
for training. Although the states-task visualization also provided procedural support to develop a
consistent mapping from the heuristic cues (i.e., height of the P,,,- box and height of the Py box) to the
algorithm performance (i.e., winning or losing buy-sell pairs) and the procedural supported should
require less training, it seemed that this rule-based mapping did not replace the missing support of
knowledge-based problem solving, which was, by the definition of the ecological displays, most
important to the improvement of detection performance over the conventional display in unanticipated

situations.

3.7.1.2 Situation awareness and eye tracking

Participants attending this experiment had an intermediate SA (Mdn = .500) as measured by
SAGAT. It has been found that the higher DOA configuration degraded SA. This finding is in general
agreement with the automation trade-off which suggested that increasing DOA resulted in a loss of SA.
The meta-analysis of automation trade-off has forecasted that ecological displays could modify or even
reverse the automation trade-off (Onnasch et al., 2014). However, in this experiment, the conventional
and the ecological displays resulted in no difference in SA. Therefore, hypothesis 1b is rejected. Three

explanations for this finding is provided as follows.

First, the participants may have not found the ecological displays adequately useful in eliciting
answers to certain SA queries, especially the level 3 SA queries. Since SA queries were randomly
picked from the pool, a participant may experience two queries describing the same situation through

opposite angles (e.g., “do you think there will be a buying opportunity in the next 5 seconds? why?” and
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“do you think there will be a selling opportunity in the next 5 seconds? why?”). Conflicting responses to
these questions were frequently documented in the SA data. For example, some participants have
answered “yes” to both questions, showing low confidence in their ability to make predictions. An

improved SA query design, however, may describe the financial trading context in more precise way.

Second, the conventional displays may already have some features that can improve the
awareness of the trends of simulation that paralleled the ecological displays. For example, the arrow
displayed to the right of the market price indicator had useful sensory features - coloured in green when

the market moved up or red when the market moved down.

Third, it is possible that the ecological displays could provide some benefits to retaining SA, but
the benefits were limited to portfolio management in the moderate DOA scenarios. This explanation was
not directly supported by the SA rating data, as these data were collected by aggregating many
situational aspects. Indeed, there was no statistically significant SA difference between moderate-
conventional and moderate-ecological, and high-conventional and high-ecological. This explanation,
however, is supported by the significant shorter total dwell time on portfolio AOI with moderate-
ecological than with moderate-conventional. Eye tracking measure indicates attention allocation and has
been closely related to level 1 SA, as discussed in the literature. Indeed, Endsley reviewed a variety of
physiological measures of SA during the development of SAGAT (1988) and included eye-tracking
measures. Gugerty reviewed eye-tracking measures as a category of online SA measures which did not
require the simulator to be paused and suggested that the most commonly used eye-tracking measure in
the driving research is dwell time (2011). Van de Merwe, van Dijk and Zon (2012) pointed out that
dwell time measures the relative importance of the display and therefore, it can be used as a predictor of
performance and SA. Total dwell time captures long-term cognitive processes (Holmgvist et al., 2011)

that are related to slower decision-making in comparison to dwell time per dwell. Indeed, the
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participants had empirically similar level 1 SA in the moderate-conventional scenario and the moderate-

ecological scenario.

3.7.1.3 Workload

The pattern of NASA TLX rating data in the response data is clear. The perceived workload in
Experiment 1 was moderate. The main effect of DOA was expected given that the high DOA
configuration only required monitoring the automation while moderate DOA required both participant
intervention and monitoring. Ecological displays did not impose higher workload as predicted in

hypothesis 1c.

3.7.2 Risk Preference

Overall risk preference

The fourfold pattern of preferences drawn across the participants was somewhat different from
those observed in previous studies on description- and experience-based choices. No scenario type effect
was observed. As the result, hypothesis 2a was partially supported. A comparison of the different
patterns observed in description-based choice research (i.e., prospect theory), experience-based choice
research (i.e., experience through learning and experience through professional training) and this

experiment is presented in Table 26.
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Table 26. Empirical Choice Pattern Extended to DOAs and Displays (Experiment 1).

Description (prospect  Experience through Experience through Experiment 1
theory) learning (Hertwig & professional training
Erev, 2009) (McAndrew & Gore,
2013)

Gains Losses Gains Losses Gains Losses Gains Losses
Small Risk Risk Risk Risk Risk Risk Risk Risk
probability seeking aversion  aversion  seeking aversion aversion aversion seeking
Medium Risk Risk Risk Risk Risk Risk Risk (No
and large aversion  seeking aversion? seeking?  seeking aversion seeking consensus)

probability

McAndrew and Gore’s findings were derived from a real-world financial trading setting, and
similarly, the current experiment presented in this dissertation described a pseudo real-world setting of
trading. As the results of the current experiment show, risk aversion for small-probability gains (67 out
of 96 choices) and risk seeking for small-probability losses (69 out of 96 choices) oppose the McAndrew
and Gore’s findings but are consistent with the patterns of experience through learning (Hertwig & Erev,
2009). It is possible that the participants made decisions from experience gained through AUTRASS, as
they were not as professionally well-trained as in McAndrew and Gore’s case. However, their
experience was not obtained from an abstract learning environment similar to Hertwig and Erev’s setting
either. With AUTRASS, the participants were guided by visual cues and task requirements from the
physical environment and were not required to conclude a clear structure of the statistical probabilities,
as opposed to Hertwig and Erev’s participants who learned the “probability structure over outcomes
through trial-by-trial feedback™ (2009). This finding expands the understanding of how people make
decisions “with incomplete and uncertain information ‘in the wild”” (Hertwig & Erev, 2009). For novice
participants, gaining experience through learning in a simulated environment may foster a similar

pattern of risk preference in comparison to learning with statistical probabilities unfolded.
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Participants were generally risk seeking for medium- and large-probability gains (61 out of 96).
This result was also supported by the quantitative results that the participants were generally moderate
risk-seeking (i.e., holding the portfolio) while facing a large-probability prospect gain (i.e., a guaranteed
profiting opportunity). It has only been speculated in the literature that risk aversion for medium- and
large-probability gains and risk seeking for medium- and large-probability losses for experience-based
choices (Rakow & Newell, 2010). This current experiment is in a position similar to McAndrew and
Gore’s work and generally opposed this speculation. A possible explanation for this result is that
preference in medium- and large-probability prospect gains is more likely attributable to the naturalistic
trading environment than the professional expertise of the trader. No consensus was found in
participants’ risk preference for medium- and large-probability losses. Since no statistical significance
was observed, the difference may be the result of the small sample size, the DOA or display effects or

the individual differences.

Ecological displays and risk-seeking actions

The participants held a significantly larger portfolio size when they were presented with the
ecological display, which generally follows the same pattern in the aviation domain as described by
Borst et al. (2015). In this sense, hypothesis 2b was supported. While most EID studies in the literature
were focused on addressing how ecological displays could improve performance and SA for monitoring

unanticipated events, this finding is relatively new.

Borst et al. (2015) recently reported that aircraft pilots were sometimes more risk-seeking in
taking actions with ecological displays, which was likely attributable to the more salient physical
structure (e.g., limits in flight control) than the intentional structure in the work domain (e.g., aviation
safety regulations) on their ecological displays. Indeed, in Experiment 1, a rich physical structure has

been visualized with the market-portfolio-execution visualization with the goal of maximizing the profit.
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Changes in the market (e.g., price movement) or in the portfolio (e.g., buy or sell) caused the unrealized
profit and loss (UPL) to change, and was well reflected on the shaded portion of the market-portfolio-
execution visualization. The shaded portion used different colours to represent the UPL, indicating a
clear boundary of the system performance and becoming a strong draw for the participants who were
novice in financial trading. Although described in the CWA models, intentional constraints pertaining to
the laws and regulations of risk management were not graphically represented on the ecological displays,

as they would more likely be utilized by more expert participants.

The market-portfolio-execution visualization made the limits in the market-portfolio-execution
relationship clear to the participants, improving their confidence in understanding the performance of the
trading system. It seems that Borst et al.’s comment on the aviation domain was also applicable to the
automated trading domain. Participants attending the automated trading experiment may be prone to
“maneuvering themselves in narrow control spaces that leave little room for error” (2015). Indeed,
portfolio size is similar to flight envelope in the sense that there is a trade-off between maneuverability
and safety. Ecological displays could influence risk tolerance and strategies in financial trading as well.
It might be worth developing new approaches to exploring how an ecological display could be
structured to invoke certain risk-related strategies similar to Hilliard and Jamieson’s approach (2014)
and how to graphically represent intentional constraints in this work domain. However, it can be
foreseen that the new displays containing the intentional constraints may require more expert knowledge

to use, which was another suggestion of Borst et al.’s (2015).

System states and risk-seeking actions
The participants were generally moderate risk-seeking as demonstrated by their decisions in
guaranteed profiting situations which were associated with large-probabilities gains. This result

elaborates on the finding of the qualitative measure. Further, it is evident that the participants were
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generally moderate risk-seeking when they experienced guaranteed losing situations (i.e., high
probability prospect losses). No consensus has been made with the qualitative measure. Thus, hypothesis

2c¢ was partially supported.

The distinct moderate risk-seeking behaviors noted during the profiting and the neutral system
states suggest there may be unique control tasks in financial trading, and may be analogous to process
control where it is important to examine operator behavior under normal or fault scenarios. This finding
generally supports McAndrew and Gore’s interview results that professionally-trained traders have a
risk-seeking choice behavior for medium- and high-probability gains. In our study, a guaranteed profit
opportunity at which the participants made a sell, hold or buy decision has a high-probability
prospective gain. While the participants in general preferred to take moderate risk seeking actions (i.e.,
holding the portfolio), they were more likely to take such actions while the system is making a profit
than while the system is in a neutral state, suggesting the choice behavior may also be influenced by

system state.

Although the overall pattern of risk preference in the ecological display and the system states is
clear, the interaction effect of scenario type x system state could not be examined with a non-parametric
test. The difficulty of teasing out the noise and individual differences in participants’ responses was well
aware of, from a study conducted with a small sample size and a relatively large degree of freedom in

financial trading. Apparently, this is an important question that should be investigated in the future.
3.8 Chapter Summary and Connections to Research Questions
3.8.1 Key Findings

DOA-independent and DOA-specific displays: This chapter proposes new ways of developing
ecological displays given the market-portfolio-execution visualization was independent of the DOAs,

and the states-task visualization supported a specific DOA. This new design approach is consistent with
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the findings of the DOA-layered modelling work. Experiment 1 is a preliminary exploration of this
approach, and the author hopes it can grow into a potentially useful approach for designing automation

displays in the future.

Automated trading microworld: The AUTRASS simulation in which the participants
experienced has unique features for novice traders to learn trend following trading. AUTRASS has
potential value to be used as an equivalent microworld for examining ecological displays in the financial
trading domain compared to DURESS in the process engineering domain. Further, being able to
evaluate varying DOAs, a feature that has not been enabled with DURESS, is instrumental in
developing new research programs that can align EID research with the human-automation interaction

research.

Automation trade-off in financial trading: Results of this chapter show that a typical
automation trade-off in the financial trading domain: with a higher DOA, traders’ perceived workload is
lower, but the SA is degraded. This finding inspires more human-automation interaction research in the

financial trading field.

Mixed-method approach to risk preference: This chapter provides qualitative and quantitative

benchmarks for measuring traders’ risk preference, and this make a unique contribution.

Risk-seeking behaviours with EID: Results of this chapter support Borst et al.’s observation that

human operators perform tasks in riskier ways with ecological displays.

3.8.2 Connections to Research Questions

The author has three research questions for this dissertation:

Research question 1: How can we model automated trading systems with a variable DOA using

CWA?

162



Research question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

This chapter examined research question 2 and 3. Research question 3 is supported and
directions to further examine research question 2 are identified. Experiment 1 is generally exploratory
but has suggested directions for future works, some of which are being examined in a follow-up

experiment.
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Chapter 4

Experiment 2: Trend Following Trading and Adaptive Automation

4.1 Foreword

Empirical results of Experiment 1 showed there are two sides to the use of automated trading:
with a higher DOA, the participants’ perceived workload was lower, but their SA was degraded. This
finding is on par with the results of human factors experiments in other domains as documented in the
literature and have been predicted as the automation trade-off. Ecological displays, however, did not
seem to alter this trade-off. In this chapter, the author extends the simulation of trend following trading
to include the adaptive configuration, which was an adaptive automation condition. As the author
introduced earlier in this dissertation, adaptive automation is a context-sensitive approach to manipulate
the DOA to balance the benefits and costs of automation, especially in high DOA situations. Adaptive
automation has become popular in a variety of domains, including aviation (e.g., Parasuraman, Babhri,
Deaton, Morrison, & Barnes, 1992), aerospace engineering (e.g., Li, Sarter, Wickens, & Sebok, 2013),
process control (e.g., Moray, Inagaki, & Itoh, 2000) and the supervision of unmanned vehicles (e.qg.,
Parasuraman, Cosenzo, & De Visser, 2009). Inspired by these examples, the author developed a

simulation of adaptive automation for trend following trading.
4.1.1 Adaptive or Adaptable Automation

Adaptive automation, in its broad sense, including adaptable automation, is an emerging
opportunity (Bailey, Scerbo, Freeman, Mikulka, & Scott, 2006). Adaptable automation refers to function
allocations based on human control, whereas adaptive automation is achieved by automation authority.
There is generally little guidance on how to design adaptive automation in a human-centered way. Kaber
et al (2001) suggested that direct-manipulation interfaces may be used to buffer the performance costs

associated with the changes in system stages with adaptive automation (e.g., increased workload).
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Developed with the complexity of socio-technical systems in mind, EID extended the benefits of direct-
manipulation interfaces to situations that are unfamiliar to both designers and operators (Vicente &
Rasmussen, 1992) and in theory, should further support problem solving under the dynamics and

uncertainties brought by adaptive automation.

This chapter reports Experiment 2 as a follow-up to the first experiment to further examine the
effectiveness of the ecological displays in unanticipated situations. Experiment 2 included the same
conventional and ecological displays but used two different automation configurations. The AUTRASS
continued to simulate the latency in trading to make the environment unanticipated to the participants, in
which the ecological displays were expected to outperform the conventional displays. An improved-high
DOA configuration with better automation design was similar to the high DOA configuration originally
introduced in the first experiment (referred to as the original high DOA configuration in the rest of the
dissertation) and was compared to the adaptive configuration using adaptive automation. Four scenario
types were developed to make the comparisons possible. These scenario types included improved-high-

conventional, improved-high-ecological, adaptive-conventional and adaptive-ecological.

4.2 Improved-High DOA Configuration

For the original, high DOA configuration described in Experiment 1, the author has discussed
that the absence of a statistical difference of the task performance in the type of display could be
attributable to the low incidence rate of automation failure, the misconnection between the stages of
automation and inadequate training. To mitigate these design flaws, the automation design was modified
and as a result, an improve high DOA configuration was adopted in this experiment. To do that, the
algorithm logic was revised to use the Murphy method and therefore matched the perceptual

understanding of the SMA curves presented on the market panel.
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With the modified automation design, the incidence rate of automation failure would be slightly
raised to reduce the ceiling effort, given that the Murphy method performed poorly in the simulated
financial market and therefore, resulted in more automation failures. The performance of the Murphy
method is being discussed in section 4.4.2 with a title named “financial market data”. The misconnection
between the stages of automation would be eliminated in the improved-high DOA configuration with the
use of the Murphy method, as the SMA information presented on the market panel matched the logic of
the Murphy method. Additional training was provided to ensure the participants understand the new
algorithm logic being used, as opposed to in Experiment 1 the participants were not thoroughly trained
with the logic of the trading algorithm. In Experiment 2, the participants were explicitly told that the
trading algorithm used the Murphy method when they experienced the improved-high DOA

configuration.

4.3 Adaptive Configuration
To develop the adaptive configuration for this experiment, possible use cases of adaptable

automation and adaptive automation in the financial trading context are reviewed as follows.

Adaptable automation may be common in automated trading but requires the participant to have
adequate expertise in financial trading. In both the original and the improved-high DOA configurations,
the participant was not allowed to stop the trading algorithm from buying or selling shares as these
configurations were intended to simulate automation that has a high and typically fixed DOA. In a real-
world setting, however, most automated trading systems are inherently adaptable due to the existence of
the stop feature, also known as the stop order. Since the trader is ultimately responsible for the profit and
loss of the trading system, they may submit a stop order to the market, and the stop order will be
executed when a specified price level is breached. The stop order can be a trailing stop in which the stop

is made relative to the financial product’s market price, or a fixed stop that can be triggered by rigorous
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algorithm logic or by the trader. In the language of human factors, strong expertise in financial trading is
instrumental in determining the best timing for choosing the DOA of this adaptable system and therefore,

it is less meaningful to use adaptable automation with a participant who was a novice in this field.

Since the participant was familiar with and ultimately responsible for the performance of the
trading system that was essentially characterized by RPL, it is more feasible to implement a
performance-based adaptive system. With the adaptive system reasonably designed for this experiment,
the authority in making decisions and performing executions - two decisive functions in financial trading
that are associated with later stages of automation - would be allocated to the automation when the
trading system generally performed well (i.e., triggering a higher DOA) and to the participant when the
trading system performed poorly (i.e., triggering human intervention). It has been known from the first
experiment that the performance of AUTRASS could be characterized using system state (RPL > O:
profiting; RPL = 0: neutral; RPL < 0: losing). In this second experiment, suppose the simulation started
in a higher DOA configuration in which the trading algorithm selected the decisions and implemented
actions, the participant should be responsible for monitoring the temporal performance of the automation
regarding the profit or loss gained through each buy-sell pair. If the automation consistently performed
poorly, a significant realized loss (i.e., a negative RPL) would be achieved, and the participants were
told to interpret this situation as a system failure. The adaptive system automatically switched the
automation to a lower DOA configuration similar to the moderate DOA configuration of the previous
experiment, in which the participant was requested to make decisions and performed executions
manually. One benefit of using the moderate DOA configuration is that the participant might be able to
regain SA with a lower DOA. On the other hand, if the trading system gained enough realized profit (i.e.,
RPL > 0) during this intervention, the trading system should be assumed to enter a market that favours
the trading algorithm, and the DOA should be able to return to a higher degree to reduce the

participant’s workload.
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The DOA layering approach introduced earlier in this dissertation was useful in determining the
design requirements with different DOAs which together build an adaptive system. With this approach,
DOA shifts in trend following trading can be modeled on a DL as demonstrated in section 2.5.3.
Although the DOA layering approach was preliminary in modeling adaptive automation and no direct
design support was provided on DOA shifts at the moment, with the improved automation design
provided for this experiment, the ecological displays were expected to provide support in the profiting

state of the adaptive configuration at the least.

4.4 Apparatus

This experiment continued to use AUTRASS as the simulator. The Gazepoint GP3 eye tracker
continued to provide support in collecting eye-tracking data. Most apparatus of Experiment 1 and 2 were
identical, including the conventional and ecological displays being used. The differences were generally

in the automation design and will be highlighted in the following sections.

4.4.1 Automation Design

Table 27 shows that the improved-high DOA configuration and the profiting state of the
adaptive configuration inherited all task phases of the original high DOA configuration in Experiment 1
with the stage of decision selection modified to use the Murphy method. The author has discussed that
the Murphy method had poorer performance than the inverted two moving average method previously
used in Experiment 1. Not surprisingly, the poorer performance created more needs for monitoring the
algorithm trading in the market and more opportunities for the participants to intervene during the losing

state of the adaptive configuration.
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Table 27. Distinct Operation Logic of the Two Moving Averages Methods.

Improved-High Adaptive

Stages of Task Phases Trader Automation Trader Automation

Automation

Information
acquisition

Information
analysis

Decision
selection

Action
implementation

Collect
information from
the market
quotes and
displayitona
display (in favor
of the traders);
Observe market
and portfolio
data

Calculate a short-
period SMA and
a long-period
SMA and plot the
curves onto a
display (in favor
of the traders)

Interpret the
current and
predict situations
to decide signals
to buy and sell

Determine and
perform a buying
or a selling task

X
(DOA shifted to
moderate, RPL <
0)

X
(DOA shifted to
moderate, RPL <
0)

X

(DOA shifted to
high, RPL > 0)

X
(DOA shifted to
high, RPL > 0)

4.4.2 Financial Market Data

The improved-high DOA configuration replaced the original high DOA configuration of the

first experiment to use data sets TD3, TD4, D3 and D4 (Table 28). The Murphy method used in

improved-high DOA has been known to perform worse with those simulated markets in in comparison

to the inverted “two moving average” method. However, since the primary task for the participants in

the high DOA configurations was to monitor the automation trading, it is more important to ensure the

total numbers of losing buy-sell pairs to which the participants should respond for both D3 and D4 were



approximately the same. The author has previously reported that for the original high DOA
configuration using the two-moving average method, there were in total four losing buy-sell pairs with
the D3 and five losing buy-sell pairs with the D4. For the improved-high DOA configuration, there were
in total eight losing buy-sell pairs with the D3 and seven losing buy-sell pairs with the D4, suggesting
the task performance could be measured in a consistent way. The slightly increased incidence rate that
could be defined by the number of losing buy-sell pairs may reduce the ceiling effect which might have
occurred in Experiment 1. However, participants experienced a more familiar environment in the
improved-high DOA configuration than in the original high DOA configuration, as the algorithm logic
was known and consistent with the perceptual support provided on the conventional displays. This topic

will be reviewed in the data analysis.

The adaptive configuration replaced the moderate DOA configuration to use data sets TD1, TD2,
D1, and D2. Since the participants were expected to experience both the profiting state (in which
automation performed the executions, and the participants had less task involvement, using a higher
DOA) and the losing state (in which the participants performed a flexibility trading task, using a lower
DOA), it is important to ensure that the Murphy method could generate both profiting states and losing
states in these simulated markets. Using the Murphy method, the trading system would enter the first
losing state at approximately the same time with both the D1 and the D2 data sets, providing the
participants a consistent starting point to recover the trading system from further failure. With D1, the
RPL would fall to -$5.00 at the 12" timestamp. With D2, RPL would fall to -$26.00 at the 11"
timestamp. The D1 and D2 markets were consistent at the starting point. However, the performance of

the trading system after this point was beyond the control of the experimental design.
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Table 28. SPY Historical Market Data Sets (Experiment 1 and 2 Combined).

Starting  Original Total Total DOA
Data Set Timestamp  Duratio

Price Trading Day s n (min) Experiment 1 Experiment 2
TD1 111.76  August 2, 2010 60 5 Moderate — Adaptive
TD2 110.63  July 26, 2010 60 5 Moderate — Adaptive
TD3 106.76  July 8, 2010 60 5 High — Improved-high
TD4 117.67  April 8, 2010 60 5 High — Improved-high
D1 115.75 November 30,2010 120 10 Moderate — Adaptive
D2 114.11 October 18, 2010 180 15 Moderate — Adaptive
D3 118.37 October 7, 2010 120 10 High — Improved-high
D4 118.98  September 22,2010 180 15 High — Improved-high

4.4.3 Conventional Displays

The conventional displays used in the improved-high DOA configuration and the profiting state

of the adaptive configuration (i.e., DOA shifted to high) were identical to that used in the original high

DOA configuration in Experiment 1. The losing state of the adaptive configuration (i.e., DOA shifted to

moderate) used the moderate DOA conventional display in Experiment 1, as demonstrated in Table 29.
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Table 29. Display Elements of the Conventional Displays for the Improved-High DOA

Configuration and the Adaptive Configuration.

Adaptive
High DOA (Improved) DOA shifted to moderate, RPL < DOA shifted to high, RPL >
0 0
Market panel
Fundamental history panel
Portfolio panel
Trading history panel
E ti | (high
Execution panel (high DOA) Execution panel (moderate DOA) xecution panel (hig

DOA)

4.4.4 Ecological Displays

The improved-high DOA configuration and the profiting state of the adaptive configuration each
adopted the same ecological display used in the original high DOA configuration of the first experiment.
The losing state of the adaptive configuration used the moderate DOA configuration ecological display,

as shown in Table 30.

Table 30. Display Elements of the Ecological Displays for the Improved-High DOA Configuration

and the Adaptive Configuration.

Adaptive

High DOA (Improved) DOA shifted to moderate, RPL <0 DOA shifted to high, RPL>0

Market panel
Fundamental history panel
Portfolio panel

Execution history panel

Market-portfolio-execution visualization

Execution panel for high DOA
and the states-task Execution panel for moderate DOA
visualization

Execution panel for high DOA and the
states-task visualization
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4.5 Method

4.5.1 Experimental Design

Similar to Experiment 1, this experiment was generally a one-way (scenario type: improved-
high-conventional, improved-high-ecological, adaptive-conventional or adaptive-ecological), within-

subject design.

4.5.2 Procedure

A request for ethics clearance of a modification was approved by a University of Waterloo
research ethics committee on July 12, 2016 (ORE #: 21061). The recruitment process and the
experimental procedure were generally identical to those of Experiment 1, except for the training slides

and training scenarios.

The training slides were modified to include an introduction to the Murphy method. The
participants were explicitly told that the Murphy method was the operation logic of the trading algorithm
used in the improved-high DOA configuration and the profiting state of the adaptive configuration. The
participant experienced the first training scenario, which was improved-high-conventional. The
participant was then introduced to the ecological display and completed the second training scenario —
improved-high-ecological. After that, the participant was trained with the adaptive automation

configuration and completed the other training scenarios.

4.5.3 Participants

None of the participant attended Experiment 1 prior to attending this experiment. All
participants were registered undergraduate and graduate students at the University of Waterloo. Eight
females and sixteen males voluntarily participated in this study, and each was remunerated 30 Canadian

dollars for their participation. The average age of the participants was 22.7 (SD = 3.172), which was
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similar to that of Experiment 1 participants (M = 25.1 years, SD = 3.256). All participants self-reported
they have a normal or corrected normal visual acuity and normal color vision, and they would be
comfortable interacting with numeric and colour visualizations displays (rated at least 3 on the 5-point
scale in both cases). All participants have successfully completed at least one computer programming
course to facilitate automated trading. Five participants stated they had had experience in personal
investment. One participant had worked in the forex industry. All other participants were novice in

financial trading.

4.5.4 Task Descriptions

4.5.4.1 Improved-High DOA Configuration: Fault detection task

In the improved-high DOA scenarios, the participants were requested to monitor the algorithm

trading and completed a fault detection task used in original high DOA.

4.5.4.2 Adaptive Configuration: Flexible trading task and fault detection task

The participants performed the flexible trading task when the DOA shifted to moderate and

performed the fault detection task when the DOA shifted back to high.

4.5.5 Independent Variables

The independent variables were generally the same as those of Experiment 1, as shown in Table

31.
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Table 31. Summary of the Independent Variables (Experiment 2).

Independent Variable

Type

Level

Used with

Scenario type

Financial market data*

System state

Area Of Interest (AOl)

SA Level

NASA TLX subscale

Within-subject

Within-subject

Within-subject

Within-subject

Within-subject

Within-subject

Improved-high-
conventional, improved-
high-ecological, adaptive-
conventional or adaptive-
ecological

D1,2,30r4

Profiting or losing

Market, portfolio, trading
history, market-portfolio-
execution or states-task

1,2,0r3.

Mental, physical, temporal
demand, performance,
effort or frustration

All dependent variables

Manipulated in the
experimental design (D3
and 4 for improved-high
DOA and D1 and 2 for
DOA adaptive) but was
not included in data
analysis

Used in the evaluation of
mean position size
portfolio and decision
preference in a
guaranteed profiting
situation

Used in the evaluation of
all eye-tracking measures:
1) the market, portfolio
and trading history AOIS
were evaluated with all
scenario types; 2) the
market-portfolio-
execution AOI was
involved in the evaluation
of conventional display
scenarios; 3) the states-
task AOI was evaluated
within the improved-high
DOA scenarios only

Used in the evaluation of
SA rating

Used in the evaluation of
perceived workload

For DOA, the moderate DOA configuration and the original high DOA configuration were

replaced with the adaptive configuration and the improved-high DOA configuration respectively. For

system state, the neutral state was used as a buffer for the transition between the profiting state and the
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losing state of the adaptive configuration in which the participants used distinct control mechanisms;

therefore, the neutral state was excluded from the analysis.

4.5.6 Dependent variables

Most dependent variables examined in Experiment 1 were kept, as presented in Table 32. A new

dependent variable was included to the losing state of adaptive for understanding how well the

ecological displays would help the participants to bring RPL back to positive. Minor modifications to the

dependent variables are being introduced as follows.

Table 32. Summary of the Dependent Variables (Experiment 2).

Research Category Dependent Type Independent Data Collection
Question to Variables Variables Method
Answer (Number of
Levels)
Research Task performance End of scenario Ratio Adaptive DOA Simulation data
question 2: Do RPL only: scenario
ecological type (2)
displays have . . . .
. Mean Ratio Adaptive DOA Simulation data
an advantage in . .
subbortin accumulating RPL only: scenario
) PP . 8 (only when DOA type (2)
financial .
. shifted to
trading
moderate) *
performance?
If so, in which Duration of losing  Ratio Adaptive DOA Simulation data
DOA does this state only: scenario
advantage type (2)
exist? ) . ) . .
Fault detection Ratio Scenario type Simulation data
accuracy (2)
Situation awareness  Mean SA score Ratio Scenario type Computer-
(4), SA Level (3) administrated
questionnaire
Eye tracking Total dwell time Ratio (log- Scenario type Eye tracking
transformed) (4), AOI (6) data
Workload NASA TLX rating Ratio Scenario type Paper-based
(4), NASA TLX questionnaire
subscale (6)
Research Risk preference Choice of options  Binary Scenario type Paper-based
question 3: Can (as part of the (nominal) (4), fourfold questionnaire
ecological fourfold pattern situations (4)
displays of preferences)
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Research Category Dependent Type Independent Data Collection
Question to Variables Variables Method
Answer (Number of
Levels)
influence Mean portfolio’s  Ratio Scenario type Simulation data
trader’s risk size (2), system
preference? If state (2)
the.y can, in Decision Ratio Scenario type Simulation data
which DOA .
. preferencein a (2), system

does this
. . guaranteed state (2)
influence exist? - . .

profiting situation

Decision Ratio Scenario type Simulation data

preference in a
guaranteed losing
situation

(2), system
state (2)

X
New measure in Experiment 2.

4.5.6.1 Task performance measures

Similar to Experiment 1, end of scenario RPL was used as the measure of task performance for

the adaptive-conventional and adaptive-ecological scenarios. Note that this measure reflected the joint

performance of trader performance (when DOA shifted to moderate) and trading algorithm performance

(when DOA shifted to high) and therefore, may be subject to known or unknown confounds related to

DOA shifts. However, this measure was kept for consistency with Experiment 1.

Mean accumulating RPL was a newly introduced performance measure that only described

trader performance in the flexible trading task (when DOA shifted to moderate). It has been previously

introduced that at each timestamp, the AUTRASS back-end calculated the accumulating RPL and

immediately plotted its value on the simulator screen. Consequently, the trading system experienced

either a profiting, a neutral or a losing state at any timestamp, as demonstrated in section 3.4.5.3. Since

the participants only performed the flexible trading task when the system was in a losing state, mean

accumulating RPL was collected by adding up the ending RPL when each losing state ended then

dividing the result by the number of losing states.
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Fault detection accuracy was the same measure that has been used in Experiment 1, high DOA
scenarios. Fault detection accuracy continued to be used as the measure to understand how well the
participants detected the temporal failure of the trading algorithm in both the improved-high DOA

scenarios and the profiting state of the adaptive DOA scenarios (when DOA shifted to high).

4.5.6.2 Situation awareness measure

The measure of SA was based on SAGAT and was essentially the same as in Experiment 1. A
modified SA query pool as shown in Table 33 was used. Three modifications were made to the SA

query pool:

1. Several new SA queries about the function allocation were added to the pool. A new level 1
SA query asked about who (automation or the participant) was recently taking the control in trading on
AUTRASS. A new level 2 SA gquery examined whether the participant could successfully identify DOA
shifts in the stages of decision selection and action implementation;

2. Existing SA queries representing the same situation of the simulation through opposite angles
were merged to eliminate the confusions on these queries as identified from Experiment 1 results. These
questions included 2 level 2 SA queries (i.e., “is there a buying opportunity? why?”” and “is there a
selling opportunity? why?””) and 4 level 3 SA queries (i.e., “do you think there will be a buying
opportunity in the next 5 seconds? why?”, “do you think there will be a selling opportunity in the next 5
seconds? why?”, “do you think there will be a buying execution in the next 5 seconds? why?”, “do you
think there will be a selling execution in the next 5 seconds? why?”);

3. One of the level 1 SA queries (“in the last 5 seconds, what was the most recent trade?”)
pertaining to the trading execution was previously removed from the analysis of Experiment 1 data and
was revised with an additional option (‘“nothing”) added for the participant to accurately describe all

situations.
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Table 33. SA Query Pool (Experiment 2).

SA Level

SA Query

Answer Choice

1

“In the last 5 seconds, the market price has
gone:”

“In the last 5 seconds, the slower moving
average curve (yellow) has gone:”

“In the last 5 seconds, the faster moving average
curve (purple) has gone:”

“In the last 5 seconds, was there a crossover of
the two moving average curves?”

“In the last 5 seconds, ___ was taking the control
in trading.”

“In the last 5 seconds, what was the most recent
trade?”

Up, down or flat

Up, down or flat

Up, down or flat

Yes or no

Automation or |

Buy, sell or nothing

“Is there a shift in control (e.g., you and
automation)? Why?”

“What is happening with the unrealized profit
and loss in your portfolio? Why?”

“Is there a trading opportunity? What kind of
opportunity, and why?”

“What is happening with the quantity in your
portfolio? Why?”

“Has the most recent trade made any realized
profit, or loss? Why?”

(Open-ended)

“What will happen to the market price in the
next 5 seconds? Why?”

“Do you think there will be a trading opportunity
in the next 5 seconds? What kind of opportunity,
and why?”

“Do you think there will be a trade in the next 5
seconds? What kind of trade, and why?”

“What will happen to the quantity in your
portfolio in the next 5 seconds? Why?”

(Open-ended)
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4.5.6.3 Eye tracking measure

The assignment of AOIs and the eye-tracking measure remained unchanged given the same

conventional and ecological displays were used in Experiment 1.
4.5.6.4 Workload measure

Unweighted NASA TLX has previously been used as the workload measure and was kept in this

experiment.
4.5.6.5 Risk preference measures

The fourfold pattern of preferences continued to serve as the qualitative measure of the
participants’ risk preference. The quantitative measures, including the mean position size of the portfolio
and the decision preference in a guaranteed profiting situation and a guaranteed losing situation, were
only examined for the losing state of the adaptive configuration where the flexible trading task was

taken place.

4.6 Research Hypotheses

The author has three research questions:

Research question 1: How to model automated trading systems with a variable DOA using

CWA?

Research question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

This second experiment examined research question 2 and 3 with new automation design.

Several hypotheses were modified to better describe the difference in apparatus of Experiment 2.
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4.6.1 Research Hypotheses for Examining Performance

H1: The participants should achieve better performance with ecological displays in comparison

to conventional displays.

Hypothesis 1 generally remained consistent and was examined by dependent variable:

H1a: Within improved-high overall and the profiting state of the adaptive configuration (DOA
shifted to high), the participants could perform better in the fault detection task with the ecological
displays compared to the conventional displays. Within the losing state of the adaptive configuration
(DOA shifted to moderate), no difference in flexible trading task performance would be found between
the conventional and the ecological displays. Hypothesis 1a was slightly modified on the side of the
flexible trading task. It has been known from Experiment 1 results that the flexible trading task involved
both detection and mitigation and might not be supported by ecological displays. The losing state of the
adaptive configuration was similar to the moderate DOA configuration and might follow the same
pattern. On the other hand, with design changes in the improved-high DOA configuration, the ecological
display should effectively support monitoring for unanticipated situations in the improved-high DOA

configuration, and this hypothesis should be examined to verify the design change.

H1b: The participants’ SA would be higher with improved-high-ecological than with improved-
high-conventional. The participants’ SA would be higher with adaptive-ecological than with adaptive-
conventional. There might also be some evidence in the eye-tracking measure data that can support the

SA results

H1c: The participants would neither perceive higher workload with improved-high-ecological
than with improved-high-conventional. The participants would neither perceive higher workload with

adaptive-ecological than with adaptive-conventional.
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Hypothesis 1b and 1c remained unchanged from the previous experiment. However, since the
high DOA was improved and the new adaptive configuration was used, the author expects the results of

this experiment reveal different effects of DOA may be different in the results.
4.6.2 Research Hypotheses for Examining Risk Preference

H2: The participants could have different risk preferences with the ecological displays in

comparison to the conventional displays.
A breakdown of hypothesis 2 would be:

H2a: The participants’ fourfold experience-based choice in an automated trading environment
would be different from that as identified in McAndrew and Gore’s observations (2013), under the

influence of DOA (moderate DOA and high DOA) and display (conventional or ecological).

H2b: In the losing state of the adaptive configuration, the mean position size of the participants’

portfolio (S,) with the ecological displays would be different with that with the conventional displays.

H2c: In the losing state of the adaptive configuration, the participants’ decision preference in a
guaranteed profiting situation with the ecological displays would be different with that with the

conventional displays.

H2d: In the losing state of the adaptive configuration, the participants’ decision preference in a
guaranteed losing situation with the ecological displays would be different with that with the

conventional displays.

Hypothesis 2b, 2c and 2d can only be meaningfully examined within the losing state of the

adaptive configuration.
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4.7 Results

4.7.1 Conventions

The data analysis process followed all conventions that have been previously used in
Experiment 1. The conventions included significance level, effect size, and the measure of central

tendency.

4.7.2 Data Analysis Scripts

The scripts used in Experiment 1 were modified to handle the Experiment 2 data. The

modification took approximately four person-months to complete.

4.7.3 Summary of Results

Training data showed no evidence of confusions while completing the scenarios.

4.7.3.1 Task performance

End of scenario RPL (adaptive DOA)

End of scenario RPL was analyzed for adaptive DOA scenarios. End of scenario RPL for each
participant was obtained from AUTRASS and was compared between two scenario types (adaptive-
conventional or adaptive-ecological), N = 24. The assumption of normality was violated, ps < .05,
therefore, a non-parametric test was used instead. Results of the Wilcoxon Signed test showed that the
scenario type effect was not significant, p > .05. Empirical results shown in Table 34 suggested that the

participants gained more end of scenario RPLs within the adaptive-ecological scenario.
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Table 34. Summary of End of Scenario RPL for Adaptive DOA (Experiment 2).

Scenario Type End of Scenario RPL
Mdn M Mo SD
(Middle Most)  (Arithmetic Mean) (Most Frequent)  (Deviation)
Adaptive-conventional $60.6 $48.9 $100 49.2
Adaptive-ecological $80.5 $71.0 $83 48.7

A follow-up analysis was performed to look at whether financial market data has become a
confounding variable. The end of scenario RPL data were divided into two groups by the financial
market data set they used (i.e., D1 or D2). Since the participants were randomly assigned with a
financial market data set when they experienced the adaptive DOA scenarios, similar to Experiment 1,
again the sample sizes of the two groups were unequal. Empirical analysis results showed that with D1,
end of scenario RPL was slightly less with adaptive-ecological (Mdn = $91.25) than with adaptive-
conventional (Mdn = $91.5). With D2, a reverse pattern was observed whereby end of scenario RPL was
more with adaptive-ecological (Mdn = $37) than with adaptive-conventional (Mdn = $22). Since the end
of scenario performance is subject to both trader’s detection and mitigation performance and the trading

algorithm performance, end of scenario RPL as a performance measure is arguably too robust.

Mean accumulating RPL (adaptive DOA)

An in-depth analysis was performed to understand the traders’ performance when DOA shifted
to moderate. Mean accumulating RPL of all losing states for each participant was calculated and
subsequently compared between two scenario types (adaptive-conventional or adaptive-ecological), N =
24. The assumption of normality was violated, ps < .05. Results of the Wilcoxon Signed test showed that

the scenario type effect was not significant, p > .05. Table 35 summarizes the descriptive statistics.
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Table 35. Summary of Mean Accumulating RPL for Adaptive DOA (Experiment 2).

Scenario Type Mean Accumulating RPL
Mdn M Mo SD
(Middle Most)  (Arithmetic Mean)  (Most Frequent)  (Deviation)
Adaptive-conventional -§12.5 -$58.125 -85 111.5
Adaptive-ecological -$15 -$36.25 -$5 46.9

The pattern was generally consistent with that of the Experiment 1 performance measure. Mean
accumulating RPL data were divided into two groups by financial market data. For D1, the participants
gained more shares in the adaptive-conventional scenario (Mdn = -$5) than with the adaptive-ecological
scenario (Mdn = -$7.5). For D2, mean accumulating RPL was not empirically different (adaptive-

conventional or adaptive-ecological: Mdn = -$47.5).

Mean duration of losing state (adaptive DOA)

Mean duration of losing state was caculated by counting how many timestamps the participants
experienced DOA shifted to moderate in each adaptive DOA scenario, N = 24. The assumption of
normality was violated, ps < .05. Results of the Wilcoxon Signed test showed that the scenario type
effect was also not significant, p > .05, as shown in Table 36. The participants generally did not
experience many DOA shifts during the scenarios. Only 66.7% of the participants have successfully
made the trading system to be profitable (RPL > 0) after the initial mandatary loss by design, and
therefore experienced a DOA shift from moderate to high. All participants have only experienced one
DOA shift from high to moderate, which was the mandatory shift at the beginning of the scenario.

Therefore, no detailed patterns of dynamic function allocations have been further studied.

Table 36. Summary of Mean Durations of Losing State for Adaptive DOA (Experiment 2).

Scenario Type Mean Duration of Losing State (Mdn)
Adaptive-conventional 94 timestamps
Adaptive-ecological 86 timestamps
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Fault detection accuracy (improved-high DOA and adaptive DOA)

Significant individual differences have been found in the distribution pattern of the profiting
state in the adaptive-conventional scenarios and the adaptive-ecological scenarios. Four out of the
twenty-four participants have experienced no trial throughout their scenarios, because they performed
the flexible trading task poorly and the system remained at the losing stage after the initial shift from the
higher DOA (also demonstrated in the long duration of losing state). These data were not analyzed

statistically since not a single losing buy-sell pair occurred.

Data for improved-high-conventional and improved-high-ecological scenarios were separated
from the raw data set and were analyzed statistically. Two participants did not report any losing buy-sell
pairs in certain scenarios. To keep a balanced within-subject design, data for these two participants were
excluded. Failure detection accuracy and response time to correctly detect a fault were analyzed
similarly as the Experiment 1 (automated trading with implicit logic) analysis. The simulation data were
divided over 2 (scenario type: improved-high-conventional or improved-high-ecological) x 3 (system
state: profiting, neutral or losing) groups, N = 22. The assumption of normality was heavily violated, ps
< .05. Non-parametric tests showed the scenario type effect was significant, z = 2.004, p = .045, r = .427,
a medium effect. It can be seen from Figure 39 that the participants reported temporal automation
failures in the form of losing buy-sell pairs significantly more accurately in the improved-high-

ecological scenarios.
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Fault detection accuracy (max, third quartile, median, first quartile and
min; unit: %)
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Figure 39. Fault detection accuracy for improved-high DOA: Scenario type effect (Experiment 2).

All participants have successfully completed the adaptive-conventional scenarios and the
adaptive-ecological scenarios. Descriptive statistics for the profiting state of these scenarios suggested
that the added visual elements of the ecological display may be an important attribute that distinguishes
the performance of the fault detection task between the two scenario types, N = 24 (adaptive-
conventional: Mdn = 60.0%, M = 56.7%, SD = .294; adaptive-ecological: Mdn = 80.0%, M = 61.3%, SD
=.374). A summary of fault detection accuracies described in median and other central tendency

measures for all configurations in Experiment 1 and 2 is presented in Table 37.
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Table 37. Summary of Fault Detection Accuracies (Experiment 1 and 2 Combined).

Experiment Scenario

Fault Detection Accuracy

Type
Mdn M Mo SD
(Middle (Arithmetic (Most (Deviation)
Most) Mean) Frequent)
Experiment High- 75.0% 73.2% 100% .289
1 conventional
High- 100.0% 87.2% 100% 213
ecological
Experiment Improved- 71.4% 62.8% 77.8% 227
2mproved- high-
high)E conventional
Improved- 77.8% 73.0% 85.7% .125
high-
ecological
Adaptive- 56.7% 56.7% 60.0% 294
conventional
Adaptive- 80.0% 61.3% 100% 374

ecological

4.7.3.2 Situation awareness

The participants’ responses to the SA queries were scored based on the simulation data in a way

similar to Experiment 1. Abnormal responses were handled similarly. Table 38 shows the SA queries

and the scoring rubrics.

Table 38. Summary of SA Queries and Scoring Rubrics (Experiment 2).

SA Level

SA Query

Answer Choice

Scoring Rubrics (Score 1)

1

“In the last 5 seconds, the market
price has gone:”

“In the last 5 seconds, the slower
moving average curve (yellow) has
gone:”

Up, down or flat

Up, down or flat

Correctly compared P,att-1
tot.

Correctly compared SMA,, at
t—1tot.

“In the last 5 seconds, the faster
moving average curve (purple) has
gone:”

“In the last 5 seconds, was there a
crossover of the two moving
average curves?”

“In the last 5 seconds, was
taking the control in trading.”

Up, down or flat

Yes or no

Automation or |
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Correctly compared SMAs.; at
t—1tot.

Correctly identified whether
there was a SMA crossover
duringt-1tot.

Correctly identified the
operator (automation or the
subject) duringt—1to t.



SA Level

SA Query

Answer Choice

Scoring Rubrics (Score 1)

“In the last 5 seconds, what was
the most recent trade?”

Buy, sell or nothing

Correctly identified the trade
(buying, selling or neither)

duringt-1tot.

“Is there a shift in control (e.g.,
you and automation)? Why?”

“What is happening with the
unrealized profit and loss in your
portfolio? Why?”

“Is there a trading opportunity?
What kind of opportunity, and
why?”

“What is happening with the

quantity in your portfolio? Why?”

“Has the most recent trade made
any realized profit, or loss? Why?”

(Open-ended)

Correctly identified a shift or
no shift between manual
trading and automated trading
duringt—1tot.

Correctly identify the positive
or negative and direction UPL
during timestamps t—1to t.

Identified a buying
opportunity if P, > P, at the

timestamp 4, or

Identified a selling opportunity
if P, < P and Q, > 500 at the

timestamp t, or

Identified no trading
opportunity in other cases.

Correctly compared Q,att—1
with Q, at t.

Correctly compared P,, with
P,, if there was a selling trade

betweent—1andt, or

Addressed if there was a
buying trade or no trade.

“What will happen to the market

price in the next 5 seconds?
Why?”

“Do you think there will be a
trading opportunity in the next 5
seconds? What kind of
opportunity, and why?”

(Open-ended)
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Correctly compared P, at t
and Pm at t + 1 (predicted).

Predicted a buying

opportunity if P, < Pyatt+1,



SA Level SA Query Answer Choice

Scoring Rubrics (Score 1)

“Do you think there will be a
trade in the next 5 seconds? What
kind of trade, and why?”

“What will happen to the quantity
in your portfolio in the next 5
seconds? Why?”

or

Predicted a selling opportunity
if Pn>Ppand Q,>500att+1,

or

Predicted no trading
opportunity in other cases.

Correctly predicted the trade
(buying, selling or neither)

duringttot+ 1.

Correctly compared Q, at t
and Q, at t + 1 (predicted).

All participants successfully completed the SA queries. Mean SA score data were divided into 4

(scenario type: improved-high conventional, improved-high ecological, adaptive conventional or

adaptive ecological) x 3 (SA level: 1, 2 or 3) within-subject groups, N = 24. The assumption of

normality was violated in all groups, ps < .05. Non-parametric tests were performed. Results of the

Friedman’s test showed that there was a SA level significant effect, »* = 23.239, p < .001 (Level 1: Mdn

=.625; Level 2: Mdn = .438; Level 3: Mdn= .375). Post hoc tests showed there was a significant

difference between Level 1 and 2 SAs (z = 4.022, r = .821, a large effect) and a significant difference

between Level 1 and 3 SAs (z = 3.634, r = .742, a large effect), ps < .001. The difference between Level

2 and 3 SAs was not significant, p > .05. The scenario type effect was not significant, p > .05.

Descriptive statistics for the mean SA scores are summarized in Table 39.
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Table 39. Summary of Mean SA Scores (Experiment 2).

Scenario Type Per Scenario Type (Mdn) Per SA Level (Mdn)

1 2 3
Improved-high-conventional 458 .750 .375 .333
Improved-high-ecological .500 .500 .500 446
Adaptive-conventional .500 .500 .500 .385
Adaptive-ecological 486 .500 .500 .316

4.7.3.3 Eye tracking

Total dwell time (market price AOI, portfolio AOI and trading history DOA)

Eye tracking data for three participants were excluded from the analysis due to data losses. Total
dwell time for the 5-second window prior to such SA pause in each scenario were calculated and
submitted to the statistical model. The assumption of normality was violated in most of the 4 (scenario
type: improved-high-conventional, improved-high-ecological, adaptive-conventional or adaptive-
ecological) x 3 (AOI: market, portfolio, trading history) groups, ps < .05, N = 21. A repeated measures
ANOVA was performed on the log 10 transformation eye-tracking data. The assumption of Sphericity
was met, p > .05. There was a significant AOI main effect, F(2, 40) = 12.989, p < .001, 7" = .135 (a

medium effect). No other effects were significant, ps > .05. The AOI effect plot is presented in Figure 40.
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Total dwell time (transformed mean, unit: log s)
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Figure 40. Total dwell time for the common AQIs: AQOI interaction (Experiment 2).

Post hoc tests were performed using Bonferroni corrections. Total dwell time in each AOI was
compared between the four scenario types. Total dwell time was significantly longer on the market AOI
than on the portfolio AOI, in the case of improved-high-ecological (p = .046), adaptive-conventional (p
=.001) and adaptive-ecological (p = .045). Total dwell time was significantly longer on the market AOI
than on the trading history AOI only with improved-high-conventional (p = .034). There was no

significant difference between the portfolio AOI and the trading history AOlI, ps > .05.

A summary of total dwell time for all the common AOlIs is presented in Table 40.
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Table 40. Summary of Total Dwell Time for the Common AOIls (Experiment 2).

Scenario Type Area of Interest (M, SD, unit: log s)
Market Portfolio Trading History
Improved-high- .287 .156 117
conventional (.214) (.180) (.158)
Improved-high-ecological .260 124 124
(.182) (.162) (.162)
Adaptive-conventional 299 .099 157
(.199) (.110) (.150)
Adaptive-ecological .218 .075 .188
(.188) (.133) (.176)

Total dwell time (market-portfolio-execution AOI)

Total dwell time for the market-portfolio-execution AOI with the ecological displays were log
transformed and statistically compared between two scenario types, improved-high-ecological and
adaptive-ecological, using a paired t test, N = 21. The scenario type effect was not significant, p > .05, as

shown in Table 41.

Table 41. Summary of Total Dwell Time for the Market-Portfolio-Execution AOI (Experiment 2).

Scenario Type Area of Interest (M, SD, unit: log s)

Market-Portfolio-Execution

Improved-high-ecological 135
(.175)
Adaptive-ecological .143
(.135)

Total dwell time (states-task AOI)
Total dwell time for the states-task AOI was log transformed and submitted to a paired t test to
examine the scenario type effect (adaptive-conventional or adaptive-ecological), N = 21. The scenario

type effect was not significant, p > .05, as shown in Table 42.
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Table 42. Summary of Total Dwell Time for the States-Task AOI (Experiment 2).

Scenario Type Area of Interest (M, SD, unit: log s)

States-Task

Adaptive-conventional 172
(.177)
Adaptive-ecological .168
(.175)

4.7.3.4 Workload

All participants successfully completed the paper-based workload questionnaires. Unweighted
NASA TLX ratings were submitted to a 4 (scenario type: improved-high or adaptive) x 6 (NASA TLX
subscales: mental workload, physical workload, temporal workload, performance, frustration or effort)
robust repeated measures ANOVA, N = 24. The assumption of sphericity was violated in the scenario
type x subscale interaction, p <.05. A Greenhouse-Geisser correction was applied to the statistical

model.

There was a significant subscale effect, F(3.441, 115) = 12.647, p < .001, 7* = .193 (Figure 43).
Post hoc test results are presented in Table 43. The pattern in the data is generally consistent with that in
the Experiment 1 data. The mental demand was moderate, and the physical demand was relatively low.

All remaining effects in the statistical model were not significant, ps > .05.

A summary of NASA TLX ratings is presented in Table 43.
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Table 43. Summary of NASA TLX Ratings (Experiment 2).

Scenario Type

Subscale (M, SD)

Mental Physical Temporal Performance Frustration Effort

Demand Demand Demand
Improved-high- 12.75 5.417 11.000 9.625 8.208 11.208
conventional (5.007) (4.442) (4.978) (4.707) (4.191) (4.961)
Improved- 11.959 5.125 8.75 9.250 7.792 10.542
High-ecological (4.196) (4.047) (5.152) (5.227) (5.099) (4.433)
Adaptive- 12.833 6.167 10.750 9.458 9.375 12.958
conventional (3.784) (4.697) (4.513) (5.013) (5.747) (4.486)
Adaptive- 14.042 6.000 11.167 10.375 8.208 11.208
ecological (4.704) (4.314) (5.427) (3.954) (4.191) (4.961)

4.7.4 Risk Preference

4.7.4.1 Fourfold pattern of preferences

Fourfold pattern of preferences, the qualitative measure of risk preference, was analyzed. All

participants completed this measure, N = 24. The author summarized the percentage of the participants

who made risk-seeking or risk-aversion preference after they experienced each measurement scenario.

Table 44 shows the participants’ choices in each scenario type. It can be concluded that most

participants were risk seeking with medium- and large-probability gains (61 out of 96) and small-

probability losses (69 out of 96), and risk aversion with small-probability gains (67 out of 96). These

patterns were generally consistent across the four scenario types. No consistent pattern of choices across

of the four scenario types has been found with in the case of medium- and large-probability losses (risk

seeking: 45 out of 96; risk aversion: 51 out of 48).
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Table 44. Fourfold Pattern of Preferences: Scenario Type Effect (Experiment 2).

Medium- and large-probability gains

Improved-High- Improved-High- Adaptive- Adaptive-Ecological
Conventional Ecological Conventional
Risk seeking 17 16 17 12
Risk aversion 7 8 7 12

Small-probability losses

Improved-High- Improved-High- Adaptive-Conventional Adaptive-

Conventional Ecological Ecological
Risk seeking 21 16 15 17
Risk aversion 3 8 9 7

Small-probability gains

Improved-High- Improved-High- Adaptive-Conventional Adaptive-

Conventional Ecological Ecological
Risk seeking 10 11 8 11
Risk aversion 14 13 16 13

Medium- and large-probability losses

Improved-High- Improved-High- Adaptive-Conventional Adaptive-

Conventional Ecological Ecological
Risk seeking 12 13 13 11
Risk aversion 12 11 11 13

4.7.4.2 Mean portfolio’s size of portfolio (adaptive DOA)

Mean position size was calculated the losing state of each adaptive automation scenario. The
data were divided over two groups by scenario type (adaptive-conventional or adaptive-ecological). The

assumption of normality was violated in either group, ps < .05. Wilcoxon signed test results showed that
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the scenario type effect was not significant, p > .05 (adaptive-conventional: Mdn = 468.5 shares;
adaptive-ecological: Mdn = 660.9 shares). Since the automation performance was a mediating factor in

deciding the portfolio’s size, no further analysis similar to Experiment 1 was performed.
4.7.4.3 Decision preference in a guaranteed profiting situation (adaptive DOA)

To help the trading system recover from the losing state, the participants must profit from
guaranteed profiting opportunities when the system was in the losing state of the adaptive configuration.
The participants may perform an immediate sell-off in the shares of SPY (risk-aversion) or to wait for
future profiting opportunities by holding the portfolio (moderate risk-seeking) or buying more shares of
SPY (high risk-seeking). The percentage of executions was calculated in each of the 2 (scenario type:
adaptive-conventional or adaptive-ecological) x 3 (risk level: risk-aversion, moderate risk-seeking or
high risk-seeking) groups, N = 24. The system state effect (profiting, neutral or losing) was not analyzed
because the participants only perform this task during the losing state. The assumption of normality was
violated in 2 x 3 all groups, ps < .05. The scenario type effect was not significant, p > .05 (adaptive-
conventional: Mdn = 33.3%; adaptive-ecological: Mdn = 33.3%). There was a significant risk level
effect, XZ =42.000, p < .001 (risk-aversion: Mdn = 10.2%; moderate risk-seeking: Mdn = 78.6%; high
risk-seeking: Mdn = 5.8%). All pairwise differences between the three risk levels were significant, ps
< .05. The pairwise differences can be interpreted as the participants were most likely to perform
moderate risk-seeking decisions in a guaranteed profiting situation, followed by risk-aversion decisions

than high risk-seeking decisions, as presented in Figure 41.
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Percentage of execution (makx, third quartile, median, first quartile and min; unit: %)
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Figure 41. Percentage of execution: Risk level effect (Experiment 2).

To examine whether the type of display can influence the percentage of executions at each risk
level, the 2 x 3 statistical model was collapsed to three models representing these risk levels. Non-

parametric tests were performed for each level:

1. For the risk-averse risk level, the percentage of selling executions was analyzed. The scenario
type effect was not significant, p > .05 (adaptive-conventional: Mdn = 9.5%; adaptive-ecological: Mdn =
12.6%).

2. For the moderate-risk seeking risk level, the percentage of holding executions made was
analyzed. The scenario type effect was significant, p = .022, r = .467, a large effect (adaptive-
conventional: Mdn = 89.4%; adaptive-ecological: Mdn = 78.3%). Figure 42 shows that the participants

performed significantly less holding executions with the adaptive-ecological scenario.
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Percentage of execution (max, third quartile, median, first quartile, min and
outlier; unit: %)
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Figure 42. Percentage of holding executions: Scenario type effect (Experiment 2).

3. For the high-risk seeking risk level, the percentage of buying executions was analyzed. The
scenario type effect was not significant, p > .05 (adaptive-conventional: Mdn = 1.7%; adaptive-
ecological: Mdn = 5.7%). Table 45 summarizes the median percentages of execution divided by scenario

type and risk level.

Table 45. Percentage of Executions (Adaptive-Conventional or Adaptive-Ecological, Experiment 2)

Scenario Type Percentage of Execution (Mdn)

Risk-Aversion Moderate Risk-Seeking High Risk-Seeking
Adaptive-conventional 9.5% 89.4% 1.7%
Adaptive-ecological 12.6% 78.3% 5.7%

4.7.4.4 Decision preference in a guaranteed losing situation (adaptive DOA)

The percentage of executions in each guaranteed losing situation was calculated in each of the 2

(scenario type: adaptive-conventional or adaptive-ecological) x 3 (risk level: risk-aversion, moderate
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risk-seeking or high risk-seeking) groups, N = 24. The scenario type effect was not significant, p > .05
(adaptive-conventional: Mdn = 33.3%; adaptive-ecological: Mdn = 33.3%). The risk level effect,
however, was significant, p < .001. All pairwise differences between the three risk levels were
significant, ps < .05. As Figure 44 shows, the participants were generally moderate risk-seeking while
facing a guaranteed losing situation (Mdn = 85.5%), followed by high risk-seeking (Mdn = 10.0%) then
risk averse (Mdn = 4.5%). Unlike the previous analysis performed on guaranteed profiting situations, the

current result did not elaborate the qualitative results, Figure 43.

Percentage of execution (max, third quartile, median, first quartile and min; unit: %)
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Figure 43. Percentage of execution: Risk level effect (Experiment 2).

1. For risk-aversion, the percentage of selling executions was analyzed. The scenario type effect

was not significant, p > .05 (adaptive-conventional: Mdn = 3.3%; adaptive-ecological: Mdn = 4.3%).
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2. For moderate risk-seeking, the percentage of holding executions was analyzed. The scenario
type effect was not significant, p > .05 (adaptive-conventional: Mdn = 84.6%; adaptive-ecological: Mdn

= 87.4%).

3. For high risk-seeking, the percentage of buying executions was analyzed. The scenario type
effect was not significant, p > .05 (adaptive-conventional: Mdn = 11.8%; adaptive-ecological: Mdn =

7.7%).

4.8 Discussion
The discussion focused on interpreting Experiment 2 results but also made several comparisons

to the results of Experiment 1.

4.8.1 Performance

4.8.1.1 Task performance

Performance degradation with ecological displays due to risky actions?

During the losing state of the adaptive configuration, mean accumulating RPL replaced end of
scenario RPL as the measure of task performance. However, it was not significantly different with the
ecological displays compared to the conventional displays, which is consistent with the end of scenario
RPL results of Experiment 1. Therefore, hypothesis 1a was rejected. The detection-mitigation confound
in the task as identified in Experiment 1 is a possible explanation. However, there might be another

explanation.

A comparison of Experiment 1 and 2 results is presented in Table 46. This comparison
empirically suggested that the ecological displays may have degraded the participants’ performance in
the flexible trading task, which can also be characterized as overall trading performance. Almost all

participants have not been professionally trained (with one exception in Experiment 1 and another one in
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Experiment 2). Therefore, there were likely to be huge individual differences in the choices of trading
strategies and their signal detection and mitigation abilities, all of which are crucial in financial trading.
The consistent pattern in the mean RPL results suggested a possible performance degradation with the
ecological displays, which may be due to the risk-seeking behaviours fostered by the ecological displays,
as demonstrated in the results of the quantitative risk preference measures. This explanation is merely
hypothetical and cannot be statistically analyzed with the current experimental setting. Future research is
warranted on this topic to recruit professionally-trained traders and examine how they performed the

flexible trading task in an experimental setting similar to AUTRASS.

Table 46. Summary of Moderate Task Performance (Experiment 1 and 2 Combined).

Experiment Display End of Scenario RPL (Mdn)

Experiment 1 Moderate-conventional S35
Moderate-ecological $30.5

Experiment 2 Adaptive-conventional -$12.5
Adaptive-ecological -$15.0

Fault detection accuracy: effective ecological display support with improved automation design

Results of the fault detection accuracy in the improved-high DOA configuration supported
hypothesis 1a. The ecological display effectively supported the fault detection task in unanticipated
situations. Fault detection accuracy was compared amongst the original and the improved-high DOA
configurations and the adaptive configuration using a wide range of central tendency measures. Results

of the comparison are presented in Table 47.
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Table 47. Summary of Fault Detection Accuracies (Experiment 1 and 2 Combined).

Experiment Display Fault Detection Accuracy
Mdn M Mo SD
(Middle Most) (Arithmetic (Most Frequent) (Deviation)
Mean)
Experiment High- 75.0% 73.2% 100% .289
1Expe conventional
High- 100.0% 87.2% 100% 213
ecological
Experiment Improved- 71.4% 62.8% 77.8% 227
2Experi high-
) conventional
Improved- 77.8% 73.0% 85.7% 125
high-
ecological
Adaptive- 56.7% 56.7% 60.0% 294
conventional
Adaptive- 80.0% 61.3% 100% 374

ecological

’ Significant difference.

No evidence of a ceiling effect was observed in the improved-high DOA configuration data,
though the participants performed the fault detection task generally well as demonstrated in the mode
data. The ecological display effect was not examined statistically in the profiting state of the adaptive
configuration due to the limited sample size. However, a consistent pattern can be found in the adaptive

configuration.

Since the same ecological display was used in both the original and the improved-high DOA
configurations, the significance in the type of display is most likely to be a direct result of the
improvement of automation design. With appropriate training on the algorithm logic and features
provided by the ecological display, a mental model can be established to utilize the problem-solving
support provided by the states-task visualization. On the other hand, the procedural support provided in
the states-task visualization ensured a consistent rule-based mapping between the cues and the

automation performance. Since no knowledge-based reasoning was required to use the procedural
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support, the rule-based mapping should not be influenced by the unfamiliar algorithm logic. However,
with the effect of the ecological display significant in the improved-high DOA configuration in this
experiment but not significant in the original high DOA configuration in the previous experiment, it
seems that the misconnection between different stages of automation brings more complexity to the
problem space and may detract from the participants’ ability to utilize the rule-based mapping. With a
higher DOA, the participants generally had less task involvement and may be more vulnerable to the
loss of SA. Therefore, it is possible that in situations where the automation logic is unfamiliar, operators
may not be able to effectively use the rule-based support without a well-established knowledge-based

understanding.

Fault detection accuracy is a customized task performance measure for monitoring in a high
DOA automated trading setting that involves sophisticated algorithm operations. It is noticeably
different from other task performance measures that have been examined in the literature. For example,
H. Li (2013) simulated a space mission to investigate a number of performance consequences measures
that were suitable for a wide range of domains. Her measures included task completion time, accuracy
and hazard occurrence. While accuracy has been adopted as a performance measure in Experiment 1 and
2, task completion time and occurrence of real hazards were not used in the data analysis of this
dissertation due to two distinctions in the automated trading setting. First, AUTRASS simulated a
financial trading system which receives and presents market data in discrete time series and the trading
executions issued by the trader, or the automation must proceed in a time-by-time manner. The response
time to correctly reported buy-sell pairs was not logged by AUTRASS due to the disruption of the
latency. Task completion time is also subject to the latency in order processing and does not always
reflect the operator performance. Second, although this experiment tried to simulate automation failure
which was rare with the well-performing trading algorithm, more hazardous events (known as the “black

swans”, e.g., market crash) in a real market are much rarer. Considering how rare these hazardous events
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may occur, to practically simulated these hazards, a much longer scenario or a longitudinal study should
be considered in the design of future studies. The occurrence of hazards is a realistic measure
comparable to many fault detection measures that have been documented in the literature (e.g.,
perceived urgency of hazards: Arrabito et al., in review; number of control actions taken: Reising &

Sanderson, 2000b). Further development of this measure for the automated trading setting is warranted.

4.8.1.2 Situation awareness

Participants attending Experiment 2 had moderate SA (Mdn = .500) similar to those
participating in Experiment 1 (Mdn = .500). The participants had a highest level 1 SA, followed by the
level 2 SA then the level 3 SA, which generally reflected the definition of SA. No display type or DOA

effect was observed. As a result, hypothesis 1b was rejected.

It can be concluded that no solid SA improvement has been found throughout Experiment 2
according to the results of SAGAT. The eye-tracking data represented a similar pattern in comparison to
the moderate DOA configuration with the conventional displays in Experiment 1 data. With no effect of
the ecological displays observed, it seems that adaptive automation is a new concept in the context of
financial trading, and future studies are necessary to identify specific design requirements for this type

of automation.
4.8.2 Workload

Neither DOA nor the type of display significantly influenced workload as predicted in

hypothesis 1c. The ecological display did not add additional workload to the trading tasks.

4.8.3 Risk Preference

Results of the qualitative risk preference measures matched those of Experiment 1. It can be

seen in Table 48 that the fourfold patterns of choice presented in both experimental studies were
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consistent with those identified in Hertwig and Erev’s study in the case of small-probability gains and
losses. In the case of medium- and large-probably gains, the fourfold patterns of choice were consistent
with those identified in McAndrew and Gore’s study. Similar to the Experiment 1 results, no consensus
was found in the risk preference of medium- and large-probability losses. The consistent pattern
between Experiment 1 and 2 demonstrated that the fourfold pattern of choice was probably determined

by the overall simulated trading environment, not the specific tasks or the experimental conditions,

Table 48.
Table 48. Summary of Fourfold Patterns of Choice (Experiment 1 and 2 Combined).
Description Experience Experience Experiment 1 Experiment 2
(Prospect Theory)  Through Learning Through
(Hertwig & Erev, Professional
2009) Training
(McAndrew &
Gore, 2013)
Gains Losses Gains Losses Gains Losses Gains Losses Gains Losses
Small Risk Risk Risk Risk Risk Risk Risk Risk Risk Risk seeking
probability  seeking aversion  aversion seeking aversion  aversion  aversion  seeking aversion
Medium Risk Risk Risk Risk Risk Risk Risk (No consensus) Risk (No
and large aversion  seeking aversion?  seeking?  seeking aversion  seeking seeking consensus)
probability

Ecological displays and risk-seeking actions

The mean portfolio size examined in the losing state of the adaptive configuration has a similar
pattern in comparison to the results of the moderate DOA configuration (Table 49), which again,
supported Borst et al. (2015) that ecological displays may be prone to risky actions if the intentional
constraints of the work domain were not made visible. Since the market-portfolio-execution
visualization merely represents the physical constraints, with a goal of achieving a maximum rate of

revenue, no intentional constraints were represented in this visualization.
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Table 49. Summary of Mean Portfolio’s Size (Experiment 1 and 2 Combined).

Scenario Type Mean Portfolio’s Size (Mdn)
Moderate-Conventional 618.0
Moderate-Ecological 904.3
Adaptive-Conventional 468.5
Adaptive-Ecological 660.9

A comparison of the decisions made in guaranteed profiting situations between the moderate
automation scenarios and the losing state of the adaptive automation scenarios showed that the

participants were generally moderate risk-seeking with AUTRASS, as being summarized in Table 50.

Table 50. Summary of Percentage of Execution (Experiment 1 and 2 Combined).

Scenario Type Risk Level Percentage of Execution (Mdn)
Moderate Risk aversion 22.4%

Moderate risk-seeking 55.3%

High risk-seeking 21.9%
Adaptive Risk aversion 10.2%

Moderate risk-seeking 78.6%

High risk-seeking 5.8%

In this experiment, with the adaptive configuration, the participants performed significantly less
holding executions that were associated with moderate risk-seeking with the ecological display than
with the conventional display (adaptive-conventional: Mdn = 89.4%; adaptive-ecological: Mdn = 78.3%).
This pattern was not empirically identical with that of Experiment 1 where the participants experienced
the moderate DOA configuration (adaptive-conventional: Mdn = 51.2%; adaptive-ecological: Mdn =
51.5%). My speculation is that with adaptive automation being used, the influence of the ecological
displays on risky actions was limited to a certain extent, and the participants preferred taking extreme
actions (i.e., either high risk-seeking or risk-aversion actions). This speculation, along with the impact of

the missing support for the intentional constraints, require more in-depth explorations in future.

Here the author provides a final remark on the development of risk preference measures. The

guantitative measures make a distinct contribution toward the description- and experience-based choice
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research. AUTRASS provided the technological foundation for the development of quantitative
measures for evaluating risk preference. These measures not only supplemented the qualitative measures
in identifying the patterns of choice for medium- and large-probabilities which were largely
underexplored (McAndrew & Gore, 2013), but also suggested that risk seeking for medium- and large-
probability gains may be attributable to the heuristic cues provided by the ecological displays, and thus
connected the CWAV/EID approach to the prospect theory/description- and experience-based choice

research.

4.8.4 Other Findings

4.8.4.1 A DOA layering approach to display design

The distinct statistical results of fault detection performance in the original and the improved-
high DOA configurations demonstrated the applicability of the DOA layering approach to designing
ecological displays. Based on several aspects of the DOA-layered models, the ecological displays
provided different forms of support according to the DOA. The market-portfolio-execution visualization
has been developed in a way similar to how ecological displays have been developed in the literature.
Built on the base AH, this visualization did not address the DOA and, similar to most ecological

displays, may not support a specific DOA situation.

The success of the ecological displays in supporting fault detection performance in the
improved-high DOA configuration has suggested important implications for using information on a DL
to derive ecological displays that were specific to a DOA, which was an underexplored area. Rasmussen
pointed out that that in information-processing systems the operator is connected to the environment in
various ways, and the connections can be organized into three categories according to the SRK
taxonomy. These categories are skill-based, rule-based and knowledge-based. Although most EID

applications in the literature only described constraints that were inherent in the work domain, there may

208



be other constraints imposed by certain control tasks as suggested by Vicente and Rasmussen in their
early development of EID (1992). Bennett and Flach’s work has provided some practical guidance for
mapping DL functions to skill-, rule-, and knowledge-based information-processing. They described that
skill-based processing reflects the direct links at the bottommost of the DL, between activation and
execution. Rule-based processing utilizes the middle region of the DL, including observe, system state,
goal state, formulate procedure and the various states of knowledge developed by these functions.
Knowledge-based processing, however, is not directly supported by most perceptual cues and the
operators must analyze the situation and develop a solution. The design of the states-task visualization is
an initial attempt to design based on Bennett and Flach’s mapping and requires further development in

the future.
4.8.4.2 A DOA layering approach to automation design

The two experimental studies added a practical caveat to automation design. The presented
design exercise included determining initial function allocation (i.e., stages and levels of automation),
evaluating automation design according to evaluative criteria (e.g., dependent variables in the two
experimental studies) and modifying automation design, and demonstrated the potentials of the DOA
layering approach. With this approach fitted into the existing automation design framework
(Parasuraman et al., 2000), CWA can be performed at an early phase of automation design. Further,
ecological displays and automation can be designed concurrently, based on the rich information
provided by the DOA layered models. Future research should extend the DOA layering approach as an

automation design approach.
4.9 Chapter Summary and Connections to Research Questions
4.9.1 Key Findings

This chapter elaborates on the findings in chapter 6 and suggests new findings.
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Automation design and EID: This chapter further explores the effectiveness of the ecological
displays in supporting a specific DOA. With the improved automation design, task performance at a
higher DOA was supported. It can be concluded that in cases where the knowledge-based support did
not provide necessary help, the rule-based support alone may not be able to support the detection

performance.

Adaptive automation, moderate risk-seeking, and EID: With the adaptive automation, although
the participants were moderate risk-seeking, the participants were significantly less moderate risk-
seeking with the ecological displays, suggesting a limit on the influence of ecological displays on risky

actions.
4.9.2 Connections to Research Questions
The author has three research questions for this dissertation:

Research Question 1: How can we model automated trading systems with a variable DOA

using CWA?

Research Question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research Question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

This chapter is a further exploration of research question 2 and 3. Both research questions are

partially supported. Connections to the first research question are also addressed.
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Part D

Conclusion

This last part of the dissertation is a conclusion. In chapter 5, the author summarizes key

findings and contributions and suggest areas for future work.
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Chapter 5

Conclusion

Automated trading is an underexplored domain in the human factors research, and it involves a
wide range of research topics. A thorough literature review was performed on automated trading,
human-automation interaction and CWA and was documented in Appendix A. This dissertation
narrowed these topics down to 3 research questions which were proposed in chapter 1. The rest of this
dissertation adopted a two-phase approach to explore automated trading. First, a DOA layering approach
was proposed in chapter 2 as the theoretical foundation to investigate the complexity relevant to the
variable DOA of automated trading. Second, design concepts implied by the DOA layering approach
were used to develop the automation and the ecological displays that were expected to support the
variable DOA situation in the automated trading domain. Some DOA configurations, including adaptive
automation, were evaluated through two experiments with novice participants recruited from a

university population (chapter 3 and 4).

To conclude this dissertation, this chapter reviews key findings and contributions, and suggest

future work.

5.1 Summary of Key Findings
This summary is structured according to the three research questions with findings included

under each question.
5.1.1 Model Automated Trading Systems with a Variable DOA Using CWA

Automation in financial trading is versatile regarding the various stages and levels of
automation involved. The DOA layering approach was proposed during an early investigation of this

domain to characterize the complexity related to the variable DOA. With the stages and levels of
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automation model adopted in CWA, the DOA layering approach suggested new opportunities for

designing automation and ecological displays.

5.1.2 Ecological Interface Design for Supporting Performance in Financial Trading

AUTRASS is the first to create a simulation of trend following trading that is typical in
automated trading systems. Automation and ecological displays were derived from CWA models and
layers following the DOA layering approach. The two automation configurations and the conventional
and the ecological displays together formed four scenario types — moderate-conventional, moderate-
ecological, high-conventional and high-ecological. Experiment 1 examined these four scenarios types,
two of which had a higher DOA than the other two due to less participant task involvement. Experiment
2 examined the same conventional and ecological displays with two different DOA configurations in
four new scenario types — improved-high-conventional, improved-high-ecological, adaptive-
conventional and adaptive-ecological. Among them, improved-high-conventional and improved-high-
ecological were similar to the high-conventional and the high-ecological scenario types evaluated in
Experiment 1 with the automation design improved to be better supported by the ecological displays.
Adaptive-conventional and adaptive-ecological were two adaptive automation conditions, the first of

this kind in an automated trading setting.

There was no strong statistical evidence on how ecological displays could influence trading
performance in a moderate automation configuration in which the traders were largely involved in
making decisions and performing actions. However, descriptive statistics showed a possible pattern of
worse trading performance with the ecological displays in the moderate-ecological scenario, as the
traders were prone to taking risky actions with such displays. In a higher DOA situation, similar to
supervisory control where the traders performed monitoring on a trading algorithm, the ecological

display significantly improved the fault detection performance only if both rule- and skill-based
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processing was supported by the displays. The fault detection performance was not fully supported by
the ecological display with only the skill-based processing was supported. This finding should inspire
new directions for developing future ecological displays that can better support ecological displays

based on the proposed DOA layering approach.

The empirical data showed that an automation trade-off that was typical with automated systems
has been found in the financial trading setting: with a higher DOA, traders’ perceived workload was
likely to be lower and their SA was likely to be degraded. With the adaptive automation, the workload
was not degraded, but neither the SA was improved. The current ecological displays that have been

evaluated in the two experimental studies did not seem to influence this trade-off.

5.1.3 Ecological Interface Design to Influence Trader’s Risk Preference

Results of the two experimental studies demonstrated a fourfold pattern of preferences which
was partially consistent with the findings of the experience-based choice research. Quantitative
measures developed in this dissertation provided new ways to evaluate risk preference in a simulation of
a real-world environment. Ecological displays imposed risky actions with a moderate DOA
configuration closest to manual control, suggesting that risk preference should be taken into account by
ecological display designers. In the adaptive automation setting, although the participants were moderate
risk-seeking, they were less moderate risk-seeking with the ecological displays. Therefore, there may be

a limit on the influence of ecological displays on risky actions.

The findings on the effectiveness of the ecological displays support Borst et al.’s observation
that operators sometimes perform riskier actions with ecological displays if the displays have not made
the intentional constraints (e.g., laws and regulations) adequately visible to the operators (2015). The
market-portfolio-execution visualization, the major part of the ecological displays used by the two

experiments, was solely based on a physical constraint to maximizing the profitability of trading, as
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demonstrated by a Functional Purpose of the AH. Minimizing the risk has been identified as the other
Functional Purpose as an intentional constraint but has not been implemented in the interface design. In
a realistic trading environment, with more intentional constraints regarding risk control represented on
the ecological displays (e.g., market fundamentals, laws and regulations), real traders facing realistic

scenarios may be less prone to risk-seeking decisions.

The EID approach has originally been developed for life-critical domains such as aviation in
which Borst et al.’s observation took place. It should be noted that these domains are in general
professional and the ultimate goal of display research in these domains is to support expert operation,
given that a minimum level of expertise is required for even the novice operators to work in these
domains. Extending the EID approach to financial trading, a non-life critical domain but has a
substantial social impact, requires more aspects of the effectiveness of ecological displays being
examined, given that both expert and novice traders participate in the same market. According to the
game theory, financial trading is a zero-sum game in which expert traders (or better automation) profit
from competitors who are less skillful. The expert and the novice traders participate in the same market
and, as shown in the qualitative results of risk preference, may have different types of risk tolerance.
Future research should be conducted to evaluate how EID could influence the risk preference of traders

who have different extents of professional knowledge.

5.2 Summary of Contributions

A summary of contributions to the fields of human factors and finance is provided as follows.

5.2.1 Contributions to Human Factors

First, this dissertation is the first to demonstrate CWA as a useful modeling tool for
understanding the complexity in the automated trading domain. The DOA layering approach was

developed by adopting Parasuraman et al.’s stages and levels of automation model (2000) to CWA.
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Kaber’s (2017) recent comments on the stages and level of automation model summarized many
challenges in developing a human factors approach to studying automation. Stages and levels of
automation should continue to be used as an important modeling tool but further development is
needed. As Burns suggested (2017), with the emergence of intelligent automation, human-automation
interactions would be more complex than “basic psychological performance” that has been well
addressed in legacy models. New models are warrantied and can be established by studying new
domains for specific design challenges. The DOA layering approach was demonstrated as a versatile
approach for modeling systems that have a variable DOA. This dissertation described examples of a
financial system, but arguably, the DOA layering approach should be applicable to other automated
systems where automation is equally or more pervasive.

Secondly, the design implications of the DOA layering approach were not limited to display
design, but also included made to automation design. With most CWA works only have implications
for display design, this current work made a unique contribution. Examples of automation design
based on this approach were provided in Experiment 1 and 2. The ecological display design addressed
different task requirements that were captured in the CWA models.

Third, AUTRASS, an automated trading microworld was developed to encourage more human
factors experimental studies in this domain. Finance is an important domain that requires more human
factors research, but previously there was only limited tool available to researchers. Being able to
simulate the dynamics of financial trading in a lab-controlled environment has been a considerably
important achievement.

Lastly, the experiment results demonstrated the possible influence with automation and display
design on task performance and risk preference in a variable DOA setting. Monitoring performance

improvement has been achieved with automation and display appropriately designed, shedding some
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light on improving software design in the financial trading domain. The evaluation of risk preference

introduced an important new line of research to human factors, but further work is needed.

5.2.2 Contributions to Finance

This dissertation has implications for improving the design of trading algorithms and the broader
automation design. Links were created between the social and the technological aspects of financial
trading. The introduction of the CWA approach to this domain was not intended to eliminate the
complexity relevant to automation. Automated trading was evaluated through a human factors angle,

with its complexity explicitly revealed in the interrelated processes of modeling, design, and evaluation.

Introducing ecological displays to the finance domain makes a unique contribution. Rather than
replacing the traders with highly automated technologies, which is a common practice in the finance
industry, this dissertation introduced a different view to improving the resilience of financial trading
systems by exploring ways to utilize the flexibility of human beings to cope with unexpected situations.
This dissertation explored ways in which technology can facilitate human adaptivity and flexibility to
cope with unforeseen events (i.e., to enhance resilience in trading with more effectiveness automation

and display design).

The influence of ecological displays on traders’ risk preference makes an important contribution.
With different risk preference patterns among novice and professionally-trained traders, it might be
possible to develop new trading systems and strategies that have a better understanding of the different
risk preferences of the market participants. Indeed, a subject-domain expert has started to implement a

trading strategy inspired by this dissertation.

5.3 Limitations
The DOA layering approach is preliminary and has only been developed at the WDA and

ConTA levels. This dissertation has discussed the future possibility of extending this approach to other
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CWA levels, including StrA. StrA could make important contributions in guiding the design of adaptive

automation, as well as display support that would be appropriate.

The two experiments demonstrated examples of automated systems in the financial trading
domain. The distinct automation and display designs in a variety of scenario types showed influence on
trader behaviour as well as risk preference. It is possible that the magnitudes of the relative differences
are not fully generalizable — to different design concepts or to other domains. These concerns are valid,
however, the facts that the consistent patterns in participants’ responses have been found across the two
experiments have demonstrated that reasons deeper than simple visual design difference could have
contributed to the observed differences. Nevertheless, financial trading is an emerging domain that

requires more human factors research, and more work is required.

More on the experimental study side, is the possibility that factors such as subject-domain
knowledge and market dynamics could have mediated the participants’ responses. This limitation,
however, was subject to the high fidelity of AUTRASS and experimental design. Being able to simulate
financial trading in a lab-controlled environment and performing one of the first human factors in this
domain has been challenging. The design of the experimental study has been impacted by a number of
constraints that made the trade-off between fidelity and scientific validity more complex. Arguably, in
this initial attempt to understand a brave new world, it is common for researchers to take a bottom-up
approach, trying to understand the fundamentals of the specific domain, then moving towards the next

iteration of refined design.

5.4 Future Work

5.4.1 Model Development

The DOA layering approach has great potentials to be used as a modeling approach and a design

approach, as demonstrated in this dissertation. As a modeling approach, the DOA layering approach can
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be extended to include more phases of the CWA. For example, adaptive automation has only been
preliminary described in this dissertation, with strategies that dominate the DOA shifts not modeled.

This might suggest opportunities to explore the StrA.

As a design approach, the DOA layering approach can be improved to better support the
automation design as well as the display design. With the results of this dissertation showing that the
ecological displays have only supported monitoring in a specific DOA, more research is warranted on

this topic.

5.4.2 Improving Simulation Fidelity

This first-attempted exploration of automated trading used a practical simplification of real
financial trading to conduct human factors research but may not represent the full work environment of
the professional traders. The professional traders worked with the higher workload, monitoring multiple
algorithms and financial products in a much longer timeframe which were not simulated in this

experiment.

The simulation required adherence to strict experimental protocols and therefore limited the
participants’ authority in financial trading to some extent. For example, several restrictions were applied
to the participants’ task in moderate DOA scenarios to reduce individual differences in inputting trading
parameters. In original high DOA, the fault detection task provided intrinsic motivation for monitoring
the automation trading. Obviously, this task was hypothetical and probably not typical in real-world
automated trading. Further, AUTRASS simulated trend following trading using historical data in a way
similar to back-testing. The performance of a back-tested trading system may only be achieved in a
certain market; therefore, back-testing is limited by this potential over-fitting problem (Hu & Watt,
2014). This experiment may not be able to provide immediate help in improving the profitability of

automated trading due to the negative impact of the over-fitting problem. A higher fidelity, agent-based
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simulation of automated trading, using multiple computerized agents to simulate market participants was
considered in the planning stage of this experiment in collaboration with the University of Western
Ontario, London, Canada. This plan was unfortunately abandoned due to concerns over the difficulty in

controlling for the potentially confounding influences of the participants’ lack of trading experience.
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Appendix A

Literature Review

The following literature review focuses on three topics: automated trading, human-automation
interaction, and CWA. After each topic is reviewed, the author provides a summary of the review and
discuss the connections of the review to the three research questions that were proposed in Part A of this

dissertation.
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Automated Trading

This dissertation assumes the readers have no prior knowledge of finance; therefore, this
literature review serves as a knowledge base of concepts, methods, and propositions of automated
trading. On this topic, the author reviews the basic concepts of finance, automated trading, and
behavioural finance. These three aspects have been briefly covered in Part A of this dissertation, and
here the author reviews their origins and summarize key concepts. The review of automated trading and
behavioural finance later in this section is not intended to be comprehensive; the coverage is limited to
providing some references for developing a modeling approach and measures for design evaluation in

this domain.
Basic Concepts of Finance

According to Canadian Securities Institute’s definition (2004), financial trading is the buying or
selling activity completed in and between three elements that formalize the flow of capital (e.g., money)
and the flow of information (e.g., quotation): financial products, financial markets, and market

intermediaries.

Financial products, also known as financial assets, or securities, are instruments with economic

value that is owned by an individual or company (e.g., stocks, debts, and derivatives).

Financial markets are trustable vehicles that allow transactions of financial products between
buyers and sellers. Transactions are achieved by auctions for a specific financial product using a shared
centralized order book. The order book lists all buy and sell orders ranked by price and order arrival
time, generally following a first-in-first-out rule. This auction process has been described many times in
the literature (e.g., Hu & Watt, 2014; Treleaven et al., 2013). Exchanges, such as NYSE and NASDAQ,

are institutes that maintain financial markets. In most financial markets, financial products are traded in

! Although this dissertation takes a systematic view on automated trading, this view is centralized on individual traders in

automated trading and does not focus on market intermediaries (e.g., broker).
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a secure and publicly transparent way. There are also exceptions; for example, in over-the-counter

markets buyers and sellers traded directly with each other in a private manner.

Market intermediaries are individuals or institutions that provide services to facilitate the

transactions (e.g., banks, and credit unions).

Traders maintain a portfolio of diversified financial products and try to make profits. In a bull
(winning) market, profits can be made through buying at a lower price and selling at a higher price. For
examples, a trader may buy certain shares of a stock when the market price is relatively low. When the
market price jumps, the trader’s portfolio is in a profitable position that has yet to be sold for cash. In
this case, there is an unrealized profit in the portfolio. If the traders decide to sell these shares, the
unrealized profit will become a realized profit. Profiting in a bear (falling) market is also possible,
where profits can be generated by short selling at a higher price and buying to cover at a lower price

(Investopedia, 2003b).

Automated Trading

This dissertation uses a historical and broad-sense definition of automated trading, in which case,
“automated trading” does not equal to “algorithmic trading”. This section first reviews the history of
automated trading, then provides this definition and other details of automated trading that have not been

covered in Part A.

History and Definition

At an earlier time, the concept of automated trading only included electronic quoting. NASDAQ,
founded in 1971 (for a review, see Terrell, 2006), is the acronym of National Association of Securities
Dealers Automated Quotations, and it is the first electronic quotation system. Later, NASDAQ became a

stock market exchange with the electronic trading feature amended. Automated trading, in its broad
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sense, is an assembly of software and hardware platforms that utilizes high performance electronic
processing units and telecommunication technologies for buyers and sellers to submit trading quotes to
market exchanges (Mendelson, 1972). In a narrow and more common sense, automated trading is
interchangeable with algorithmic trading which is “any form of trading using sophisticated algorithms

(programmed systems) to automate all or some part of the trade cycle” (Treleaven et al., 2013).

While this dissertation certainly focuses on modern financial trading, automated trading is
broadly defined to include algorithmic trading as well as powerful computers and communications
infrastructure. This broad definition of automated trading aligns with how automation is defined in other

domains.

Market Analysis

Analyzing which financial product to trade, when, and in which financial market to trade are
instrumental to trading. There are two distinct market analyses in financial trading that differ in their
beliefs about the mechanism of financial markets and, typically, lead to different styles in trading

(Investopedia, n.d.-b).

Fundamental analysis looks to understand the value of financial products by considering a
variety of political (e.g., government policies, laws, and regulations), economic (e.g., labor costs, taxes,
and interest rates), and financial factors (e.g., company financial statements). Fundamental analysis, in
theory, can be used to identify undervalued and overvalued financial products to advocate investment
opportunities. Market participants who are more concerned with the fundamentals are investors and

typically, investments are held for a long period.

Technical analysis, on the other hand, is the “study of market action, primarily through the use
of charts, for the purpose of forecasting future price trends” (Murphy, 1999, p. 1). Charts are graphical

presentations of data (e.g., price data plotted on a bar chart or a candlestick chart). Technical analysis
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studies the directions and magnitudes of financial markets and identifies reversal and continuation
patterns. Technical analysis is normally employed in more frequent trading activities in comparison to

fundamental analysis, therefore, it is the more commonly used market analysis in automated trading.

Trading Algorithm

Trading algorithms contain signals (when to do) and market executions (what to do) to complete
transactions. A signal is an abstraction of a certain market condition decided by changes in values and
charts. A pair of entry and exit signals can decide a trading window in which the trading automation can
perform market executions (e.g. buying or selling). Trading algorithm designers have much flexibility to
implement almost any trading strategy; however, expertise in specific programming languages is
required to implement the desired trading strategy on top of a proprietary Application Program Interface
(API). Some trading software, such as TradeScript (Modulus, n.d.), allow users to develop algorithms
using scripting languages. However, these scripting languages are also proprietary and thus require a

large amount of knowledge of the specific trading software.

Many trading algorithms utilize indicators of technical analysis to capture entry and exit signals
in a dynamic financial market, and automate market executions based on triggering events defined by
trading algorithm designers. Here the author briefly introduces moving average, the most commonly
used technical indicator for trend following trading that will be revisited in the case study of this
dissertation (Ellis & Parbery, 2005; Murphy, 1999, p. 195). The purpose of moving average is to
identify when an old trend has reversed and a new trend has begun. A moving average averages a certain
period of price data. As an hypothetical example, a 50-day moving average is calculated by summing up
prices for the last 50 days then dividing the total by 50. According to Murphy, moving averages can be
either unweighted or weighted. For examples, a simple moving average (SMA) is an unweighted

moving average, which is calculated by assigning the equal weight to each day’s price. An exponentially
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smoothed moving average assigned greater weight to prices from more recent days, and therefore, it is

an weighted moving average.

Human Factors in Automated Trading

Most efforts in the finance industry have focused on improving the profitability of trading
algorithms, improving their ability of identifying patterns in the market data, limiting the amount and
type of risk, and minimising transaction costs (Treleaven et al., 2013). In the finance literature, academic
research has just begun to address the topic of automated trading and generally stays at a broad level
(Avellaneda, 2011; Davis et al., 2013; Kumiega & Van Vliet, 2012; Treleaven et al., 2013). If, as
Kumiega and Van Vliet stated, automated trading is a marriage between two standards - the first one
being a relatively loose standard of subjective judgements of empirical financial data by the trader, and
the second one being a more rigorous engineering standard of justification by automation - there is an

new area for studying this relationship from an engineering point of view.

The reality is traders and automation usually buy and sell financial products electronically
through a front-end system (e.g., Gary, Schluetter, & Brumfield, 2004; Interactive Brokers, n.d.; Ninja
Trader, n.d.; TD thinkorswim, n.d.), and therefore, any research into this domain from an engineering
point of view must not ignore the graphical displays as part of the front-end system. Graphical displays
are ubiquitously used in financial trading for displaying information of financial markets (e.g., price and
volume charts) and trading algorithms, and they are important in facilitating human and automation
coordination in this domain. There should be a new line of research on improving the experience of
using these graphical displays. Most trading front-end systems provide scripting languages that allow
algorithm designers to program trading algorithms, and novel ways of improving the programming
experience are being explored in the industry. For example, Metford (2010), on behalf of Quantica

Trading, a Canadian-based automated trading software company, patented a method to allow for
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designing sophisticated strategy templates through an intuitive user interface. The templates determine
the logic for the trading algorithms to enter or exit a financial market, and are independent of parameters
such as financial products, prices, and quantities. Algorithm designers may program popular trading
strategies into templates and reuse these templates in developing future trading algorithms. Relating to
this topic, the author was embedded at Quantica Trading as a user experience designer in 2014 to design
a drag and drop design tool that allows algorithm designers to develop and reuse trading strategy

templates as described by Metford (Leaprate, 2014).

While intuitive user experience design could improve the experience of formalizing trading
algorithms, there is another facet of automated trading that involves monitoring the trading system,
including the trading algorithms, through a graphical display. Trading algorithms must be “back-tested”
with historical market data on the front-end system to evaluate their profitability and stability, before
being sent to live-trading (Treleaven et al., 2013). Back-testing and live-trading are similar processes in
terms of the graphical displays being used and, of course, live-trading is certainly associated with real
financial risks. In both processes, and particularly in live-trading, traders must effectively monitor the
trading algorithms and intervene if necessary. So far, to the author’s knowledge, there is no attention in
the industry or academic research on using improved displays to support monitoring performance, after

automation is developed.

Treleaven and colleagues pointed out that with increasing DOA in financial trading, there is a
practical need for human behaviour to change from the old observe-and-execute model to a three-phase
sequence (2013). This three-phase sequence, in line with the author’s observations on the design of
automated trading software at Quantica Trading, includes formalizing trading algorithms with estimating
trends in the financial market, back-testing trading algorithms with historical data, and high performance

live-trading to utilize the strong processing power. In practice, this three-phase sequence is an iterative
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process; however, humans may only improve the trading algorithms after each unsuccessful back test
before sending the algorithms in for live-trading. The author argues though, a gulf lies between these
three phases, as a rule of thumb is the financial market may deviate from human estimation at any time,
and humans have limited abilities to intervene after the algorithm design is completed. While most
efforts in the industry are to improve the experience of algorithm design, as the author stated in Part A of
this dissertation, no research has been done to understand how humans interact with automation with

which this gulf can be narrowed.

This argument is also supported by Kumiega and Van Vliet’s statement (2012) on the
relationship between humans and automation in automated trading. Humans, typically trading algorithm
designers, set up estimations of the probability always with biases, while automation provided purely
objective estimations. Automation has a stronger ability to perform calculations so that computers can
obtain information that cannot be captured by humans. Kumiega and Van Vliet proposed three
assumptions to take a systematic research approach on automated trading. First, the inputs into
automated trading systems are driven by human behaviours (e.g., market predictions, programmed into
the control law of the automation) and therefore they are not stable. Second, trading windows are short
but during these windows the inputs are regulated by automation and considered as steady and
exploitable trading opportunities; whereas, it is difficult for humans to identify these trading windows in
automated trading, without adequate information support. Lastly, automation should generate stable
outputs with an engineering repeatability. In this regard, automated trading is a complex information
system with human-automation interactions heavily involved in its monitoring process, thereby more

research is required in this area.

Behavioural Finance
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The efficient market hypothesis (EMH, Fama, 1970) is the cornerstone of the neoclassical
economic research. EMH describes an efficient market of rational behaviour. EMH assumes market
participants are in general rational, thereby they value each financial product rationally for its
fundamental value. In the weak assumptions of EMH, also known as the random walk hypothesis
(Malkiel, 1973), even a relatively large group of market participants become irrational, the efficient
market contains a self-correcting mechanism to defend market rationality. EMH suggests that prices of
financial products are completely random, as the prices contain all available information and therefore,

cannot be used to predict the future of the prices.

On the other hand, behavioural finance responds to the difficulties faced by EMH in explaining
irrational phenomena (e.g., the U. S. stock market boom started in 1982 and the world financial crisis in
2007, described in Shiller, 2015). Behavioural finance argues that humans do not always make decisions
rationally as assumed. Social psychological theories were introduced to explain biases in behaviors. For
example, prospect theory (Kahneman & Tversky, 1979) described a loss aversion bias whereby people
feel more pains at the prospect losses than an equal amount of gains. After that, there have been many
studies reporting decision biases leading to non-rational market decisions, most of which had
psychological evidence. There are many other examples, such as overconfidence, (e.g., Odean, 1998),
herding behavior (e.g., Hey & Morone, 2004), ambiguity aversion (e.g., Easley & O’hara, 2010) and
regret effect (e.g., Clarke, Krase, & Statman, 1994). There are critiques on the behavioural finance
theory, as it only provides descriptive, but no formative explanations of these imperfections in decision-

making and how to overcome these biases.

Summary and Connections to Research Questions

The author has three research questions:
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Research question 1: How can we model automated trading systems with a variable DOA using

CWA?

Research question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

This first literature review on automated trading provided a detailed view of the domain that has
been explored with all three research questions. The basic concepts of finance described at the beginning
of this literature review served as a glossary of terms that was revisited several times in this dissertation.
This dissertation took a broad view of automated trading, suggesting that automated trading should be
studied as a complex system, using a systematic approach. Later in this literature review, the author
briefly introduced the history and the current state of behavioural finance. This psychological facet of

automated trading was evaluated in dissertation, using a simulation approach with human participants.

256



Human-Automation Interaction
As the author introduced in Part A of this dissertation, the modeling section of this dissertation
(Part B) aims to model a complex system with varying DOAs. DOA models, as defined in the human
factors literature, identify the extent of functional distribution of automation in a specific work
environment. This literature review presents an overview of human-automation interaction. The author
review several popular topics in this area, including the existing DOA models as bases for developing
new modeling approaches, performance consequences of using automation, the trade-off between the

benefits and the risks of using automation, and adaptive automation.

Definitions of Automation

Parasuraman and Riley (1997) defined automation as the re-allocation of functions from humans
to machine while these functions were previously assigned to humans. Sheridan and Parasuraman (2006),
through a different angle, defined automation as the use of automatic control to replace human labor
(both physical and mental labor) in any industry or science. Both definitions correspond to the spread of
automation from the manufacturing industry to other domains, such as aviation (e.g., Wiener & Curry,
1980; Woods & Sarter, 2000), road transportation (e.g., Lees & Lee, 2007), teleoperation and robots
(Sheridan & Verplank, 1978), and more recently, as the author mentioned in Part A of this dissertation,
home and work automation domains (e.g., conversational agents and IBM Watson computers) that have

not been well explored in the literature.

More importantly, the definitions of automation suggest what is more important is the
interaction between humans and automation who take different roles in an automated system. Humans
and automation must work well in a coordinated way. It is unlikely for humans to be fully passive users
who only receive benefits of the powerful processing capabilities provided by the automation, in which

case, the automation completely displaces human operators in the execution of all system functions
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(Parasuraman & Riley, 1997); whereas, in most cases, humans still need to take actions on tasks that
have not yet been allocated to the automation or cannot be performed by the automation. Nevertheless,
humans are at least responsible for specifying the control laws for the automation, commanding the

automation to start or stop a specific task, or stopping the automation entirely.

Degree of Automation Models

DOA addresses the extent of functional distribution of automation, which can be used to guide
the representational design of the automation (i.e., designing a display that can support the use of
automation) and predict the automation impacts on human and system performance (Wickens et al.,

2010).

Several models have been developed to provide guidance to understand the partnership between
humans and automation. Early works in the field identified automation as not a yes or no concept, and
characterized automation as varying degrees of support in sensing information and taking control actions.
Sheridan and Verplank proposed the taxonomy of levels of automation (1978) to represent the automatic
control of remote surveillance devices. Their taxonomy was presented in a 10-point scale, from the
lowest level of automation, with “no assistance provided by computer” to the highest level, with “full

automation, completely ignoring human intervention”.

A well-known extension to the Sheridan and Verplank taxonomy is the Parasuraman, Sheridan
and Wickens stages and levels of automation model (2000). In the development of this model,
Parasuraman et al. incorporated four consecutive information-processing stages (i.e., four stages of
automation) to Sheridan and Verplank’s taxonomy. These four stages are: 1) information acquisition
(looking at sensory processing), 2) information analysis (including perception and working memory), 3)
decision selection (effective decision-making), and 4) action implementation (including responses and

control actions). The four stages of automation are orthogonal to the Sheridan and Verplank taxonomy,
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and together, the stage and levels of automation generalize a variety of components in a linear
information-processing sequence. This two-dimension paradigm contains two continuums of degrees
that may be involved in any automated system with automation levels across information-processing

stages.

An alternative extension to the Sheridan and Verplank taxonomy was developed by Endsley and
Kaber (1999). In the Endsley and Kaber model, automation was categorized as the amount of human
mental or physical activities. This model extended the use of the original 10-point scale in the Sheridan
and Verplank taxonomy - specifically made for describing teleoperation - to a broader range of domains
such as aviation. Endsley and Kaber described that an agent, either human or computer, may carry out
four functions that are generalized by stages in human information-processing. The four functions are: 1)
monitoring (perceiving system status through an information display), 2) generating (creating strategies
to achieve certain goals), 3) selecting (performing decision-making to choose a desired strategy), and 4)
implementing (taking control actions). Endsley and Kaber also identified different roles required for
taking different operations, and these roles can be distributed or shared between humans and computer
(the term agent was used in Endsley and Kaber’s work to include both human and automation as system

operators).

The Parasuraman et al. model and the Endsley and Kaber model have the same theoretical
common ground: automation has many facets and, since automation could span all information-
processing stages, humans and automation must work together effectively in each stage. The DOA
models, in general, have served as the foundation of the human-automation interaction research, for their
ability to guide the selection of appropriate DOASs for human use, and to inform design concepts that
focus on facilitating human-automation coordination. However, the DOA models have been criticized as

“broad-brush descriptions of function allocation” (Pritchett et al., 2014), because they are not fully
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capable to describe the discrepancy between the significant authority gained by the automation (e.g.,
autopilot in Pritchett et al.’s example) and the responsibility ultimately kept by the human operators (e.g.,
safety). As shown in the case study provided by Pritchett et al., although functions related to safety have
been allocated to the automation (as shown in the DOA models), human operators must still perform a
number of critical check-ups to ensure the automation behaves as expected — a function that cannot be
represented with the DOA models. Therefore, this discrepancy indicates a complex situation where there
can be different human-automation relationships at the same DOA. Pritchett el al.’s criticism suggests
that the DOA models are far from mutual to describe complex automated systems, and the author would
argue, an opportunity lies in improving the DOA models with other modeling tools to cope with more
complex scenarios of function allocation. Although the DOA models are not ideal, these models retain a
richness of knowledge that can imply for later design and evaluation works in this area. Nevertheless, it
is important for any new modeling works in this area to fully utilize the knowledge adopted from the

DOA models.

Performance Consequences and Automation Trade-Off

In the early literature, incident and accident reports of the misuse of automation have been
empirically studied (Parasuraman & Riley, 1997). Automation has been found to provide both benefits
and risks to performance (e.g., Bainbridge, 1983; Parasuraman, 1987; Parasuraman & Riley, 1997,

Sarter, Woods, & Billings, 1997; Wiener & Curry, 1980).

The performance consequences of using automation have been studied with different metrics,
using both modeling and experimental approaches. For example, workload is one of the first studied
metrics in this field. Riley (1989) proposed a mixed-initiative model to describe the structure of
automated systems with automation on one side, the human operators on the other side and the

environment in the middle. The Riley model contained workload as an important parameter of the world
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along with perceived workload as a parameter of human operations. The model suggested that the
effects of automation to workload may be complicated, as many factors such as system reliability, task
complexity, and time constraint could influence the use of automation. On the experimental side, Wiener
and Curry conducted a series of studies with human operators who worked with automation in the
aviation domain and identified automation impacts on human operators’ workload (Wiener & Curry,
1980). Results of the Wiener and Curry studies show that a positive feature of automation is to reduce
physical workload because massive control actions have been allocated to the automation. However,
mental workload may increase with the use of automation, as human operators must remain monitoring
for status of the system and the automation. It is therefore difficult to conclude how automation would

affect human operators’ workload, and a dilemma clearly exists in choosing the right automation to use.

Similar dilemmas have been found with studying other performance metrics, including loss of
awareness (Endsley & Kiris, 1995) and complacency (Hoffmann, Post, & Pennings, 2013; Lee & See,
2004; Parasuraman, Molloy, & Singh, 1993), multi-task attention allocation (Cullen, Rogers, & Fisk,
2012) and perception change (Mosier & Fischer, 2012). This first attempt to systematically address the
trade-off of using automation was Parasuraman and Riley’s paper (1997). In this paper, Parasuraman
and Riley stated that many performance issues come from humans misusing the technologies, and the
underlying reason may be the misunderstanding of human roles in an automated system. Humans are
unlikely to be removed from automated systems because they are more flexible and adaptable than
automation in dynamic conditions. On the contrary, there are also risks because humans react to
changing situations in various ways, especially when automation is no longer reliable as it was

considered and therefore, humans need to retake the control independently.

Among all attempts to reason the causes of degraded human performance in automated systems,

an important automation trade-off between benefits and costs has been concluded. In the literature, this
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automation trade-off has been described in different ways, for one example, as “the more support the
automation provides, the higher the risk of degraded human performance” (Onnasch et al., 2014), and
for another, as “the more reliable the automation in non-failure conditions is, the greater the level of

complacency when automation fails” (Bainbridge, 1983).

It has been found that the trade-off becomes more sophisticated once the DOA continuum and
more performance metrics are taken into account. The most recently work in this field is to extend the
automation trade-off to include four variables: routine performance, failure performance, situation
awareness (SA), and workload (Wickens et al., 2010). SA is characterized as a requirement for humans
to maintain an up-to-date assessment of changing contexts in the forms of events, information and
incidents. A high DOA reduces cognitive workload and improves task performance, but degrades
situation awareness (SA) of system status and behaviour (Endsley & Kiris, 1995). Endsley and Kiris
explained that when automation transfers the human workload of system executions to machines, it also
increases the human workload of system monitoring. Humans now need to spend more time monitoring
the running of automation. Therefore, as Endsley and Kiris suggested, to keep a proper level of SA, the

DOA should not pass an optimal point.

The automation trade-off suggests that to balance the benefits and risks brought by the
automation, functions and tasks must be carefully allocated between humans and automation, leading to
a function allocation question. Function allocation unifies the DOA models and the human performance
consequences. Research about this topic typically aims at hunting for a fixed DOA that is optimal in
automation trade-off — trying to add most benefits and keeping risks at the minimal level that are
suitable for a specific context (e.g., domain, task). Example domains include cabin life support system

(Smith & Jamieson, 2012) and process control (Manzey, Reichenbach, & Onnasch, 2008). It has been
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found that an intermediate DOA — more specifically, closest to manual control (Endsley & Kaber, 1999)

- may have more human performance benefits over higher DOAs.

Adaptive Automation

An emerging, alternative approach to function allocation is adaptive automation, a context-
sensitive approach. Adaptive automation sets up a dynamic allocation scheme, with dynamically
manipulated DOAto  changes in a physical environment (Mouloua & Parasuraman, 1994;
Parasuraman & Riley, 1997; Sheridan, 2011). An allocation authority agent, either automation or a
human supervisor, is the core of this allocation scheme. The allocation authority agent has been added to

the control loop to distribute the tasks between the human operator and automation.

Adaptive automation, in its narrow sense, requires the allocation authority agent to be
automation to trigger changes in function allocation. These automated systems typically use automation
at a higher DOA to achieve better routine performance. When a disturbance occurs in the environment,
the automated systems use a lower DOA for the human operator to gain better awareness which is

instrumental to save a system failure.

On the other hand, if the allocation authority agent is a human supervisor, this allocation scheme
would be more precisely called adaptable automation, in which case, the human supervisor must require
the automation to return the control responsibilities whenever necessary. Over the past decade, adaptive
(and adaptable) automation has become an interest in automation literature. The results of using adaptive
automation may be improved situation awareness and a higher and acceptable DOA (e.g., Calhoun,
Ward, & Ruff, 2011; Kaber & Endsley, 2004). There are also arguments, for example, adaptable
automation may bring additional workload to humans because humans are responsible to allocate the
system functions, and clearly, the human supervisor that is critical in adaptable automation must have

expertise to facilitate choosing an appropriate function allocation (Miller & Parasuraman, 2007).
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Summary and Connections to Research Questions

Here the author revisits the research questions of this dissertation:

Research question 1: How can we model automated trading systems with a variable DOA using

CWA?

Research question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

This second part of the literature review looked at the main themes of the human-automation
interaction research. The DOA models provide useful guides to designing automated systems; however,
as Pritchett et al. (2014) pointed out, these models may not have the sufficient resolution to represent
complex situations where functions are allocated differently within the same DOA and therefore, these
models can be misleading to designers in some applications. The author argues though, the DOA models
can be improved by abstracting knowledge from these models to extend CWA, a modeling tool that is
more suitable for handling complex situations (for example, the variable DOA situation in the automated
trading case). In the next part of the literature review, the author will review the CWA, an analysis
approach. Together, the CWA and the DOA models provide a better approach to research question 1.
This theoretical work involves extending the CWA approach and has been reported in Part B of this

dissertation.

This human-automation interaction literature review further reviewed performance
consequences, automation trade-off, and adaptive automation. These contents are useful for designing an

experimental approach to research question 2 and 3, by examining whether the ecological displays,
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which derived from the extended CWA models with the DOA information incorporated, would have a
performance advantage over conventional displays. If this performance advantage exists, as Wickens
and colleagues recently suggested (2010), it would be interesting to further examine whether these

ecological displays can reduce, or even reverse the automation trade-off.

Research question 3 adds new perspective to the experimental approach for studying human-
automation interaction. Risk preference in an automated trading setting has not yet been evaluated in the
literature, and apparently, studying this topic in an experimental setting would make unique

contributions to this topic.
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Cognitive Work Analysis

CWA is an analytic approach to cognitive system engineering (Rasmussen et al., 1994), a field
emerged in the response to the accidents in complex socio-technical systems (e.g., the Three-Mile Island
nuclear power plant accident in 1979). The complexity of these systems results in situations that system
designers had not anticipated; whereas, in these situations, human operators must be provided with
additional support for taking appropriate actions while they are monitoring the system. CWA has been
useful in dealing with such complexity at an earlier phase of the system design. In Part A of this
dissertation, the author has explained that automated trading is a socio-technical system that is
underexplored in the literature; therefore, naturally, one goal of writing this dissertation is to explore the

use of CWA in this domain and brings similar benefits of the CWA to traders’ monitoring performance.

CWA is a framework featuring five interrelated analysis phases, looking at different facets of
the complexity of a system (Vicente, 1999). The five analysis phases start from a first phase providing a
broad description of the domain fundamentals (work domain analysis, WDA), with subsequent phases
detailing tasks being conducted by the operator (control task analysis, ConTA), various strategies
adopted in performing the tasks (strategy analysis, StrA), the functional distribution amongst all
operators or roles (social organization and cooperation analysis, SOCA), and cognitive requirements for
the operator to behave (worker competency analysis, WCA). Most of the five analysis phases have one
or more dominant modeling tools that have been widely used in the literature. The five analysis phases
of the CWA retain an enormous richness of the information provided to system analysts; whereas in
practical use, there is a trade-off between the time and resources that allocated to the work analysis and
the values brought by the work analysis to the later system design. Therefore, it is not uncommon to

perform some, but not all phases of the CWA.
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This literature review presents an overview of the current state of the CWA. In this chapter, all
five analysis phases are being introduced with the goal of providing the readers with a full picture of the
CWA. The focus of this overview is in the WDA, the ConTA, and the SOCA for the objective of each
analysis phase, the most commonly used modeling tools, and the extensions being done to these tools.
To be sure, the author reviews the literature on the very few examples of applying the CWA to
automated systems and finance, two topics related to this dissertation research. The author remarks on
the opportunities in the current modeling tools that can be further developed to facilitate the
development of new modeling approaches. Being introduced in Part B, the modeling stage of this
dissertation research takes the view of functional distribution that the SOCA suggests, and in practical
use, focuses on extending the first two phases, the WDA and the ConTA, which have the most maturity

and may be most suitable for this first attempt to model an automated system with a variable DOA.

Further, to facilitate the design and evaluation stage of this dissertation research (being reported
in Part C), the author brieflys introduce EID, the accompanying design approach for graphically
representing the rich information identified with the CWA. In particular, the author reviews previous
works using EID for designing displays for automated systems and financial systems, and suggest new

opportunities for further research in this field.

Five Analysis Phases

Work Domain Analysis

WDA is the first phase of the CWA, and it plays a fundamental role in identifying the system
boundary and specifying the relationships between functions and constraints in an abstraction-
decomposition space (Rasmussen, 1979). Rasmussen’s abstraction-decomposition space represents the
work domain of a complex socio-technical system in two dimensions. The first dimension is a part-

whole, decomposition hierarchy, ranging from the broadest level of “system” to the most detailed level

267



of “component”. WDA is most frequently performed with the second dimension only, as a modeling
tool: a means-end abstraction hierarchy (AH), detailing functional distribution of system functions and
constraints (Vicente, 1999). In a typical AH, each work domain function or constraint is illustrated in a
box and is placed at a designated level of abstraction. There are five levels of abstraction in an AH
(Error! Reference source not found.): the level of functional purpose stays at the top of the abstraction,
howing major objectives of the domain; the abstract function level explains the priorities, values and
principles that can be used to achieve the functional purposes; the intermediate level, generalized
function, describes processes to achieve the abstract functions; the lowest two levels, physical function
and physical form, describe functions related to components of the domain and their attributes. As
shown in Figure 42, the five AH levels are interrelated, with any two adjacent levels representing a
means-end causal relationship, graphically represented as a line connecting two boxes. Typically, this
relationship can be interpreted as: a higher-level box shows why an interrelated, lower-level box exists;

whereas, a lower-level box shows how features of an linked higher-level box can be achieved.
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Figure 44. The five-level abstraction hierarchy.

Control Task Analysis

The second phase of the CWA is the ConTA, an analysis for helping analysts understand known,
recurring classes of situations in a work domain (Vicente, 1999). The decision ladder (DL, Figure 43) is
a tool typically used in a ConTA for modeling information-processing that constructs a control task (in
CWA terminology, a task that covers all information-processing activities, despite that its name might
seem to only include the action stage, see Vicente, 1999, p. 181). A DL extends the traditional, linear-
formed representations of information-processing to portray richer information pertaining to expert
behaviour. The expert behaviour in complex socio-technical systems, as Rasmussen observed in a

nuclear power domain, has a unique feature that is to take efficient shortcuts from one information-
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processing step to another (1974). Rasmussen structured the DL in a ladder form that is “folded” in the
middle stage of the information-processing activity, allowing for shortcuts being illustrated between the
left (showing activation, in Rasmussen’s words) and the right (showing execution) legs of the ladder
(Figure 43). Expert behaviour can be portrayed on a DL; on the other hand, the basic stages of the
information-processing activity represented on a DL (typically, with annotations referring to a specific
context) are independent of how (e.g., strategy) or by whom (e.g., a human operator or automation).
These two unique features add more value to the CWA as a multi-faceted analytic approach, making DL
the de facto standard tool for performing a ConTA. In the realm of the CWA, a ConTA details the work
domain preliminarily studied in its predecessor, a WDA, through a task angle. A control task must act on
a work domain, with both physical and functional information provided by the work domain (which can
be identified through an AH). This relationship between an AH and a DL was graphically presented in

Vicente’s work (1999, p. 193).
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Figure 45. Rasmussen’s decision ladder (adopted from Rasmussen, 1974).

Strategy Analysis

The third CWA phase, StrA, studies different strategies to perform a control task that has been
identified in a prior ConTA. Strategies were defined as categories, rather than as instances of cognitive
procedures (Rasmussen et al., 1994; Vicente, 1999), to represent how the same control task can be

performed in different ways in different situations. These many strategies are operator- and context-
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dependent, and the StrA, apparently, takes a deeper look at the CWA at a finer level. In the literature,
there are remarkably fewers studies using the StrA in comparison to those using the two prior CWA
phases, and in general, the StrA is a less developed analysis phase (for a review, see Hassall &
Sanderson, 2014). In the literature, the information flow map has been recommended as a modeling tool
to perform this analysis (Vicente, 1999), and in practical use, an interview approach can be taken to
prompt strategies that are commonly used by operators (Burns, Enomoto, & Momtahan, 2009). Further,
although the StrA is theoretically grounded as part of the CWA, formative steps to connect the StrA to
the other analysis phases of the CWA have just recently been studied in the literature (e.g., Cornelissen,
Salmon, McClure, & Stanton, 2012; Hassall & Sanderson, 2014; Hilliard & Jamieson, 2015). As an
example of these recent attempts, Hassall and Sanderson studied the grouping of the categories of

strategies by the types of domain functions and constraints, and cognitive procedures involved.
Social Organization and Cooperation Analysis

The fourth phase of the CWA, SOCA, inherits layers of functions and constraints identified in
the previous three analysis phases (Vicente, 1999) and addresses function allocation®. The SOCA
suggests extension opportunities for the modeling tools used in the first three analysis phases of the
CWA to represent the allocation of team responsibilities. Most of the extensions focus on modeling a
human teamwork environment. Automation must become team players while working with humans
(Borst et al., 2015), therefore, a similar team approach should be developed for modeling human-

automation coordination.

In the next three subsections, the author provides a brief summary of the existing works in this

field. The focus of this summary is the modeling tools that have been developed.

! As I have discussed about function allocation in automated systems in the introduction chapter of this dissertation
(Part A), readers should be aware that Vicente used function allocation in a much broader sense, including both

functional distribution of automation and the cooperation of multiple human roles in a teamwork environment.
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Extensions to Work Domain Analysis
Responsibility map. A responsibility map can be layered on a work domain model (e.g.,
abstraction-decomposition space or AH) to show different information needs for various operator roles

(Hajdukiewicz, Vicente, Doyle, Milgram, & Burns, 2001).

Collaboration table. Collaboration tables (Ashoori & Burns, 2013) supplement to an AH
layered with responsibility map, summarizing shared and individual functions and constraints of a work

domain in a tabular form.

Dual abstraction hierarchies. Functional distributions to a human operator and automation can

be represented on two separate AHs (Mazaeva & Bisantz, 2003, 2007).

Extensions to Control Task Analysis

Chained (dual) decision ladders. Different roles (e.g., humans or automation) can be
represented on multiple DLs, with each DL showing a single control task and interactions between these
roles portrayed on the “chains” that connect these DLs (Mazaeva & Bisantz, 2007; Rasmussen et al.,

1994).

Decision wheel. The chained decision ladders can be extended to a decision wheel to reduce the
complexity of modeling large teams. A decision wheel contains multiple slices, with each slice showing
a control task for a specific role (Ashoori & Burns, 2010, 2013). Different decision wheels represent
different teams, with communications different in synchronicity (Synchronous or asynchronous) and

scope (inter- or intra-team) portrayed.

Contextual activity template. Function changes over different situations and operator roles can
be illustrated on a tabular, contextual activity template (Jenkins, Stanton, Salmon, Walker, & Young,

2008; Naikar, Pearce, Drumm, & Sanderson, 2003).
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Extensions to Strategy Analysis

Colour-coded information flow map. An information flow map can be colour coded and
mapped to a contextual activity template to represent different strategies (Jenkins, Stanton, & Walker,
2009). Extensions to the StrA in this area are in general less developed in comparison to those to the

WDA and ConTA.
Worker Competencies Analysis

The last analysis phase of the CWA, WCA, identifies the competencies that human operators
must exhibit by examining whether the requirements identified in the previous CWA phases are
consistent with human limitations and capabilities (Vicente, 1999). The skills, rules, and knowledge
taxonomy (SRK, Rasmussen, 1976) is the most-used modeling tool to help decide appropriate
requirements for the functions extracted from earlier CWA models. Skills of a human operator represent
sensory-motor performance, typically in a simple feedback control task; rule-based behaviour takes
place in a situation where there is a known, one-to-one correspondence between the situations and
actions (e.g., a look-up table); knowledge is related to sophisticated decision-making, and in many cases,

the human operator requires support from the information system to deal with unfamiliar problems.

Cognitive Work Analysis for Automated Systems

Automation is typically modeled with the SOCA to facilitate the representation of function
allocation. CWA has been well-established to model complex socio-technical systems. Although
Vicente has considered automation as an important aspect of complex socio-technical systems and
identified that computer algorithms may direct the tasks in an automated work domain (Vicente, 1999),

there have not been many studies discussing how to treat automation within the CWA.

The author reviews these studies in the following subsections. As part of this review, the author

revisits some of the approaches discussed in the previous SOCA review which are specifically used to
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model automated system. The following review overlaps with the previous SOCA but has a different

focus on the occasions where each approach fits, and opportunities to develop new approaches.

Modeling Automated Systems with Work Domain Analysis

There have been two distinct approaches for modeling automation with the WDA. The first
approach considers automation as a work domain constraint, not as a physical component. This approach
is essentially consistent with the traditional way of using the SOCA, after the WDA and the ConTA
have been performed (Vicente, 1999). the author has previously reviewed the responsibility map, an
extension to the WDA that follows this first approach. However, studies in this field generally looked at
human-human interactions to develop a representation of shared, human responsibilities (Hajdukiewicz
et al., 2001). An extension to this team approach for describing how work is distributed over humans

and automation is yet to be developed.

The second approach treats automation as a system component and explicitly models the
automation in an AH that is being shared with other non-automated components. For example, during
his candidacy, the author took this second approach to analyze a physiotherapy work domain where an
automated motion-tracking device was incorporated to provide physiotherapists and patients with
additional, quantitative information regarding the patients’ motion (Li, Burns & Kulic, 2014). In the AH
the author developed, the automation was described as components at the lower WDA levels (e.g.
physical forms) but not at the higher WDA levels. In other words, the automation shared the same
values and principles with the humans. A better-documented example using this approach is the
modeling of a U.S. warship with the WDA, reported by Burns, Bisantz and Roth (2004). In this U.S.
warship model, the sensor system of the warship was explicitly modeled as a physical function in the
AH. Burns et al. compared the U.S. warship model to another WDA model, a Canadian frigate model. In

the Canadian frigate model, the sensor system was left out of the AH. Burns et al. remarked that
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modeling sensors as components, as in the U.S. warship model, inherits the original structure of the
WDA approach and keeps the model as broad as possible. This “modeling automation as component”
approach clearly implies for understanding the current sensors and designing displays that can help with
the management of the current sensors; whereas, leaving out the physical structure of the automation,
the Canadian frigate model is robust enough to allow users considering un-sensed threats that are not
currently picked up by the automation. A variation of this second approach, a dual-model approach, is
the newest and probably the most developed approach representing the view of modeling automation as
component. The dual-model approach was first introduced in Burns et al.’s work, including building a
broad AH independent of all control methods and another AH that specifically represents the automation.
The dual-model approach was best described in Mazaeva and Bisantz’s study on a camera system
(2007). A full review of the pros and cons of this dual-model approach was provided in section 2.5.1 in

the Part B of this dissertation.

In summary, the first approach, modeling automation as a domain constraint is distinct from the
second approach which treats automation as a component. As Burns et al. commented, these two
approaches should be used in different occasions. The first approach does not include automation as a
component and therefore, may be suitable at an early stage of the automation design to provide
directions of future design. The second approach is better in modeling how humans and automated
components interact, however, as Burns et al. remarked, it requires a well-defined DOA which is

typically unavailable at an early stage of automation design.

Modeling Automated Systems with Control Task Analysis

The ConTA has generally been used to model human information-processing sequence, with
differences in expert and novice behavior portrayed as shortcuts on a DL. For modeling automation,

existing works typically involve developing an automation-specific DL, showing a control task that has
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been conducted by the automation. The trail blazer work in this area is Rasmussen and Goodstein’s
work (1987), using three DLs to represent three different controls tasks for a human designer, a human
operator, and a computer. Horiguchi, Burns, Nakanishi, and Sawaragi (2013) presented DLs related to
automated finishing mill production and did not include a human operator DL. Despite that the DOA
models also describe automation spans all information-processing stages, no knowledge elicited from

the DOA models has been transferred to CWA.

Modeling Automated Systems with Strategy Analysis

So far, no extension to the StrA has been made in the literature for modeling automation.
However, in the original introduction of the StrA by Vicente (1999), there is an example of allocating
resource-demanding aspects of a system troubleshooting strategy from humans to automation. Since
StrA identifies that the cognitive procedures to complete a task are different with different operators and
under different circumstances, there might be an opportunity in using this analysis phase to understand

how a variable DOA might affect the choice of strategies.

Modeling Automated Systems with Worker Competencies Analysis

Acknowledging the recent advances in intelligent automation, Sheridan (2017) proposes that
SRK may also be used as a model of how modern automation behaves, and this proposal may extend the
scope of the WCA from analyzing the competencies of humans to those of automation. According to
Sheridan, skills of automation are subjected to the direct mapping of data sensing to actions, which is
typical in classical feedback control; rules are related to the analysis of situations and the selection of
control parameters; knowledge extends the use of automation to the decision-making stage and is
influenced by human supervision, suggesting the capabilities of the intelligent automation, and the
possible roles of humans in such automated systems. In practice, Sheridan’s SRK representation for

automation, apparently, can only be achieved when the complexity in the modes of automation
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behaviour becomes transparent to designers, through the use of the preceding CWA phases to analyze

automation.

Cognitive Work Analysis for Finance

It should be noted that in Vicente’s introduction to CWA (1999), a systematic introduction of
CWA toward better computer-based information systems, automated trading was used as an example to
characterize the complexity of sociotechnical systems. However, there are only a few examples of using
CWA in the finance domain. Achonu and Jamieson (2003) modeled portfolio management mutual fund
with a modified WDA. Their model did not include any physical components, as “a portfolio is not
primarily a physical system”, which is probably not case in automated trading. Achonu and Jamieson
removed the physical function level from the AH, the second lowest level from the original AH. Dainoff,
Dainoff and McFeeters (2004) used a modified five-level AH model inspired by Reising and Sanderson

(2000b)to guide the interface design of a company value judgment supporting tool for investors.

Both examples look at aggregating the vast amount of information to facilitate fundamental
analysis. So far, no application of the CWA has been found in supporting automated trading in which

technical analysis and sophisticated physical structure of technologies are being used.

Ecological Interface Design

CWA delivers unique products that not only make contributions to understanding and modeling
a complex system. Based on the literature, deliverables of the WDA (e.g., functions, constraints, and
means-end relationships) and the WCA (e.g., the identifications of SRK behaviours) were typically used
to derive appropriate graphical forms for designing ecological displays that can improve monitoring
performance (EID, see Hajdukiewicz & Burns, 2004; Vicente, 2002). However, knowledge of the other

CWA analysis phases was rarely used in EID.
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In practical use, EID first extracts functions and constraints from an AH to generate variables
and limits of graphical objects (e.g. indicators and screens). After that, EID organizes these graphical
objects in an integrated manner that take into account the capabilities and limitations of the human
operator according to the AH levels. EID has been experimentally shown to improve human operator
performance (Lau, Skraaning Jr., Jamieson, & Burns, 2008; Lau, Skraaning Jr, et al., 2008). Ecological
displays could also enhance human operators’ SA without adding workload, in situations where

procedural support is not well provided by the system (Burns et al., 2008).

Ecological Interface Design for Automated Systems

Computer displays in automated systems have a conventional role of presenting information.
This conventional role can be characterized as the displays carry outputs from machine to human. An
automated system is multi-faceted and typically has various system modes (e.g., system start-up, normal
operation, or failure situations in a process control system). As the complexity of the system grows,
there are vast amounts of information to be presented, corresponding to the status of the system and the
behaviour of the automation. The increasing amount of information has resulted in the effort of
distributing the indications over a great number of displays, with each display representing a specific
system mode (Sarter et al., 1997). It has been suggested that an integrated display that replaces the
distributed displays may help human operators detect failures quickly (Sheridan, 1992). Such displays
are designed in a way to support direct perception that requires little or no additional effort in probing

information of system status through a glance.

The call for investing on integrated displays for automated systems has suggested EID as a
suitable approach to guide the development of integrated displays (Borst et al., 2015; Sheridan &
Parasuraman, 2006). Relatively high DOA is one characteristic of complex socio-technical systems, and

EID is inherently a design approach to these systems. The foundational work in this field was the two
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examples given by Furukawa and Parasuraman (2003) to examine the efficacy of EID displays in an
automated system. The first example compared pilot performance difference of an integrated display and
a distributed display in a failure detection task in a cockpit simulation. The benefit of EID lies in
displaying the deep functional structure of human-machine systems (see also Borst et al., 2015). The
second example was conducted on a simulated heated water supply plant, modified from DURESS, the
earliest microworld for testing ecological displays. The results of this experiment showed that ecological

displays may be particularly helpful to improve human performance under system failure conditions.

An opportunity lies in evaluating ecological displays with new forms of automation to align
with emerging topics in the human-automation interaction research. Adaptive automation is emerging
but there are only a few empirical design guidelines based on meta-analysis results (Kaber et al., 2001).
Kaber et al. suggested that the display should provide humans with information relevant to the transition
of system modes (e.g. from one degree of automation to another). The effect of ecological displays to

support this type of automation has not been addressed in the literature.

A new but probably fairly important suggestion in the literature is to explore whether ecological
displays could influence the automation trade-offs, involving routine performance, automation failure
performance, workload and situation awareness (Wickens et al., 2010). Wickens et al. suggested that it
might be possible to design automation that can minimizing the system failure costs while keeping the
performance benefits, using a properly develop display. Such display may mitigate or even eliminate the
automation trade-offs (for example, the system remains at high DOA to keep good routine performance
but results in little or no degraded failure performance). EID was, again, suggested as a potentially
possible design approach to develop such displays which may help the automated system to “buffer high

automation degree from human performance costs when things fail” (Kaber, Hancock, Jagacinski,
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Parasuraman, Wickens, Wilson, Bass, Feigh & Ockerman, 2011). However, to date, no studies have

been conducted to explore this line of research.

Ecological Interface Design for Finance

A recent review showed that EID has been mostly applied to time- and safety-critical domains,
mostly in aviation, medicine, power generation and road transport domains (Mcllroy & Stanton, 2015).
There is no mention of automated trading, financial trading, or finance in general as a domain of EID

application in Mcllroy and Stanton’s review.

Dainoff, Dainoff and McFeeters’s work (2004), looking to design an ecological display for an
investment tool to support fundamental analysis which was on a par with technical analysis used by
most trading algorithms, has been captured in Mcllroy and Stanton’s review, but has not been
categorized as a unique application domain. As the author reviewed previously, Dainoff et al.’s work
(2004) involves an AH of fundamental analysis and based on the AH, designed several mock-up designs.
On the other hand, Dainoff et al. documented several challenges in working toward an ecological
display for a financial system, with which the author agreed according to the author’s experience
designing automate trading software for Quantica Trading. They stated that EID principles (e.g., AH and
SRK) facilitate an “logical analysis” rather than “empirical research” to guide the interface design. In
fact, no empirical research has been done, as “there is no competing product available”. Further, it was
not feasible for them to perform an experimental verification. Dainoff et al.’s displays were part of a
commercial product and was submitted as a patent application at the time of writing (Dainoff & Dainoff,

2003).

Summary and Connections to Research Questions

Here is a revisit to the three research questions:
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Research question 1: How can we model automated trading systems with a variable DOA using

CWA?

Research question 2: Do ecological displays have an advantage in supporting financial trading

performance? If so, in which DOA does this advantage exist?

Research question 3: Can ecological displays influence trader’s risk preference? If they can, in

which DOA does this influence exist?

In this part of the literature review, the author has introduced the five analysis phases of the
CWA and the EID, a design framework derived from the CWA, and reviewed the examples and
extensions for modeling automated systems and financial systems. Together, this chapter provided
profound knowledge that will be used in developing the theoretical and experimental works of this

dissertation research.

The comparison of the two WDA approaches, the “modeling automation as constraints”
approach and the “modeling automation as components” approach, called for new approaches that can
handle the increasing complexity in automated systems. As the authro discussed in the introduction
section of this dissertation (Part A), the increasing complexity in the automated trading domain, in
particular, lies in the heavy coupling between humans and automation and the increasing flexibility in
developing trading algorithms. It is typical for an established automated trading system to have a
variable DOA, in which case, it is equally important to model the analysis as broadly as possible
(achieved by “modeling automation as constraints”), and representing which functions and components
of the system are allocated to the automation with a high resolution (achieved by “modeling automation
as components”). At least in this case, there is a need to develop a hybrid approach that fulfills these

requirements.
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The review of the ConTA shows this analysis phase of the CWA is under-developed for
modeling automation and therefore, the possibility to develop new approaches should be explored. The
ConTA deals with patterns in human and automated information-processing, and naturally, this analysis

phase can be correlated to the existing DOA models which describe similar problems.

The StrA, as the author reviewed, has not been adequately mutual to be used as a formative
approach to achieve the author’s specific modeling goal. However, the modeling stage of this
dissertation research should provide useful insights into the StrA, by developing richer WDA and

ConTA models that can be utilized by the StrA.

For research question 2 and 3, the WCA and the EID reviewed in this chapter guided the design
of the ecological displays based on the new modeling approach. Challenges described by Dainoff et al.
(2004) in the practical use of EID in the finance domain may be true in the case of automated trading.
The finance industry strictly protects the confidentiality of institutional clients — much more strictly than
other domains the author’s worked with (e.g., aviation and healthcare) during his candidature. Careful

considerations have been made to compensate for these challenges in this dissertation research.
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Appendix B

Recruitment Letter

UNIVERSITY OF WATERLOO

PARTICIPANTS NEEDED FOR RESEARCH IN

Effects of Display Designs on Financial Trading Awareness and Performance

Hello,

My name is Yeti Li and I am a PhD student in Department of Systems Design Engineering at the
University of Waterloo. | am supervised by Professor Catherine Burns in Department of Systems Design

Engineering.

We are conducting a study on the role of display designs on financial trading awareness and performance

on a financial trading simulator. As a participant in this study, you would be asked to:

- Trade financial products on a financial trading simulator;

- Complete questionnaires about how aware are you of market, portfolio and trading executions in

simulated trading.

To better understand your behavior during the scenarios, a non-intrusive Gazepoint GP3 Eye Tracker
(http://www.gazept.com/product/gazepoint-gp3-eye-tracker/) will be used in this study. Eye tracker uses cameras
to identify where you are looking on the computer screen. Through examination of eye-tracking data, we may find

the causes for your behaviour on the simulator without relying on the fallible human memory.

Recruitment Criteria

Participants should:

- be a University of Waterloo undergraduate or graduate student;
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- have successfully completed at least 1 computer programming course;

- have a normal or corrected normal visual acuity (e.g. wearing glasses or contact lens);

- have a normal colour vision;

- be comfortable with using spreadsheet software (e.g. editing a Microsoft Office Excel workbook) and

information graphic software (e.g. creating a chart from a provided data set).

The experiment is expected to last 2 hours. In appreciation for your time, you will receive $30 in

exchange for your participation in the session. In any cases, the final decision about participation is yours.

I would like to assure you that this study has been reviewed and received ethics clearance through a
University of Waterloo Research Ethics Committee. However, the final decision about participation is yours. If
you have any comments or concerns resulting from your participation in this study, please contact Dr. Maureen
Nummelin, the Director, Office of Research Ethics, at 1-519-888-4567. Ext. 36005 or

maureen.nummelin@uwaterloo.ca.

If you are interested in participating, please contact:

Sincerely,

Yeti Li

Student Investigator

PhD Student, Department of Systems Design Engineering, University of Waterloo

Email: yeti.li@uwaterloo.ca
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Appendix C

Screening Questionnaire

Dear participant,

We would like to thank you for your interest in this study. Please answer the following demographic
questions. This information is used to guide us with your entry into the study. Financial trading software uses
various colours for data visualizations, so you should have a normal or corrected normal visual acuity and a normal
colour vision. This study involves interacting with a computer based trading algorithm. Therefore, it requires
having a prior knowledge of computer programming. Since the experiment software contains financial charts and

lists, you should be comfortable with using spreadsheet software and information graphic software.

1. Age:

2. Do you have normal or corrected normal visual acuity (e.g. wearing glasses or contact lens)?

3. Do you have a normal colour vision?

4. Your current degree program is in department of

with a minor or option of

5. Have you successfully completed at least one computer programming course?

Indicate how much you agree or disagree with each statement, using a scale ranging from 1 = strongly

disagree to 5 = strongly agree.

6. | am comfortable with using spreadsheet software (e.g. editing a Microsoft Office Excel workbook).
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STRONGLY 1 2 3 4 5 STRONGLY

DISAGREE AGREE

7. 1 am comfortable with using information graphics software (e.g. creating a chart from a provided data

set).

STRONGLY 1 2 3 4 5 STRONGLY

DISAGREE AGREE

At this stage, we only collect necessary information to identify whether you meet the criteria of this study.
Answers from participants who are not invited will be disposed immediately. In the meantime, if you have any
questions about the study, please do not hesitate to please contact the researcher Yeti Li at yeti.li@uwaterloo.ca or
by calling the research lab at 519-999-4567 Ext. 35874. You may also contact Professor Catherine Burns at 519-
888-4567 Ext. 33903 (catherine.burns@uwaterloo.ca) or the University of Waterloo Counseling Services at 519-

888-4567 Ext. 32655.

As with all University of Waterloo projects involving human participants, this study was reviewed by, and
received ethics clearance through a University of Waterloo Research Ethics Committee. Should you have any
comments or concerns resulting from your participation in this study, please contact Dr. Maureen Nummelin, the

Director, Office of Research Ethics, at 1-519-888-4567, Ext. 36005 or maureen.nummelin@uwaterloo.ca.

Sincerely,

Yeti Li

Student Investigator

PhD Student, Department of Systems Design Engineering, University of Waterloo

Email: yeti.li@uwaterloo.ca
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Appendix D

Information Letter

UNIVERSITY OF WATERLOO

INFORMATION LETTER

Effects of Display Designs on Financial Trading Awareness and Performance

Faculty Supervisor: Catherine Burns (catherine.burns@uwaterloo.ca, 519-888-4567 Ext. 33903) ,

Systems Design Engineering.

Student Investigators: Yeti Li (yetili@uwaterloo.ca, 519-999-4567 Ext. 35874), Systems Design

Engineering

Study Overview

You are invited to participate in a study examining the effects of display designs in a financial trading
software. We are interested in understanding the role of display designs on awareness performance in a financial
monitoring task. This study will involve a few questionnaires and interactions with a computer simulator in a lab

setting.

What You Will Be Asked to Do

After your consent, you will be asked to complete a series of surveys about demographic information.
You will then be trained to use our simulator. This will be followed by going through 4 different scenarios; while
you are going through each of the scenarios, a few questions about your experience with the simulation will be
provided to you. This is not a test of your knowledge or intelligence but an opportunity for us to identify display

design effects in the software simulation that you will interact with.
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To better understand your behavior during the scenarios, a non-intrusive Gazepoint GP3 Eye Tracker

(http://www.gazept.com/product/gazepoint-gp3-eye-tracker/) will be used in this study. Eye tracker uses cameras

to identify where you are looking on the computer screen. Through examination of eye-tracking data, we may find

the causes for your behaviour on the simulator without relying on the fallible human memory.

Computer screen

Eye tracker

Figure 46. Gazepoint GP3 eye tracker.

Participation and Remuneration

Participation in this study is voluntary, and will take approximately 2 hours of your time. You may
decline to answer any questions presented by the experimenter. Further, you may decide to withdraw from this
study at any time by advising the researcher, and may do so without any penalty or loss. You will be paid $30 for
your participation in this study even if you decide to withdraw your consent at any time. The amount received is
taxable. It is your responsibility to report this amount for income tax purposes. According to University of
Waterloo Finance polices, the investigators and participants are required to complete a University of Waterloo
Research Participant’s Acknowledgement of Receipt of Remuneration and Self-Declared Income when the

remuneration is provided.

Personal Benefits of the Study
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You will be familiarized with financial software and basic financial terminology through our simulated

task.

Risks to Participation in the Study

The risks associated to participation in this study are minimal. There are no known or anticipated risks or
stressors that may be characterized as physiological, psychological, emotional, social or economic in nature other
than any risks normally experienced on a day-to-day basis. The potential risks if any would not exceed that of
using spreadsheet software and information graphics software (e.g. Microsoft Office Excel). In the event that any

problems develop, please contact the researcher Yeti Li at yeti.li@uwaterloo.ca or by calling the research lab at

519-999-4567 Ext. 35874. You may also contact Professor Catherine Burns at 519-888-4567 Ext. 33903

(catherine.burns@uwaterloo.ca) or the University of Waterloo Counseling Services at 519-888-4567 Ext. 32655.

Confidentiality

Your data will be kept confidential. The data stored will be linked to specific participant identifiers (e.g.
Participant ID1). All survey data and performance data will be linked to participant identifiers only. A document
linking unique identifiers of the participants (e.g. name, major, email address) to the participant identifier will be
maintained and will not be stored in the same location as the raw data thereby rendering your data anonymous; this

document will be accessible only to authorized personnel. The raw data will not leave the University of Waterloo,

Questions and Research Ethics Clearance

If after receiving this letter, you have any questions about this study, or would like additional information
to assist you in reaching a decision about participation, please feel free to ask the investigators or the faculty

supervisor listed at the top of this sheet.

I would like to assure you that this study has been reviewed and received ethics clearance through a

University of Waterloo Research Ethics Committee. However, the final decision about participation is yours. If
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you have any comments or concerns resulting from your participation in this study, please contact Dr. Maureen
Nummelin, the Director, Office of Research Ethics, at 1-519-888-4567. Ext. 36005 or

maureen.nummelin@uwaterloo.ca.

Thank you for your interest in our research and for your assistance with this project.
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Appendix E

Consent Form

UNIVERSITY OF WATERLOO

INFORMED CONSENT BY SUBJECTS TO PARTICIPATE IN A RESEARCH

EXPERIMENT

Effects of Display Designs on Financial Trading Awareness and Performance

I have read the information presented in the information letter about a study being conducted by Yeti Li
under the supervision of Professor Catherine Burns of the Department of Systems Design Engineering at the
University of Waterloo. | have had the opportunity to ask any questions related to this study, to receive satisfactory

answers to my questions, and any additional details | wanted.

I am aware that | may withdraw my consent for any of the above statements or withdraw my study

participation at any time without penalty by advising the researcher.

I am aware that | may be asked to provide demographic information including name, age, gender, vision,
major, courses previously completed, experience in using spreadsheet software, information graphic software and

in financial trading.

I am aware that my eye activity on the computer screen will be measured by a non-intrusive Gazepoint

GP3 Eye Tracker.

This project has been reviewed by, and received ethics clearance through a University of Waterloo
Research Ethics Committee. | was informed that if | have any comments or concerns resulting from my
participation in this study, | may contact the Dr. Maureen Nummelin, Office of Research Ethics at 519-888-4567

ext. 36005, maureen.nummelin@uwaterloo.ca.
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By signing this consent form, you are not waiving your legal rights or releasing the investigator(s) or

involved institution(s) from their legal and professional responsibilities.

Please Please Initial
Circle One Your Choice
With full knowledge of all foregoing, | agree, YES NO
of my own free will, to participate in this study.
Participant Name: (Please print)
Participant Signature:
Witness Name: (Please print)

Witness Signature:

Date:
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Appendix F

Demographic Questionnaire

Participant ID Date

Demographics

1. Gender:

2. Please estimate the average time that you usually spend on using computers each week (including
desktop and portable computers, not including mobile electronic devices such as tablets and cellphones):

hours/day.

3. How many years have you been using computers? years.

Experience with financial trading

1. Do you have experience with financial trading (e.g. buying a stock)?

If yes, please specify your experience is from

a. Academic Work

b. Finance Industry

c. Personal investment

d. Other (please specify)
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Appendix G

Risk Preference Survey

Identifying emerging trends

If there is a micro trend that the market will move to one direction, | would more likely:

a. immediately place the position (buy) for the maximum profitability;

b. wait until the market direction is clear.

Responding to trend reversals

If there is a change in the market direction after a position has been placed (buy), | would more likely:
a. immediately close the position (sell) to minimize losses;

b. believe this reverse trend is only momentary.

Detecting regime shifts

If the market has been in a shock (regime shifts) for quite a while (5 minutes, in the context of this

experiment), | would more likely:

a. immediately place the position (buy), as | believe the market will break the shock and the space for

uptrend has been opened up;
b. wait longer, as | still believe the market is in the shock.
Taking action following sudden interruption to supply
If the market is collapsing (e.g. market crash), | would more likely:
a. immediately close out all or most positions, or do nothing;

b. promptly buy back the same financial product to lower the average portfolio price.
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Appendix H
Unweighted NASA-TLX Survey

NASA Task Load Index

Hart and Staveland’s NASA Task Load Index (TLX) method assasses
waork foad on five F-point scales. Incremants of high, medium and low
esfimates for each point result in 27 gradations on the scales.

Wame Task Cabe
Mental Demand How mentally demanding was the task?
I I | I I I
Vary Low Wery High
Physical Demand How physically demanding was the task?
I I I | I I
Very Low Wery High

Temporal Demand How hurried or rushed was the pace of the task?

Wery Low Wery High

Performance How succassful weara you in accomplishing what
you weara asked to do?

Perfect Failure

Effort How hard did you have to work to accomplish
your level of performance?

Vary Low Wery High

Frustration How insecune, discouraged, irmitated, stressad,
and annoyed wereyou?

EEEEEEEEE NN

Vary Low Very High
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Appendix |

Eye Calibration Criteria

From: Johnny

Sent: November 16, 2015 12:03 PM
To: Yeti Li

Cc: Catherine Burns; Dev Minotra
Subject: Re: Gazepoint GP3 calibration

Hello Yeti,

A good calibration is one in which at least 4 but preferably all (5 or 9) points are detected for both the
left and right eyes. Accuracy should be around 1 degree of visual angle which depends on screen
size/resolution but for common values roughly 1-2 cm or 40-80 pixels, though smaller is better.

Regards,

Johnny
Gazepoint

www.gaze gt,com

On 11/13/2015 1:02 PM, Yeti Li wrote:

Dear Gazepoint,

| am a researcher at the University of Waterloo, Canada. | am using GP3 Eye Tracker in a
human-computer interaction study. | especially like the simplicity of the set-up and the
software. Great product!

After the completion of each calibration the Gazepoint software provides a result of “x
of 5 points” (in a 5-point calibration). Assuming “5 of 5 points in both eyes” means a
good calibration, how would you define a bad calibration and therefore a re-calibration
should be done?

If possible, could you kindly provide an example of paper in which the criterion of GP3
calibration is discussed?

Many thanks.

Yeti Li

PhD Candidate

Systems Design Engineering
University of Waterloo
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Appendix J

Supplementary Notes on Normality Tests

Most measures in the two experimental studies were analyzed using non-parametric tests

because the assumption of normality was violated in all data groups, ps < .05.

According to the suggestion of Holmgvist et al. (2011), total dwell time in common AQOls was
log transformed and submitted to a repeated measures ANOVA. The normality test was performed for
each experiment to examine how well the normality of the eye-tracking data was improved. The
repeated measures ANOVA was proceeded with the transformed data for a robust estimation. The
perceived workload data were submitted to a repeated measures ANOVA in a way similar to Arrabito et

al. (in review). Results of the normality tests are presented in Table 51 to 54.

Table 51. Shapiro-Wilk Normality Test Results for Transformed Total Dwell Time in the Common

AOIs (Experiment 1).

Display Type DOA w p
Market AOI

Moderate-conventional Moderate 912 126
Moderate-ecological Moderate .953 .532
High-conventional High .966 .763
High-ecological High .941 .359
Portfolio AOI

Moderate-conventional Moderate .904 .092
Moderate-ecological Moderate .769 .001*
High-conventional High .870 .027*
High-ecological High .868 .026*

Trading History AOI

Moderate-conventional Moderate .954 .556
Moderate-ecological Moderate .856 .017*
High-conventional High .898 .076
High-ecological High .868 .025%
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Table 52. Shapiro-Wilk Normality Test Results for Transformed Total Dwell Time in the Common

AOIs (Experiment 2).

Display Type w p
Market AOI

Improved-high-conventional .930 137
Improved-high-ecological .955 418
Adaptive-conventional .946 .279
Adaptive -ecological .912 .060
Portfolio AOI

Improved-high-conventional .810 <.001*
Improved-high-ecological .763 <.001*
Adaptive-conventional .826 .002*
Adaptive -ecological .632 <.001*
Trading History AOI

Improved-high-conventional .769 <.001*
Improved-high-ecological .750 <.001*
Adaptive-conventional .851 .004*
Adaptive -ecological .891 .024*
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Table 53. Shapiro-Wilk Normality Test Results for Perceived Workload (Experiment 1).

Scenario Type w p

Mental Demand

Moderate-conventional .920 .059
Moderate-ecological .914 .044*
High-conventional .962 .488
High-ecological .934 121
Physical Demand

Moderate-conventional .925 .077
Moderate-ecological .871 .006*
High-conventional .847 .002*
High-ecological .852 .002*

Temporal Demand

Moderate-conventional .952 .294
Moderate-ecological .946 221
High-conventional 921 .061
High-ecological .944 .202
Performance

Moderate-conventional .843 .188
Moderate-ecological .934 121
High-conventional .922 .065
High-ecological .937 139
Effort

Moderate-conventional .899 .021*
Moderate-ecological .962 470
High-conventional .938 147
High-ecological .933 115
Frustration

Moderate-conventional .946 222
Moderate-ecological .961 467
High-conventional .899 .021*
High-ecological .912 .039*
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Table 54. Shapiro-Wilk Normality Test Results for Perceived Workload (Experiment 2).

Display Type w p

Mental Demand

Improved-high-conventional .901 .023*
Improved-high-ecological .909 .034*
Adaptive-conventional .942 .184
Adaptive -ecological .960 440
Physical Demand

Improved-high-conventional .890 .013*
Improved-high-ecological 919 .055
Adaptive-conventional .831 <.001
Adaptive -ecological .859 .003*

Temporal Demand

Improved-high-conventional 931 .098
Improved-high-ecological .960 431
Adaptive-conventional .948 .241
Adaptive -ecological .920 .059
Performance

Improved-high-conventional .942 .170
Improved-high-ecological .962 489
Adaptive-conventional .935 124
Adaptive -ecological .942 .182
Effort

Improved-high-conventional .923 .068
Improved-high-ecological .958 .397
Adaptive-conventional .945 .215
Adaptive -ecological .954 .328
Frustration

Improved-high-conventional .902 .024*
Improved-high-ecological .936 .130
Adaptive-conventional .962 473
Adaptive -ecological .947 .228
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