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Preface

Preface

Motivation

With recent progresses in the field of artificial intelligence (Al), algorithms can
support more complex tasks (Frey and Osborne, 2017) that seemed safe from
automation a few years ago (Brynjolfsson and McAfee, 2012). They can even
outperform human decision-making in many task domains (Meehl, 1954; Dawes et al.,
1989). The prominent defeat of Garry Kasparov, the world champion in chess, in 1997
is a milestone for the potentials of algorithms, increasing the value of IBM’s stock
increased by $18 billion (Norvig and Russell, 2010). More recently, universal chatbots
such as ChatGPT and the Bing Chatbot Sydney can influence millions of users and
provide them answers to a broad range of tasks.

To gain a competitive edge, companies invest heavily in algorithmic systems
(Kappelman et al., 2021), which are considered as one of the most important drivers of
today’s economy (Brynjolfsson and McAfee, 2011; Hogharth and Makridakis, 1981,
Onkal et al., 2019). Particularly in management accounting, an algorithmic data
analysis offers the potential to support a high decision quality, making their usage a
key factor for success.

However, algorithms can not only support, but also manipulate human decision-
making (Roose et al., 2023). Algorithmic advice can lead to overtrust, i.e. to the
heuristic replacement of vigilant information seeking and processing in favor of the
advice provided (Mosier et al., 2001). The implementation of algorithmic decision
support systems is thus no panacea to improve human decision-making. In contrast,
they can entail new risks, such as the uncritical use of these algorithms (Boden, 2016).
Yet, this ‘dark side’ of algorithms is not sufficiently investigated in the field of
management accounting. With advances in machine learning, algorithmic support can
become even more of a black box, blurring the reference points for evaluating its advice
quality and thus increasing the risk of overtrust. Stephen Hawking even warns that Al
will be “either the best, or the worst thing, ever to happen to humanity” (Alex Hern in:
The Guardian: Stephen Hawking: Al will be ‘either best or worst thing' for humanity,

19" October 2016). Interacting with such algorithmic systems therefore requires data
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literacy skills for an appropriate use. They seem to be a crucial prerequisite in today’s
data-driven world to reap of the benefits of algorithmic systems. If no reflective and
critical interaction between human and algorithm can be ensured, the trend towards a
digitalized world will be a race against the algorithm (Brynjolfsson and McAfee, 2011).

This dissertation takes this understudied critical perspective on the increasing
implementation of algorithmic systems and sheds light on different aspects of human-
algorithm interaction, ranging from the ability to use data visualization tools to trust
calibrations and critical evaluations of algorithmic advices. Study | investigates an
adequate information representation of subjective multiple criteria decision problems,
an important task in management accounting, to support human decision-making.
Study Il distinguishes different designs of the human-algorithm interaction investigated
in the trust in automation literature and compiles factors influencing the calibration of
trust and behavior toward the true capabilities of the algorithm. Study 111 examines the
role of performance feedback on trust and advice usage in a forecasting task for a better
understanding of the recently observed phenomenon ‘algorithm aversion’. Finally,
Study IV focusses on the risk of overtrust in advice in repeated interactions with a
forecasting advisor and investigates the calibration of advice usage. Each study thereby
represents an independent contribution and contains all information relevant to the

respective research questions asked in the study.

Research Shortcomings

The implementation of digital technologies in an Industry 4.0 generates
enormous amounts of data (Big Data) that are visualized for data-driven decision-
making (Merchant and Van der Stede, 2007). To avoid information overload of
boundedly rational decision-makers (Simon, 1957), graphical solutions are
increasingly applied by both, developers of algorithmic decision supporting systems
and of management accountants, as the default option to visualize data in management
reports and PowerPoint presentations (Davison, 2015). Graphical visualizations are
easy to generate with algorithmic programs which commonly provide

recommendations on how to transform Big Data into colorful, aesthetic, and well-
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arranged management reports (Isett and Hicks, 2018). Technological developments
open up even more graphical visualization possibilities, e.g. with three-dimensional
effects (Lee et al., 1986), which seem to have a strong persuasive effect on the human
decision-maker (King et al., 1991).

Despite this trend towards graphical information representations, prior literature
is scarce whether they improve decision-making at all in an important task type in
management accounting: multiple criteria decision problems (Wallenius et al., 2008).
As these tasks are generally classified as complex (Wood, 1986; Campbell, 1988), task
complexity could further moderate the relationship between information representation
and decision quality (Vessey, 1994). In addition, decision support researchers have
widely neglected subjectivity within decision-making so far, mainly due to the fact that
the measurement of decision quality in such an environment is particularly challenging.
Prior research therefore resorts to a measurement approach that requires a somewhat
artificial construction of an objectively dominant alternative within the (subjective)
decision problem. This approach, however, degenerates the multiple criteria decision
problem to a pure mathematical problem. This is in contradiction with real-world
decision problems where a lack of objectivity can be assumed. Subjective decisions
can be biased by prior experiences, prejudices, age, gender, the weather or even by the
final result of yesterday’s football match that can result in consistency errors in
judgment (Kahneman et al., 2021). Inconsistent decisions can have severe negative
consequences. For example, inconsistent performance evaluations of subordinates may
lead to complaints about favoritism, dissatisfaction, or a lack of understanding of how

to improve performance in the future (Dilla and Steinbart, 2005; Bol, 2008).

Research Shortcoming 1: Research lacks a guidance for how to represent information

to maximize decision quality in subjective multiple criteria decision problems.

Besides the latent algorithmic support via automated or recommended data
visualization, algorithms can also explicitly provide advice to support decisions in a
broad range of tasks. This variety of applications allows for many differences in the

design of the human-algorithm interaction with different corresponding roles for
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human decision-makers within this dyad.

Trust toward the algorithm represents an important prerequisite for the
acceptance and usage of algorithmic advice (McKnight et al., 2002; Pavlou and Gefen,
2004). For an appropriate usage that minimizes errors, it needs to be calibrated to the
true capabilities of the algorithm (Lee and See, 2004). Prior empirical research
indicates that this trust calibration poses considerable difficulties for human decision-
makers and frequently results in miscalibrations. Too little trust (distrust) prevents
decision-makers from fully exploiting the potentials of these algorithmic systems. On
the other side, human decision-makers could follow an obviously bad advice if their
trust is too high (Robinette et al., 2016, 2017; Salem et al., 2015). This tendency to
overly trust algorithms is termed as overtrust, which is frequently observed in highly
automated environments such as in the aerospace sector (Mosier et al., 2001; Skitka et
al., 1999, 2000). It fuels the reduction of vigilant information seeking and processing
by relying on algorithmic directives and advices.

Prior research investigates influencing factors in different designs of the human-
algorithm interaction and in different task domains, ranging from process supervisions,
to detection tasks and autonomous driving. However, research efforts are fragmented,
missing a structured compilation to better inform our understanding of why
miscalibrations occur and how to mitigate this risk. In turn, the knowledge of factors
influencing trust and behavior could facilitate trust calibrations toward the true

capabilities of the algorithm.

Research Shortcoming 2: Lack of a more holistic understanding of what factors
influence the calibration of trust and behavior toward the true capabilities of an

decision supporting algorithm.

Particularly in highly automated environments such as in aircraft cockpits,
operating algorithms are perceived as infallible (Dzindolet et al., 2002, 2003;
Madhavan and Wiegmann, 2007). With the technological progress, algorithms are
increasingly able to support human decision-making in very complex tasks such as

forecasting as well (Russell and Norvig, 2010). Even though, literature is silent on
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whether the perfect automation schema observed in highly automated tasks can be
generalized to the forecasting domain. Furthermore, early findings in an emerging
research stream that compares algorithmic with human advice usage indicates
algorithm aversion (Dietvorst et al., 2015), i.e. algorithmic advice is used relatively less
than human advice in forecasting tasks, regardless of the true, objective advice quality.
This new research focus consequently differs from studies on distrust and overtrust (see
Study 1), respectively, in that the true capabilities of the advisor are relegated to the
background. Nevertheless, their findings are at odds with the perfect automation
schema observed in highly automated tasks. As a possible reason for this surprising
finding, the literature points to the observation of errors that are inevitable in
forecasting tasks (Ord et al., 2017). Yet, it is unclear whether these inevitable errors
indicate bad advice and lead to a harsher punishment of algorithmic advisors due to a
violation of the perfect automation schema (Prahl and VVan Swol, 2017). There is still
little evidence on when forecasting advice is perceived as good and when it is perceived
as bad. Moreover, the literature on algorithm aversion lacks a more holistic perspective

on this phenomenon that includes cognitive antecedents of advice usage.

Research Shortcoming 3: Insufficient examining the influence of advice quality on
advice usage and its antecedents to better understand the reasons for the occurrence

of algorithm aversion.

More recent research suggests algorithm appreciation (Logg et al., 2019,
Daschner and Obermaier, 2022; You et al., 2022), that is, algorithmic advice is used
relatively more than human advice. Given the waves of euphoria generated by new, but
unproven algorithmic applications, such as ChatGPT (Pretschner et al., 2023),
algorithm appreciation could pose a risk to high decision quality. A critical perspective
on the true capabilities of algorithms is therefore more important than ever. However,
research on algorithm aversion/appreciation is decoupled from the true, objective
capabilities of the algorithm and thus silent on the risk of overtrust. Yet, we know little
about whether this risk of overtrust, observed in highly automated environments,

generalizes to forecasting tasks when it comes to bad advice. Despite the enormous
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benefits of algorithmic advice, there is evidence that it can also be flawed, particularly
in the early stages of implementation (Teodorescu et al. 2021, Ahsen et al. 2019). It is
possible that more recent and divergent developments are not taken into account in
advice based on historical data. Another technical challenge is the broken leg problem
described by Meehl (1954). If human decision-makers have more relevant information
in a forecasting task, subordination to a bad algorithmic advice would damage the
decision quality. A one-sided view of the potential of the adaptation of algorithmic

forecasting systems alone fails to recognize the new risks posed by algorithmic advice.

Performance feedback is an essential factor influencing the usage of advice as it
resolves uncertainty about the quality of the forecast. Humans can then verify whether
the quality of the advice was good or bad. This, in turn, is a prerequisite for trust updates
in repeated interactions with an advisor (Barber, 1983; Mayer et al., 1995; Rempel,
1985), which in turn has a significant impact on subsequent advice usage (Daschner
and Obermaier, 2022). Yet, the influence of performance feedback on overtrust in
forecasting tasks has not been well studied. Additionally, no countermeasures are yet

examined that could reduce the risk of overtrust.

Research Shortcoming 4: Previous studies lack insights regarding the risk of overtrust
in algorithmic forecasting advice, how performance feedback influences this risk, and

how advice usage can be calibrated to the true capabilities of the algorithm.

Research Questions

This dissertation addresses the aforementioned Research Shortcomings in four
separate studies. It draws on experimental research and captures different aspects of
the human-algorithm interaction. The following Table 1 provides an overview of the
structure of this dissertation and of the respective research questions that are asked in

each study.

Vi
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Focuson ...

Study

Research Questions

Decision Quality

Factors influencing
the Calibration of
Trust and Behavior

Trust and Advice
Usage relative to
Human Advisor

Overtrust and
Calibration of
Advice Usage

Study |: Take your Time! On the Use
of Information Representation in
Complex Decision Problems

Study I1: Human Interaction with
Decision Systems: An Analysis of
Factors influencing Trust and its
Consequences

Study I11: Algorithm Aversion? On
the Influence of Advice Accuracy on
Trust in Algorithmic Advice

Study 1V: Overtrust in (Bad) Advice?
Algorithmic Forecasting and
Calibration of Advice Usage

(1) How does information representation influence
decision quality in a subjective multiple criteria decision
problem?

(2) How does task complexity moderate the influence of
information representation on decision quality?

(1) What are the behavioral consequences of trust
miscalibration in the context of human-algorithm
interaction?

(2) What factors influence trust and behavior, and what
effects do these factors have?

(1) How does cognitive trust influence WOA in the source
of advice?

(2) Are there differences in initial trust between human
and algorithmic advisors?

(3) Are there differences in the development of trust after
performance feedback?

(4) When does an external advice lead to trust decreases?

(1) How does the availability of performance feedback and
the source of advice influence the usage of forecasting
advice in repeated interactions?

(2) How does the representation of uncertainty information
influence advice usage when advice quality is good or bad,
respectively?

Table 1: Overview of thesis studies and research questions.

Study | addresses Research Shortcoming 1 with regard to a missing guidance for
how to represent information in a subjective multiple criteria decision problem.
Algorithms can visualize data automatically via a human-algorithm interface or
recommend a specific type of information representation and represent therefore a
latent aspect of the human-algorithm interaction. Study 1% is titled “Take your Time!
On the Use of Information Representation in Complex Decision Problems” and
examines the effect of three different information representations (graphs vs. tables vs.
graphs with data labeling) and of task complexity (low vs. high) on decision quality of
a subjective multiple criteria decision problem. The study derives two hypotheses from
the (extended) cognitive fit theory and extends its dichotomous classification of
information representation and information-processing requirements of a task to a
mixed category. It applies the analytic hierarchy process (AHP) to examine on
procedural rationality (Simon, 1976) that is a suitable measure for decision quality in
subjective decisions. Study | applies an experiment using a 3 x 2 between-subjects

! This paper is co-authored by Prof. Dr. Robert Obermaier and has been presented in different
development stages on the contemporary financial management conference in 2022, and in the 45™
annual congress of the European Accounting Association in Finland in 2023. The authors submitted
this paper to the Decision Sciences Journal (VHB ranking: B).

Vil
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design in the context of a performance evaluation of six subordinates that need to be
ranked. In the more complex task, an additional overall performance score is demanded
(Tuttle and Kershaw, 1998). Answering the first research question, the results indicate
that tables lead to the highest decision quality for this multiple criteria decision problem
of low task complexity. In addition, it finds evidence that decision-makers shrink effort
when information is represented graphically as graph or graph with data labeling.
Regarding the second research question, an increase in task complexity wanes this

superiority of tables.

Research Shortcoming 2 is concerned with a missing holistic understanding of
what factors influence the calibration of trust and behavior and leads to two research
questions (see Table 1) that are addressed in Study I12. It is titled “Human Interaction
with Decision Systems: An Analysis of Factors influencing Trust and its Consequences*
and illustrates different forms of human-algorithm interaction through control loops.
Study Il differentiates between partially autonomous decision systems and decision
support systems. With regard to the first research question, it identifies two potential
miscalibrations of trust to the true capabilities of algorithms (distrust and overtrust) and
highlights the respective errors in behavior that these miscalibrations entail. Study Il
additionally reviews selected empirical research studies in the field of trust in
automation to provide an overview of the fragmented research efforts to enhance our
understanding of miscalibrations of trust and to facilitate the development of
appropriate trust in human-algorithm interactions. To answer the second research
question, Study Il identifies and structures influencing factors on trust and behavior
that are investigated in prior literature. Seven internal and external categories of

influencing factors are developed and described.

Study 1113, titled “Algorithm Aversion? On the Influence of Advice Accuracy on

Trust in Algorithmic Advice”, addresses the Research Shortcoming 3 with regard to the

2 This paper is the single author paper of this dissertation and is intended for submission to Human
Factors (H-Index: 133).

3 This paper is co-authored by Prof. Dr. Robert Obermaier and has been published in the Journal of
Decision Systems in 2022 (VHB ranking: B). Moreover, the paper was presented on the 2022 Open
Conference of the IFIP WG 8.3 Decision Support.

VI
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influence of advice quality on advice usage and its antecedents to explain the
occurrence of a new phenomenon termed algorithm aversion (Dietvorst et al., 2015).
Study 11 further builds on the perfect automation schema observed in highly automated
tasks (Dzindolet et al., 2002) and challenges its generalizability to forecasting tasks.
Using an experiment, it manipulates advice quality (higher vs. equal vs. lower to the
decision-maker’s own forecasting quality) and source of advice (algorithmic vs.
human) in a 3 x 2 between-subjects design. Performance feedback is provided to the
initial and final own forecasting quality as well as to the advice quality. To answer the
first research question, it applies a trust theoretical perspective (McKnight et al., 2002)
and examines the influence of trust on advice usage in a forecasting task. Cognitive
trust strongly influences advice usage that supports the theoretic suggestions of the trust
framework (McKnight et al., 2002). Comparisons between algorithmic and human
advisors answer the second research question. Referring to the third research question,
advice usage develops differently between algorithmic and human advice when advice
quality equals the decision-maker’s initial forecasting quality. This finding indicates a
threshold for the development of trust and advice usage and gives an answer to the
fourth research question. Study Il finds algorithm appreciation at the identified
threshold between good and bad advice. Higher trusting integrity beliefs in the

algorithm seem to be one reason for this finding.

Study IV is based on the findings of Study Il and combines the trust in
automation literature stream with the algorithm appreciation literature stream. Study
IV# is titled “Overtrust in (Bad) Advice? Algorithmic Forecasting and Calibration of
Advice Usage” and examines the risk that the tendency to use algorithmic advice more
than human advice poses in forecasting tasks to address Research Shortcoming 4. In
repeated interactions with a forecasting advisor, overtrust could reduce situation
awareness due to the heuristic replacement of information seeking and processing of
decision-makers and eventually could lead to a wrong decision with severe
consequences (Onnasch et al., 2014; Harloff, 2016).

Study IV consists of two experiments. Experiment 1 builds mainly on the

4 This paper is co-authored by Prof. Dr. Robert Obermaier and is submitted to the Journal of Behavioral
Decision Making (VHB ranking: B).
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expectation-disconfirmation theory (Oliver, 1980) to derive the hypotheses for the
influence of performance feedback. Additionally, it resorts to the perfect automation
schema to derive hypotheses for the influence of source of advice. It manipulates
performance feedback (yes vs. no) and source of advice (algorithm vs. human) as
between-subjects factor and forecast task (1 to 9) as a within-subjects factor. Two bad
advices are provided in this repeated interaction to examine overtrust in these
occasions. Answering the first research question, the results of Experiment 1 show that
feedback about prior performance influences future advice usages, exposing a risk in
case of bad advice. Furthermore, the algorithmic origin of advice seems to increase the
risk of overtrust. Study IV points to adjustments of the perfect automation schema for
forecasting algorithms.

Experiment 2 is dedicated to answering research question 2. The hypotheses are
based on the congruence principle that suggests to represent uncertain advices with
uncertainty information. In the experiment, we manipulate the representation of
uncertainty information (point forecast vs. 70 % confidence interval vs. 99 %
confidence interval vs. best/worst case) as between-subjects factor and advice quality
(good, followed by bad) as a within-subjects factor. The results show that an
informative forecasting interval leads to a calibration of advice use when controlling

for advice quality.

Contributions

To conclude, this dissertation sheds light on different aspects of the human-
algorithm interaction with a particular focus on trust, advice usage, and decision
quality. It contributes to a better understanding regarding how humans trust algorithms
and what factors influence trust. Due to the focus on the potentials of algorithmic
systems in the existing research, this dissertation deliberately takes a critical
perspective on the risks that algorithmic decision support systems pose and examines
miscalibrations of trust, i.e. overtrust. Thus, it is an important piece of the puzzle
needed to get a holistic picture of how humans and algorithms interact. More

specifically, the four studies provide the following contributions to the existing
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research.

Study | examines the influence of information representations on procedural
rationality, a concept that allows the examination of subjective decision problems that
might be the real-world standard (Kahneman et al., 2021). Study I resorts to the analytic
hierarchy process (Saaty, 1994, 1990, 1980) as a new methodological approach in this
research stream. It provides first findings that graphical information representations
even lead to inferior decision quality compared to tables. Consequently, the trend
towards graphical visualizations needs a critical revision. Graphics are no panacea for
high decision quality in an era of Big Data. Instead, an appropriate information
representation is dependent on the information-processing requirements of the task and
the task complexity. The latter is not as dichotomous in nature as assumed in prior
literature (Wood, 1986) and should be regarded as a continuum that can vary within a

multiple criteria decision problem.

Study Il illustrates miscalibrations of trust and behavior toward the true
capabilities of the algorithm and differentiates between different designs of human-
algorithm interaction to refine their respective consequences for the behavior. It
systematically reviews empirical studies analyzing the human-algorithm interaction in
highly automated tasks (e.g. in supervision of processes or detection tasks). Distrust
poses the risk of not reaping of the full benefits of algorithmic systems. On the other
side, overtrust also poses a risk when interacting with highly reliable algorithms as
decision-makers lose situation awareness and replace vigilant information seeking and
processing by heuristics. This tendency is termed automation bias. Trust calibration
then equals trust reduction. On the basis of the identified empirical research studies,
Study Il compiles fragmented findings of prior research on trust calibration. It identifies
factors that influence trust and behavior and categorizes them into seven internal and
external categories: (1) dispositional characteristics, (2) internal situational
characteristics, (3) external situational factors, (4) pre-existing knowledge about the
decision system, (5) learned knowledge, (6) design features, and (7) system
performance. Based on these insights, Study Il helps to develop an awareness of the
risk of miscalibrations of trust, i.e. distrust and overtrust, within the human-algorithm

interaction. Furthermore, it discloses the impact of the identified factors on trust and

Xl
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behavior to gain a better understanding of how miscalibrations occur and eventually
how to combat them. Finally, it contributes to the optimization of human-algorithm

interaction design by compiling fragmented empirical evidence.

Study I11 applies a trust theoretical perspective to extend the scope of analysis
within the algorithm aversion literature. It thus examines the influence of trust on
advice usage in a forecasting task and highlights the importance of trusting integrity
beliefs to explain diverging usages of algorithmic from human advice. It also
contributes to prior research in this field by identifying a threshold between near-
perfect and bad advice and sheds light on the role of advice quality in terms of the
occurrence of algorithm aversion. Surprisingly, Study 111 shows that decision-makers
lose trust in the human faster than in an algorithm and indicates algorithm appreciation
at this threshold of advice quality. This finding contradicts the perfect automation
schema that serves as a theoretical framework for this study. Thereby, it points to the
limitations of the generalizability of the perfect automation schema and suggests a

refinement for forecasting algorithms.

Study IV analyzes advice usages in repeated interactions with an advisor in a
forecasting task and investigates the influence of performance feedback and source of
advice on the risk of using bad advice. Study IV contributes to the algorithm
aversion/appreciation literature by taking a critical perspective on this empirical
phenomenon and by focusing on the calibration of advice usage while controlling for
advice quality. It is thus among the first that relates forecasting advice usage to the true
capabilities of the advisor without the emphasis on how to increase advice usage.
Results of Experiment 1 show that performance feedback increases advice usage,
however, also the risk of overtrust in repeated interactions. They thus shed light on
potential drawbacks of providing performance feedback. As a design parameter of the
human-algorithm interaction, provision of performance feedback should be wisely
considered before implementation as it immediately influences the decision-makers
advice usage. In addition, algorithmic advice results in higher advice usage particularly
in cases of bad advice. Forecasting algorithms seem to arouse higher expectations

compared to human advisors while they are not perceived to follow an all-or-none

Xl
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logic. Results of Experiment 2 reveal that the representation of uncertainty information,
e.g. a forecasting interval, reduces overtrust. In order to calibrate advice usage toward

advice quality, this interval should be informative.
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Abstract
Despite recent trends to represent information in graphical form, little is known about
its impact on decision quality in multiple criteria decision problems. In an online
experiment, we query the performance ratings of six subordinates and examine the
influence of information representation (graphs vs. tables vs. graphs with data labels)
and task complexity (low vs. high) on decision quality. We further address the
unavoidable subjectivity of multi criteria weighting by applying the analytic hierarchy
process. This methodological advancement overcomes weaknesses of previous studies
examining decision quality based on apparently objective weights. Somewhat
surprisingly, the results show that tables lead to the highest decision quality and effort
when task complexity is low. Although, this superiority diminishes when task
complexity increases within the same multiple criteria decision problem, our results
suggest that decision-makers tend to minimize effort, i.e. decision time and the share
of analytical judgment processes, if information is represented graphically. Therefore,
the increasing use of graphical information representations in management reports
and presentations needs a critical review as they are not a panacea for higher decision

quality.

Keywords: Analytic Hierarchy Process (AHP), Cognitive Fit Theory (CFT), Decision
Quiality, Multiple criteria Decision Problems, Information Representation, Task

Complexity.
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1 Introduction

Confronted with a growing amount of data, graphical information representation
intends to separate the ‘wheat from the chaff’ (Tegarden, 1999), which becomes more
and more important for decision-makers in the digital age in order to avoid information
overload. Their use is widespread: management accountants to visualize data e.g. in
annual reports (Justesen and Mouritsen, 2009), management dashboards (cockpit
charts) or presentations (Davison, 2015). They particularly enable spatial judgment
processes that are run in the fast and little effortful System 1 (Kahneman, 2017).
However, management accounting often faces complex decision problems with
multiple criteria (Dyer et al., 1992; Hille et al., 2011; Wallenius et al., 2008), such as
the evaluation of Environmental, Social, and Governance (ESG) (Daugaard, 2020) or
sustainability disclosures (Dienes et al., 2016); two topics that are currently in vogue
in the field of accounting. These multiple criteria decision problems require a judgment
strategy that encompasses both, spatial and analytical judgment processes. The latter
are weakly enabled by graphical information representations.

For example, evaluating the performance of subordinates requires evaluating the
total performance of multiple subordinates. Overall performance could consist of
several criteria, such as work behavior, behavior toward superiors and peers, mental
ability, and personal appearance. To give the decision-maker a quick overview of all
subordinates, the subordinates’ scores on each criterion can be displayed as separate
bar charts. However, prior literature is still silent on the influence of graphical
information representations on decision quality in subjective decision problems and
cannot provide guidance. Yet, management accountants who are responsible for
ensuring high decision quality (Merchant and Van der Stede, 2007) blindly follow the
recent trends of software providers towards graphical information representation.

Poor or inconsistent evaluations among subordinates can have serious negative
consequences. They can lead to complaints about favoritism, dissatisfaction, or a lack
of understanding about how to improve performance in the future (Dilla and Steinbart,
2005; Bol, 2008). Subordinates may also react negatively when equally good
performance is evaluated differently (Merchant and van der Stede, 2007; Tuttle and
Kershaw, 1998), resulting in demotivation and loss of efficiency. The supervisor may
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then need to specify how the criteria are weighted to make the evaluation process
transparent. There is no guidance on how to support high-quality decision-making,
even though providing managers with decision-relevant information is a central
function of management accounting.

In addition, these tasks frequently lack objectivity criteria weights. Therefore,
subjectivity takes the place of objective weights (Greene et al., 2008), which can result
in inconsistencies in human judgment (Kahneman et al., 2021). Yet, prior research has
methodological limitations to examine decision quality in a subjective multiple criteria
decision problem. Thus, there is another lack of guidance for information
representation in subjective decision problems.

In contrast to this graphical trend, tabular information representations enable
analytical judgment processes that are more effortful than spatial judgment processes
and run in the slower System 2 (Kahneman, 2017; Evans, 2003). Due to limited
cognitive resources, decision-makers could desire to substitute analytical for spatial
judgment processes as task complexity increases (Vessey, 1994). This is potentially at
the expense of decision quality. For analytical information representations, decision-
makers therefore have to choose between an effort minimizing and an error minimizing
strategy as there is no judgment strategy available that minimizes both simultaneously.

Our paper is motivated by the strong efforts towards digital forms of representing
decision-relevant information, while at the same time there is a lack of knowledge
about how these different forms of information representation interact with decision-
makers and in turn influence their decisions. It is furthermore motivated by the high
relevance that digital information representations are receiving from practitioners and
software companies who are engaged in this topic, in particular from Bissantz, a
German software company specialized in data visualization and business intelligence
solutions. It provides tools and platforms that help organizations analyze and represent
information in a visually engaging and meaningful way. Bissantz's products aim to
simplify complex data sets and empower users to make data-driven decisions
efficiently. Their software development focuses on how to make tables easy to read.
The company's basic thesis — very much in line with our own research interest — is that
graphs regardless of their popularity may lead to inefficient and sometimes even wrong

decisions.
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To support rational decision-making in multiple criteria decision problems, we
examine the influence of different information representations on decision quality in a
subjective multiple criteria decision problem and investigate on the role of task
complexity. Thus, we answer the following research questions: (1) How does
information representation influence decision quality in a subjective multiple criteria
decision problem? (2) How does task complexity moderate the influence of information
representation on decision quality?

In an online experiment with 217 participants, we examine the influence of
information representation (graphs vs. tables vs. graphs with data labeling) and task
complexity (low vs. high) on decision quality in a complex, subjective, multiple criteria
decision problem. We find that graphical representations (graphs and graphs with data
labeling) lead to inferior decision quality compared to tables when task complexity is
low.

The contribution of this study is threefold. First, we enrich the literature on
information representation by applying a new methodological approach. The analytic
hierarchy process is used, which allows the use of subjective weights for each criterion
of the decision problem. Thus, we are able to extend the scope of analysis from
objective to more subjective decision problems which should be the standard in the real
world. Second, our results challenge the recent trend toward graphical information
representations. This study is among the first to provide empirical evidence that graphs
with data labels can actually lead to inferior decision quality compared to tables. The
findings reveal a potential of differentiation of the cognitive fit theory which serves as
a theoretical foundation. Further, they call for a critical review of the recent graphical
trend in management accounting as a combination of graphical and tabular information
representations is not a panacea for rational decision-making. Instead, they encourage
decision-makers to minimize effort by resorting to less effortful spatial judgment
processes that reduce decision time. In doing so, they accept a lower decision quality.
Third, when examining the influence of information representation on decision quality,
the design of a particular decision problem should be taken into account. Task
complexity is not a dichotomous variable, but rather a continuum between simple and
limiting tasks which can vary within a multiple criteria decision problem. Task

complexity has a negative influence on the decision quality of tables only. This study
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is of interest to software developers, designers of management reports, and all

recipients of information.

2 Theory and Hypotheses Development

2.1 The Social Reconstruction of Reality

Constructivism is an epistemological perspective that argues that there is no
reality without human interpretation (Berger and Luckmann, 1967). Rather, it is
individually reconstructed by individual experiences (Watzlawick et al., 2011).
Consequently, humans create their own reality. Social processes and institutions such
as language, culture, religion, and education can influence this construction of reality.

Yet, information of the ‘objective’ reality is unprepared for decision-making
(Spence, 2014). This arises the need for information representation. The goal of
information representation is to convey information effectively to the decision-maker
(Spence, 2014) to make the solution of a problem transparent (Simon, 1996). However,
when representing a decision problem, constructivism can influence an effective
conveyance of information. Humans perceive a decision problem in different ways and
represent it accordingly, making information representation a matter of style
(Mouritsen, 2011). There is no mathematical model that can objectively represent a
decision problem. Note that sender and receiver of information can be different so that
the decision-maker could be confronted with a type of information representation that

only represents the subjective reality of the sender.
2.2 Literature Review

Prior literature compares the decision quality resulting from tabular
representations (tables) with that resulting from graphical representations (graphs) or
with a mixed information representation. Decision quality in multiple criteria decision
problems is determined by calculating decision accuracy which is the result of
comparing the observed decision with an objectively ‘correct’ decision. However,
research findings on whether a mixed information representation leads to superior

decision quality are inconsistent (see Table 1 for an overview).
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Benbasat and Dexter (1986) ask participants to allocate monetary resources
among income-generating alternatives using tabular, graphical, and mixed information
formats. They find that tabular and mixed information representations lead to better
decision accuracy, i.e. less deviation from the maximum profit, than graphs. Similarly,
DeSanctis and Jarvenpaa (1989) find further support for the contention that a mixed
information representation adds value in the forecasting of financial statement
information over pure tables or graphs. The mixed information representation shows
the highest decision accuracy, i.e. results in the lowest forecasting error, with a Monte
Carlo model providing the objectively 'correct’ benchmark for determining the
forecasting error. Furthermore, Hirsch et al. (2015) investigate decision accuracy in a
performance evaluation task. They ask participants to identify the best and worst
business unit (out of eight) in terms of the average deviation of predefined targets of
four performance criteria. To objectify the task, an equal weights approach is used. The
results indicate a higher decision accuracy for a mixed information representation
compared to pure tables for professional decision-makers, but not for students.

In contrast, Nibbelin et al. (1992) examine tables, tables supplemented by
schematic faces, and tables supplemented by bar charts in a bond rating change decision
task. Decision accuracy is measured as the objectively 'correct' classifications of rating
changes according to the Standard and Poor's Bond Guide for the respective years. The
results show no differences in decision accuracy between the groups, somewhat
contradicting previous findings suggesting a superiority of mixed information
representations. Similarly, Frownfelter-Lohrke (1998) investigates the decision
accuracy of three information representations (tables, graphs and a mixed information
representation) and two task types (spatial and analytical) in the evaluation of financial
statements. Decision accuracy is measured by comparing the participant's decision with
the objectively ‘correct’ bond rating (spatial task) or with the actual deviation from
earnings per share for the following year (analytical task), respectively. However, the
results do not indicate any differences between the different information
representations.

The study of So and Smith (2004) is among the first that even indicates an
inferiority of a mixed information representation compared to pure tables. They ask

participants to evaluate trends supplied by four financial ratios over five years in the
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context of a bankruptcy decision task. Companies are classified as either failed or not
failed according to predetermined Z-scores. Based on this objectively correct
classification, decision accuracy is calculated as the sum of misclassifications of failed
companies (type 1 errors) and of non-failed companies (type 2 errors). The results
indicate that when task complexity is high, tables lead to a lower number of
misclassifications than a mixed information representation, i.e. graphs with tables or

schematic faces with tables. These findings contradict prior research.

Information
Representations
Superiority of mixed information representations

Study Task (Domain) Measuring Decision Quality Findings

Benbasat and Dexter Gvs. Tvs. GT allocation of monetary improvement over a zero allocation, relative to GT=T
(1986) ’ ’ resources optimum (maximum attainable) profit GT>G
DeSanctis and forecasting financial ~ forecasting error of earnings per share relative to the
Gvs. Tvs. GT d y GT>G>T
Jarvenpaa (1989) V. Tvs statement information expected values generated by a Monte Carlo model
Hirsch et al. (2015)  Tvs. GT performance ranking the average deviation from targets for each GT =T (for students group)
evaluation task business unit based on equal criteria weights GT > T (for manager group)

No difference between information represenations
bond-rating-change  effectiveness of classification based on the S&P Bond

Nibbelin et al. (1992) - T vs. GT vs. FT decision Guide (objectively 'correct' classification) T=CT=FT
Frownfelter-Lohrke Gvs. Tvs. GT evaluation of financial spatial: deviation from bond rating for the following G=T=GT
(1998) statements year according to S&P's rating service

analytical: deviation from earnings per share for the
following year

Inferiority of mixed information representations
So and Smith (2004) Tvs. GTvs. FT  bankruptcy decision  sum of the misclassifications (companies either failed low complexity: T = GT = FT

task or did not fail based on Z-scores) high complexity: T> GT = FT
Present Study Gvs. Tvs. GT performance consistency of subjective criteria preferences for each
evaluation task criteria with the final decision

G = Graphs; T = Tables; F = Schematic Faces; GT = combination of Graph and Table; FT = combination of Schematic Faces and Table; ">' indicates higher decision quality

Table 1: Overview of the measurement of decision quality and corresponding findings in prior
literature.

The present study uses the data set of Hirsch et al. (2015) and reframes the task
for the context of a performance evaluation of subordinates to increase the salience of

subjectivity in the weighting of the criteria.
2.3 Cognitive Fit Theory (CFT) for Simple Tasks

The CFT provides a solid theoretical framework for a prescriptive view of
information representation of simple tasks such as information acquisition and well-
defined evaluation tasks (Vessey, 1991). Starting from the task, it suggests an
information representation that emphasizes the type of information-processing
requirements (IPRs) of the task (see Figure 1, A). This match is termed as a cognitive

fit. In turn, this type of information representation enables human judgment processes
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in the working memory (Newell and Simon, 1972; Vessey, 1994) (see Figure 1, B) that
are appropriate to solve the task effectively and efficiently (see Figure 1, C). The match
between judgment processes and IPRs is termed as requirement fit. The alignment of
these three components, i.e. of IPRs and information representation, information
representation and judgment processes, and judgment processes and IPRs, respectively,
is referred to as a high fit. According to the CFT, it results in an effective solution of
the task (Vessey and Galletta, 1991; Bettman and Zins, 1979; Umanath et al., 1990;
Dennis and Carte, 1998). In addition, it minimizes effort because the decision-maker
does not have to expend additional effort to transform the information representation
to match the required judgment processes with the IPRs. This results in an efficient
decision-making process. A high cognitive fit in simple tasks thus always leads to a
high requirement fit that minimizes both, the costs of decision errors and the costs of
effort (Vessey, 1991).

Information Representation
for a Simple Task

Spatial Analytical
V\ - - ~ v
\::::A‘::\:i /,/ = High Fit
B = o g > Low Fit
R A
Spatial Judgment c ) ) c Analytical Judgment
Processes e Spatial Analytical N Processes
. . . . .
o Information-Processing Requirements L
Minimize Error of a Simple Task Minimize Error
Minimize Effort Minimize Effort

Figure 1: Cognitive Fit Model for simple tasks (adapted from Vessey, 1991).

In contrast, a low cognitive fit often distracts rather than guides the decision-
maker's efforts to solve the task (Yigitbasioglu and Velcu, 2012; DeSanctis, 1984).
Additional effort is then required to transform the information representation to enable
the judgment processes required by the IPRs (Vessey, 2006). As simple tasks require
only very little amount of judgment processes to solve, this transformation process is
always disadvantageous because it results in relatively higher effort requirements

compared to an information representation with a high cognitive fit.
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In a simplified manner, IPRs can be classified in a binary way as either spatial or
analytical (Umanath et al., 1990). This dichotomous classification is based on the dual
encoding hypothesis of Paivio (1971). They describe the type of judgment processes
that should be used to perform the task with a high decision quality and in turn to reduce
the costs of decision errors. Spatial IPRs refer to the prescriptive needs of a comparison
of data to grasp approximate relationships between data. In contrast, analytical IPRs
refer to prescriptive needs for more detailed extraction of numerical data for further
examination to derive an exact value.

To facilitate a high fit between these three components, information should be
represented accordingly. Prior literature therefore classifies the types of information
representations as either spatial or analytical (Vessey, 1991). Spatial information
representations are called graphs. They are useful to emphasize spatial IPRs such as
summarizing data, showing trends and relationships over time, comparing data points,
and detecting differences in data to provide at-a-glance information and facilitate the
presentation of the "big picture™ (Jarvenpaa and Dickson, 1988). In contrast, analytical
information representations are called tables and emphasize analytical IPRs (Tversky
and Kahneman, 1973; Kotovsky et al., 1985). Tables facilitate the extraction of discrete
data values and the performance of calculations.

Analogously to IPRs and information representations, human judgment
processes can also be classified as being either spatial or analytical. Spatial IPRs are
best performed by spatial judgment processes, and analytical IPRs are best performed
by analytical judgment processes (Tuttle and Kershaw, 1998). The type of information

representations allows an effective control of the judgment processes (Vessey, 1994).
2.4 Task Complexity as Moderator of a Requirement Fit

If the amount of IPRs exceeds six computations and twelve information cues
(Wood, 1986), prior literature classifies this task as complex (Campbell, 1988). Task
complexity by definition increases effort required for an effective problem-solving
process. However, decision-makers’ effort is limited (Simon, 1957).

Spatial and analytical judgment processes differ in their amount of effort

demands for using these processes. In general, analytical judgment processes are more
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effortful and time-consuming than spatial judgment processes as they are performed in
System 2 (Kahneman, 2017; Evans, 2003). They are relatively less prone to errors and
appropriate to minimize the costs of decision errors. In contrast, spatial judgment
processes are performed in the less effortful but faster System 1, which is considered
as a “machine for jJumping to conclusions” (Kahneman, 2017). It relies on heuristics to
minimize effort, however, with compromises on decision quality. Due to this
divergence in effort demands by using spatial vs. analytical judgment processes,
decision-makers have to choose a judgment strategy for solving a complex task
(Vessey, 1994). They may either minimize costs of error or costs of effort (see Table 2).
A strategy that minimizes both simultaneously is not available. Transforming an
analytical information representation to enable less effortful spatial judgment processes
is then advantageous for an effort minimizing strategy. However, this can undermine

decision quality as an overarching goal of efficiency.

) Corresponding Costs of Costs of
Predominantly use of o
Judgment Strategy  pecision Error Effort
Spatial Judgment Effort Minimizing High Low
Processes
Analytical Judgment Error Minimizing Low High

Processes

Table 2: Choice of judgment processes to solve a complex decision problem.

Yet, with an increasing amount of graphical software solutions to visualize Big
Data, decision-makers could be confronted with a predefined spatial information
representation. Alternatively, decision-makers can decide themselves how to represent
information. The appropriate choice can then actively be influenced but requires data
literacy to achieve a high cognitive fit between IPRs and information representation. In
the following, we take the information representation as given and descriptively
examine the consequences of a high or low cognitive fit between IPRs and information
representation for the judgment strategy of decision-makers and, in turn, for the

requirement fit.
2.4.1 Spatial Decision Problems

For spatial IPRs, a high cognitive fit between IPRs and information
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representation enables spatial judgment processes that lead to a requirement fit with the
IPRs while minimizing the costs of effort (see Figure 2, Strategy A). As spatial
information representations enable spatial judgment processes and already result in
appropriate decisions for spatial tasks, the decision-maker has little incentives to
transform the information representation in order to enable more effortful analytical
judgment processes (see Figure 2, Strategy B). In contrast, based on a low cognitive fit
due to an analytical information representation of spatial IPRs, the decision-maker can
choose between two different judgment strategies. An effort minimizing strategy
causes additional costs of effort to transform the information representation into a
spatial format which best enables less effortful spatial judgment processes (see Figure
2, Strategy C). This results in a high requirement fit again. Alternatively, decision-
makers can choose an error minimizing strategy (see Figure 2, Strategy D). The spatial
task is then performed by using analytical judgment processes to improve decision
quality. These processes require additional effort and decision time, but are better

enabled by the analytical information representation.

Information Representation
for a Complex Spatial Decision Problem

Spatial Analytical

— High Fit
ffffff > Low Fit

Spatial Judgment R Spatial Analytical Judgment
Processes " patia Processes
v ' _ , v
Information-Processing Requirements
Minimize Effort of a Complex Spatial Decision Problem Minimize Error

Figure 2: Fits between IPRs and information representation and corresponding judgment strategies
for complex spatial decision problems.

2.4.2 Analytical Decision Problems

For analytical IPRs, a high cognitive fit between IPRs and information
representation enables analytical judgment processes that lead to a high requirement fit

with the IPRs and result in minimal decision errors. This is, however, at the expense of
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high costs of effort (see Figure 3, Strategy A). Yet, decision-makers are boundedly
rational as their cognitive resources are limited (Simon, 1957; Miller, 1956). At some
point of task complexity, it may thus be desirable for the decision-maker to deviate
from an error minimizing strategy despite a high cognitive fit with the information
representation (Vessey, 1994, Proposition 2). The more complex the task, the greater
the desire to favor spatial over analytical judgment processes to expend less effort
(Einhorn and Hogarth, 1981; Russo and Dosher, 1983) (see Figure 3, Strategy B). This
is the moderating effect of task complexity, however, only for analytical judgment
processes because these are relatively more effortful. This effort minimizing strategy
reduces the superiority of analytical information representations as they do not enable
spatial judgment processes and cause additional costs of transforming the analytical
information representation into a spatial one (Frownfelter-Lohrke, 1998; Speier, 2006;
Ohlert and WeilRenberger, 2015; Hirsch et al., 2015).

Based on a low cognitive fit due to a spatial information representation of
analytical IPRs, decision-makers can still choose an error minimizing strategy to
achieve a high requirement fit. To minimize the costs of a decision error, they could
transform the spatial information representation into an analytical one that best enables
analytical judgment processes (see Figure 3, Strategy C). These are required to solve
an analytical decision problem effectively. However, they could also use spatial
judgment processes as they are already enabled by the provided spatial information
representation and thus choose an effort minimizing strategy at the expense of decision
quality (see Figure 3, Strategy D).

12
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Information Representation
for a Complex Analytical Decision Problem

Spatial Analytical

——> High Fit
ffffff > Low Fit

e

Spatial Judgment . _ Analytical Judgment
Processes Analytical N Processes
v _ A , v
Information-Processing Requirements
Minimize Effort of a Complex Analytical Decision Problem Minimize Error

Figure 3: Fits between IPRs and information representation and corresponding judgment strategies for
complex analytical decision problems.

2.5 High Fits in Multiple Criteria Decision Problems

CFT finds broad empirical support for simple tasks (Kelton et al., 2010). For
these, the binary classification of IPRs of a task in purely spatial or purely analytical
seems to be appropriate. However, complex decision problems appear to have both
spatial and analytical IPRs as task complexity increases analytical IPRs with increasing
computations required for solving the task. Consequently, there is no complex, purely
spatial task. Vice versa, task complexity can also increase the share of spatial IPRs of
a predominantly analytical task by increasing spatial information cues required for
solving the task. The increase in task complexity converts pure IPRs of a decision
problem into a portfolio of IPRs.

Multiple criteria decision problems are generally classified as complex tasks
because they exceed the threshold of six computations easily (Einhorn and Hogarth,
1981; Newell and Simon, 1972). Thus, they can be classified as a mixed task that
require a judgment strategy to determine which portfolio of IPRs to evaluate (Einhorn
and Hogarth, 1981). As Vessey (1991) argues, the multiple facets of multiple criteria
decision problems make it difficult, if not impossible, to classify a complex task in a
binary way. For example, evaluating the performance of subordinates requires the
weighting of multiple criteria that must be aggregated to produce an overall

performance score. This could be considered as an analytical IPR. In contrast, spatial
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IPRs might involve, for example, capturing the *big picture’ and comparing the
numerical values of each criterion over all subordinates (Tuttle and Kershaw, 1998).
This makes it difficult to identify an appropriate information representation that enables
a high cognitive fit. A purely spatial information representation is a low cognitive fit
and encourages an effort minimizing strategy, resulting in a low requirement fit. Vice
versa, a purely analytical information representation is also a low cognitive fit and
encourages an error minimizing strategy, also resulting in a low requirement fit.

CFT suggests that after exceeding this threshold of six computations, analytical
judgment processes are substituted for less effortful spatial ones. However, we question
this dichotomous classification into simple and complex tasks. We suggest that even
within multiple criteria decision problems, task complexity can vary and affect the
influence of analytical information representations on decision quality. This variation
in task complexity within a multiple criteria decision problem has not been sufficiently
explored in prior literature. Therefore, we hypothesize:

H1: Analytical information representations lead to a lower decision quality when

task complexity of a multiple criteria decision problem increases.

Similarly, the wide range of information representations available is difficult to
classify in a dichotomous manner. With the recent trend toward spatial information
representation, software solution providers are designing human-computer interfaces
that facilitate the creation of aesthetic spatial information representations, but also
facilitate the combination of spatial and analytical information representations (graphs
with data labeling). Graphs with data labeling integrate numerical values and
emphasize both, spatial and analytical IPRs of the complex decision problem.

Therefore, we question the dichotomous classification of information
representation and IPRs. Instead of polarized thinking, we propose that a classification
of the entire multiple criteria decision problem and information representation is one
of degree on a continuum, not of kind. We hypothesize that the highest fits within a
multiple criteria decision problem occurs with a graph with data labeling, as it enables
spatial and analytical judgment processes (see Figure 4). For each type of IPR, it then

represents the information in a consistent manner that allows for appropriate judgment
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processes in the working memory.

H2: Mixed information representations lead to equal or higher decision quality in a

mixed multiple criteria decision problem compared to pure tables or graphs.

Information Representation
for a Complex Mixed Decision Problem

Spatial & Analytical —p High Fit

Analytical Judgment
Processes

Spatial Judgment
Processes

! '

Information-Processing Requirements
Minimize Effort of a Complex Mixed Decision Problem Minimize Error

Spatial & Analytical <

Figure 4: High fits for mixed IPRs with a mixed information representation enabling both, spatial and
analytical judgment processes.

3 Subjectivity and Analytic Hierarchy Process
3.1 Subjectivity in Decision-Making

Real-world decision problems often lack objectivity (Kahneman et al., 2021).
There is no objectively “correct’ decision, for example, in evaluating the performance
of subordinates. Instead, the solution to a decision problem is characterized by the
subjectivity of the decision process. However, decisions can be biased by prior
experience, prejudice, age, gender, the weather, or even the final score of yesterday's
football game (Kahneman et al., 2021). This is termed as occasional noise, which is
defined as an error in decision-making. As a result, the consistency of decisions in
subjective decision problems is compromised. This increases the likelihood of
complaints about favoritism and dissatisfaction in the example of performance
evaluations.

Previous research has focused on decision problems with an objectively *correct’
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decision. Decision quality is defined as decision accuracy, i.e., the deviation of a
decision-maker's observed decision from an objectively rational decision, a measure of
substantive rationality (Simon, 1978). This approach, however, cannot capture the
inherent subjectivity of many decision problems adequately. Indeed, it is challenging
to find a study design that allows to examine decision quality in subjective decision
problems. Yet, the predominant approach requires a somewhat artificial construction
of an objectively dominant alternative, which degenerates the decision problem into a

purely calculative problem (Obermaier et al., 2015).
3.2 Decision Quality and Analytic Hierarchy Process (AHP)

To overcome methodological weaknesses in prior experimental research, this
study investigates decision quality as decision consistency between the observed and a
fictive rational decision based on individually reported subjective preferences for each
criterion of the decision problem. This is a measure of procedural rationality (Simon,
1976).

The AHP (Saaty, 1994, 1990, 1980) serves as a method to implicitly derive
subjective weights for each criterion based on their reported subjective preferences. It
can then determine the degree to which decisions are consistent with implicit subjective
preferences of the decision-maker, i.e. whether criteria weights are applied consistently
for all alternatives that need to be evaluated (Simon, 1978, 1976). The necessary
minimum requirements for this approach are described by the order and the transitivity
axiom (cf. the classic works of Luce and Raiffa, 1989, and Von Neumann and
Morgenstern, 1947). These subjective preference relations indicate the marginal rate of
substitution between multiple criteria (Bamberg et al., 2012). In turn, it allows the
reconstruction of a fictive rational decision. Decision consistency is then measured as
the deviation of the decision-maker’s observable decision from this subjective fictive
rational decision (Eisenflhr et al., 2010; Obermaier et al., 2015; Obermaier and Saliger,
2020). Figure 5 depicts this comparison to investigate decision quality in subjective
tasks using the AHP.
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Identification of Subjective Preferences
(‘Taste’ of the decision-maker)
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’ Solving Multiple Criteria Decision Problem ‘

Subjective Decision

Replication of a
Fictive Rational
Subjective Decision

Comparison

Low Deviation = High Decision Quality

Figure 5: AHP requires subjective preferences and enables a comparison between a subjective and
fictive rational subjective decision.

4 Experiment

4.1 Participants

We conduct an online experiment with a total of 217 participants at a public
university in Germany in June 2022. Informed written consent to take part in this
experiment is obtained before the commencement by each participant. 56.2 % (n = 122)
are women and the mean age of the participants was 23.0, ranging from 18 to 53. To
motivate participants, they are informed that after successful completion of the

experiment, they enter a raffle of five Amazon vouchers of 25 Euro each.
4.2 Experimental Task, Procedure and Independent Variables

We apply a complex multiple criteria performance evaluation task. Participants
play the role of the head of the accounting department consisting of six subordinates in
a fictive company. They have to rank the subordinates based on four performance
measures: work behavior (resilience, punctuality, diligence), behavior towards
superiors and colleagues (ability to cooperate, tolerance, ability to accept criticism,
assertiveness), mental abilities (comprehension, logical thinking, memory), and
personal appearance (physical appearance, self-confidence, expression) (see Appendix
A). The participants are told that the evaluation survey is standardized for the whole
company and not department-specific. The job description provided is tailored to the

context of an accountant who works regularly with spreadsheet programs and should
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therefore be very numerate, but usually has little client contact. Participants receive the
evaluation scores on a scale from - 5.00 (very unsatisfactory) to + 5.00 (very
satisfactory), accurate to two decimal places for all six subordinates for each
performance measure. This experiment uses the data from Hirsch et al. (2015) and
rescaled them to the new scale for the context of performance evaluations of
subordinates. The participants are informed that they can individually weight the
performance measures, but have to be consistent for all subordinates. Then, the
subjective preferences for each performance measure have to be indicated in six
pairwise comparisons on a nine-point Likert scale ranging from “performance measure
X is absolutely more important than Y™ to “performance measure Y is absolutely more
important than X” (see Appendix B). For example, the performance measure “work
behavior” can be of moderate less importance, equal importance or strongly more
importance compared to the “behavior towards superiors and colleagues”.

We apply the AHP (Saaty, 1994, 1990, 1980) and check for consistency in the
pairwise comparisons to ensure that the preferences do not violate the order and
transitivity axioms. For example, when participants prefer X to Y and Y to Z, they
should also prefer X to Z. In addition, the distance between the criteria need to be
consistent, i.e. when the participant very strongly prefers X to Y and moderately prefers
X to Z, then the participant cannot equally prefer Y and Z. These preferences for the
criteria should be consistent as it is a crucial antecedent to procedural rationality
(Simon, 1976). If this consistency check fails, the participant is asked to reconsider the
entries. Participants who fail three times are excluded from the analysis. This results in
a final sample of 163 participants (75 % of all participants) (94 women; 67 men;
2 diverse; Mdn age = 22). After passing the consistency check, participants are asked
to evaluate the overall performance based on the four performance measures scores for
each subordinate.

We manipulate information representation (graph vs. table vs. graph with data
labeling) and task complexity of the decision problem (ranking task for low task
complexity vs. performance scores and ranking task for high task complexity) as
between-subject factors (see Obermaier and Muller, 2008). In the ranking task,
participants have to rank the subordinates based on the overall performance, i.e. the

aggregation over all four performance measures based on their subjective preferences.
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In the performance score and ranking task, an explicit overall performance score for
each subordinate in addition to their ranking is demanded. This manipulation is
orientated on the study of Tuttle and Kershaw (1998) to increase analytical IPRs.
Additional analytical IPRs in turn increase task complexity without changing the
decision context. This allows us to properly investigate the influence of task complexity

within a multiple criteria decision problem.
4.3 Fictive Rational Ranking

Based on the subjective pairwise comparisons, the AHP determines subjective
criteria weights. These criteria weights are then multiplied by the respective
performance measure scores that the subordinate achieved on each criterion to calculate
a total utility value for each subordinate. Finally, these utility values can be ranked in
ascending order. This is referred to as the fictive rational ranking as it is based on the

subjective preferences.
4.4 Dependent Variable

4.4.1 Decision Quality

To examine decision quality in a subjective decision problem, we resort to
decision consistency. It is operationalized as the deviation of the observable from the
subjectively fictive rational ranking. Deviation is defined as the sum of absolute
deviations of the observable ranking of the participant from a subjectively fictive

rational ranking:

6
.. _ i i
Deviation = Z|Rankobsewed _Rankﬁctive -rational | ’
i=1

where i denotes the running index of the six alternatives. The absolute sum of
deviations can result in a minimum of 0 and a maximum of 18 points. The lower the

absolute sum of the deviations, the higher the decision consistency.
4.4.2 Secondary Variable: Effort

In contrast to prior studies, decision time is not considered as an aspect of

decision quality as faster decisions are only desirable if decision quality is identical or
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even better. Less time eventually reduces decision quality (Coury and Boulette, 1992).
Instead of a component of decision quality, we regard decision time as an indicator for
effort (Hannan et al., 2013). Decision time is measured as the seconds the participants
needed to solve the decision problem.

Based on the Dual Process Theory, we assume analytical judgment processes to
be more effortful. Therefore, the share of analytical judgment processes also seems to
be a suitable indicator for effort. We ask participants for further information about how
they solved the decision problem by resorting to spatial or analytical judgment
processes. Entries are made on a 0 - 100 % scale for both, spatial and analytical
judgment processes, in total summing up to 100 %.

Additional to decision consistency, we therefore examine on effort, i.e. decision
time and share of analytical judgment processes, for a better understanding of the
influence of effort on decision consistency. It may provide further insights on why

differences in decision consistency between information representations might occur.
5 Results

5.1 Manipulation Checks

5.1.1 Task Complexity

We check whether the manipulation of task complexity is successful. In the post-
experimental questionnaire, participants reported perceived task complexity on a
seven-point Likert scale based on the question: ‘I found it difficult to solve the task’.
An independent-samples Mann-Whitney U test indicates that the median percentage of
perceived task complexity was significantly higher in the performance score and
ranking task (Mdn =4.00, n = 69) compared to the ranking task (Mdn = 3.00, n = 94),
U =3,841.5, z=2.042, p =.041. As more complex tasks also require more effort, we
also analyze on differences in the share of analytical judgment processes. We run
another independent-samples Mann-Whitney U test to compare the share of analytical
judgment processes. The median was significantly higher for high task complexity,

U =3,983.0, z = 2.486, p = .013. We conclude that the manipulation was successful.
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5.1.2 Subjective Criteria Weights

We conduct a one-sample Wilcoxon signed-rank test to determine whether the
criteria weights are different from an equal-weights scenario (n = 163). Median weights

of all four criteria are significantly different from equal weights of 0.25 (p <.001).
5.2 Descriptive Statistics

We ask the participants to provide consistent pairwise comparisons which is
necessary for the determination of subjective criteria weights based on the eigenvector
method. 79.8 % of the participants of the final sample (n = 130) entered consistent
pairwise comparisons within the first or second attempt. On average, participants
weight work behavior as the most important criterion with a weight of 35.3 %, followed
by mental capabilities with 31.7 %, and behavior towards superiors and colleagues with
23.4 % (see Table 3). The least important criterion on average is personal appearance
with only 9.6 %. Based on these subjective criteria weights, we calculate a fictive
rational ranking of the six subordinates for each participant individually. Finally, we
calculate the deviation from the observable ranking of each participant of their fictive
rational ranking and the corresponding decision time (see Table 4).

L Means .
Criteria (n = 163) Min Max
Work behavior 36.5 9.7 73.4
Behavior towards superiors 226 538 60.9
and colleagues
Mental capabilities 30.8 5.2 64.0
Personal appearance 10.1 3.6 39.9

Table 3: Descriptive statistics on implicit criteria weights (in %) based on pairwise comparisons.
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Graph with .
Graph Table data labeling Margin Means
12.37 10.12 11.88 11.38
Deviation (3.92) (3.65) (5.24) (4.41)
Low (n=27) (n=34) (n=33) (n=94)
Task Complexity
(Ranking) Decision Time 218.19 265.09 142.70 208.65
(243.35) (317.85) (106.48) (242.98)
12.33 13.38 11.39 12.26
High Deviation (3.33) (3.32) (4.92) (3.94)
Task Complexity (n=230) (n=16) (n=23) (n=69)
(Score + Ranking) Decision Time 354.53 332.00 347.70 347.03
(296.77) (187.21) (198.77) (241.15)
12.35 11.16 11.68 11.75
Deviation (3.59) (3.84) (5.07) (4.23)
Margin Means (n=57) (n =50) (n = 56) (n = 163)
I 289.95 286.5 226.89 267.23
Decision Time (278.96) (282.42) (180.99) (251.01)

Table 4: Means (standard deviation) of deviation of the observable ranking from the fictive rational
ranking, and decision time, separated into task complexity and information representation.

5.3 Hypotheses Tests

5.3.1 Task Complexity: Decreasing Decision Quality for Tables? (H1)

To properly test H1, we run three independent-samples Mann-Whitney U tests to
determine differences in deviation between the ranking task and the performance scores
and ranking task for each information representation separately. There is only a
statistically significant difference for tables. Median deviation in the ranking task
(10.00) is significantly lower than in the performance scores and ranking task (13.00),
U =393.0, z = 2.572, p = .005, one-sided. We find no significant difference between
any other combination (p >.590). The results strongly support H1 (see Figure 6).

5.3.2 Superiority of Graphs with Data Labeling? (H2)

For the ranking task, we conduct a Kruskal-Wallis test to determine if there are
differences in decision consistency between the three information representations:
graphs (n = 27), tables (n = 34), graphs with data labeling (n = 33). Median deviations
are statistically significantly different between the information representations,
v*(2) = 7.828, p =.020. A post hoc analysis reveals a statistically significantly higher
deviation for graphs with data labeling (14.00) than for tables (10.00), p = .035. In
addition, there is no significant difference between pure graphs (12.00) and graphs with
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data labeling, p = 1.000. There is a marginally significantly higher deviation for graphs
than for tables, p = .075 (see Figure 6).

For the performance score and ranking task, we conduct another Kruskal-Wallis
test to determine if there were differences in decision consistency between the three
information representations: graphs (n = 30), tables (n = 16), graphs with data labeling
(n = 23). The test indicates no significant differences, p = .591. The results contradict

H2.
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Figure 6: Means of deviation from fictive rational ranks. Error bars indicate 95% confidence interval
of the mean.

5.4 Supplementary Analyses on Effort

A Pearson Correlation analysis indicates that the share of analytical judgment
processes significantly correlates with decision time, r = .347, p < .001. In the
following, we further analyze effort exerted in the ranking task and in the performance

score and ranking task.
5.4.1 Decision Time
Low Task Complexity (Ranking)

For further investigations on the underlying effort exerted in the ranking task, we
conduct a Kruskal-Wallis test to determine if there are differences in decision time

between the three information representations. Median decision time is statistically
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significantly different, y3(2) = 9.805, p =.007. A post hoc analysis reveals a statistically
significant higher decision time for tables (181.5) than for graphs with data labeling
(125.00), p = .007 (see Figure 7). There is neither a significant difference between pure
graphs (149.00) and graphs with data labeling, p = .114, nor between tables and graphs,
p = 1.000.

High Task Complexity (Score + Ranking)

For the performance score and ranking task, we conduct another Kruskal-Wallis
test to determine whether there are differences in decision time between the three
information representations: graphs (n = 30), tables (n = 16), graphs with data labeling

(n = 23). The test indicates no significant differences, p = .976.

Changes within Representation Formats due to Task Complexity Increase

Finally, we run another independent-samples Mann-Whitney U test to determine
differences in decision time between the ranking task and the performance scores and
ranking task. Median decision time in the ranking task is significantly lower than in the

performance scores and ranking task for all information representations, p <.006, one-
sided.
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Figure 7: Means of decision time. Error bars indicate 95 % confidence interval of the mean.
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5.4.2 Share of Analytical Judgment Processes
Low Task Complexity (Ranking)

For the ranking task, we conduct an independent-samples Kruskal-Wallis test to
examine the difference of analytical judgment processes between information
representations. The mean rank of percentage of analytical judgment processes is
statistically significantly different between groups, ¥3(2) = 8.311, p =.016. A post hoc
analysis reveals statistically significant differences in the percentage of analytical
judgment processes between tables (mean rank = 38.12) and graphs with data labeling
(mean rank = 57.29) (p = .012), but not between any other group combination (see
Figure 8).

Information
Representation
[ Graph
[CITable

60,00 [ Graph with data labeling

5113 49,04
45,18 '
20,00 [ [ 3913

32,04

—

Mean % of analytical processes

26,88

0,00
Low Task Complexity High Task Complexity
(Ranking) (Score + Ranking)

Task Complexity

Figure 8: Mean percentage of analytical judgment processes. Error bars indicate 95 % confidence
interval of the mean.

High Task Complexity (Score + Ranking)

For the performance score and ranking task, we conduct an independent-samples
Kruskal-Wallis test to examine the difference of analytical judgment processes between
information representations. The median percentage of analytical judgment processes

is not statistically significantly different between groups, ¥(2) = 2.639, p = .267.

Changes within Representation Formats due to Task Complexity Increase

Finally, we run three independent-samples Mann-Whitney U tests to determine
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differences in the percentage of analytical judgment processes between the ranking and
the performance score and ranking task for each information representation separately.
There is only a statistically significant difference for graphs with data labeling. Median
percentage of analytical judgment processes in the ranking task (20.00) is significantly
lower than in the performance score and ranking task (40.00), U = 166.5, z = 3.557,

p <.001. We find no significant difference between any other combination.

6 Discussion

In this study, we investigate the influence of information representation and task
complexity on decision quality in the context of a subjective multiple criteria decision

problem.

New Methodological Approach

Our study applies a new methodological approach, i.e. the AHP, to this research
field to overcome methodological shortcomings in previous research. It allows us to
investigate on more realistic multiple criteria decision problems that commonly involve
unavoidable subjectivity (Kahneman et al., 2021). Further, we can thus deviate from
an equal-weights approach that is frequently applied in prior studies on decision
accuracy. Instead of objective or equal weights, decision-makers commonly derive
subjective weights of a multiple criteria decision problem. However, only a consistent
decision with the decision-makers implicit preferences for each criterion of the decision
problem is a rational decision. Simple averaging heuristics then lead to deviations from

a fictive rational decision.

On the Superiority of Mixed Information Representations

This study challenges the dichotomous classification of information
representation and IPRs of CFT and examines whether a mixed information
representation (graph with data labeling) is superior to pure information representations
(graph or table). Somewhat surprisingly, our results reveal an even inferior decision
quality of a graph with data labeling compared to tables when task complexity of a

complex multiple criteria decision problem is low.

26



Study I: Take your Time! On the Use of Information Representation in Complex Decision Problems

Further, we extend the investigation of decision quality in supplementary
analyses on effort, i.e. of the share of analytical judgment processes and of decision
time. We observe a lower share of analytical judgment processes for graphs with data
labeling compared to tables when task complexity is low. Additionally, decision-
makers spend less time on solving the decision problem. An analytical information
representation leads to superior decision quality as decision-makers take their time to
maximize decision quality.

Due to our focus on procedural rationality, comparisons with prior findings is
somewhat limited. Particularly, prior research on the superiority of mixed information
representations regarding decision accuracy is inconsistent. While So and Smith (2004)
find similar results, Hirsch et al. (2015) and Benbasat and Dexter (1986) observe equal
or even superior decision accuracy for a mixed information representation. Even
though our applied multiple criteria decision problem has very similar characteristics
with the decision problem in Hirsch et al. (2015), the lack of objective criteria weights
seems to have a critical impact on the findings. The measurement of decision quality
significantly influences the findings. While effortless spatial judgment processes might
achieve a good effort-decision quality trade-off in equal-weights scenarios, they
obviously reach their limits in decision problems with subjective criteria weights. Then,
decision-makers use graphical information representations too uncritically (see also
Unwin 2020). We therefore call for further research on procedural rationality to

replicate these findings.

Task Complexity

Although this superiority of an analytical information representation diminishes
when task complexity increases within the same multiple criteria decision problem,
spatial and mixed information representations are not advantageous. This finding
supports the extension of CFT (Vessey, 1994) that suggests that analytical information
representations lead to equal or inferior decision quality because the amount of IPRs
exceeds the limited cognitive resources of decision-makers or increases the desire to
reduce effort. Then, spatial information representations better enable spatial judgment

processes. In case of information overload, i.e. the required decision time is higher than
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the actually available decision time (Schick et al., 1990), graphical information
representations could even be advantageous (Wright, 1995). The real challenge will,
however, probably be in identifying this turning point when task complexity exceeds
the limited cognitive resources of the decision-maker or where the decision-maker
desires to reduce effort. Examining the influence of information overload on the
advantageousness of information representations seems to be an interesting avenue for
future research.

Furthermore, this study is among the first that highlights the non-dichotomous
character of task complexity. It represents a continuum between simple and limiting
tasks (Speier, 2006) that can vary within a multiple criteria decision problem and can
moderate the influence of information representation on decision quality. This finding
has important implications for the design of the decision problem itself and should be

carefully considered.

Effort Minimizing Strategy

The obtained findings provide empirical evidence that graphical information
representations are one mechanism to encourage decision-makers to use less effortful
spatial judgment processes (Tufte, 2001; Beattie et al., 2008; Quattrone, 2017; Chen
and Chaiken, 1999; So and Smith, 2004; Gigerenzer and Todd, 1999; Kahneman and
Tversky, 1982). This is also the case for mixed information representations. Thus,
decision-makers do not benefit from the representation of both, spatial and analytical
information. This finding contradicts our hypothesis that a mixed information
representation leads to a high requirement fit of IPRs and judgment processes. a high
cognitive fit influences, but does not determine the requirement fit. Irrespective of a
high cognitive fit, decision-makers can choose between an error minimizing (effective)
and an effort minimizing (efficient, however less effective) strategy. This choice is
influenced by task complexity because their cognitive resources are limited and
analytical judgment processes are relatively more effortful. A judgment strategy that
fits it all is thus not available in complex decision problems. This reasoning is in line
with the extension of CFT (Vessey, 1994).

In addition, our study further extends CFT as the results indicate that spatial
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information representations stronger enable spatial judgment processes than analytical
information representations enable analytical judgment processes. Due to this
imbalance of effort demands, a mixed information representation does not lead to a
high requirement fit. Instead, it predominantly enables spatial judgment processes at
the expense of analytical judgment processes, resulting in effort minimizing as the
default strategy of decision-makers. Consequently, graphical information
representations exhibit the inherent risk that analytical IPRs of a multiple criteria
decision problem are performed by less effortful spatial judgment processes. In
contrast, tables elicit a higher share of analytical judgment processes and consequently
lead to the highest decision quality.

The observed dominance of an effort minimizing strategy might be due to the
strong persuasive power of graphical information representations (King et al., 1991).
This is in line with the dual process theory that suggests that faster and less effortful
processes are run in System 1, used as a default to quickly reach conclusions
(Kahneman, 2017). To avoid the risk of heuristic biases, decision-makers actively need

to enable System 2.

Practical Implications

As we mentioned earlier, the motivation for this paper is to empirically validate
our basic concern that graphical information representations might turn out to be
inefficient and lead to poor decision quality. For a subjective multiple criteria decision
problem, our results empirically support this apprehension. Resorting to tables and
taking the time needed to make an analytical judgment can lead to higher decision
quality than graphs with data labeling, although this superiority diminishes with
increasing task complexity.

Even though spatial judgment processes have their advantages, decision-makers
should be aware of the risks they bear. An analytical information representation helps
to reconstruct the decision problem in the working memory of the decision-maker that
encourages the use of effortful analytical judgment processes. It can therefore serve as
a remedy to minimize the risk of compromising decision quality for faster decisions.

Developers of decision-supporting systems can latently facilitate procedural rationality
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by using a tabular information representation for multiple criteria decision problems as
a default. Tables such as a conventional utility analysis are a better alternative to
colorful and aesthetically well-arranged graphical dashboards (Isett and Hicks, 2018).

The findings also encourage a critical perspective on self-reporting management
dashboards, where decision-makers can choose the information representation as they
like. In the light of the observed effort minimizing strategy, choosing graphical
information representations may jeopardize high decision quality. Therefore, the
development of data literacy skills increasingly becomes a crucial set of skills for both,
software developers and management accountants to appropriately represent
information in the digital age.

Limitations

This study does not come without limitations. First, we recruit university students
as participants for our experiment. As they are less experienced in such a performance
evaluation task, resorting to less effortful spatial judgment processes could result in
more errors compared to a professional decision-maker. As highlighted in Kahneman
(2017), System 1 processes can be trained to perform routine tasks so that the use of
spatial judgment processes does not necessarily result in inferior decision consistency
(Biggs et al., 1988; Umanath and Vessey, 1994). Diverging findings between the type
of participants are empirically documented in Hirsch et al. (2015). In contrast, other
studies justify the use of undergraduate students as the information-processing behavior
of students and managerial decision-makers does not differ in a review of prior studies,
as reported in Ashton and Kramer (1980). It could be a promising avenue for further
research to generalize the findings from this study to more experienced professional
decision-makers. In a similar vein, another limitation of this study could be the lack of
consequences if decisions are inconsistent. This impacts the joint costs of effort and
error. Thus, future research could address this aspect where participants are more
realistically incentivized to perform well. Still, little is known about whether these
findings also hold for professional decision-makers in real task settings. Finally, the
applied methodological approach has a lot of merits, however, there are also some

prerequisites. First, the AHP can only be applied appropriately for additive decision

30



Study I: Take your Time! On the Use of Information Representation in Complex Decision Problems

problems where there are no minimum requirements for a particular criterion. Instead,
criteria need to be compensatory. Second, it requires consistency of the decision-
maker’s preference relations to assume a rational decision-maker. Otherwise, the
reconstructed fictive rational decision is not consistent, making the examination of
decision consistency useless. In this experiment, about every fourth participant failed
this consistency check. An explanation could be that students do not pay the same
attention in solving a decision problem than professional decision-makers due to a lack
of incentives. Therefore, professional decision-makers might have less problems in
passing this consistency check. However, this consistency check basically formulates
an expectable minimum of logic (Obermaier and Saliger, 2020). Students who did not
participate in the experiment with the necessary seriousness could be filtered out by
this consistency check. Eventually, this could even contribute to a reduction of a
potential gap between the findings based on students and the findings based on
professional decision-makers. In addition, algorithmic decision-supporting systems can
support a subjective decision process to reach a subjectively consistent decision
outcome. They can help the decision-maker to formulate consistent subjective
preferences between multiple criteria. With the technological progress in the field of
artificial intelligence, algorithms could even build solid objective formulas based on
historical data to help to identify pivotal criteria within a decision problem. A
prerequisite is clearly that the causal relationships are stable to predict the future based

on historical data.

7 Conclusion

We enrich the information representation literature by extending the analysis of
decision quality to subjective multiple criteria decision problems exhibiting both,
spatial and analytical IPRs. For this, we use the AHP to overcome weaknesses of the
prevailing methodological approach that required the existence of a dominant
alternative, a somewhat artificial objectification of a decision problem. Somewhat
surprisingly, a mixed information representation even leads to an inferior decision
quality compared to tables when task complexity is low. This points to an effort

minimizing strategy of decision-makers when provided with a mixed information
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representation, as they then resort to less effort-demanding spatial jJudgment processes.

Graphs with data labeling are therefore no panacea for higher decision quality,
because they predominantly encourage the use of spatial judgment processes. This
study therefore questions the recent trends toward graphical representations such as
applied in management dashboards or presentations and call for a critical revision.
Developers of such systems, management accountants that prepare information and
decision-makers should be aware of this dominant strategy when using graphical
information representations (graphs or graphs with data labeling) for multiple criteria
decision problems. They need to carefully consider whether a graphical information
representation is appropriate for the decision problem at hand. We thus add support to
prior findings on the lure of graphical information representations that prevent a critical

interaction with the underlying data (Ronzani and Gatzweiler, 2022; Rose et al., 2022).
Author notes

An earlier draft of the manuscript has been presented at the 45" Annual Congress
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Appendices
Appendix A
Behavior
Work Behavior tOV\_/ards Mental Abilities srerzond
Superiors and Appearance
Colleagues
Score Score Score Score

Subordinate 1 3,33 0,67 -1,33 0,00
Subordinate 2 3,00 -4,00 -0,67 0,33
Subordinate 3 -3,67 0,33 -1,67 0,33
Subordinate 4 2,67 -1,00 4,33 -0,67
Subordinate 5 -0,67 -0,67 4,33 0,67
Subordinate 6 -1,00 -1,33 2,33 -1,33

Figure 9: Tabular Information Representation.
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Subordinate 1 Subordinate 2
5,00 5,00
3,33 3,00
2,50 2,50
o 0,67 0.00 ® 0,33
20,00 ' 30,00 —
[ [0
-0,67
-2,50 -1,33 -2,50
-5,00 -5,00 -4,00
Work Behavior Mental Personal Work Behavior Mental Personal
Behavior towards Abilities Appearance Behavior towards Abilities Appearance
Superiors and Superiors and
Colleagues Colleagues
Subordinate 3 Subordinate 4
5,00 1 5,00 - 4,33
2,67
2,50 A 2,50 A
2 0,33 0,33 S
&0,00 — — 3 0,00
\—‘ -1,00 -0,67
-2,50 A -1,67 -2,50 A
-5,00 -3.67 -5,00 -
Work Behavior Mental Personal Work Behavior Mental Personal
Behavior towards Abilities Appearance Behavior towards Abilities Appearance
Superiors and Superiors and
Colleagues Colleagues
Subordinate 5 Subordinate 6
5,00 4 4,33 5,00 -
2,33
2,50 A 2,50 A
o 0,67 )
3 s 5
& 0,00 & 0,00
-0,67 -0,67 -1,00
-2,50 4 -2,50 A ’ -1,33 -1,33
-5,00 4 -5,00 -
Work Behavior Mental Personal Work Behavior Mental Personal
Behavior towards Abilities Appearance Behavior towards Abilities Appearance
Superiors and Superiors and
Colleagues Colleagues

Figure 10: Graphs with Data Labeling (equals Graphical Information Representation, enriched with
numerical data).

Appendix B

Xis Xis Xis Xis Yis Yis Yis Yis
absolutely more  much more considerably  somewhat more equally somewhat more  considerably much more  absolutely more

important important more important important important important more important important important

Figure 11: AHP Likert Scale for pairwise comparisons between multiple criteria.
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Abstract
Objective: This paper distinguishes different designs of the human-algorithm
interaction investigated in the trust in automation literature. Control loops illustrate
the logic of how humans and algorithms interact. This study further examines forms of
trust miscalibrations and their behavioral consequences in each design. Finally, it
identifies and categorizes influencing factors on trust and behavior.
Background: Trust needs to be calibrated to the actual performance rate. Prior
literature fragmentally examines influencing factors on trust and behavior with the aim
to increase trust in decision systems. However, findings point to the risk of overtrust
while literature is still scarce on how to improve trust calibration.
Method: To improve our understanding of factors influencing trust, a systematic
literature review is conducted to identify and analyze factors investigated in prior
experimental studies. Effects on trust, acceptance, automation bias, and errors are
described.
Results: On the basis of the literature review, seven internal and external categories
of factors are identified. External factor categories influence internal factors and can
be grouped into three broad areas: (A) context of the interaction (situation and task),
(B) ex-ante information about the decision system, or (C) characteristics of the decision
system. In partially autonomous decision systems, the research focus is on overtrust

than on distrust.
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Conclusion: Trust needs to be calibrated to the actual performance rate of the decision
system. This paper summarizes and discusses possible levers for improving the human-
algorithm interaction. Despite this, there is little empirical research that focuses on
calibration, but rather on increasing trust and acceptance rates.

Application: This study informs our understanding of potential influencing factors and
their effects on trust and behavior and provides guidance on how to mitigate

miscalibrations of trust.

Keywords: A Trust in Automation, Human-Algorithm Interaction, Compliance and
Reliance, Decision-making, Automation Bias, Calibration, Distrust, Errors, Overtrust.
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1 Introduction

A vehicle had to be rescued from the edge of a cliff because the driver blindly
followed the instructions of his navigation system, according to Brooke (2009) in The
Daily Mail. This case resulted in the first ever court fine of £ 2,000 for slavish
obedience to machine instructions. Today, interactions with algorithmic decision
support systems, such as navigation systems, are becoming more intense, requiring
appropriate design of the human-algorithm interaction to mitigate the negative
consequences of poor algorithmic directives or advice.

In the vision of Industry 4.0, the use of networked systems generates large
amounts of data ("big data™) that can serve as the basis for algorithmic decision systems
in an increasingly broad range of business tasks (Obermaier, 2016, 2019). The age of
digitization thus paves the way for an increasingly close interaction between humans
and algorithms, in which humans must respond to algorithmic advice.

Trust in the algorithm is an important prerequisite for the acceptance of its
decision directives or advices (McKnight et al., 2002; Pavlou and Gefen 2004; Lee and
See 2004). In the context of the human-algorithm interaction, trust refers to the degree
to which humans are willing to rely on algorithmic directives or advices.

Evaluating the performance of the algorithm is critical to adjusting trust.
However, this evaluation is a significant challenge for humans. Miscalibrations, i.e.
trust and performance do not match, can occur, with consequences for human behavior.
The calibration of trust is a subtle balance between distrust and overtrust. It can be
influenced by many factors. The goal of this paper is to develop a better understanding
of the factors that influence trust calibration in order to reduce the risk of
miscalibration, i.e., distrust and overtrust. The following research questions are
addressed: (1) What are the behavioral consequences of trust miscalibration in the
context of human-algorithm interaction? (2) What factors influence trust and behavior,
and what effects do these factors have?

To answer these research questions, this thesis is structured as follows: Chapter
2 defines key terms and presents two different implementations of human-algorithm
interaction in a control loop logic. Chapter 3 defines trust and discusses types of
miscalibration and their behavioral consequences. Chapter 4 categorizes and describes
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the factors that influence trust and behavior. Chapter 5 provides a discussion of the

results, and Chapter 6 presents a concluding summary.
2 Designs of the Human-Algorithm Interaction

In this paper, an algorithm is defined as a set of rules, either deterministic or non-
deterministic, for the sequence of steps in a decision-making process typically executed
on a computer. Such algorithms can be designed with varying degrees of complexity,
ranging from simple decision rules to regressions and complex machine learning
models (Kahneman et al., 2021).

Decision systems are based on such algorithms and execute them. The factors
that make up a decision system are highly context dependent. In manufacturing, a
decision system can be a continuum that ranges from a shop floor monitor to an
automated logistics vehicle. As algorithms and decision systems form a coherent unit,
these two terms are used interchangeably in the following.

Depending on the complexity of the underlying algorithms, the functions of such
decision systems can range on a continuum between pure monitoring activities to a
completely autonomous execution of a decision task without human involvement. The
share of algorithmic operations is predominantly dependent on the task characteristic.
According to Autor et al., (2003) and Frey and Osborne (2017), tasks can generally be
divided into routine and non-routine tasks. Routine tasks are those that can be solved
by following an explicit set of rules. The actions required to perform these tasks can
then be clearly defined for each possible scenario, and the cause-and-effect
relationships are known. They allow a high share of algorithmic operations. As this
paper focuses on the human-algorithm interaction, it excludes this extreme pole of
100 % algorithmic execution of tasks, i.e. completely autonomous decision systems. In
non-routine tasks, the causal relationships are usually only partially known. Examples
of such tasks are pattern and image recognition, which require a high degree of
adaptability of the rules to the given decision situation (Autor et al., 2003). Due to the
inherent uncertainty in decision-making in non-routine tasks, the necessary rules
cannot be explicitly specified which consequently complicates a high share of

algorithmic operations. Following this dichotomous classification of tasks, this paper

43



Study 11: Human Interaction with Decision Systems: An Analysis of Factors influencing Trust and its Consequences

differentiates in general between two categories of functions of decision systems:
(1) Partially Autonomous Decision Systems (PADS) and (2) Decision Support Systems
(DSS).

2.1 Partially Autonomous Decision System in Routine Tasks

Routine tasks can be performed by algorithms very well and allow partial
autonomy of such decision systems. This function of the decision system determines
the design of the human-algorithm interaction, with a change in the human role from
an active decision-maker toward a more passive process supervisor. The design of the
human-algorithm interaction in case of a partially autonomous decision system can be

represented as in the following control loop (see Figure 1).

********************************************************************************
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Decision Autonomy ! } Decision Support
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o i i I
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|

|
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Operator: Human

Measurement of
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Figure 1: Control loop in the case of partial autonomy of the decision system.

In continuous control processes, algorithms check for deviations from a given
target value or function which has been defined in the set of rules. If the measurement
of the actual value deviates from or exceeds, respectively, the predefined target value,
a decision problem arises. Then, the partial autonomous function is disrupted and the
decision support function is activated to inform human decision-makers by giving an
advice. This advice can be an alarm function that informs the human that there is a
deviation of the actual value from the target value, or can additionally provide
directives on how to solve the decision problem. For example, a partial autonomous
decision system could trigger an alarm if the operating temperature of a production

process exceeds a predefined threshold. Additionally, it can advise the human to shut
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down the production process to prevent overheating.

Primary applications for such partially autonomous decision systems can be
found in production, aerospace and aviation, but increasingly also in road traffic as
driving assistance systems. However, one should note that due to the predefined set of
rules, even very small changes in the application domain can cause the decision system

to malfunction if there are no rules for a newly occurring situation.
2.2 Decision Support Systems in Non-Routine Tasks

In non-routine tasks, decision systems can support human decision-makers.
Instead of autonomous algorithmic decision-making, they provide case-specific
decision advices to human decision-makers. Therefore, this study refers to such
decision systems as decision support systems. The temporal sequence of decisions can
be designed in two different ways: (a) Advice-First Systems (AFS): decision advice
without an initial human decision, and (b) Judge-Advisor Systems (JAS): decision
advice after an initial human decision. Such a temporal sequence additionally
encourages a critical engagement with the decision system (Komiak and Benbasat,
2006). The final decision of a human completes the decision process. In both cases, the
human is actively involved in the decision-making process to verify each algorithmic
advice by accepting or rejecting. Consequently, the active role of the human is stronger
preserved in DSS. Primary applications of DSS are found in recognition tasks in the
military sector or in baggage screening at airport security checkpoints.

The design of the human-algorithm interaction in case of a decision supporting
function of the decision system can be represented as in the following control loop (see

Figure 2).
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Figure 2: Control loop in case of decision support systems.

3 Trust Calibration and its Consequences

3.1 Trust

In both categories of designs of the human-algorithm interaction, the human
receives advice from the decision system. An important determinant for its acceptance
is trust (McKnight et al., 2002). It refers to the degree of a person's willingness to rely
on the algorithmic advice. According to the conceptual model by Mayer et al. (1995),
trust intentions are formed based on expectations of (1) ability, (2) benevolence, and
(3) integrity of the party being trusted. Lee and See (2004) extrapolate this trust
construct to the human-algorithm relationship and adjust these three trust expectations

to the context of algorithmic decision systems (see Figure 3).
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TG Interpersonal Trust in the
Trust Algorithm

[ What? } { (1) Ability H (1) Performance
[ Why? } { (2) Benevolence H (2) Purpose
[ How? } { (3) Integrity H (3) Process

Figure 3: Transfer of interpersonal trust expectations to the human-algorithm relationship (adapted
from Lee and See, 2004).

"Performance” refers to the capabilities of a decision system and is the
counterpart to the interpersonal expectations of a person's abilities and knowledge. This
trust expectation focuses on what the decision system can accomplish, that is, whether
it is capable of executing its tasks correctly and efficiently. This is also associated with
the expectation of predictability in the quality of its decisions.

"Intent” refers to the purpose of acting in the interests of the trustor, i.e. the human
decision-maker. Expectations are related to the question of why a decision system has
been developed. Here, the direct transfer of interpersonal trust expectations is limited.
However, since most decision systems are created by humans, it is a human-created
party that is to be trusted. It is therefore reasonable to attribute the motives and
intentions of a decision system to its actual developer (Bahner, 2008). Though, the
developer is often unknown, or the origin of a decision system refers to an entire
company or country rather than a single person. If self-learning algorithms lead to
changes in the perception of motives and intentions in the future, the reference point of
benevolence would be increasingly challenged.

"Process" refers to the techniques and procedures used by a decision system to
solve a task, and is the counterpart of integrity in interpersonal trust relationships. It
describes expectations about how the algorithm works, but also includes expectations
about honesty, conscientiousness, and acting in accordance with the values and
principles of the trustor. There are difficulties in transferring these integrity
expectations from interpersonal trust relationships to human-algorithm interactions,
especially with respect to the latter expectations. Again, it seems reasonable to focus
the expectations on the human developer.

Based on to the Theory of Reasoned Action (Fishbein and Ajzen, 1977), trust
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expectations indirectly influence behavior through the intention to trust, but do not
determine it completely (Lee and See, 2004). Figure 4 depicts the causal relationship
between trust and behavior and can be transferred into a dynamic trust model in which
trust is updated after each interaction with the decision system (e.g. by performance
feedback).

Trust Behavior
| Performance |—>
Intention to Acceptance of the
| Purpose Trust Advice
| Process |—>

Figure 4: Effect relationship between trust expectations, intention to trust, and behavior (adapted from
McKnight et al., 1998).

3.2 Calibrations of Trust

Trust should be calibrated to the actual performance of the decision system. Trust
calibration means that all three described trust expectations (performance, purpose,
process) correspond to the actual performance of the decision system (Muir, 1987). A
necessary condition for this is the objective determinability of this actual performance
rate, for example, by determining the error rate or hit rate of the decision system.
According to Bayes' theorem, the probability of accepting an algorithmic advice should
depend on its actual performance rate. Deviations from this are called miscalibrations
and can have undesirable behavioral consequences that may ultimately lead to errors.
Two different forms of miscalibration can be distinguished: (1) distrust, where trust is
lower than the actual performance rate, and (2) overtrust, where trust is higher than the
actual performance rate. Trust calibration is therefore a subtle balance between too
much and too little trust (see Figure 5). Miscalibration in either direction is a potential

risk to successful human-algorithm interaction.
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100 ¢

(2) Overtrust

Trust

(1) Distrust

0 Actual performance rate 100
(in %)

Figure 5: Relationship between actual algorithmic performance rate and trust calibration (adapted
from Lee and See, 2004, p. 55).

3.3 Behavioral Consequences of Miscalibrations

Human behavior is predominantly influenced by trust (Lee and See, 2004).
Therefore, miscalibrations of trust also have consequences for behavior, which depend

on the design of the human-algorithm interaction.
3.3.1 Behavioral Errors in partially autonomous Decision Systems

(1) Behavior Errors due to Distrust

Insufficient trust, i.e. distrust in a partially autonomous operating decision system
can lead to an inappropriate intervening in the decision autonomy function. This
interruption of the flawless task execution reduces the efficiency of the human-
algorithm dyad. In addition, human decision-makers may reject an effective advice
given by the decision support function of the decision system. For example, there may
be no response to an alarm or an algorithmically suggested directive may not be
implemented due to distrust. Increasing trust can help to better exploit the potentials of
the decision system.

(2) Behavioral Errors due to Overtrust
Too much trust in a decision system, on the other hand, can lead to a behavioral
bias in favor of the decision system. This bias is called automation bias. Mosier et al.

(1998) define it as the tendency to use algorithmic advices as a time- and cost-saving
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heuristic substitute for attentive information search and processing. Automation bias
increases the likelihood that people rely on the advices of the decision system without
sufficient verification. The limits of performance of such algorithms are thereby
overlooked (Parasuraman and Riley, 1997). Ultimately, this leads to less attention
being paid to less obvious but equally important information (Mosier and Skitka, 2018).
Automation bias can therefore lead to serious behavioral errors.

Through the partial autonomy of the decision system, behavioral errors can occur
when there is a deviation between actual and target state, however, the decision system
fails to provide decision support. An error of omission occurs when human decision-
makers fail to take necessary actions due to a missed alarm, i.e. the absence of an alarm.
For example, in air traffic, failure to adjust altitude due to a lack of system advice
constitutes an error of omission if a decrease in altitude is required to achieve a target
state.

An error of commission, on the other hand, occurs when human decision-makers
make a wrong decision due to a false alarm. For example, an error of commission
occurs when a pilot increases altitude based on the system’s advice, even though the
current altitude needs to be decreased. Figure 6 provides an overview of
miscalibrations of trust and corresponding behavioral errors for partially autonomous

decision systems.
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~
Miscalibrations of Trust
Trust < l l
Distrust Overtrust
o Automation Bias
(1) Lack of (2) Lack of
Monitoring Verification

Error of Rejection

Behavior <
° No Error

Type of Error

(1) Error of (2) Error of
Omission Commission

Figure 6: Consequences of miscalibrations of trust for the behavior in the interaction with partially
autonomous decision systems.

3.3.2 Behavioral Errors in Decision Support Systems

In DSS, any advice provided needs to be confirmed or rejected by human
decision-makers. Therefore, the decision support function excludes the risk of an error

of omission that can only occur regarding a decision autonomy function.

(1) Behavior Errors due to Distrust

Distrust in the DSS increases probability of rejecting advice, however, it also
increases the risk of rejecting an effective advice and can lead to an error of rejection.
In a simplified way, the advice is dichotomous and can either signalize that a certain
threshold is exceeded or is not exceeded. Consequently, due to this binary classification
of advice, there are two sources of errors due to distrust. Human decision-makers can
either reject an advice that signals the exceedance of a certain threshold (positive
advice) and lead to non-compliance behavior or human decision-makers can reject an
advice that signals that a certain threshold is not exceeded (negative advice) and lead

to non-reliance behavior.

(2) Behavioral Errors due to Overtrust

Overtrust in the DSS increases the probability of accepting advice, however, it
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also increases the risk of accepting an ineffective advice and can lead to an error of
commission. Analogously, human decision-makers can either accept a positive advice
(compliance) or a negative advice (reliance). Figure 7 summarizes miscalibrations of

trust and their corresponding behavioral consequences.

Miscalibrations of Trust
Trust < l l
Distrust Overtrust
Rejection Acceptance
Non- - . .
of an Compliance Reliance
Compliance Reliance
Behavior
< Correct Correct
Rejection Acceptance

False positive and Correct positve and
false negative correct negative
Advice Advice

Error of Rejection Error of Acceptance

Figure 7: Consequences of miscalibrations of trust for the behavior in the interaction with decision
support systems.

4 Empirical Research on Factors that influence Trust and

Behavior

4.1 Literature Review

After presenting the types of trust miscalibration and their behavioral
consequences, this paper examines factors that influence trust and behavior based on
selected empirical literature. The search process is based on Webster and Watson
(2002) and used Web of Science to identify relevant studies. The search formula was
as follows: (ALL=(automation) OR ALL=(machine)) AND (ALL=(trust) OR
ALL=(bias) OR ALL=(overtrust) OR ALL=(distrust) OR ALL=(mistrust)). To be
considered in this literature review, articles need to include experiments, where

participants interact with a decision system. The focus of the study must be on trust,
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behavior, or error, in addition with another variable where an influence on the
dependent variable is hypothesized. The keyword search is limited to academic, peer-
reviewed journal articles in English language. This led to a preliminary sample of
2,777 articles. Following an initial screening of titles and abstracts, 38 articles
remained. These were mainly published in Applied Ergonomics, Ergonomics, Human
Factors, International Journal of Human-Computer Studies, and Frontiers in
Psychology. The high number of exclusions was due to: (1) the usage of another
methodology than experiments, (2) focus on another variable than trust, behavior, or
errors, (3) a lacking investigation of influencing factors on these dependent variables,
or (4) investigations of the human-algorithm interaction in another context than
decision systems such as articles focusing on artificial intelligence, algorithm aversion,
algorithm appreciation, machine learning, gambling and other topics. After reading the
full paper, another 18 articles were excluded. The keyword search led to 20 relevant
articles for this literature review.

Then, a backward search was performed by systematically scanning the
references of the 20 articles identified in the keyword search. Another 8 articles could
thus be identified. Afterwards, a forward search was conducted using the Web of
Science database. Due to this, 4 additional articles were identified that are relevant for
this literature review. A total of 32 relevant articles are finally selected for this literature
review.

The selected studies for the literature review use different measurements of trust.
While some studies resort to established self-reported trust questionnaires, others
designed their own questions to measure trust. In the literature, behavior is measured
by monitoring activities, the proportion of acceptances or rejections of algorithmic
decision recommendations, or the amount of errors during an interaction.

The literature review yields 14 experimental studies that investigate trust or
behavior in partially autonomous decision systems (see Appendix A). Partially
autonomous decision systems are being investigated primarily in the areas of
astronautics, aviation, driver assistance systems, and production plant control. These
systems trigger an alarm if a parameter monitored by the decision system exceeds or
falls below a predefined target value. Optionally, a diagnostic function can provide

further guidance for human intervention.
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In total, the literature review yields 18 experimental studies investigating
decision support systems. Of these, 11 studies investigate trust or behavior in a decision
support system where the decision-maker does not make an initial decision (see
Appendix B) and 8 studies investigate trust or behavior in a JAS (see Appendix C).
Decision support systems are mainly under investigation in the area of luggage
screening or detection tasks. The decision system provides a binary "yes" or "no"

advice to human decision-makers to facilitate their final decision.
4.2 Classification of Influencing Factors

Trust in decision system and its corresponding behavior is the result of an internal
formation. Thus, they can differ between human decision-makers as human
characteristics differ. Trust and behavior can be additionally influenced by a variety of
factors identified in the reviewed literature. This study categorizes them into three
broad areas: (A) the context of the interaction (situation or task), (B) ex-ante
information about the decision system, and (C) characteristics of the decision system.
Taking a human-centric perspective, these factors can be classified as being either of
internal or external nature, although the boundaries are blurred. Internal factors refer to
human characteristics or knowledge about the decision system that influence trust and
behavior, but are dependent on external factors. External factors refer to factors that
influence trust and behavior directly, independent of human characteristics or
knowledge. Accordingly, this study classifies the identified factors into the following
seven internal and external categories: (1) dispositional characteristics, (2) internal
situational characteristics, (3) external situational factors, (4) pre-existing knowledge
about the decision system, (5) learned knowledge, (6) design features, and (7) system

performance (see Figure 8).
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Figure 8: Overview and classification of examined factors influencing trust and behavior.

4.2.1 Dispositional Characteristics

Dispositional characteristics of human decision-makers are genetically
determined and therefore very stable over time. These include a person’s culture, age,
gender, and personality and can influence trust and behavior (Hoff and Bashir, 2015).
However, empirical research on the role of dispositional characteristics in the human-
algorithm interaction is still scarce. Table 1 summarizes the few factors identified in
the literature reviewed. For any factor, its effects on trust and on behavior is indicated.
Note that behavior can be separated into acceptance, automation bias, and errors. While
trust and acceptance should be calibrated to the performance rate of the decision

system, automation bias and errors should be minimized. Consequently, in contrast to

trust and acceptance, their increase can be evaluated as an unappreciated behavior.

(1) Dispositional Characteristics Study Design Trust Acceptance AutoBrir;inon Error
Propensity to Trust (Individual, natural inclination to ~ Merritt et al. (2013) JAS increase X X X
trust; measured on a self-reported trust scale) Yang et al. (2021) JAS increase X X X
Age (Age of the decision-maker) Goddard et al. (2014) JAS X no effect X X

Table 1: Dispositional characteristics and their effects on trust and behavior. (Notes: JAS = Judge-
Advisor System; x indicates that the respective variable is not examined in this study.)

Propensity to trust. In the reviewed literature, the influence of the propensity to

55



Study 11: Human Interaction with Decision Systems: An Analysis of Factors influencing Trust and its Consequences

trust is one of very few dispositional characteristics examined in the human-algorithm
trust literature. It is the human’s natural inclination to trust and is measured by several
items such as ‘I usually trust machines until there is a reason not to’ (Merritt et al.,
2013). Decision-makers with a high propensity to trust are more inclined to trust the
decision system (Yang et al., 2021), particularly in ambiguous decision situations
where a wrong advice is not obvious (Merritt et al., 2013).

Age. There is only one empirical study that examines on age of decision-makers.
However, there is no indication for any influencing effect on the acceptance of advice
(Goddard et al., 2014).

4.2.2 Internal Situational Characteristics

Internal situational characteristics depend on the specific situation or task that
needs to be solved within a human-algorithm interaction. Compared to dispositional
characteristics of human decision-makers, they are less stable but also have a strong
influence on trust and behavior (Hoff and Bahir, 2015). Table 2 summarizes the
identified factors and their effects on trust and behavior (acceptance, automation bias,

and errors).

Automation

(2) Internal Situational Factors Study Design Trust Acceptance Bias Error

Self-Confidence (A person's belief in their own Lee and Moray (1994) PADS X decrease X X

abilities, skills, and potentials for success) Wiczorek and Meyer (2019) AFS increase no effect X X
Dzindolet et al. (2003) AFS decrease X X X
Bahner (2008) PADS X X X decrease

Professional Expertise (Specialized knowledge Chavaillaz et al. (2019) AFS no effect increase X X

and experience that decision-makers have in Goddard et al. (2014) JAS X decrease X X

a particular task)

Positive Attitude toward the System (Associating Merritt et al. (2013) JAS increase X X X

automation as something good; implicit preference for

automation measured by an Implicit Association Test)

Subjective Workload (Subjective measure Karpinsky et al. (2018) PADS decrease X increase X

that encompasses the demands placed

on the decision-maker's effort within a task)

Responsibility and Interaction Strategy (Internal Mosier et al. (1998) PADS X X decrease decrease

assessment of who is responsible for the decision-
making process and its outcomes and adoption of an
interaction strategy)

Table 2: Internal situational characteristics and their effects on trust and behavior. (Notes:
PADS = Partially Autonomous Decision System; AFS = Advice-First System; JAS = Judge-Advisor
System; x indicates that the respective variable is not examined in this study.)

Self-Confidence. It refers to decision-makers’ belief in their own capabilities and

can vary from the particular decision problem that needs to be solved. Yet, empirical
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evidence for the effect of self-confidence on trust is inconsistent. On one hand, prior
literature finds support for the so-called “trust vs. self-confidence” hypothesis and
points to a negative correlation between these factors (Dzindolet et al., 2003). However,
on the other hand, more recent research of Wiczorek and Meyer (2019) finds evidence
that self-confidence is even positively correlated with trust.

According to the "self-confidence vs. trust" hypothesis, the acceptance of
algorithmic advices decreases when self-confidence is greater than trust in the decision
system, and vice versa (Lee and Moray, 1994). Therefore, decision systems should
include measures to ensure that decision-makers’ trust is calibrated to the algorithm’s
actual performance, but also that self-confidence is adjusted to their own decision-
making capabilities (Lee and Moray, 1994). In contrast, Wiczorek and Meyer (2019)
do not observe a negative effect of self-confidence on the acceptance rate and question
this hypothesis. Participants of their study excessively follow even the advice of
decision systems with a low performance rate. Instead of a trade-off between trust and
self-confidence, the observed high acceptance rates could reflect an unclear assignment
of responsibility within the human-algorithm dyad (Wiczorek and Meyer, 2019).
Explicit task assignments and explanations of the implemented degree of automation
could help alleviate this issue.

Self-confidence in one’s own abilities to perform the task of the automated
function of a decision system in the field of astronautics manually also seems to play a
role in the genesis of an error of commission (Bahner, 2008). Obviously, decision-
makers with low self-confidence stronger follow ineffective diagnoses because they
consider their own competence in error diagnosis and error management to be relatively
lower than the capability of the decision system. In comparison, decision-makers with
high self-confidence ignore ineffective diagnoses and thus avoid an error of
commission in the context of a highly reliable partially autonomous decision system.

Professional Expertise. Specialized knowledge and expertise of decision-makers
were little examined in the reviewed literature. Yet, it seems that professional expertise
does not affect trust (Chavaillaz et al., 2019).

Regarding the effect of professional expertise on the acceptance rate, research
results are contradictory. On the one hand, Chavaillaz et al. (2019) find a positive

correlation between professional expertise and acceptance rate of algorithmic advices
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within an AFS in a detection task. On the other hand, Goddard et al. (2014) show that
the acceptance rate decreases with increasing clinical expertise in a JAS; professional
expertise is associated with less decision switches and therefore lower acceptance rates.
One interpretation of the results is that decision-makers with longer professional
experience view decision support primarily as a confirmation of their own decision,
while novices see it as a tool for decision-making that heavily influences their own
decision (Goddard et al., 2014). More professional expertise may also correlate with
higher self-confidence or decrease the perceived usefulness of a decision system.
Different task characteristics or designs of the human-algorithm interaction may also
influence the findings, but are not examined yet.

Positive Attitude toward the System. A positive implicit attitude toward the
decision system is measured by an established test called Implicit Association Test.
The participants are asked to press ‘e’ if the word falls into the categories human or
good or to press ‘i’ if the word falls into the categories automation or bad (Merritt et
al., 2013). The stronger the positive implicit attitude toward automation, the faster the
completion of the task when "automation™ and "good" are paired. Such positive implicit
attitude can then increase trust (Merritt et al., 2013). In combination with a high
propensity to trust (dispositional characteristic), it can mitigate the loss of trust after
obvious algorithmic errors.

Subjective Workload. Karpinsky et al. (2018) examine the effect of subjective
workload by resorting to an established measure that combines six workload-related
factors. Their study shows a negative correlation between workload and trust in the
decision system.

A decision-maker's subjective workload is positively correlated with automation
bias. The higher the subjective workload, the lower the visual attention when
monitoring the decision system (Karpinsky et al., 2018). Therefore, subjective
workload needs to be considered in the design of human-algorithm interactions to avoid
a reduction in monitoring activity. This factor is dependent on external situational
factors, such as task difficulty and time pressure.

Responsibility and Interaction Strategy. Pilots who participated in the experiment
of Mosier et al., 1998) were asked to complete a post-experimental questionnaire that

inquired about their flight experience and included Likert-scale items related to

58



Study 11: Human Interaction with Decision Systems: An Analysis of Factors influencing Trust and its Consequences

perceptions of responsibility. These items assessed beliefs about performance
evaluation, strategy evaluation, and the requirement to justify their performance. The
internalized perception of responsibility and a strategy for interacting with the decision
system encourages checking, proactive strategies, and the use of additional information
in the field of aviation. Consequently, internalized responsibility and interaction
strategy reduce both, automation bias and errors of commission (Mosier et al., 1998).

It appears to correlate with explicit accountability, an external situational factor.
4.2.3 External Situational Factors

Depending on the particular situation in which the interaction takes place, there
are several external factors that can influence decision-makers’ trust and behavior.
Their effects are independent of human characteristics. Table 3 summarizes influencing
factors identified in the reviewed research studies and their effects on trust and behavior

(acceptance, automation bias, and errors).

Automation

(3) External Situational Factors Study Design Trust  Acceptance Bias Error
Task Difficulty (External situational factors that Lyell et al. (2017) AFS X X no effect no effect
increase the complexity of a decision task) Goddard et al. (2014) JAS X increase X X
Risk (Interaction with an evacuation robot during an Robinette et al. (2016, 2017) AFS X increase X increase
emergency situation with artificial smoke)

Irrevocability (Effects of a decision are long-lasting Salem et al. (2015) AFS X decrease X X
and cannot be easily changed or reversed)

Time Pressure (Requirement that a decision needs Rieger and Manzey (2022) AFS X decrease X X

to be made within a specific timeframe) Rieger and Manzey (2022) JAS X increase X X
Decision Teams (The choice between a team of Skitka et al. (2000) PADS X X no effect no effect
decision-makers and a single human decision-maker)  Mosier et al. (2001) PADS X X no effect no effect
External Accountability (The explicit requirement for  Mosier et al. (1998) PADS X X no effect no effect

decision-makers to take responsibility for their choices
and be answerable for the outcomes and impacts of
those decisions)

Table 3: External situational factors and their effects on trust and behavior. (Notes: PADS = Partially
Autonomous Decision System; AFS = Advice-First System; JAS = Judge-Advisor System; x indicates
that the respective variable is not examined in this study.)

Task Difficulty. Task difficulty is objectively manipulated as an environmental
factor in the reviewed studies in the field of medical prescribing scenarios. It is
associated with a marginal increase in the acceptance rate of algorithmic decision
advices (Goddard et al., 2014). That is, participants in the experiment are more likely
to change their decisions based on the algorithmic advice within a JAS when the task
is relatively more difficult. This increase in the acceptance rate does not affect
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automation bias or the number of errors (Lyell et al., 2017).

Risk. Robinette et al. (2016, 2017) study the human-algorithm interaction in an
emergency situation and find higher acceptance rates of algorithmic instructions. The
risk associated with the decision situation thus influences human behavior. Yet, more
field experiments are required to externally validate existing laboratory evidence.

In high-risk situations, decision-makers seem to follow the instructions of the
robot uncritically without examining the content or appropriateness of these advices
(Robinette et al., 2016). Their results indicate an increase in the number of errors in
such high-risk situations. However, conducting experiments under high-risk situations
is strongly limited as human lives must not be endangered. Behavior in such artificially
generated emergency situations, as applied in their study, may differ from behavior in
real emergencies. In artificial or low-risk situations (such as monetary incentives),
decision-makers may pretend to accept robot advices after a mistake, even if they have
little trust in them (Robinette et al., 2017). Therefore, the results indicate the importance
of the context of human-algorithm interaction, although further research is necessary
before clear conclusions can be drawn.

Irrevocability. The fact that a decision has consequences that cannot be easily
reversed seems to have an effect on behavior. For example, pouring orange juice over
a plant is an irrevocable decision (Salem et al., 2015). This irrevocability of a decision
reduces the acceptance rate more than a revocable decision (Salem et al., 2015).

Time Pressure. The time for a decision could be externally determined in
particular decision problems. Rieger and Manzey (2022) examine the influence of time
pressure on behavior, distinguishing between compliance and reliance behavior. Time
pressure does not affect compliance, i.e. the acceptance of positive advices. In contrast,
the influence of time pressure on reliance depends on the specific design of the DSS.
If the algorithmic advice is provided without an initial human decision (AFS), time
pressure reduces reliance, i.e., the acceptance of negative advices. In a JAS, however,
time pressure even increases reliance. The role of the human as an active decision-
maker may change with the emerging collaboration with an algorithmic teammate. If
the decision system provides an advice without initial human decision-making (AFS),
this active role might be even more at risk compared to a JAS. Participants may feel a

need to take action as a result (Rieger and Manzey, 2022). Instead of constant

60



Study 11: Human Interaction with Decision Systems: An Analysis of Factors influencing Trust and its Consequences

acceptance of algorithmic advices under time pressure, they may therefore incorporate
their own evaluations and might be more likely to reject the algorithmic advice (Rieger
and Manzey, 2022). This need for active decision-making seems to be mitigated by
changing the human-algorithm interaction into a JAS, where the human makes an initial
decision before the algorithmic advice. This could explain the reversal of the influence
of time pressure on behavior. A JAS thus seems to decrease distrust, but could increase
the risk of overtrust under time pressure.

Decision Teams. Team decisions versus individual decisions are also examined
as an external situational factor. Human decision-makers cannot influence this
objectively given (by their supervisor, etc.) organizational setting. However, an
additional team member does not reduce an automation bias, i.e. the lack of alignment
of algorithmic diagnoses with other available information still exists in team decisions
(Skitka et al., 2000; Mosier et al., 2001). Vice versa, team decisions neither increase
automation bias. Thus, the results do not support the notion that automation bias is a
"dominant” response in highly automated decision contexts. No effects on error rates
are observed either.

External Accountability. This factor is similar to the internalized responsibility,
an internal situational factor. However, external accountability is objectively
measurable and thus independent from human perceptions. Mosier et al. (1998)
examine the effect of explicit accountability on behavior in a flight simulation. A group
of pilots is informed that their performance and strategies will be evaluated and that
they will have to justify their performance after the interaction. The results of the study
show that this manipulation has no effect on automation bias or error rates.
Furthermore, the discrepancy between external accountability mechanisms and
internalized responsibility raises the question of how accountability among
professional decision-makers can be influenced as professional decision-makers

generally operate with a high level of personal responsibility for their behavior.
4.2.4 Pre-Existing Knowledge

When human decision-makers interact with a decision system to perform a task,
preexisting knowledge about the decision system can influence their trust and behavior.

This category represents a fluent interconnection between internal and external factors.
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On one hand, test phases and training opportunities need to be provided externally. On
the other hand, these factors directly influence the pre-existing knowledge of human
decision-makers. A clear separation between internal and external factors is not
possible due to this interconnection. This study nonetheless classifies them as internal
factors. Table 4 summarizes the identified factors from empirical research.

(4) Pre-Existing Knowledge Study Design Trust  Acceptance Autgrir;uon Error
Promotion (Introductory information (video and text) as Korber et al. (2018) PADS increase increase increase increase

well as a introductory drive to experience the
automated driving system)

Framing (Presenting the advisor (human / algorithm)  Madhavan and Wiegmann (2007) AFS increase X X X
in a way that highlights its knowledge, skills, and

experience in a baggage screening task)

Training on Errors

Experience of a diagnostic error, i.e. the decision Bahner (2008) PADS no effect X decrease no effect
system provides an inefficient advice Sauer et al. (2016) PADS no effect X decrease  decrease
Experience of a system failure, i.e. the decision Bahner (2008) PADS decrease X no effect decrease
system does not provide advice even though the

actual state deviates from the target state Sauer et al. (2016) PADS no effect X no effect  decrease
Explicit training against Automation Bias in the Skitka et al. (2000) PADS X X X decrease
aviation sector Mosier et al. (2001) PADS X X X no effect

Ex-ante Performance Information

No performance information available prior to Dzindolet et al. (2003) AFS increase X X X
interaction
Information on high false alarm rate, i.e. the Knocton et al. (2021) AFS increase increase X decrease

DSS has very sensitive thresholds whose
exceedance frequently trigger an alarm

Explanations (Explanation of potential limitations of Dzindolet et al. (2003) AFS increase increase X increase
the decision system; reasons why an error might occur)

Table 4: Pre-Existing knowledge factors and their effects on trust and behavior. (Notes:
PADS = Partially Autonomous Decision System; AFS = Advice-First System; x indicates that the
respective variable is not examined in this study.)

Promotion. Trust can be manipulated prior to the actual interaction with the
decision system through several factors. One of them are promotion activities at the
time of introducing the decision system. The introductory information of an automated
driving system can for example range from a promotion video and information text to
an introductory drive (Korber et al., 2018). Trust-inducing information on the decision
system positively affects trust, while knowledge about the limitations of the decision
system reduces trust. It may increase performance expectations, one component of trust
(Lee and See, 2004).

Promotion of the decision system increases not only trust, but also its acceptance.
This effect finally results in an increase of automation bias. Study participants spend

less time monitoring the actions taken by the decision system and focus more on
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alternative tasks (Korber et al., 2018). This eventually increases the number of errors
of omission, as necessary interventions are not performed.

Framing. The labeling of a decision system has also a significant impact on trust
in luggage screening tasks. If the decision system is portrayed as an expert system, the
associated performance expectations are higher than if the decision system is labeled
as a novice, i.e., in a way that indicates a lower level of maturity (Madhavan and
Wiegmann, 2007). Analogously to promotion, this superior framing of the advisor
alters its perception and raises performance expectations. If these performance
expectations, however, are not met during interaction, initial trust will be lost. This
could occur at an even faster pace than framing an advisor as novice. Designers of such
decision systems should carefully consider the trust-increasing effect of labeling and
its consequences for behavior in the light of its true performance capabilities.

Training. Training experiences prior to interaction is another factor that
potentially influences trust. Yet, research shows that they have only limited influence
on trust during the subsequent, actual interaction. It seems that the influence of training
is depend on the type of error experienced during training. Bahner (2008) and Sauer et
al. (2016) find no effect of training against diagnostic errors on trust in the subsequent
interaction. Training can thus not prevent decision-makers from committing errors of
commission. In contrast, experiencing a decision system failure seems to lower trust
levels in the subsequent interaction compared to decision-makers that have not made
this experience (Bahner, 2008). Furthermore, the mere information about a potential
system failure has no effect on trust. However, Sauer et al. (2016) cannot replicate this
finding and observe no differences in trust resulting from a system failure training
experience. More research is needed to investigate the effect of training on subsequent
interactions with a decision system. Yet, there is little evidence that training on
potential errors reduces trust in subsequent interactions.

Regarding behavior, empirical findings support the “matching hypothesis™. It
suggests that only the same type of error already experienced in the training can be
reduced if it reoccurs during the subsequent interaction (Sauer et al., 2016). Thus,
training experiences with decision system failures (missing alarm) can reduce errors of
omission, even though automation bias remains unaffected by this training experience

(Bahner, 2008; Sauer et al.,, 2016). Training experience with diagnostic errors
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(ineffective diagnostic advices) can reduce errors of commission (Sauer et al., 2016).
In contrast, Bahner (2008) can only observe a reduction in automation bias that does
not influence the number of errors of commission. The results provide weak support
for the matching hypothesis and reiterate the dilemma inherent ins training design that
optimizing the training for one set of error scenarios has the disadvantage of reducing
effectiveness in another set of error scenarios (Sauer et al., 2016). In the aviation
industry, the influence of explicit training against automation bias on behavior is being
investigated. Skitka et al. (2000) find evidence that this type of training reduces errors.
However, this effect is not replicated in the study by Mosier et al. (2001) who find no
effect. In addition, Mosier et al.’s (2001) results show that explicit training to check
system instructions has no effect on the number of errors.

Ex-ante Performance Information. A review of empirical studies shows that
decision-makers have relatively high initial trust in the decision system even without
any ex-ante information about its performance rate (Dzindolet et al., 2002, 2003). This
initial trust even exceeds that of a human advisor in the context of a military detection
task. This phenomenon is termed as "perfect automation schema” (Madhavan and
Wiegmann, 2007) where algorithms have the notion of perfection while erring is
considered to be a human trait (Renier et al., 2021). When the performance rate of a
decision system is relatively high, no ex-ante performance information can reinforce
the impression that the decision system is flawless. However, during interaction, the
experience of an error (ineffective advice) can violate this perfect automation schema
and lead to trust decreases. Yet, there is evidence that the ex-ante provision of imperfect
performance rates does not violate this perfect automation schema. When providing
information on a high false alarm rate of the decision system, this information even
increases trust compared to participants that were not informed about this rate (Knocton
et al.,, 2021). This finding is observed in a safety-critical context of detecting
underwater mines. Yet, more research is needed to investigate whether this finding is
generalizable to less safety-critical domains.

When decision-makers are aware of a high false alarm rate of the decision system,
they are also more inclined to accept algorithmic advices, while at the same time even
reducing errors of commission (Knocton et al., 2021). This finding indicates one way

to calibrate trust and behavior and is of particular interest for system developers
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following a fail-safe approach. This approach encourages to use very sensitive
algorithmic configurations. Low thresholds for alarm triggering shall minimize the
number of critical events overlooked (Parasuraman and Riley, 1997; Swets, 1992).
However, this is at the expense of the number of false alarms that increase the risk of
an error of commission. Ex-ante information about the sensitive configuration of the
decision system helps decision-makers to understand how it works and to calibrate trust
and behavior. Therefore, it is recommendable to inform decision-makers in advance
about low alarm thresholds. Vice versa, without this information, such a sensitive
configuration of the algorithm could be perceived as a sign of incompetence as
decision-makers do not know whether a high false alarm rate is common for this type
of decision system.

Explanations. Finally, ex-ante explanations of why a decision system might give
ineffective advices can increase trust in the advice in a military detection task
(Dzindolet et al., 2003).

In turn, providing such explanations increases the acceptance rate of algorithmic
advices, however, also the number of errors of commission (Dzindolet et al., 2003).
Decision-makers are more likely to accept advice if an explanation is provided, even if
it does not provide relevant information (placebic explanation) (Eiband et al., 2019). In
line with this, participants were equally inclined to rely on the aid, even though the
information given about its potential errors mainly focused on false alarms rather than
misses (Dzindolet et al., 2003). Designers of decision systems should therefore be
aware of this risk to overtrust when providing explanations of little information about

the actual reasons for ineffective algorithmic advices.
4.2.5 Learned Knowledge

When human decision-makers interact with a decision system to perform a task,
their learned knowledge about the decision system can internally influence their trust
and behavior. Learned knowledge refers to perceptions and experiences that decision-
makers collect while interacting with a decision system. This knowledge can be
influenced by directly observing the performance of the decision system or by external
design features. Table 5 summarizes the identified factors in the reviewed empirical

research.
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Automation

(5) Learned Knowledge Study Design Trust Acceptance Bias Error
Perceived Usefulness
A positive difference between the perception of Chavaillaz et al. (2019) AFS X increase X X
system reliability, and the perception of one's Hutchinson et al. (2022) JAS X increase X X

own capabilities

Initial human decision is effective Yang et al. (2021) JAS decrease X X X
Final decision is ineffective Yang et al. (2021) JAS decrease X X X
Perceived Own Capabilities (Perceived own Yang et al. (2021) JAS decrease X X X
capabilities to make the decision) Hutchinson et al. (2022) JAS X decrease X X
Wiczorek and Meyer (2019) AFS X decrease X X

Bahner (2008) PADS X decrease X decrease
Experience with the System (Repeated interactions  Tenhundfeld et al. (2020) PADS increase increase X X
with a (highly reliable) decision system) Yu et al. (2019) JAS calibration X X X
Robinette et al. (2017) AFS increase X X X
Kraus et al. (2020) PADS increase X X X

Table 5: Learned knowledge factors and their effects on trust and behavior. (Notes: PADS = Partially
Autonomous Decision System; AFS = Advice-First System; JAS = Judge-Advisor System; x indicates
that the respective variable is not examined in this study.)

Perceived Usefulness. The usefulness of a decision system is dependent on the
perceived own capabilities to perform the task. If there is a positive difference, human
decision-makers may perceive the decision system as useful (Hutchinson et al., 2022).
Consequently, trust decreases in a JAS, where the advice is provided after an initial
human judgment, if the advice or the final decision is not advantageous to decision-
makers (Yang et al., 2021). If the initial human decision is effective, decision-makers
may perceive little usefulness of a JAS and in turn decrease trust. Design features such
as feedback and transparency facilitate an accurate perception of the objective
performance rate of the decision system. In turn, they facilitate the expectation-
disconfirmation process that is necessary to update trust (Oliver, 1977). Therefore, their
integration in the human-algorithm interaction is essential for trust calibrations.

Regarding to behavior, the perceived usefulness of the decision system can also
increase the acceptance rate of the advice (Hutchinson et al., 2022). Human experts can
better estimate the performance rate of the decision system and thus accept algorithmic
advice more often than novices (Chavaillaz et al., 2019).

Perceived own capabilities. Trust is dependent on the perceived own capabilities
and decreases when decision-makers could have solved the task effectively without
advice (Yang et al., 2021). The influence of this factor might be dependent on external
situational factors, such as task difficulty, workload or time pressure. If decision-

makers have little time to decide, they will probably perceive their own capabilities as
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relatively low. This factor may also influence the perceived usefulness of a decision
system and might negatively correlate. Yet, more research is required to examine
potential interactions between internal and external factors.

Perceived own capabilities are also negatively associated with the acceptance rate
(Hutchinson et al., 2022; Wiczorek and Meyer, 2019). With regard to a partially
autonomous decision system, Bahner (2008) finds that participants who rate their own
capabilities in the experimental task as above average are less likely to accept an
algorithmic diagnostic error, leading to fewer errors of commission.

Experience with the System. Experience with the decision system in repeated
interactions can significantly influence trust. Tenhundfeld et al. (2020) demonstrate an
increase in trust through repeated interaction with the Tesla Model X's parking
assistant. Yu et al. (2019) point to a trust calibration to the performance rate of the
decision system after five interactions. Analogously, Robinette et al. (2017) register a
3 % increase in trust after interacting with an efficient evacuation robot for a second
time. When decision-makers understand how the decision system works, they are more
likely to trust it (Tenhundfeld et al., 2020). Vice versa, a low initial understanding of
how the decision system works can lead to low trust. Kraus et al. (2020) also observe
an increase in trust through error-free, repeated interactions with a driving assistant.
Even trust that is lost due to the request for manual control can be recovered during an
error-free interaction phase. This indicates that errors do not lead to a permanent loss
of trust. However, frequent system limitations reduce trust over a longer period of time,
underscoring the dependence of the effect of experience with the system on its
performance rate.

Experience with the decision system also influences behavior. At the beginning
of the interaction, low trust in a parking assistant leads to a relatively high intervention
rate of 50 % in a field experiment (Tenhundfeld et al., 2020). As trust increases with
increasing experience, acceptance rates increase while intervention rates decrease.
Experience with the decision system enhances the understanding of the algorithm’s

purpose and process, but is also highly dependent on its performance rate.
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4.2.6 Design Features

Design features are modifiable parameters of the human-algorithm interaction
that can be determined primarily before implementing such decision systems. Notably,
decision-makers are not necessarily empowered to design these systems themselves.
These factors are therefore classified as external. Table 6 gives an overview of the
identified factors in this category and their corresponding effects on trust and behavior

(acceptance, automation bias, and errors).

Automation

(6) Design Features Study Design Trust Acceptance Bias Error
Feedback

Performance feedback if performance rate > 70% Wiczorek and Meyer (2019) AFS increase increase X X

Feedback on easy errors Dzindolet et al. (2003) AFS decrease X X X
Transparency

Quality of the interface that enables decision-makers Mercado et al. (2016) JAS calibration  calibration X X

to understand a decision system's intentions, Hussein et al. (2020) AFS increase increase no effect decrease

performance, future plans, and reasoning process

Information on the confidence level of the advice McGuirl and Sarter (2006) PADS  calibration calibration X decrease

Degree of Automation (A system that provides advice Manzey et al. (2012) PADS X X increase no effect
for proper responses in addition to the alerting function)

Verification Requirements (Explicit prompt to verify a Mosier et al. (2001) PADS X X no effect no effect
directive or advice of an flight simulator)

Table 6: Factors determined by design features of the interaction and their effects on trust and
behavior. (Notes: PADS = Partially Autonomous Decision System; AFS = Advice-First System;
JAS = Judge-Advisor System; x indicates that the respective variable is not examined in this study.)

Feedback. The effect of feedback on trust is highly dependent on the performance
rate of the decision system. In combination with high performance rates, feedback can
increase trust (Wiczorek and Meyer, 2019). Conversely, it can also decrease trust,
especially when feedback reveals easily avoidable errors (“easy errors hypothesis" in
Madhavan and Wiegmann, 2007). When decision-makers are prevented from
observing obvious errors made by the decision system, feedback is positively
associated with trust again (Dzindolet et al., 2003). The literature highlights a critical
threshold of 70 % for the performance rate that determines whether feedback increases
or decreases trust (Yu et al., 2019).

Wiczorek and Meyer's (2019) findings suggest that feedback increases
acceptance rates when the performance rate exceeds this critical threshold of 70 %.
However, these results also caution that high performance rates increase the risk of
overtrust in combination with feedback.

68



Study 11: Human Interaction with Decision Systems: An Analysis of Factors influencing Trust and its Consequences

Transparency. Another influencing factor is the transparency of algorithmic
advices such as the comprehensibility of the decision system's advices to enhance the
understanding of its intentions, performance, future plans, and reasoning processes
(Chen et al., 2014). Additional information that improve agent transparency can help
to increase trust and calibrate it to the actual performance rate of the decision system
(Mercado et al., 2016). Similarly, trust can be better calibrated by additionally
communicating a confidence level of the algorithmic decision (McGuirl and Sarter,
2006). The decision system's notification that a current decision is made with low
confidence can be interpreted as a signal of its capability to detect its own weaknesses
and thus alert for possible manual intervention. Low confidence in advice does
therefore not necessarily indicate incompetence.

Higher levels of decision system transparency lead to higher acceptance rates of
the advice (Mercado et al., 2016) without increasing automation bias (Hussein et al.,
2020). This results in an improvement of the proportion of correct acceptances and
rejections. Furthermore, by providing information on the current confidence level of
the advice, decision-makers can better calibrate their acceptance behavior to the actual
performance rate (McGuirl and Sarter, 2006). In sum, empirical literature points to
transparency as a key factor to calibrate trust and behavior toward the actual
performance rate of the decision system.

Degree of Automation. The degree of automation itself affects behavior, with
higher degrees of automation associated with an increase in automation bias (Manzey
et al., 2012). Thereby, a higher degree of automation provides not only an alarm when
the actual state deviates from a target state, but additionally provides advice how to
achieve the target state again. At least the probability of an error of commission remains
unaffected in their experimental study.

Verification Requirements. Finally, Mosier et al. (2001) examine the effect of
explicit prompts to verify the algorithmic diagnoses on behavior in a flight simulation.
However, they are unable to demonstrate an effect on either automation bias or errors

of commission.
4.2.7 System Performance

Based on the reviewed empirical studies, the performance rate of the decision
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system and the occurrence of errors can be identified as important influencing factors
that are frequently examined in prior research. These factors are highly interdependent
and are mainly determined by the nature of the task and the choice of sensitivity in the
algorithmic configurations. A low error rate reduces the probability of experiencing an
error during an interaction and vice versa. This study therefore classifies system
performance factors as external. Table 7 summarizes the factors and their effects on

trust and behavior (acceptance, automation bias, and errors).

(7) System Performance Study Design Trust Acceptance AutoBl;r;ztlon Error
Performance Rate (Performance rate of the decision ~ Madhavan and Wiegmann (2007) AFS increase X X X
system > 70 %) Yu et al. (2019) JAS increase X X X
Wiczorek and Meyer (2019) AFS X increase X X
de Visser et al. (2016) JAS X increase X X
Rieger and Manzey (2022) AFS/JAS X increase X X
Hutchinson et al. (2022) JAS X increase X X
Robinette et al. (2017) AFS X increase X X
Dzindolet et al. (2003) AFS X increase X X
Yang et al. (2021) JAS X increase X X
Yu et al. (2019) JAS X increase X X
Hussein et al. (2020) AFS X calibration X inconsistent
Lyell et al. (2017) AFS X calibration X decrease
Error
Experience of an error Reichenbach et al. (2010) PADS decrease X decrease  decrease
Sign of incompetence Muir and Moray (1996) PADS decrease X X X
Ineffective (wrong) advice Yang et al. (2021) JAS decrease X X X
Observing an obvious error Dzindolet et al. (2003) AFS decrease decrease X X
Madhavan and Wiegmann (2007) AFS decrease X X X
Unreasonable directive or inefficient behavior Robinette et al. (2017) AFS decrease decrease X X

Table 7: Influencing factors of system performance and their effects on trust and behavior during
interaction. (Notes: PADS = Partially Autonomous Decision System; AFS = Advice-First System;
JAS = Judge-Advisor System; x indicates that the respective variable is not examined in this study.)

Performance Rate. There is a critical threshold for the development of trust at a
performance rate of 70 % of the decision system (Madhavan and Wiegmann, 2007; Yu
et al., 2019). Performance rates above this threshold increase trust, while lower
performance rates decrease trust over the course of interaction.

There is consensus that higher performance rates not only increase trust, but also
the acceptance rate of advices of DSS (Wiczorek and Meyer, 2019; de Visser et al.,
2016, Rieger and Manzey, 2022; Hutchinson et al., 2022; Robinette et al., 2017;
Dzindolet et al., 2003; Yang et al., 2021; Yu et al., 2019). Further, they partially
increase the correct acceptance rate, i.e. higher performance rates help to calibrate
behavior because they decrease the risk of rejecting an effective advice (Hussein et al.,
2020; Lyell et al., 2017). Although it may seem intuitive to mitigate errors by using
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highly trustworthy decision systems, Bailey and Scerbo (2007) show that more
trustworthy decision systems increase automation bias. Further empirical evidence
comes from Hussein et al. (2020), who also point out that the performance rate is
negatively correlated with the correct rejection rate, which increases the likelihood of
an error of accepting an ineffective decision advice due to overtrust. The literature
review reveals an increasing vulnerability to system errors when the decision system
usually works very accurately, i.e. with a high performance rate.

Error. Experiencing an error can reduce trust in the decision system
(Reichenbach et al., 2010). This decrease in trust is stronger than an increase in trust
from correctly functioning decision systems. Human trust is also sensitive to any signs
of incompetence, even if the associated system impairment is temporary and does not
affect the long-term performance of the decision system (Muir and Moray, 1996). In a
JAS, an ineffective advice leads to trust decreases (Yang et al., 2021). This decrease is
marginally larger if human decision-makers would have succeeded in the task. In
addition, according to the "easy errors hypothesis”, obvious errors of the decision
system lead to temporary losses of trust (Dzindolet et al., 2003; Madhavan and
Wiegmann, 2007). Finally, unreasonable or inefficient robotic behavior can decrease
trust as well. In a laboratory experiment, Robinette et al. (2017) find that trust decreases
by 53 % when a faulty evacuation robot gives inefficient (i.e. circuitous) or ineffective
(wrong) instructions. The type of error (inefficient or ineffective) plays a minor role for
this decrease.

In general, automation bias and the number of errors of commission decrease
after decision-makers experienced an error of the decision system (Reichenbach et al.,
2010). The influence of negative experiences leads to a stronger behavioral change than
the influence of positive experiences (Reichenbach et al., 2010; Manzey et al., 2012).
In addition, inefficient instructions from an evacuation robot can reduce acceptance
(Robinette et al., 2017). Particularly obvious errors lead to rejections of the advice
(Dzindolet et al., 2003). Additionally, ineffective diagnoses are better visible to
decision-makers than no diagnosis due to a system failure. Thus, there is a higher risk,
that they falsely convince human decision-makers. An error of commission is more

likely than an error of omission (Sauer et al., 2016).
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5 General Discussion

The goal of this study is to demonstrate different designs of the human-algorithm
interaction and to raise awareness of potential miscalibrations of trust and their
corresponding behavioral consequences. In addition, it compiles factors influencing
trust and behavior (acceptance, automation bias, and errors) that are investigated in the
reviewed empirical studies. In general, the context of the interaction, ex-ante
information about the decision system, and characteristics of the decision system are
three broad areas that can influence internal factors or trust and behavior of decision-
makers directly. In doing so, this study contributes to a better understanding of

miscalibrations and can serve as a framework for their prevention.

Designs of Human-Algorithm Interaction

The human-algorithm interaction can generally be differentiated between
partially autonomous decision systems (PADS) that aim to automate tasks and DSS
that aim to assist human decision-makers. The degree of automation should be
dependent on the actual performance rate of such decision systems in the respective
application domain. The literature review shows that particularly in the aerospace
domain, partially autonomous decision systems are investigated. The suggestion that
partially autonomous decision systems work very trustworthy is also reflected in the
lack of research examining different performance rates for these systems. Instead,
research experiments integrated errors in a perfectly operating decision system, and
manipulated their quantity and timing to analyze their effects on trust and behavior.

DSS can further be differentiated according to the organizational setting of the
interaction, i.e. when the decision system presents its advice. It can provide the advice
prior to any human decision (AFS), but it can also provide the advice after an initial
decision of the human. The latter setting is known as a JAS. DSS expose a relatively
lower degree of automation compared to PADS and varying performance rates are a

main focus of the existing empirical research.
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Influence of Trust on Behavior

The literature reviewed in this study empirically supports the suggestion that trust
does indeed have a positive influence on behavior, i.e. acceptance of advice (Muir and
Moray, 1996; Robinette et al., 2017; Wiczorek and Meyer, 2019; Yu et al., 2019). In
addition, the specificity of trust seems to be very high, so that trust in one component
cannot be transferred to another component of the same decision system (Muir and
Moray, 1996).

Trust Calibrations

Because of the fundamental influence of trust on behavior, it is even more
important that trust is calibrated to the actual performance rate of the decision system.
This study differentiates between two types of miscalibration: distrust (too little trust)
and overtrust (too high trust). The reference point for trust calibration is the actual
performance rate of the decision system. In the interaction with highly trustworthy
partially autonomous decision systems, the risk of overtrust is much greater than too
little trust, i.e. distrust (Dzindolet et al., 2003). This is also reflected in the literature
reviewed, as the high performance rate is manipulated by incorporating errors in an
otherwise perfectly functioning decision system. This circumstance raises concerns
about the risk of overtrust in the event of a decision system failure, which is the focus
of studies on trust in partially autonomous decision systems. Empirical studies show
that overtrust in the decision system promotes a decrease in monitoring activities. This
tendency is called automation bias and makes the commitment of an error more likely
if the decision system fails or provides an ineffective advice. Automation bias seems
to hinder the recognition when an error occurs. This bias is so strong that decision-
makers often continue to use their established strategy for monitoring the decision
system, but stop attentively processing the collected information (*'looking-but-not-
seeing" effect) (Reichenbach et al., 2010). Interacting with partially autonomous
decision systems further requires a high situation awareness to avoid errors of
omission.

In DSS, different performance rates and their effects on trust and behavior are

examined. The concerns are only regarding the risk of overtrust due to highly reliable
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DSS, but also regarding distrust when decision-makers underuse very accurate decision
systems. The full potential of DSS can only be realized if the risk of uncritical
adaptation of algorithmic advice or, conversely, unjustified rejection of advice can be
minimized. A major problem, however, is that decision-makers seem to have difficulty
recognizing when a decision system is trustworthy and when it is not. Nevertheless, the
risk of inappropriate behavior and ultimately error is inherent in human-algorithm
interaction. Trust calibration is therefore a prerequisite for appropriate behavior to
minimize errors. Yet, prior research investigates on how to increase trust and
acceptance rates, assuming that the performance rate is already very high, or relatively
higher compared to human decision-makers. However, literature is still scarce on
whether this increase also results in an increase in correct acceptance and correct
rejection rates. If this is not the case, the sole increase of trust and acceptance misses
the aim of trust calibration. Future research in the field of trust in DSS should thus

focus on how to mitigate overtrust.

Examined Factors influencing Trust and its Consequences

To better understand the causes of trust miscalibration, this study analyzes factors
that influence trust and behavior by reviewing previous empirical literature. It thus
provides an overview of the factors that influence trust, acceptance, automation bias,
and errors (Figure 9). They are grouped into seven identified categories of influencing
factors: (1) dispositional characteristics, (2) internal situational factors, (3) external
situational factors, (4) pre-existing knowledge, (5) learned knowledge, (6) design

features, and (7) system performance.
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Figure 9: Summary of examined factors influencing trust and its consequences in reviewed empirical

studies. Factors with inconsistent effects are omitted.

The literature review reveals that little is known about the influence of
dispositional characteristics of human decision-makers on trust and behavior. Further
research is required as they are important for developers of such decision systems to
consider (Hoff and Bashir, 2015). Another important category of influencing factors is
the context (situation and task) in which the interaction takes place. They can directly
and indirectly influence trust and behavior. Prior research examined internal situational
factors, however, yet with inconsistent findings for self-confidence and professional
expertise. The diverging effects are discussed in this study. Also, external situational
factors such as time pressure, task difficulty and inherent risk in the decision situation
are associated with increasing acceptance rates and highlight the importance of an

appropriate task design. Ex-ante information about the decision system can also
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influence human knowledge, even before the actual interaction begins. Before
interaction, promotion and framing of the decision system can increase performance
expectations and acceptance rates while training on errors reduces trust and acceptance
rates, which in turn prevents from committing errors. A high performance rate and
error-free interactions also increase trust and acceptance rates. Design parameters such
as feedback, transparency and degree of automation do also have an essential influence
on trust and behavior as they act as the interface between the decision system and
decision-maker. These parameters should therefore be wisely and responsibly be
chosen. During interaction, a positive perception of the performance rate and the
perception that the decision system is useful can increase trust and acceptance rates.
Again, it should be noted that any increase or decrease in trust in a given situation must
always be evaluated in light of the actual performance rate of the decision system. So,
the more trust is not automatically the better.

Thus, designers of such decision systems should focus on calibration to the actual
performance rate. In contrast, the literature review shows that there is still little research
on trust calibration, i.e., on correct acceptance and rejection rates. The design of
human-algorithm interaction should encourage critical thinking, continuous
monitoring, and verification loops. However, the factors that enhance these capabilities
are not well understood. Nevertheless, decision-makers should be able to recognize
when a decision system is not functioning properly and requires human intervention.
Therefore, the data literacy of decision-makers should be improved, especially in the
context of increasing digitization, or it will be lost in the process. This seems to be the
most fruitful way to develop "informed trust™ to minimize the risk of automation bias

and related behavioral errors.

6 Conclusion

Trust toward decision systems is an important antecedent of human behavior and
can be miscalibrated. This study contributes to a better understanding of miscalibration
of trust by distinguishing between different designs of the human-algorithm interaction
that have been investigated in prior literature on trust in automation. It thereby draws

the attention to potential miscalibrations of trust, i.e. distrust and overtrust, and their
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behavioral consequences in each of the two identified designs: (1) partially autonomous
decision systems, and (2) decision support systems. Negative behavioral consequences
can include automation bias or behavioral errors. The challenge in optimizing the
human-algorithm interaction is to maximize the benefits of these decision systems
while minimizing the risk of behavioral errors due to miscalibrations of trust.
Therefore, trust needs to be calibrated to the decision system’s actual performance rate
to derive the greatest possible benefit from it. This is particularly important in light of
the hype surrounding new Al applications, such as ChatGPT, which influences millions
of users every day, while resulting consequences of an unreflective advice usage can
be illegal, immoral, or dangerous (Roose, 2023, in The New York Times). This study
therefore raises awareness of the risks of miscalibrations of trust within the human-
algorithm interaction.

Based on a literature review, several influencing factors are identified and
classified in seven categories. These categories are predominantly of internal
(subjective) or external (objective) nature, even though internal factors could be
dependent on external factors. Internal factors of human decision-makers are in general
dependent on three broad external areas: (A) the context of the interaction (situation
and task), (B) ex-ante information about the decision system, and (C) characteristics of
the decision system. By synthesizing fragmented empirical findings, this study
provides an overview of influencing factors on trust and behavior (i.e. acceptance,
automation bias, and errors) and provides guidance on how to mitigate the risk of

distrust or overtrust to optimize future designs of the human-algorithm interaction.
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Appendices

Appendix A

Partially Autonomous Decision Systems (PADS)

Author(s) (Year) Task Domain Influencing Factors Dependent Variable
Bahner (2008) Astronautics Training on potential Error of Commission Trust (no effect)
Behavior (reduces Automation Bias)
Error (no effect)
Self-Confidence Error (reduction)
Training on potential Error of Omission Trust (reduction)
Behavior (no effect)
Error (reduction)
Karpinsky et al. (2018) Astronautics Workload Trust (reduction)
Task Difficulty Behavior (increases Automation Bias)
Manzey et al. (2012) Astronautics Degree of Automation Behavior (increases Automation Bias)

Reichenbach et al. (2010)  Astronautics

Sauer et al. (2016) Astronautics

McGuirl and Sarter (2006)  Aviation

Mosier et al. (1998) Aviation
Mosier et al. (2001) Aviation
Skitka et al. (2000) Aviation

Korber et al. (2018)

Kraus et al. (2020)

Tenhundfeld et al. (2020)  Driver Assistance System

Lee and Moray (1994)

Muir and Moray (1996)

Driver Assistance System

Driver Assistance System

Production Plant Controller

Production Plant Controller

Negative System Experience

Training Experience

Type of Error: potential Error of
Commission

Continually updated System Confidence
Information

Accountability Demands
Internalized Perception of Accountability
and Strategies of Interaction

Decision Teams
Training
Display Prompts to verify

Training on Automation Bias
Decision Teams

Trust promoting introductory Information

System limitations

Experience of Error

Error-free experience with the system
Quantity of Errors

Explanations what the automation was
doing

Trust higher than Self-Confidence

Sign of Incompetence
Experience with System
Monitoring Activities
Trust

Error (no effect)

Trust (reduction)
Behavior (reduces Automation Bias)
Error (reduction)

Trust (no effect)

Behavior (reduces Automation Bias if match)
Error (no effect)

Behavior (increases Automation Bias)

Trust calibration
Compliance calibration

Behavior (no effect)
Behavior (reduces Automation Bias)
Error (reduction)

Errors (no effect)
Errors (no effect)
Errors (no effect)

Error (reduction)
Error (no effect)

Trust (increase)
Behavior (increases Reliance and Automation
Bias)

Trust (reduction)
Trust (reduction)
Trust (increase)

Trust (reduction)

Trust (increase)

Behavior (increase Acceptance)

Trust (reduction)

Trust (no effect)

Trust (reduction)

Behavior (increases Acceptance)

Table 7: Reviewed empirical studies examining partially autonomous decision systems.
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Appendix B

Advice-First Systems (AFS)

Author(s) (Year)

Task Domain

Influencing Factors

Dependent Variable

Robinette et al. (2016)

Robinette et al. (2017)

Hussein et al. (2020)

Chavaillaz et al. (2019)

Madhavan and
Wiegmann (2007)

Rieger and Manzey
(2022)

Dzindolet et al. (2003)

Lyell et al. (2017)

Wiczorek and Meyer
(2019)

Knocton et al. (2021)

Salem et al. (2015)

Evacuation

Evacuation

Human Swarm

Luggage Screening

Luggage Screening

Luggage Screening

Military Soldier Detection

Prescribing Scenarios

Signal Detection

Underwater Mine Detection

Unusual Requests from
Home Companion Robot

Unreasonable Directives
High-Risk Situation
Inefficiency

Trust

Performance Rate
Transparency

Professional Expertise

Perceived Usefulness of Advice

Advisor Framing

Time Pressure
Performance Rate

No Ex-ante Performance Information
Feedback without observing obvious
errors

Self-Confidence

Explanation on potential false diagnoses

Correct Advice
Incorrect Advice
Task Difficulty
Feedback
Performance Rate
Trust

Self-Confidence

Informationen on high false alarm and
missing alarm rates
no information on high false alarm and
missing alarm rates

Unreasonable Directives

Irrevocability of Decision

Trust (no effect)
Behavior (no effect on Acceptance)
Behavior (increases Acceptance)

Trust (reduction)
Behavior (reduces Reliance and Compliance)
Behavior (increases Compliance)

Behavior (increases Reliance)
Behavior (increases Reliance)

Trust (no effect)

Behavior (increases Compliance and
Reliance)

Trust (increase)

Trust (increase)

Behavior (reduces Reliance)

Behavior (increases Compliance and
Reliance)

Trust (increase)

Trust (increase)

Trust (reduction)
Trust (increase)
Error (increase)

Error (reduction)
Error (increase)
Error (no effect)

Trust (increase)

Behavior (increases Reliance and
Trust (increase)

Behavior (increases Reliance and
Behavior (increases Reliance)
Trust (increase)

Behavior (no effect on Reliance)

Trust (increase)
Error (reduction)
Trust (reduction)

Behavior (no effect on Compliance)

Behavior (reduces Compliance)

Table 8: Reviewed empirical studies examining Advice-First Systems, i.e. decision support systems
with no initial decision of the decision-maker.
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Appendix C

Judge-Advisor Systems (JAS)

Author(s) (Year) Task Domain

Influencing Factors

Dependent Variable

Yu et al. (2019) Automatic Quality Monitor

de Visser et al. (2016) High-Uncertainty Scenario

Merritt et al. (2013) Luggage Screening

Rieger and Manzey
(2022)

Luggage Screening

Hutchinson et al. (2022) Maritime Vessel

Classification

Yang et al. (2021) Memory Recognition

Mercado et al. (2016) Military unmanned Vehicles

Goddard et al. (2014) Prescribing Scenarios

Performance
Experience with the System
Trust

Performance Rate
Familiarity with Task
Social Feedback

Propensity to Trust
Implicit Attitudes toward System
Performance Rate

Time Pressure
Performance Rate

Perceived Performance
Perceived own Capabilities

Wrong Final Decision

Correct Initial Decision

Correction of Wrong Initial Decision
Correct Advice

Wrong Advice

Propensity to Trust

Performance Rate

Transparency

Professional Expertise
Age

Experience with System
Trust

Task Difficulty

Trust (increase)
Trust calibration
Behavior (increases Acceptance)

Trust (increase)

Behavior (increases Compliance)
Trust (reduction)

Behavior (reduces Compliance)
Behavior (increases Compliance)

Trust (increase)
Trust (increase)
Behavior (increases Compliance)

Behavior (increases Reliance)
Trust (increase)

Behavior (increases Acceptance)
Behavior (increases Acceptance)
Behavior (reduces Acceptance)

Trust (reduction)
Trust (reduction)
Trust (increase)
Trust (increase)
Trust (reduction)
Trust (increase)
Trust (increase)

Trust (increase)
Behavior (increases Reliance and
Compliance)

Behavior (reduces Acceptance)
Behavior (no effect on Acceptance)
Behavior (no effect on Acceptance)
Behavior (no effect on Acceptance)
Behavior (increases Acceptance)

Table 9: Reviewed empirical studies examining Judge-Advisor Systems, i.e. decision support systems
where human decision-makers make an initial judgement.
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There is evidence that decision-makers show negative attitudes and behaviors towards
algorithmic advice compared to human advice, termed as algorithm aversion. Taking
a trust theoretical perspective, algorithm aversion represents a discrepancy in
behavioral trust, i.e. weight on advice (WOA). This study broadens the monolithic view
on WOA to its cognitive antecedents: cognitive trust, i.e. trusting beliefs and intentions.
We examine initial trust (cognitive trust and WOA) as well as its development after
performance feedback by applying the Perfect Automation Scheme to an inherently
uncertain forecasting task.

We conducted an online experiment with 389 participants querying the forecast of the
expected demand of a fictitious product. Advice accuracy was manipulated by +5 %
relative to the participant’s initial forecasting accuracy determined in a pre-test.
Results indicate that the participant’s initial forecasting accuracy seems to be a
threshold between near-perfect and bad advice. At this threshold, we observe algorithm
appreciation and algorithmic advice is weighted more rational than human advice.

Furthermore, we point to differences in trust foundation between the sources of advice.
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1 Introduction

To derive advantages from the huge amount of information available in a
digitalized world, algorithms® are employed in many task domains. Yet, algorithms
provide advice in less a-priori determinable judgmental tasks such as in demand
forecasting (Fildes et al., 2009), which was previously reserved exclusively for human
judgment.

Algorithms have commonly been used in automation tasks that are standardized
and a-priori well determinable. The output of an aid can easily be identified as right or
wrong at the time of decision (Ord et al., 2017). Even without providing immediate
performance feedback, the human operator gets a good impression of whether the aid
is trustworthy or not (e.g. Dijkstra, 1999; Madhavan and Wiegmann, 2007). Bad advice
can then easily be detected, resulting in trust adjustments to the trustworthiness of the
automation aid (Yu et al., 2019; Goodyear et al., 2016).

Empirical research indicates a perfect automation schema (PAS), which is an
explanatory approach for two seemingly contradictory findings: the human operator
exposes higher trust levels in the automated aid compared to the human aid, however,
he/she is more likely to disuse the automated aid (Dzindolet et al., 2002). The PAS
suggests that people have preconceived notions of perfect or near-perfect automation,
leading to high initial trust levels (Dzindolet et al., 2003). In contrast, human aids are
expected to be imperfect as erring is a human trait (Renier et al., 2021). Consequently,
people expose higher trusting expectations towards the automation relative to a human
aid. Witnessing bad advice leads thus to higher violations of trusting expectations in
the automation. In addition, algorithmic errors are associated with a fundamental flaw,
violating their consistency assumption. Humans are believed to learn from errors and
thus their consistency assumption is not violated.

However, forecasts are by their nature uncertain in their future state. They are
less a-priori determinable, errors less visible and performance feedback may not be
readily available due to a time delay until the true value materialized. This makes

perfection nearly impossible and algorithmic advice permanently runs the risk of

8 In this study, we consider an algorithm as a deterministic or non-deterministic rule for the sequence of steps to solve a problem.
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violating the PAS. In such a task domain, the decision-maker struggles to determine
whether bad advice from an algorithm indicates a fundamental flaw or is due to a
random error that was unavoidable.

There is empirical research that points to negative beliefs, intentions and
behaviors towards the algorithm compared to a human, termed as algorithm aversion
(for an overview see Jussupow et al., 2020). In forecasting research, the behavioral trust
measure weight on advice (WOA\) is used to measure algorithm aversion (Logg et al.,
2019; Onkal et al., 2009; Prahl and Van Swol, 2017). WOA origins in the advice
research (Bonaccio and Dalal, 2006) and gives insights on how much the initial own
judgment is updated by the exposure to external advice. This study therefore takes a
trust theoretical perspective on algorithm aversion and refers to WOA as a synonym
for behavioral trust. Linking WOA to cognitive trust seems natural because updating
one’s own judgment due to an advice in a judge-advisor system (JAS) expresses the
willingness to become vulnerable to the advisor, a prerequisite of cognitive trust. Prior
research showed the important influence of cognitive trust on the decision to use a
technology (Komiak and Benbasat, 2006; Li et al., 2008; Schmidt et al., 2020). We
refer to trust as a generic term for cognitive and behavioral trust (WOA).

In this study, we examine a potential threshold between near-perfect and bad
advice. The latter is expected to violate PAS, leading to trust decreases. Yet, the
threshold between near-perfect and bad advice is not examined in forecasting tasks.
Based on a pre-test, we provide advice accuracy that is higher, equal or lower than the
decision-maker’s initial forecasting accuracy. Furthermore, we examine whether trust
differences between an algorithm and a human already exist before performance
feedback on the advice (initial trust). In addition, we broaden the analysis of WOA to
its cognitive antecedents: trusting beliefs and trusting intentions. Doing so allows us to
get a better understanding of the role of trust towards an advisor. Summarized, we
answer the following research questions: (1) How does cognitive trust influence WOA
in the source of advice? (2) Are there differences in initial trust between human and
algorithmic advisors? (3) Are there differences in the development of trust after
performance feedback? (4) When does an external advice lead to trust decreases?

This paper applies a fictitious context of the forecast of the demand of a product

in two different countries. An auto-ARIMA model provided advice accuracy that is
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higher than the decision-maker’s initial forecasting accuracy. The advice was merely
labeled as coming from an algorithm versus from a human colleague in the same firm.
We used the average forecasting accuracy based on a pre-test (n = 145) for advice
accuracy that equals the decision-maker’s initial forecasting accuracy. We manipulated
this advice to create advice accuracy that is worse than the decision-maker’s initial
forecasting accuracy.

Results of an online experiment at a public university in Germany indicate that
there are no cognitive trust differences between a colleague and an algorithm. However,
we observe behavioral algorithm appreciation when the accuracy of the advice equals
the decision-maker’s initial forecasting accuracy. One reason for this could be lower
trusting integrity beliefs in the human after performance feedback. Thereby, we extend
the findings from Prahl and Van Swol (2017) and find the decision-maker’s initial
forecasting accuracy is a potential threshold between near-perfect and bad advice.
Further, briefly framing that an advice comes from an algorithm results in behavior that
is not determined by cognitive trust before interaction. This contradicts the suggestion
derived from our trust model.

We make three contributions: First, we apply a trust theoretical perspective and
extend the scope of analysis within the algorithm aversion literature to a more holistic
perspective on cognitive trust and WOA within a JAS. Second, we identify a threshold
between near-perfect and bad advice in an inherently uncertain forecasting task. Third,
based on the decision-maker’s initial forecasting accuracy, we examine the influence
of advice accuracy on trust development and observe algorithm appreciation when

advice accuracy equals the decision-maker’s initial forecasting accuracy.

2 Hypotheses Development

2.1 Cognitive Trust Model

We define cognitive trust as a belief and intention towards the decisions of
another party in a decision under risk where the decision-maker is aware of the risk
involved and is willing to take it. Within a JAS, risk is a relevant parameter because
there is uncertainty about the advice accuracy and bad advice could be harmful. The
higher the level of trust, the more risk the decision-maker is willing to take in the
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relationship (Mayer et al., 1995). There are many different ways to measure cognitive
trust with regard to the human-machine interaction (e.g. Jian et al., 2000; Madsen and
Gregor, 2000; Xie et al., 2022). For operationalization, however, we adapt the trust
model commonly applied in the e-commerce trust literature due to three advantages.
First, it deals with computer advisors that are closest to an algorithmic advisor. Second,
empirically approved measures of trust can readily be adapted to a more technology-
like JAS (Lankton et al., 2014). Third, based on the Theory of Reasoned Action, this
model allows us to further split the antecedent cognitive trust into trusting beliefs and
trusting intentions as important determinates of behavior (Fishbein and Ajzen, 1977).
Examining both preserves the dual meaning of cognitive trust (Rousseau et al., 1998).
Trusting beliefs are important antecedents of trusting intentions (Lee and Turban, 2001)
and in turn of WOA (Pavlou and Gefen, 2004).

Trusting beliefs are the extent to which one feels confident in believing that the
advisor is trustworthy in a particular task (see McKnight and Chervany, 1996). This
term subsumes three components: trusting competence, benevolence, and integrity
beliefs. Trusting competence beliefs mean that the advisor has the ability to perform
the task and measures the perception of how knowledgeable the advisor was. Trusting
benevolence beliefs express care about the welfare that motivates the advisor to act in
the other person’s interest. They focus on characteristics such as being genuinely
concerned or acting without opportunism. Trusting integrity beliefs capture the
perception of honesty, truthfulness, sincerity, and keeping commitments. Trusting
intentions refer to the willingness to depend on the other person in a specific situation
(McKbnight et al., 1998). Together they constitute cognitive trust (see Figure 1). There
is large evidence that cognitive trust is an important determinant of behavior, i.e. of
WOA (Komiak and Benbasat, 2006; Li et al., 2008).
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Trust
Cognitive Trust Behavior
| Trusting Competence Beliefs |‘>
| Trusting Benevolence Beliefs |‘> I:::r?ttllggs WOA
| Trusting Integrity Beliefs |‘>

Figure 1: Cognitive Trust Model and its influence on Behavior (adapted from McKnight et al., 1998).

This model is consistent with the definition of algorithm aversion as negative
beliefs, intentions and behaviors. For the purpose of this study, we distinguish between
cognitive and behavioral algorithm aversion or appreciation, respectively.

There is evidence in the domain of e-commerce that trusting benevolence beliefs
may be the main driver for trust towards the algorithmic advisor, while it has a major
influence on developing distrust towards a human advisor (Komiak et al., 2005).
Trusting benevolence beliefs, however, are omitted in the algorithm aversion literature
so far (Prahl and VVan Swol, 2017).

2.2 Initial Trust before Interaction

The beginning of any relationship is the most critical time frame to develop trust
(McKbnight et al., 1998) and therefore the understanding of how initial trust towards
technology is formed is central to promoting the implementation and adoption of novel
technologies (Gefen and Straub, 2003; Li et al., 2008; Siau and Wang, 2018). When
the decision-maker has no first-hand experience, initial trust serves as a mechanism to
overcome perceptions of risk and uncertainty (Komiak and Benbasat, 2006; Mayer et
al., 1995; Pavlou and Gefen, 2004). Still little is known about how initial cognitive trust

affects WOA in a JAS. Therefore, we hypothesize the following links:

H1la: Initial cognitive trust towards the human advisor positively influences initial
weight on human advice.
H1b: Initial cognitive trust towards the algorithmic advisor positively influences initial

weight on algorithmic advice.
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The PAS suggests even higher expectations in the algorithm than in a human.
Before interaction, however, the level of trust towards a human and an algorithm might
not differ. Decision-makers share a relatively longer history with human advisors than
with algorithms (Ring, 1996) and may believe in the good in people. Further, humans
may implicitly believe that a perfect or near-perfect forecast is theoretically possible
when the underlying processes can be known by greater knowledge at the time of
decision (Einhorn, 1986; Highhouse, 2008), e.g. the “broken leg cues” (Meehl, 1954).
This is particularly true before interaction as there is no objective measure that indicates

advice accuracy. We hypothesize:

H2a: Initial cognitive trust towards the algorithmic advisor is equal to initial cognitive
trust towards the human colleague.

H2b: Initial weight on algorithmic advice is equal to initial weight on human advice.

There is little and inconclusive empirical research on initial trust towards an
algorithm versus a human. Castelo et al. (2019) asked participants, how much they
would trust an algorithm or a “very well qualified person’ in a separate (Study 1) and a
joint evaluation (Study 4). Results underscore the importance of the task domain and
indicated relatively higher trust towards the algorithm before interaction only for more
objective tasks where the customers were more familiar with the use of algorithms
(e.g. weather or stock price forecasts). Also, Longoni et al. (2019) queried the extent to
which participants would follow the recommendation of the human (robotic)
dermatologist, an item similar to initial trusting intentions. They found that algorithm
aversion is already prevalent before interaction when offered a medical service

operated by a computer, as indicated by differences in initial trusting intentions.
2.3 Dynamic Trust after Performance Feedback

Trust develops after the decision-maker gains first-hand experience with the
advisor (Lewicki and Bunker, 1995) as trust levels result from an expectation-
disconfirmation process (Lewicki et al., 2006). Thus, measuring trust levels at a single

point in time is little informative. Hoff and Bashir (2015) model the dynamic character
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of trust (see Figure 2). Yet, little is known about trust development during the
interaction as algorithm aversion is often measured as a one-time decision (e.g.
Dietvorst et al., 2015, 2018).

Prior to Interaction During Interaction

Initial Trusting Dynamic Trusting
Beliefs Beliefs
Initial Trusting Dynamic Trusting
Intentions Intentions

Performance . Dynamic
Feedback WOA

Figure 2: Dynamic Trust Model (adapted from Hoff and Bashir, 2015).

Link between cognitive Trust and WOA (H3)

Analogously, we expect that dynamic cognitive trust is a good predictor for

dynamic WOA. We hypothesize:

H3a: Dynamic cognitive trust towards the human advisor positively influences
dynamic weight on human advice.
H3b: Dynamic cognitive trust towards the algorithmic advisor positively influences

dynamic weight on algorithmic advice.

Advice Accuracy and Development of Trust (H4) and WOA (H5)

After seeing the algorithm perform, the PAS suggests that only near-perfect
advice quality maintains the human’s belief of perfection of the algorithm. This human
belief implies that errors of automated aids indicate a fundamental flaw that will
reoccur as erring is not an algorithmic trait (Renier et al., 2021). As a consequence,
expectations in algorithmic advice are relatively even higher than in a human advisor.
Erring as a human trait is accepted and limits the expectation of perfection. Humans

are even believed to learn from experience and thus show a more consistent behavior
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in the long run (Dijkstra, 1999). Based on the expectation-disconfirmation theory
(Bhattacherjee and Premkumar, 2004), expectations in the algorithm are more violated
than in a human, even though advice accuracy is identical. Empirical evidence comes
from Prahl and Van Swol (2017) who documented algorithm aversion after providing
bad advice. Bigman and Gray (2018) documented that even when advice accuracy is
identical for both advisors and known to the decision-maker, they still prefer the human
advisor. Similar findings come from Dietvorst et al. (2015). We expect that the
development of trust is contingent on advice accuracy. Prior research refers to bad
advice that leads to algorithm aversion (Prahl and Van Swol, 2017). This study focuses
on the threshold between bad advice and near-perfect advice that is still vague.

Trust in automation literature points to a potential threshold of 70 % accuracy.
Accuracy levels equal to or lower than this threshold seems to violate the PAS and are
not perceived as near-perfect by the decision-maker anymore (Madhavan and
Wiegmann, 2007; Yu et al., 2019). Research on the PAS is primarily dealing with low
levels of automation (e.g. a detection aid) that execute a-priori well determinable tasks
(Bystrom and Jarvelin, 1995). That is, an error in operation can be observed
immediately at the timepoint of deciding to trust an automation.

However, this threshold in automation tasks is not transferable to a less a-priori
determinable forecasting task where judgment is always subject to random errors
(Dietvorst and Bharti, 2020). Outcomes in forecasting tasks are by their nature
irreducible uncertain and can objectively be evaluated ex-post after a time delay until
the true value materialized (Ord et al., 2017). Consequently, the human as well as the
algorithm will not make perfect forecasts.

According to the expectation-disconfirmation theory, we expect that advice
accuracy of 5.41 % meets the expectation in both advisors as a decision-maker can
improve his/her initial forecasting accuracy. However, advice accuracy of 10.70 %, e.g.
that is on average equal to the decision-maker’s initial forecasting accuracy, does not
meet the expectation of improvement, even more violating the relatively higher
expectations in the algorithmic advice. We argue that the initial forecasting accuracy
of a decision-maker is a potential threshold between near-perfect and bad advice,
resulting in algorithm aversion. Finally, advice accuracy of 15.10 % is on average much

worse than the decision-maker’s initial forecasting accuracy. Therefore, we expect trust
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decreases in both advisors. We hypothesize that higher expectations in the algorithm

will lead to a sharper decrease in trust, leading to algorithm aversion (see Figure 3).

Trust level
A

Algorithm

e Colleague

>
>

Error Rate

Figure 3: Hypothetic Trust Decreases after Performance Feedback.

H4a: After receiving advice whose accuracy is higher than the decision-maker’s initial
forecasting accuracy, cognitive trust towards the external advisor does not decline,
independent from the source of advice.

H4b: Receiving advice whose accuracy equals the decision-maker’s initial forecasting
accuracy leads to cognitive algorithm aversion.

H4c: After receiving advice whose accuracy is lower than the decision-maker’s initial

forecasting accuracy, cognitive trust will decrease in both advisors.

H5a: After receiving advice whose accuracy is higher than the decision-maker’s initial
forecasting accuracy, WOA will not decline, independent from the source of advice.
H5b: After receiving advice whose accuracy equals the decision-maker’s initial
forecasting accuracy leads to behavioral algorithm aversion.

H5c: After receiving advice whose accuracy is lower than the decision-maker’s initial

forecasting accuracy, WOA from both advisors will decrease.
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3 Method

3.1 Task and Procedure

We conducted an online experiment with 389 participants (203 women; 184 men;
2 diverse; median age = 22) at a public university in Germany. After successful
completion of the experiment, the participant entered a raffle of three Amazon vouchers
of 50 Euro each. Informed written consent to take part in this experiment was obtained
before the commencement by each participant.

The task is to predict the demand for a new product in the upcoming week based
on a bar chart of the past 14 weeks including all daily demands in two different
countries (see Appendix A). No more extraneous information was disclosed to prevent
potential biases. Participants got familiar with the forecast task in two training rounds
including performance feedback on their forecast absolute percentage error for each
round. Afterward, the external advisor (human/algorithm) is introduced and
participants are informed about the procedure in this JAS. Before predicting the
demand in Country 1, initial trusting beliefs and trusting intentions were queried. For
each country, participants are asked to make a one-week-ahead point forecast of the
product demand. One group is told that the advice was generated by an algorithm and
the other group is led to believe that it was presented with advice given by their
colleague. We deliberately framed the human advisor not as an expert to avoid
responsibility shifting (Armstrong, 1980). The participants were randomly distributed
to these two groups receiving the same set of bar charts. Then the participants had the
chance to adjust their initial forecast in light of the presented external advice if deemed
necessary.

Advice accuracy was pre-tested to ensure that the advice is on average much
better (5.41 %), equal (10.70 %), or worse (15.10 %), respectively, than a participant’s
initial forecasting accuracy. Advice accuracy of 15.10 % is designed to worsen the
accuracy of the participant as it increases the discrepancy to the correct value in the
same direction as the average initial forecast in the pre-test. We explicitly provided
feedback on initial and final absolute percentage error rate in addition to the absolute
percentage error rate of the advisor after each round. The experiment took about
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12 minutes on average to complete.
3.2 Measures

We apply the WOA variable commonly used in advice research. The change in
judgment is set in relation to the difference between the advice and the initial point
forecast. That is, a WOA of 100 % indicates that the advice is completely adopted, a
WOA of 0 % indicates that the advice is ignored. In short, the lower the WOA, the
more skeptical is the decision-maker about the advice. WOA is computed via the

following equation:

final forecast - initial own forecast
WOA = - — 0
advice - initial own forecast

The initial own forecast is the participant’s forecast before receiving advice, the
final forecast the participant’s adjusted forecast after receiving advice.

To measure cognitive trust, we adapted existing trust measures from Lankton et
al. (2014) to the context of a JAS. We ask participants to rate the advisor’s trusting
competence, benevolence, and integrity beliefs as well as trusting intentions on a
Likert-type scale ranging from 1 (“strongly disagree”) to 7 (“strongly agree”). As an
example, “I expect the algorithm to be capable of making an accurate forecast” is used

as a measure for the trusting competence in an algorithm (see Appendix B).

4 Results

4.1 Manipulation Check

First, we tested whether the manipulation of the advice accuracy was successful.
Analyzing the initial forecast of the participants, we find that 48 entries are due to
entering typos as the forecasts are extremely low (forecasts in a range between 1 and
30,200 whilst the last available order quantity was 304,146). We omitted these values
as they distort the mean initial error rate and tested whether the 10 % error rate

treatment was equal to the initial own error rate, and whether the 5 % (15 %) error rate
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treatment was better (worse) than initial own forecast.

Three one-sample t-tests were run to determine if there were differences between
advice error rate and initial own error rate. The advice error rate in the 5.41 % error
rate treatment (n =106) was lower than initial own error rate (11.06 + 4.67), a
statistically significant difference of 5.65 (95 % CI [4.75; 6.55]), t(105) = 12.447,
p <.001. Also, the advice error rate in the 15.10 % error rate treatment (n = 120) was
higher than initial own error rate (11.95 + 8.62), a statistically significant difference of
-3.15 (95 % CI [-4.71; - 1.59]), t(119) = -4.00, p < .001. Most importantly, the advice
error rate treatment of 10.70 % (n = 115) was equal to initial own error rate
(11.36 £4.71), a non-significant difference of .66 (95% CI [-.21; 1.53]),

t(114) = 1.498, p = .137, two-sided. The manipulation of the error rate was successful.
4.2 Hypotheses Tests

We follow prior literature (Logg et al., 2019) and winsorized any WOA values
greater than 1 or less than 0. If not otherwise stated, we test for the 5 % significance

level in the following analyses to determine a statistically significant effect.
4.2.1 Initial Trust (H1 and H2)

In Table 1, we show descriptive statistics of initial cognitive trust and WOA.

.. . Initial Initial Initial
Initial In't'f?lI In't'.al Trusting Trusting Trusting
Trusting Trusting -
WOA Intentions  Beliefs (avg.) Competence Benevolence Integrity
g Beliefs Beliefs Beliefs
Algorithm  .4223 4.84 5.0493 491 5.61 4.63

Mean
Colleague  .3835 4.70 4.8946 4.89 5.49 4.31
Std. Algorithm  .3401 1.156 .95324 1.223 .999 1.542
Deviation Colleague .3326 1.222 .98886 1.251 .980 1.539
Grouped Algorithm  .4899 5.01 5.1049 5.14 5.67 4.75
Median Colleague  .4183 4.90 49733 5.09 5.56 4.45

Table 1: Descriptive Statistics on Initial Cognitive Trust and WOA in the Source of Advice.

Two separate regressions were run to predict initial WOA from initial trusting

beliefs and initial trusting intentions as mediator.
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In the human advisor group (n = 193), the direct effect of initial trusting beliefs
on initial WOA is positive and significant (b =.0590, s.e. =.0276, p =.0342), indicating
that participants scoring higher on initial trusting beliefs are more likely to weigh the
advice higher than those scoring lower on that measure. The indirect effect of initial
trusting beliefs via initial trusting intentions (IE = .0370) is positive and statistically
significant, 95 % CI [.0071; .0669]. The direct effect of initial trusting intentions on
WOA is also positive and significant (b = .0541, s.e. =.0224, p = .0165), indicating
that participants scoring higher on initial trusting intentions are more likely to weigh
the advice higher than those scoring lower on that measure. This supports Hla.

In a supplementary analysis of the three trusting beliefs in the human advisor, we
find that the direct effect of initial trusting competence beliefs on WOA is positive and
significant (b =.0504, s.e. =.0208, p =.0166), as well as its indirect effect (IE = .0265),
95 % CI [.0073; .0497]. There is also a direct effect of initial trusting benevolence
beliefs (b = .0856, s.e. = .0274, p = .0020), as well as its indirect effect (IE = .0293),
95 % CI [.0016; .0570]. However, there is only an indirect effect of initial trusting
integrity beliefs via initial trusting intentions (IE = .0202), 95 % CI [.0095; .0336].

In the algorithmic advisor group (n = 196), the direct effect of initial trusting
beliefs on initial WOA is insignificant and even negative (p = .9637) as well as its
indirect effect via initial trusting intentions, 95% CI [-.0112; .0594]. The direct effect
of initial trusting intentions on WOA is also insignificant (p = .2033). H1b is not
supported.

To identify drivers that influence the decision of WOA from an algorithm, we
run a correlations analysis of several contextual factors on initial WOA (see Table 4).
Only the familiarity of the participant with the application of an algorithm in this
particular task domain was significantly correlated with initial WOA (p =.023, two-
tailed). However, the correlation is negative, i.e. the more familiar they were, the lower
the initial WOA.

To test H2a, a one-way MANOVA was run with advisor as fixed factor and four
dependent variables — initial trusting competence, benevolence and integrity beliefs,
and initial trusting intentions. The combined values were used to assess initial cognitive
trust towards the advisor. There was no statistically significant main effect of advisor

on the combined dependent variables initial cognitive trust, F(4, 384) = 1.361, p =.247,
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Pillai’s trace = .014. This supports H2a.

Analyzed separately, there is only one statistically significant main effect of
advisor on initial trusting integrity beliefs, F(1, 387) =4.243, p=.040, partial = .011.
Mean initial trusting integrity beliefs in the algorithm (4.628) was higher than in the
human (4.306), a statistically significant difference of .322, 95 % CI [.015; .629].

An independent-samples Mann-Whitney U test was run to determine if there
were differences in initial WOA between the advisors. Distributions of the initial WOA
in both groups were similar, as assessed by visual inspection. Initial WOA was not
statistically significantly different between the human colleague (Mdn = .4183) and the
algorithm (Mdn = .4899), U = 19947.00, z = .938, p = .348. The results support H2b.

4.2.2 Dynamic Trust
Link between cognitive trust and WOA (H3)

Again, two separate regressions were run to predict dynamic WOA from dynamic
trusting beliefs and dynamic trusting intentions as mediator.

In the human advisor group (n = 193), there is a significant and positive indirect
effect of dynamic trusting beliefs on dynamic WOA (IE = .0391), 95% CI
[.0077; .0684]. There is a direct effect of dynamic trusting intentions on dynamic WOA
(b =.0529, s.e. .0212, p =.0133). The results support H3a. In a supplementary analysis
of the three trusting beliefs in the human, we find a significant and positive indirect
effect of dynamic trusting competence beliefs (IE = .0325), 95 % CI [.0128; .0527],
and a significant and positive indirect effect of trusting integrity beliefs (IE = .0334),
95 % CI [.0149; .0559] on dynamic WOA.

In the algorithmic advisor group (n = 196), there is a positive and significant
direct (b =.0520, s.e. =.0228, p = .0237) as well as indirect effect (IE = .0284), 95 %
C1[.0003; .0588] of dynamic trusting beliefs on dynamic WOA.. There is a marginally
significant direct effect of dynamic trusting intentions on dynamic WOA (b = .0399,
s.e. =.0227, p = .0799). The results support H3b. In a supplementary analysis of the
three trusting beliefs in the algorithm, we find a significant and positive indirect effect
of dynamic trusting competence beliefs (IE = .0340), 95 % CI [.0121; .0574], and of
dynamic trusting integrity beliefs (IE = .0318), 95 % CI [.0159; .0497], as well as a
positive and significant direct (b =.0378, s.e. =.0132, p =.0047) and indirect effect of
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dynamic trusting benevolence beliefs (IE =.0175), 95 % CI [.0033; .0319] on dynamic
WOA. Dynamic trusting benevolence beliefs seem to be an important driver of

dynamic WOA in the algorithm, however, not for the human.

Cognitive Trust Development (H4)

To test hypothesis 4, two three-way mixed ANOVAs were run to understand the
effects of advisor, error rate and time on trusting beliefs. Pairwise comparisons are
shown below.

In the 5.41 % error rate treatment, mean dynamic trusting beliefs in the human
advisor (4.72) were equal to initial trusting beliefs (4.92), a mean difference of -.196,
95 % CI [-.524, .132], p = .241. Mean dynamic trusting intentions in the human advisor
(5.22) were even higher than initial trusting intentions (4.71), a mean difference of .515,
95 % CI [.165, .865], p = .004. In the algorithmic advisor group, mean dynamic trusting
beliefs (4.72) were equal to initial trusting beliefs (5.04), a mean difference of -.280,
95 % CI [-.642, .082], p = .129. Also, mean dynamic trusting intentions (5.18) were
higher than initial trusting intentions (4.77) in the 5.41 % error rate treatment, a mean
difference of .411, 95 % CI [.025, .796], p = .037 (see Figure 4). In sum, this supports
H4a.

In the 10.70 % error rate treatment, mean dynamic trusting beliefs in the human
advisor (3.35) were lower than initial trusting beliefs (4.85), a mean difference
of - 1.497, 95 % CI [-1.838, -1.156], p < .001. Analogously, mean dynamic trusting
intentions (4.29) were lower than initial trusting intentions (4.78), a mean difference of
-.492, 95 % CI [-.855, -.129], p = .008. This partly contradicts H4b. In the algorithmic
advisor group, mean dynamic trusting beliefs (3.65) were lower than initial trusting
beliefs (5.09), a mean difference of -1.438, 95% CI [-1.769, -1.107], p <.001.
Analogously, mean dynamic trusting intentions (4.27) were lower than initial trusting
intentions (4.84), a mean difference of -.567, 95 % CI [-.920, -.215], p = .002. This
partly supports H4b.

In the 15.10 % error rate treatment, mean dynamic trusting beliefs in the human
advisor (2.52) were lower than initial trusting beliefs (4.92), a significant mean
difference of -2.403, 95 % CI [-2.747; -2.059], p < .001. Analogously, mean dynamic
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trusting intentions (3.52) were lower than initial trusting intentions (4.61), a significant
mean difference of -1.097, 95 % CI [- 1.463;-.730], p < .001. In the algorithmic
advisor group, mean dynamic trusting beliefs (2.79) were lower than initial trusting
beliefs (5.02), a significant mean difference of -2.228, 95 % CI [- 2.545; -1.911],
p <.001. Analogously, mean dynamic trusting intentions (3.42) were lower than initial
trusting intentions (4.89), a significant mean difference of -1.466, 95% CI
[- 1.803; - 1.128], p < .001. This supports H4c.
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Figure 4: Changes in Trusting Beliefs (Panel A and B) and Trusting Intentions (Panel C and D) after
Performance Feedback.

In supplementary analyses, an independent-samples Mann-Whitney U Test
identified higher dynamic trusting integrity beliefs in the algorithm (Mdn = 4.00) than
in the human colleague (Mdn = 3.00), U = 2617.00, p = .016.

WOA Development (H5)

To properly test hypothesis 5, pairwise comparisons of a three-way mixed

ANOVA were used to understand the effects of advisor, error rate and time on trusting
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beliefs.

In the 5.41 % error rate treatment, mean initial WOA from a human advisor
(.296) was equal to dynamic WOA (.392), a mean difference of .095, 95 % ClI
[- .005, .195], p = .063. Analogously, mean initial WOA from an algorithm (.383) was
equal to dynamic WOA (.416), a mean difference of .033, 95 % CI [-.078, .143],
p = .558 (see Figure 5, Panel A and B). This supports H5a.

In the 10.70 % error rate treatment, mean initial WOA from a human advisor
(.440) was higher than dynamic WOA (.277), a mean difference of -.163, 95 %
CI [- .267, -.059], p = .002. In contrast, mean initial WOA from an algorithm (.424)
was equal to dynamic WOA (.406), a mean difference of -.018, 95 % CI [-.119, .083],
p = .728. This contradicts H5b. As a supplementary analysis, pairwise comparisons
between the human (.277) and the algorithmic advisor (.406) indicate a mean difference
in dynamic WOA of -.129, 95 % CI [-.240, -.018], p = .023.

In the 15.10 % error rate treatment, mean initial WOA from a human advisor
(.422) was higher than dynamic WOA (.277), a significant mean difference of -.145,
95 % CI [-.250; -.040], p = .007. Analogously, mean initial WOA from an algorithm
(.452) was higher than dynamic WOA (.278), a significant mean difference of -.174,
95 % CI [-.270; -.077], p < .001. This supports H5c.
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Figure 5: Change in WOA after Performance Feedback, grouped into Error Rate Treatments.

In a supplementary analysis, a two-way ANOVA was run with advisor and error
rate as fixed factors and the change in WOA as dependent variable. There is no
significant interaction effect, p = .107, but there is a main effect of error rate,
F(2, 383) =9.395, p < .001.

Interestingly, we find a significant mean difference in the change of WOA (.145)
between the human (mean = -.163) and the algorithm (mean = -.018) in the 10.70 %
error rate treatment, 95 % CI [.000; .290], p = .050 (see Figure 5, Panel C).

5 Discussion

Initial Trust

Rational decision-makers are assumed to weight external advice and their initial
forecast equally in order to maximize forecasting accuracy, when no accuracy
information is available (Dawes and Corrigan, 1974). In our experiment, participants
initially discounted external advice, which indicates irrational behavior.

At the beginning, we find no trust differences (cognitive trust and behavior)
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towards human and algorithmic advisors, i.e. we do not observe algorithm aversion nor
appreciation. This is in contrast with Longoni et al. (2019) who observe algorithm
aversion before interaction, i.e. lower initial trusting intentions towards the algorithm.
However, their medical task domain differs in many aspects from our economic
forecasting task domain. Therefore, this task difference needs to be discussed. For
example, consequences of bad advice in medical healthcare would probably be more
severe for participants than bad advice towards a product demand forecast.
Furthermore, in our experiment participants had the opportunity to adapt their trust
level due to repeated interactions. In the medical field, an error could potentially be
lethal. Another explanation might be the divergent framing of the human advisor. As
responsibility shifting might be caused by an advisor’s expert image (Armstrong,
1980), we deliberately informed the participants in our experiment that they will
receive advice from a colleague of the same firm. As human advisors constitute the
benchmark for comparisons in the algorithm aversion literature, examining the effect
of advisor framing might be a fruitful avenue for future research.

Analyzing the influencing effect of cognitive trust on behavior, we separated
between human and algorithmic advisors. When participants find themselves in a
setting where they get advice from a human advisor, cognitive trust positively
influences their behavior. This was also proposed by our initial trust model (see
Figure 1). Surprisingly, this initial trust model does not hold when interacting with an
algorithmic advisor. We find no influence of cognitive trust on behavior in the case of
an algorithmic advisor framing. We suspect that there might be other factors, such as
distrust, that initially influence behavior. In a more practical JAS setting, we expect the
influence of cognitive trust on behavior in the case of a human advisor even stronger.
The result might be initial algorithm aversion. Still, such settings are currently little
explored and seem to represent another promising direction for future research.

Dynamic Trust

Rational decision-makers are assumed to adapt their trust levels according to the
performance feedback available (Deutsch, 1958; Kramer, 2010). Initial trust levels are

adapted due to this expectation-disconfirmation process, resulting in dynamic trust
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levels. The PAS suggests no trust decreases if initial trust is confirmed by performance
feedback. However, after exceeding the threshold between near-perfect and bad advice,
initial trust is disconfirmed and thus decreases. Due to relatively higher expectations
towards the algorithmic advisor, trust will decrease harsher compared to trust towards
the human advisor. To accurately examine trust development (cognitive trust and
behavior), we therefore separated between source of advice and advice accuracy.

We find that behavioral changes are dependent on advice accuracy but also on
the source of advice. The decision-maker’s initial forecasting accuracy seems to be an
important indication for the threshold between near-perfect and bad advice. We
expected that higher expectations towards the algorithmic advisor will lead to relatively
harsher trust decreases. In contrast, we expected trust towards the human advisor to
decrease less when providing the same advice accuracy due to a general acceptance of
human errors (Renier et al., 2021). Interestingly, after receiving advice whose accuracy
equals the decision-maker’s initial forecasting accuracy (i.e. a deviation of 10.70 %
from the true value in this experiment), we observe behavioral algorithm appreciation.
At this threshold, dynamic weight on algorithmic advice is maintained at its initial
level, however, dynamic weight on human advice decreases. This finding contradicts
the PAS. We find that participants receiving algorithmic advice behave more rational
to maximize their forecasting in situations where the accuracy of an external advice
equals the decision-maker’s initial forecasting accuracy. Averaging two judgments is
at least as accurate as the average forecasting accuracy of a decision-maker and is even
more accurate in the case where the two judgments bracket the true value (Soll and
Larrick, 2009). Consequently, averaging equally accurate forecasts is rational.

As our results contradict the PAS, we would expect that initial expectations
towards advice accuracy might have been even higher towards the human advisor than
towards the algorithmic advisor. Paradoxically, participants in the human advisor
framing initially expected a significantly lower forecasting accuracy (mean = 10.91 %
absolute error, n = 61, SD = 11.62) compared to the algorithmic advisor framing
(mean = 8.46 % absolute error, n = 65, SD = 13.07)". However, the observed higher

expectations towards the algorithmic advisor are still in line with the suggestion of the

" Two participants in each advisor group were omitted due to unrealistically high error rate expectations, distorting the means of
both groups.
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PAS, but we do not observe algorithm aversion as the hypothesized consequence of
diverging levels of expectations. Instead, participants decrease weight on human advice
relatively harsher, even though on average the initial expectations in the human advisor
were met. In contrast, despite relatively higher initial expectations towards the
algorithmic advisor, that were not met, we do not observe any decreases in WOA. It
seems that the accuracy of the human advisor is assessed less accurately than the
accuracy of the algorithmic advisor. Alternatively, participants might be more tolerant
of deviations from expectations in an algorithmic advisor.

When forecasting accuracy of the external advice is below or above this threshold
between near-perfect and bad advice, we neither find algorithm appreciation nor
algorithm aversion. Yet, it remains unclear whether algorithm aversion occurs when
forecasting accuracy decreases further than we tested in this experiment. This might be
one reason why our experiment did not replicate the findings of Prahl and Van Swol
(2017). Another reason could be that Prahl and VVan Swol (2017) may have provoked
algorithm aversion resulting from a break in consistency due to a sudden bad advice
and not due to bad advice itself. However, in a forecasting domain, barely any advisor
can always provide constant accuracy. Therefore, reactions to inconsistent advice
accuracies and the timing of bad advice are another promising field for future research.

Analogously to behavior, we find cognitive trust differences only at the threshold
between near-perfect and bad advice. Comparing cognitive trust indicates that trusting
integrity beliefs, i.e. beliefs in an error-free analysis of the provided data set, are
significantly higher towards the algorithmic advisor, which might be one reason why
we observe behavioral algorithm appreciation.

Our results are in contradiction with Ring's (1996) concept of fragile and resilient
trust. According to the resilient trust concept, participants would be more resilient to
errors made by a human advisor as they share a relatively longer history. Maybe this
has changed somewhat over the last decades with more human-machine interaction
taking place in everyday life.

According to the dynamic trust model, we examine the influence of dynamic
cognitive trust on behavior after the first performance feedback and separate between
the human and algorithmic advisor. Cognitive trust after performance feedback

influences behavior towards both sources of advice. Although there was little social
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interaction within the JAS setting, trusting benevolence beliefs had a strong influence
on behavior towards an algorithmic advisor. In contrast, the initial influence of trusting
benevolence beliefs was not observable on behavior towards the human advisor
anymore. Future research could examine the influence of cognitive trust with regard to

long-term relationships as this study focusses on a short time with two forecasts.

6 Conclusion

To the best of our knowledge, this is the first study which investigates the
influence of advice accuracy on trust within a forecasting task. Comparing human with
algorithmic advice, the PAS suggests algorithm aversion when the advice is perceived
as bad. Yet, the threshold between near-perfect and bad advice in a forecasting task is
not further specified. We find that this threshold seems to be the decision-maker’s
initial forecasting accuracy.

We find that an advisor’s initial cognitive trust does not decrease when advice
accuracy is higher than that of a decision-maker — independent from the source of
advice. Advice that is more accurate than the decision-maker’s initial forecasting
accuracy can even increase trusting intentions. However, advice that is as accurate as
the decision-maker’s initial forecasting accuracy decreases cognitive trust towards the
human and algorithmic advisor. WOA then decreases significantly, however, only
when the advice comes from a human advisor. Weight on algorithmic advice maintains
at its initial level, resulting in behavioral algorithm appreciation. Our results point to
an important threshold between near-perfect and bad advice and extends the findings
of Prahl and Van Swol (2017).

The threshold between near-perfect and bad advice seems to be the decision-
maker’s initial forecasting accuracy. At this threshold, trust towards the human advisor
decreases while trust towards the algorithmic advisor is maintained. This contradicts
the PAS as it would suggest relatively higher expectations towards the algorithmic
advisor that are disconfirmed at lower accuracy levels compared to a human advisor.
In sum, algorithmic advice is used more rational in situations where the accuracy of the

external advice equals the decision-maker’s initial forecasting accuracy.
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Appendices

Appendix A
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225.000
200.000
175.000
150.000
125.000
100.000
75.000
50.000
25.000
0

Demand per week: Country 1

WMonday MTuesday MWednesday MThursday MFriday W Saturday ®Sunday

263.780 466.563
442.417

408.142

329.219

49.990

377.573

363.148

313.836
306.940
293.477 304.146

284.284 278.854

240.242

2.848

38.119

Woche 1 Woche 2 Woche 3 Woche 4 Woche 5 Woche 6 Woche 7 Woche 8 Woche 9 Woche 10 Woche 11 Woche 12 Woche 13 Woche 14

176.388

Demand per week: Country 2

=Monday =Tuesday =Wednesday =Thursday =Friday =Saturday = Sunday

640.545 646.263

591.913
571.078 56841
497.793

455.258
436.672

402.287
365.201

307.904

61537

228.065 62538

56.282

52.509
70589

60.975
52.050

92,071

Week 9 Week 10 Week 11 Week 12 Week 13 Week 14

Table 2: Product demand prediction task in Country 1 and Country 2.
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Appendix B

1. Measurement of Initial Cognitive Trust

(adapted from McKnight et al., 2002 and Lankton et al., 2014):

Initial Trusting Beliefs

I expect that my colleague / the algorithm ...
Competence / Functionality
...will be able to make an accurate prediction.
Benevolence / Helpfulness
...will help me to improve my initial prediction.
Integrity / Reliability

...will analyze the available data error-free.

Initial Trusting Intentions

For an important prediction task, | feel I can rely on my colleague / the algorithm.

2. Measurement of Dynamic Cognitive Trust

(adapted from McKnight et al., 2002 and Lankton et al., 2014):

Dynamic Trusting Beliefs

Based on the experience with my colleague / the algorithm, ...
Competence / Functionality
... it was able to make an accurate prediction.
Benevolence / Helpfulness
... It helped me to improve my initial prediction.
Integrity / Reliability

... it analyzed the available data error-free.

Dynamic Trusting Intentions

For an important predicting task, I still feel I can rely on my colleague / the algorithm.

Figure 6: Questionnaire items.
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Abstract

Algorithms are capable to support human decision-makers in an increasing number of
tasks such as forecasting. While there are growing research efforts to boost algorithmic
advice usage in forecasting tasks, the risk of overtrust, i.e. a relatively higher usage of
bad advice, is still largely ignored. However, it can erode a critical verification of
advice and is already well-documented in highly automated environments. We conduct
two online-experiments to examine this risk in a forecasting task. In Experiment 1, we
examine the influence of performance feedback and the source of advice on advice
usage in business forecasts. Results indicate that both, the provision of performance
feedback and algorithmic advice increase advice usage, but also overtrust. In
Experiment 2, we investigate whether the representation of uncertainty information
helps to calibrate advice usage toward advice quality. The results suggest that
providing an informative forecasting interval can be a potential countermeasure to
overtrust. This study provides a more nuanced view of advice usage than previous

research by simultaneously considering advice quality.

Keywords: Advice, Algorithm, Forecasting, Confidence Intervals, Overtrust, Perfect
Automation Schema, Performance Feedback, Point Forecasts, Representation of
Uncertainty, Source of Advice.
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1 Introduction

Artificial Intelligence (Al) has emerged as a fundamental pillar in the business
landscape, fundamentally changing the way businesses operate and compete (lansiti
and Lakhani, 2020). As a result, organizations around the world are eagerly embracing
the Al revolution, willing to harness its capabilities and be part of this transformative
change.

Accurate forecasts of future economic developments are considered as one of the
most important business competencies (Hogarth and Makridakis, 1981; Onkal et al.,
2019). With the technological progress, algorithms are in general capable of generating
highly accurate forecasts. Their high forecasting quality can help to improve human
forecasts (Chacon et al., 2022, Agrawal et al., 2018; Dawes et al., 1989; Meehl, 1954;
for an overview see Grove et al., 2000; Kaufmann and Wittmann, 2016). To reap off
the benefits of these algorithms, human decision-makers need to trust and use them.
Therefore, recent research increasingly focusses on how to boost trust and consequently
algorithmic advice usage (Onkal et al., 2019). Greater usage of advice is appreciated
from a rational point of view, however, only if it outperforms the forecasting quality of
human decision-makers.

This study is concerned that a one-sided view on the potentials arising from the
adaption of algorithmic forecasting systems alone fails to recognize a new risk that
come along with it: overtrust, i.e. too high trust in the advice that results in negative
consequences. Boosting algorithmic advice usage increases that risk which could
undermine a critical judgment and result in a blind acceptance of advice. A prominent
example from the newspapers illustrates this: A driver had to be rescued from the edge
of a cliff because he was blindly following his navigation system (Brooke, 2009 in The
Daily Mail). This “slavish’ compliance was punished by the court with a fine of £ 2,000.
Yet, there is a lot of anecdotical evidence of uncritical advice usage due to overtrust.
One reason might be that people tend to overlook that algorithms only represent a
statistical model of the reality that tries to fit the structure of reality based on historical
data (e.g. Bild, 2020).

Overtrust is already well-known in highly automated environments such as in the

aerospace sector (e.g. Mosier et al., 2001) and examined in the trust in automation
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literature (e.g. Parasuraman and Riley, 1997; Robinette et al., 2016, 2017; Salem et al.,
2015). In contrast, literature on trust in forecasting tasks and algorithm appreciation is
yet silent on the risk of overtrust by neglecting advice quality. Instead, it compares the
usage of algorithmic with human advice (e.g. Logg et al., 2019). However, without
considering advice quality, algorithm appreciation, i.e. algorithmic advice is used more
than human advice which is used as a control group, could also indicate overtrust in the
algorithm if it provides bad advice. This study takes a more nuanced view on advice
usage by examining advice usage in the light of its quality.

Trust influences advice usage (McKnight et al., 2002) and is subject to a dynamic
process in repeated interactions (Hoff and Bashir, 2015). Decision-makers adapt their
trust and advice usage to the most recent information available. While there is plenty
of empirical evidence that performance feedback on good advice increases subsequent
advice usage (e.g. Daschner and Obermaier, 2022; Yu et al., 2019), we are among the
first that critically investigate whether performance feedback also increases the risk of
overtrust in cases where bad advice is provided.

We therefore critically investigate whether the risk of using bad advice is boosted
by the availability of performance feedback on previous forecasts of the interaction
(compared to no performance feedback) or by the algorithmic nature of the advice itself
(compared to human advice). These two factors are known to increase advice usage
irrespective of advice quality. This may lead to overtrust and eventually undermine a
critical verification. In this study, we additionally investigate on how to mitigate
overtrust in forecasting tasks. Based on prior literature (Fernandes et al., 2018;
Roulston et al., 2006; Joslyn and LeClerc, 2012; Greis et al., 2016), we experimentally
examine the influence of the representation of uncertainty information on advice usage
while controlling for advice quality. We thereby answer the following research
questions: (1) How does the availability of performance feedback and the source of
advice influence the usage of forecasting advice in repeated interactions? (2) How does
the representation of uncertainty information influence advice usage when advice
quality is good or bad, respectively?

We conduct two experiments. In Experiment 1, we follow prior literature (You
et al., 2022) and manipulate performance feedback as a between-subjects factor where

either continuous performance feedback after each forecast or no performance
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feedback at all is provided. Continuous performance feedback made sure that
participants were aware that they have received a good or bad advice in the last forecast
before proceeding to the subsequent forecast. Bad advice is provided in two out of nine
forecasts that participants had to make subsequently. Advice is merely labeled as either
coming from a human colleague of the same (fictive) company or from an algorithm.
Advice quality is manipulated as within-subjects factor with two possible occasions
where advice usage results in negative consequences. In Experiment 2, we manipulate
the representation of uncertainty information as between-subjects factor (point forecast
vs. 70 % confidence interval vs. 99 % confidence interval vs. best/worst case). Again,
advice quality is manipulated as within-subjects factor. In the first forecasting task,
good advice was provided which is followed by a bad advice in the second forecasting
task.

Results of Experiment 1 indicate that information about prior performance
influences future advice usage. While performance feedback on good advice increases
future advice usage in repeated interactions, bad advice decreases advice usage in the
subsequent forecast. Our results reveal that this can be problematic in cases where
(obviously) erroneous advice is provided, i.e. it increases overtrust compared to no
performance feedback. In addition, algorithmic advice is tendentially used to a greater
extent than human advice which also increases the risk of overtrust compared to human
advice. Results of Experiment 2 suggest that the provision of informative forecasting
intervals helps to calibrate advice usage to advice quality.

We make four contributions: First, this study is among the first that examines
overtrust in the field of forecasting. Instead of solely comparing advice usage among
different sources of advice, we additionally consider advice quality relative to the
decision-maker’s initial forecast quality. We therefore contribute to the algorithm
appreciation literature by taking a critical perspective on this empirical phenomenon.
Second, we find that performance feedback on good advice increases overtrust
compared to no performance feedback. As a design parameter of the human-algorithm
interaction, provision of performance feedback should therefore be wisely considered
before implementation. It might undermine a critical judgment of the human decision-
maker. Third, we do not observe a general algorithm appreciation over the repeated

interactions. Surprisingly, human decision-makers tendentially use algorithmic bad
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advice more than human bad advice. We conclude that algorithm appreciation
tendencies are attenuated by bad advices. This finding has also implications for the
generalizability of the perfect automation schema. Forecasting algorithms seem to
arouse higher expectations compared to human advisors while they are not perceived
to follow an all-or-none logic as algorithmic advice usage recovers fast after a bad
advice. Forth, providing informative uncertainty information can help to calibrate
advice usage to advice quality and thus can mitigate the risk of overtrust. Our results
are of interest for designers of forecasting systems and for decision-makers interacting

with algorithmic advisors.
2 Overtrust in Forecasting Tasks

2.1 Trust Calibration toward Advice Quality

Trust is a major predictor of advice usage (McKnight et al., 2002; Pavlou and
Gefen, 2004), so these two terms are used synonymously throughout this paper. It
should be calibrated to the performance of the algorithm (Lee and See, 2004). In highly
automated environments, trust calibration is facilitated by the possibility to crosscheck
the advice with available information at the time of decision. For example, in the
aircraft cockpit, an automated decision advice requiring to increase altitude can be
verified by comparing the altimeter with the altitude specifications according to the
check lists. These ‘routine’ tasks follow an explicit logic and the decision outcome can
thus be generalized as being either right or wrong.

Trust calibration is complicated by the nature of forecasting tasks. Forecasts are
prepared prior to ‘corporate action’, which in turn influences the quality of the forecast.
The true value of the forecasting task is realized only after a certain time lag.
Crosschecks are therefore not possible at the time of the decision. Human decision-
makers can thus not objectively verify whether they face a good or a bad forecasting
advice.

Moreover, it is not only a question of whether the advice will be right or wrong
—as in ‘routine’ tasks —, but also to what degree it will be right. The judge-advisor
system (JAS) serves as a valuable tool for understanding how decision-makers engage
with and incorporate advice into their final decisions and has gained recognition in the
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field of algorithm appreciation literature, with researchers often referring to it when
examining advice usage (Himmelstein and Budescu, 2022; Fildes and Petropoulos,
2015; Logg et al., 2019). In a JAS, decision-makers are asked to make an initial
forecast. Subsequently, they receive advice intended to help them refine and adjust their
initial forecast. The evaluation of advice quality is then highly dependent on the
forecasting quality of the human decision-maker. Daschner and Obermaier (2022)
indicate that the decision-maker’s own initial forecast is a benchmark to make this
advice evaluation. Advice can thus either be good (better-than-own forecast) or bad
(worse-than-own forecast), as evaluated ex-post when the true value of the forecasting
task materialized. Due to this time lag, there is uncertainty about the advice quality at

the time of decision.

2.2 Bad Advice and Overtrust

Literature on algorithm aversion or algorithm appreciation, respectively,
compares advice usage rates between a human and an algorithmic source of advice.
However, this focus ignores advice quality. Thus, algorithm appreciation could also
indicate an unappreciated behavior, i.e. when advice is bad (worse-than-own forecast).
In contrast to prior literature, this study focusses on situations where the algorithmic
advice is bad, i.e. when the advice is worse than the initial forecast of the decision-
maker. Bad advice in forecasting tasks might be inevitable or can be due to a bias in
the historical data set that decision-makers could not be aware of (Teodorescu et al.,
2021; Ahsen et al., 2019). Nevertheless, decision-makers are no crystal ball readers and
do not know the quality of advice at the time of decision, i.e. ex-ante of the
materialization of the true value.

Overtrust is a form of mistrust and refers to too high trust toward the algorithmic
advice that results in negative consequences. It can induce decision-makers to reduce
own effort that is required to verify available information. Overtrust can thus be defined
as a heuristic replacement of vigilant information seeking and processing in favor of
the usage of algorithmic advice and increases the risk that decision-makers follow a
bad advice (Mosier et al., 1996, 2001; Parasuraman and Manzey, 2010). This risk can

be increased by factors influencing advice usage and is well-studied in highly
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automated environments. For example, in the aircraft cockpit, an “‘engine fire’ message
could be followed, even though other engine parameters are in their normal range
(Mosier et al., 2001). Consequences can be severe or even lethal (see also Onnasch et
al., 2014). Situation unawareness and a loss of manual skills are long-term consequence
when human decision-makers heuristically resort to algorithmic advice (Endsley and
Kiris, 1995; Billings, 1991). Nevertheless, there are information available at the time
of decision that allow for a crosscheck of the quality of advice ex-ante to the decision
(see Figure 1, top). Overtrust can erode this critical verification of advice with available
information and increase the risk of negative consequences due to advice usage.

In forecasting tasks, overtrust in advice is yet understudied. Moreover, it is
complicated to measure as the quality of forecasts is unknown at the time of decision
with no such possibility to crosscheck an advice (see Figure 1, bottom). In addition, its
evaluation as either good or bad is dependent on the initial forecast of the decision-
maker (Daschner and Obermaier, 2022). Advice usage can only have negative
consequences if it is worse than this initial forecast. A critical verification of advice is
thus key in forecasting tasks, particularly as there is a lack of ex-ante evaluation of
advice quality. For example, there is the risk that decision-makers may heuristically
accept an advice for the forecast of the demand of a product in the next period, even
though this demand is extraordinarily high or low compared to historical data.
Consequently, overtrust can make decision-makers overly vulnerable if these
(algorithmic) advisors fail (temporarily) or provide bad advice. It is therefore a risk that
requires prevention measures and data literacy skills on the part of the decision-maker.
Caution is to be paid at the time of decision even with limited possibilities to evaluate
advice quality. Yet, little is known about factors influencing overtrust in forecasting
tasks. This study sheds light on this important research gap and investigates the
influence of two factors, i.e. performance feedback and source of advice, on advice

usage.
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Figure 1: Difference between evaluation of advice quality in highly automated tasks (top) and in
forecasting tasks (bottom).

In the following, overtrust is the positive difference in advice usage between two
factor specifications, if the advice is evaluated as bad at the time of materialization of
the true value. The factor specification that leads to a relatively higher advice usage
increases the risk of overtrust. Note that this definition solely refers to advice usage
that results in negative consequences, even though the tendency to solely resort to

advice as forecasting heuristic can be present in good advices as well.

3 Experiment 1: Factors that influence Overtrust

3.1 Theoretical Background and Hypotheses

3.1.1 Performance Feedback

Trust develops on the basis of expectation-disconfirmation comparisons (Oliver,
1977, 1980; Bhattacherjee and Premkumar, 2004). The expectation-disconfirmation
theory (EDT) suggests that an expectation confirmation maintains or even increases

trust toward the advisor which in turn positively influences subsequent advice usage.
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In contrast, a disconfirmation of expectations probably leads to decreases in trust
toward the advisor which in turn decreases subsequent advice usage (see Figure 2).
Trust will then immediately be withdrawn as it gets transparent that it was misplaced
(Hardin, 1993; Lewicki et al., 2006). The threshold between expectation confirmation
and disconfirmation in a forecasting task is dependent on the human’s own initial
forecasting quality (Daschner and Obermaier, 2022).

Rational decision-makers are assumed to adapt future advice usages according to
previous performance information (Deutsch, 1958; Kramer, 2010). Performance
feedback easily conveys this information (Harvey and Fischer, 2005) and enables trust
updates through expectation-disconfirmation comparisons (Barber, 1983; Mayer et al.,
1995; Rempel, 1985). By resolving uncertainty about forecast quality (of the advisor
and the decision-maker’s own performance), decision-makers can verify whether the

advice quality was better or worse than their own initial forecast.

e S S S S -
| - : |
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g | |
g | E |
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£ | Advice Usage |
= | ]
e e s F——
S| . ; |
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[= % | own advice own advice |
=

Figure 2: Expectation-Disconfirmation process enabled by performance feedback in repeated
interactions with a forecasting advisor.

Based on this framework, we hypothesize for the advice usage in repeated
interactions:

H1: Receiving performance feedback to good advice increases advice usage in the
subsequent forecast more than without performance feedback.

H2: Receiving performance feedback to bad advice decreases advice usage in the

subsequent forecast more than without performance feedback.

Due to a time lag in the availability of performance feedback in forecasting tasks,
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the risk of overtrust can be increased by previously provided performance feedback on
good advice. The realization of the true value where bad advice was provided can only
result in delayed reactions as the bad decision is already made. Taking precautions at
the time of judgment is preferable to facing regrettable consequences at the time of
materialization of the true value of the forecast. As this study is concerned with the

potential risk of overtrust, we further hypothesize:

H3: The usage of bad advice is higher when prior performance feedback has been

provided previously than when no performance feedback has been provided.

3.1.2 The Perfect Automation Schema (PAS)

The PAS represents a cognitive structure that helps human decision-makers to
organize and interpret information when interacting with an algorithmic decision
supporting system (Dzindolet et al., 2002, 2003; Madhavan and Wiegmann, 2007). As
algorithms do never get tired, distracted, stressed and do not have human needs, they
are perceived as perfect and infallible. This perception of perfection is associated with
high expectations towards advice quality. High expectations increase trust in advice.
Consequently, the PAS seems to positively influence algorithmic advice usage.

In contrast, humans are expected to fail as erring is perceived as a human and not
as an algorithmic trait (Renier et al., 2021). The expectations toward human advice
quality is thus relatively lower than toward algorithmic advice (Daschner and
Obermaier, 2022). Analogously, trust and advice usage are then below algorithmic
advice usage, as indicated by the algorithm appreciation literature (Logg et al., 2019;
You et al., 2022; Gunaratne et al., 2018). We therefore hypothesize:

H4a: In repeated interactions, algorithmic advice usage is relatively higher than human

advice usage.
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As the focus of this study is on an overtrust, we analogously hypothesize

relatively higher algorithmic advice usage in cases of bad advice.

H4b: The usage of algorithmic bad advice is higher than human bad advice.

Additionally, PAS suggests an all-or-none logic, i.e. the algorithm is either
perfect or flawed with errors that could recur in the future interaction. Therefore,
algorithmic bad advice leads to a relatively harsher decrease in the subsequent forecast
(Prahl and Van Swol, 2017). We therefore hypothesize:

H5: After performance feedback on a bad advice, there is a harsher decrease in advice

usage for algorithmic than human advice.

3.2 Method

3.2.1 Task and Procedure

We conducted a 2 x 2 x 9 mixed design experiment with 205 online participants
(118 women; 84 men; 3 diverse; mean age = 22.73 years) with performance feedback
and source of advice as between-subjects factors at a public university in Germany.
After successful completion, participants were paid 2 Euro fixed. To further motivate
participants, they were informed that the best 5 participants, measured on the mean
absolute percentage error (MAPE), get paid an extra bonus of 25 Euro each. Informed
written consent to take part in this experiment was obtained before the commencement
by each participant.

Participants were asked to imagine themselves as managers of a fictive company
that recently launched a new product in different regions. The task was to forecast the
upcoming week’s demand of a new product based on a bar chart of the past 14 weeks
in nine different countries (within-subjects factor). Each bar of the chart accumulated
and disclosed the daily demands. The change of countries aimed at mitigating
autoregressive tendencies in this repeated interaction. No more extraneous information

was disclosed to prevent potential biases. Participants got familiar with the forecast
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task in a training round including performance feedback on their absolute percentage
error (APE). Afterwards, the source of advice (human colleague vs. algorithm) was
introduced and participants were informed about the availability of performance
feedback (continuous performance feedback after each forecast vs. no performance
feedback). If provided, performance feedback included the participant’s own initial and
final APE as well as the APE of the advice provided. We kept the performance
feedback representation as simple as possible so that participants could easily process
this information (You et al., 2022). The experiment took on average 18 minutes and 41

seconds to complete.
3.2.2 Testing on Overtrust

Advice in all nine countries was based on an ARIMA (auto-regressive integrating
moving average) forecasting model and was based on the same historical data. To
control for the relative advice quality, we run a pre-test based on 145 participants.
These results revealed that the advice outperformed the participants in eight out of nine
countries and allows us to integrate bad advices, a prerequisite to examine overtrust.

As the focus of this study is on overtrust, we deliberately provide two bad advices
to integrate negative consequences of advice usage. The first is provided in an early
phase of interaction (Country 2), where the advice did not pick up the trend correctly.
The APE of the advice was approximately 14 %, while the average initial APE of the
participants in the pre-test was approximately 4 %. Additionally, we generated another
bad advice in Country 7. Therefore, we manipulated the advice to reach an APE of
50 % in order to increase the difference between the APE of the advisor and the initial
own APE which was approximately 5% in the pre-test (see Appendix A). This

manipulation increased the obviousness of a bad advice.
3.2.3 Dependent Variable

We follow prior literature and apply a weight on advice (WOA) variable that is
commonly used in advice research (Harvey and Fischer, 1997; Sniezek et al., 2004).
The change in the point forecast is set in relation to the difference between the advice
and the initial point forecast. That is, a WOA of 100 % indicates that the advice is
completely adopted, a WOA of 0 % indicates that the advice is ignored. The higher the

WOA, the less critical is the decision-maker about the advice. WOA is computed via
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the following equation:

final forecast - initial own forecast
WOA = - — 0
advice - initial own forecast

The initial own forecast is the participant’s forecast before receiving advice, the
final forecast the participant’s adjusted forecast after receiving and weighting advice.

3.3 Results

3.3.1 Manipulation Checks on Advice Quality

We test whether the manipulation of bad advice in Country 2 and 7 was
successful. Additionally, we test whether the general assumption that advice
outperforms the human participant in the remaining countries holds in this experiment.
In total, 9 separate one-sample Wilcoxon Signed Rank tests were conducted. Initial
APEs of the participant were compared with the respective APE of the advice. Results
indicate significantly good advices in Country 1, 3, 4, 5, 6, 8 and 9 (p <.001), while
significantly bad advices are provided in Country 2 and 7 (p <.001). The observed
APE median in Country 2 was with 6.46 significantly lower than the APE of the advice
amounting to 13.82. Also, the observed APE median in Country 7 was with 6.99
significantly lower than the APE of the advice amounting to 50.00. The results do not
change when separated in the levels of source of advice (see Figure 3). The

manipulation of bad advice was successful.
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Figure 3: Initial own APE medians and advice APE, separated into performance feedback treatments
(top) and source of advice treatments (bottom). Due to entry typos, we report medians as the more
robust measure of (initial) absolute percentage errors.

3.3.2 Descriptive Statistics

WOA Development

The following Figure 4 depicts the development of WOA in the nine repeated
interactions, separated into performance feedback treatments (top). Respectively,
WOA developments with an algorithmic and a human advisor, are depicted on the right.

A descriptive analysis shows that the provision of continuous performance
feedback positively impacts future WOAs compared to no performance feedback if the
performance feedback indicates good advice. Vice versa, WOAs after performance
feedback on bad advice are smaller than without performance feedback (see Country 3
and 8). On the bottom in Figure 4, the descriptive analysis reveals similar WOA
developments between algorithmic and human advisors with tendentially higher weight
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on algorithmic advice.
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Figure 4: Means of WOA, separated into treatments of performance feedback (top) and source of
advice (bottom). WOA refer to different forecasting regions. (Note: This Figure therefore does not
show any trends in WOA development.)

3.3.3 Hypotheses Tests

If not otherwise stated, we test in the following analyses for the 5% (10 %)
significance level (two-sided) to determine a statistically (marginally) significant
effect.

WOA Development after Performance Feedback (H1 and H2)

Hypothesis 1 posits that performance feedback on good advice increases WOA
within the repeated interaction relatively more than without providing performance
feedback. We therefore analyze on the change in WOA by comparing the subsequent
WOA to the previous WOA. This results in eight deltas. Relevant to test H1 are the
following six deltas: WOA 2-1, WOA 4-3, WOA 5-4, WOA 6-5, WOA 7-6,
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WOA 9-8. Differences between the performance feedback treatments are analyzed. A
repeated-measures ANOVA on all six deltas showed a significant main effect of
performance feedback, F(1, 203) = 25.969, p <.001, partial n2=.113. Overall,
participants who were provided with performance feedback had a mean increase in
WOA of .003, while participants who were not provided with performance feedback
decreased WOA on average by .080 after good advice. This difference of .083 on the
average delta of WOA after good advice provides support to H1.

Hypothesis 2 posits a decrease in WOA after providing performance feedback on
bad advice compared to no performance feedback. We analyzed on the deltas
WOA 3- 2 and WOA 8-7 for any differences in WOA development. A repeated-
measures ANOVA on both deltas revealed a significant main effect of performance
feedback, F(1, 203) = 36.395, p <.001, partial n2 =.152. Overall, participants who were
provided with performance feedback had a mean decrease in WOA of .087, while
participants who were not provided with performance feedback increased WOA on

average by .168 after bad advice. These results support H2.

WOA Differences in Country 2 and 7 (H3)

Hypothesis 3 states that participants weight bad advice more with prior
performance feedback on good advice than without. We analyze on WOA in Country
2 and 7. A repeated-measures ANOVA on both WOAs shows a significant main effect
of performance feedback, F(1, 203) = 21.378, p < .001, partial n*> = .095. With prior
good-performance feedback, participants weight bad advice on average .155 more than

without performance feedback (see Figure 5, top). The results support H3.
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Figure 5: Mean WOA provided in Country 2 and 7, separated into performance feedback treatments
(top) and source of advice treatments (bottom). Error bars indicate 95 % confidence interval of the
mean.

WOA Differences between Sources of Advice (H4a and H4b)

In a repeated-measures ANOVA, we examine whether the average WOA in the
repeated interaction is higher for algorithmic advice compared to human advice (H4a).
The mean difference of .025 in favor of the algorithmic advice does not indicate a
significant main effect of source of advice, F(1, 203) =.989, p = .321, partial n2 =.005.
H4a is rejected.

We further focus on Country 2 and 7 and test for differences in WOA between
the sources of advice. H4b posits that WOA is higher for algorithmic advice than for
human advice. A repeated-measures ANOVA on WOA 2 and WOA 7 shows a
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marginally significant main effect of source of advice, F(1, 203) =2.517, p = .057, one-
sided, n2 =.012 (see Figure 5, bottom). Participants on average weight bad advice .055
higher when it comes from an algorithm (95 % CI [-.013; .124]). There is weak support
for H4b.

WOA Development between Sources of Advice after Bad Advice (H5)

Hypothesis 5 posits that there is a harsher decrease for algorithmic than human
advice usage after performance feedback on bad advice between the sources of advice.
We therefore further analyze on differences in delta WOA after receiving bad advice
in Country 2 and 7, i.e. on delta WOA 3-2 and delta WOA 8-7. A repeated-measures
ANOVA showed no significant difference between sources of advice, F(1, 92) = 1.126,
p=.291,1?=.183. H5 is rejected.

We further analyze the effects of the first and second bad advice separately. Thus,
we test on differences in delta WOA 3-2 between algorithmic and human advice for
the performance feedback treatment (n = 94). Even though the mean WOA decrease in
the algorithmic advice (- .2644) is more than twice as large as the mean WOA decrease
in the human advice (-.1213), we cannot find any significant differences,
F(1, 93) = 1.584, p = .211, partial n?> = .017. The deviating mean WOA developments
between algorithmic and human advisor after performance feedback on bad advice
almost disappear when analyzing delta WOA 8-7 (mean delta WOA
difference = - .0015).

3.4 Discussion

3.4.1 The Influence of Performance Feedback on Advice Usage

We provide empirical evidence that the provision of performance feedback
influences subsequent advice usages in repeated interactions. This finding supports the
suggestions derived from EDT (Oliver, 1977, 1980). Accordingly, performance
feedback on good advice increases subsequent advice usages. Knowing about the
superiority of the forecasting quality of the advisor then leads to overtrust, i.e. it erodes
a critical verification of the advice quality. This positive influence of performance

feedback on subsequent advice usages is useful if the advisor outperforms human
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decision-makers. On the other side, humans get more vulnerable in situations where
the advice is bad or even flawed. In this case (Country 2 and 7, respectively), this
positive influence of performance feedback results in overtrust compared to no
performance feedback. Already after the first performance feedback on good advice,
subsequent advice usage is relatively higher. This is particularly problematic in the
phase of implementation of a new forecasting system. In this early stage, it is important
to verify the quality of advice and to override it if deemed necessary. In the end,
providing performance feedback represents a trade-off between increasing good advice
usage and increasing vulnerability due to overtrust in cases where advice is bad or even
flawed. Thus, designers of forecasting systems should take caution whether and how
to provide performance feedback. Performance feedback does not help to calibrate
advice usage, but helps to increase advice usage instead.

The effects of revealing a bad advice seem to have no long-term impacts on
subsequent advice usages. After the next performance feedback, advice usage
recovered, waning any differences between performance feedback treatments. This
finding points to the strong influence of more recent performance feedback and
supports the suggestion of a recency effect (Hutchinson et al., 2022). A summary
performance feedback with more details could reveal the frequency and magnitude of
forecast improvements through advice over past interactions. This information could
reduce the recency effect and help to determine whether the advice outperforms oneself
in the particular forecasting task at hand. However, performance feedback on the most
recent forecast seems to erode this ability.

Analogously, subsequent advice usage decreases after performance feedback on
bad advice. This was expected by the suggestions derived from EDT as performance
expectations toward the advisor were not met in this case. Nevertheless, this decrease
is a delayed reaction to misplaced trust in the past and might hinder good advice usage
in a current forecasting task. Again, providing a summary performance feedback could
average out infrequent bad advices. They may represent one way to mitigate
unappreciated delayed reactions.

Finally, to mitigate the risk of overtrust, the way of conveyance of advice to the
decision-maker seems to be an important area for future research. An adequate design

of the JAS should transparently inform decision-makers about how much uncertainty
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is inherent in the point forecast to avoid uncritical advice usage. For example, the
provision of confidence intervals could help to better identify potentially bad advices

ex-ante to the materialization of the true value.
3.4.2 The Influence of Source of Advice on Advice Usage

Recent research on advice usage increasingly documents algorithm appreciation
(You et al., 2022; Daschner and Obermaier, 2022), while earlier studies indicate
algorithm aversion (Onkal et al., 2009). However, we cannot observe algorithm
appreciation in this repeated interaction. Instead, our results show similarities to the
study of Prahl and VVan Swol (2017) who manipulate a bad advice and neither observe
algorithm appreciation.

This finding points to some adjustments of the PAS for forecasting algorithms.
The PAS is a finding in the trust in automation research that predominantly applies
deterministic algorithms, such as a simple signal detection software (Madhavan et al.,
2007; Dzindolet et al., 2003; Yu et al., 2019). It suggests an all-or-none logic, i.e. the
algorithm is either perfect or flawed with errors that could recur in the future
interaction. In line with this research, we also observe a harsher decrease in algorithmic
advice usage compared to human advice usage after performance feedback on bad
advice. However, this decrease is statistically non-significant. Nevertheless, it might
explain why we cannot observe algorithm appreciation as relatively higher advice
usages are followed by a harsher decrease after a bad advice.

This all-or-none logic of the PAS initially seemed to hold for forecasting
algorithms (Prahl and VVan Swol, 2017). However, yet there is first evidence that this
facet is not generalizable (see also Daschner and Obermaier, 2022). Forecasting
algorithms seem to arouse higher expectations compared to human advisors while they
are not perceived to follow an all-or-none logic. The probabilistic nature and the ability
of forecasting algorithms to learn from mistakes might erode the all-or-none logic and
could increase the acceptance of algorithmic errors, just like for human errors (Berger
et al., 2021). This perception of self-learning algorithms might be further boosted by
the increasing use of machine-learning algorithms in private and professional life
(Jordan and Mitchell, 2015). As our experiment is conducted with university students,

new course offerings such as machine learning regression models and data analytics
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could have enhanced the understanding of the functionality of forecasting algorithms.
The generalizability of the PAS is therefore limited and needs an adjustment. These
recent changes in the perception of forecasting algorithms over the last decade could
be a potential explanation for the deviating findings on algorithm aversion and
appreciation. In addition, our results tendentially support the second facet of the PAS,
i.e. the relatively higher expectations facet toward algorithms, a notion that is
documented for lower-level algorithms, is generalizable to forecasting algorithms.
Except the harsher reactions after revealing bad advice, algorithmic advice is more
appreciated than human advice. In sum, we suggest a ‘superiority of algorithms’
schema for forecasting algorithms as algorithmic advice usage is at least as high as
human advice usage in repeated interactions of our experiment. Yet, more research is
required to investigate whether this finding is generalizable to professional decision-
makers.

Our study extends previous insights by providing a second bad advice. Analyzing
its effects, we find that any differences in the subsequent advice usage disappear
between algorithmic and human advisor. We infer that humans might learn in repeated
interactions that algorithms can err. In turn, there is no harsher decrease of algorithmic
advice usage a second time. In sum, we call for further research on the effect of timing
and frequency of bad advice and the duration of interaction on advice usage. The timing
of the bad advice might have a central influence on subsequent advice usages. In our
experiment, such a bad advice was already provided in an early stage of interaction
(Country 2). Further, in this experiment, we manipulate advice to have two bad advices
of different magnitude. However, the ratio of 2 out of 9 bad advices might not be
representative for real forecasting systems. Future research could apply advisors that
are in practical application.

The focus of this experiment was on the risk of using algorithmic bad advice
more than human advice. Therefore, we manipulated two occasions where advice
would lead to negative consequences. Our results provide evidence that overtrust is
also generalizable to the forecasting domain. In case of bad-advice or even algorithmic
flaws — as simulated in Country 7 — the tendency to appreciate algorithmic advice
backfires, pointing to a possible dark side of ‘algorithm appreciation’. This study

highlights this new risk when implementing algorithmic advisors in forecasting. To
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avoid this, countermeasures need to be considered to increase data literacy. Experiment
1 shows that performance feedback and algorithmic source of advice increase instead
of calibrate trust and advice usage. The tendency to reduce verification activities is thus
particularly worrisome. Yet, literature on overtrust in forecasting tasks is scarce.
Confronted with the trend toward boosting algorithmic advice, we point to its

importance in this task domain.
4 Experiment 2: Representation of Uncertainty Information

Experiment 1 demonstrated that decision-makers overtrust advice, particularly
when it comes from an algorithm and when performance feedback on good advice has
been provided previously. We now investigate how to improve the calibration of advice
usage toward advice quality in a forecasting task.

4.1 Theoretical Background and Hypotheses

Prior research indicates that the representation of the uncertainty information that
is inherent in an advice leads to an increase in trust (Zhou et al. 2017) and improves
decision quality (Dzindolet et al., 2003; Lee and See, 2004; Wang et al., 2009; Mercado
et al., 2016). Experiment 2 examines whether the representation of uncertainty
information inherent in an advice helps to calibrate advice usage to advice quality to
mitigate the risk of overtrust.

There is inherent uncertainty in forecasting tasks (Winkler, 2015; Zhou et al., 2017).
Therefore, representing an inherently uncertain advice with uncertainty information,
i.e. providing a forecast interval, seems to be more congruent than a point forecast (Du
et al., 2011) and provides more relevant information (Leffrang and Mdller, 2021). The
representation of a forecasting interval can thus increase advice usage (Fernandes et
al., 2018; Roulston et al., 2006; Joslyn and LeClerc, 2012; Greis et al., 2016). Yet,
literature is silent whether it also increases overtrust in forecasting tasks.

In addition, there is evidence from the trust in automation literature that the
representation of uncertainty information can help to calibrate advice usage to advice
quality (Zhou et al., 2017; Mercado et al., 2016). We follow this research and
investigate whether this finding is generalizable to forecasting tasks.
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However, if the uncertainty of a forecast advice is too high, i.e. the interval of the
forecast is very wide, advice usage even decreases compared to a point estimate (Du et
al., 2011). This is because the informativeness of the forecast then decreases. Less
informative forecasts are less appreciated by decision-makers (Yaniv and Foster, 1995;
Yaniv, 1997; Goodwin et al., 2013). In contrast, narrow forecasting intervals of an
advice are not perceived as incompetent advice and at the same time convey uncertainty
information inherent in the forecast that seems to be perceived as congruent with the

forecasting task at hand. We therefore hypothesize:

H6a: When advice is good, representing algorithmic advice as a narrow forecasting
interval results in a higher advice usage than a point forecast.
H6b: When advice is bad, representing algorithmic advice as a narrow forecasting

interval results in a lower advice usage than a point forecast.

H7: Representing algorithmic advice as a wide forecasting interval results in lower

advice usage compared to a point forecast, irrespective of advice quality.

4.2 Method

4.2.1 Task and Procedure

We conducted a 4 x 2 mixed design experiment with 221 online participants
(116 women; 99 men; 6 diverse; mean age = 27.81) recruited via the platform Prolific
with uncertainty representation of advice as between-subjects factor. Each participant
was paid a predetermined amount of £ 1.50 after completing the survey. All participants
were obliged to provide written informed consent prior to the experiment. They were
allowed to withdraw at any time and without giving a reason. The average duration of
the experiment was 11 minutes and 10 seconds.

The task was similar to the task in Experiment 1 except three important changes.
First, the historical data was represented as a line graph since a line graph facilitates
the identification of a trend (Washburne, 1927). Second, participants only had to make

two subsequent forecasts instead of nine (within-subjects factor). Third, the advice in
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Country 1 and 2 is based on the Excel forecasting model called ‘Forecast Sheet’.
Comparisons of advice quality with pre-test results mentioned in Experiment 1 indicate

one good and one bad advice.
4.2.2 Independent and Dependent Variables

The representation of uncertainty information is an independent variable.
Uncertainty in forecasts is often represented as confidence intervals in prior research
(Greis et al., 2016; Zhou et al., 2017) or as standard deviations of the mean (e.g., Six
sigma). To generate a significant difference in the width of the confidence interval, we
choose a 70 % confidence level for the narrow, informative forecasting interval
(approximately one standard deviation of the mean) and a 99 % confidence level for a
wide, relatively less informative confidence interval (approximately a three standard
deviations of the mean).

Prior research has shown that people often misinterpret confidence intervals (see
Padilla et al., 2020 for an overview). A main reason is that people have general
difficulties interpreting probabilities and struggle in correct understanding (Belia et al.,
2005; Hoekstra et al., 2014). We therefore also examine an additional representation
format of uncertainty information that does not disclose the quantitative information
included in a confidence interval. We follow prior literature (Goodwin et al., 2013) and
label the upper bound of the 70 % confidence interval as best case and the lower bound
of the 70 % confidence interval as worst case. This reframing of the same information
should be jargon-free (Goodwin et al., 2013). In sum, the representation of uncertainty
information is manipulated as between-subjects factor (point forecast vs. 70 %
confidence interval vs. 99 % confidence interval vs. best/worst case).

As a second independent variable, advice quality is manipulated as within-
subjects factor (good advice, then bad advice). The initial deviation of the participants”
forecast from the actual value of the product demand in week 15 in the pre-test was
10.70 %. In comparison, the algorithmic advice provided by the Excel forecasting
model had a percentage deviation of 1.68 %. Thus, the advice in Country 1 is described
as good advice. In the pre-test for Country 2, the deviation of the algorithmic advice
from the actual product demand value in week 15 is higher (17.95 %) than for the

average participant (4.32 %). Therefore, advice in Country 2 is referred to as bad advice
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(see Appendix B).

WOA as the dependent variable remained the same as in Experiment 1. As WOA
requires a point forecast, we use the middle of the interval forecasts. Thus, the value of
advice is identical for all representation of uncertainty information treatments.
Nevertheless, the provision of interval forecasts complicates the calculation of WOA.
As there is a considerable number of WOA values that exceed 1 or are beneath 0, we
therefore deviate from prior literature and performed a 90 % winsorization, i.e. 90 %
of the data remained unchanged, and observations greater than the 95th percentile are
set to the value at the 95th percentile and all observations less than the 5th percentile
are set to the value at the 5th percentile. In sum, we winsorized 26 and 23 WOA values

for Country 1 and 2, respectively.
4.3 Results

4.3.1 Manipulation Check on Advice Quality

In order to ensure that the advice quality is in line with the pre-test, two separate
one-sample Wilcoxon Signed Rank tests are performed. Accordingly, it can be tested
whether the deviation of the algorithmic advice is smaller (larger) than the average
deviation of the participants' initial forecast from the actual product demand value in
week 15 in Country 1 (Country 2). In Country 1, the algorithmic deviation (1.68 %) is
smaller than the participants™ initial deviation (Mdn 11.05 %, standard deviation
(SD) £ 6.04 %) (p <.001), i.e., the algorithm outperformed the participants in this
forecasting task. In Country 2, the participants” forecast (Mdn 7.05 %, SD + 7.31 %)
was better than the algorithmic advice (17.95 %) (p <.001). The manipulation was

successful.
4.3.2 Descriptive Statistics

Figure 6 shows the mean WOAs in each country. It shows that in order to
calibrate the usage of advice to the quality of advice, point forecasts do not seem to be
helpful. In contrast, conveying uncertainty in advice can help to reduce advice usage in
case of bad advice. However, when uncertainty conveyed to decision-makers is
perceived as excessively high (e.g. a wide forecasting interval due to a 99 % confidence

interval), it may even reduce advice usage in cases where advice is better than the own
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Figure 6: Mean WOA for the respective uncertainty representations of advice. Error bars indicate
95 % confidence interval of the mean.

4.3.3 Hypotheses Tests

To test HE, we run a two-way mixed ANOVA with three groups of representation
of uncertainty information (point forecast vs. 70 % confidence interval vs. 99 %
confidence interval) (n = 165). There is a statistically significant interaction between
the representation of uncertainty information and advice quality on advice usage,
F(2, 162) = 6.134, p = .003, partial n2 = .070. There is a statistically significant
difference in advice usage between representation of uncertainty information in the
case of bad advice, F(2, 162) = 6,247, p = .002, partial n? = .072, however, not for the
good advice. This contradicts H6a.

Advice usage is statistically significantly greater for point forecasts compared to
both, a 70 % confidence interval (M =.210, SE =.080, p =.010) and compared to a
best/worst case interval (M =.295, SE =.088, p <.001) in the bad advice treatment.
The results support H6b.

In a supplementary analysis, in the point forecast group, advice usage is not
statistically significantly different between good and bad advice (M =.017, SE = .056,
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p = .758). In contrast, advice usage is statistically significantly reduced for the 70 %
confidence interval (M =-.158, SE =.059, p = .009) and for the best/worst case interval
(M = -.327, SE = .087, p < .001). This finding further supports the suggestion that
providing uncertainty information helps to calibrate advice usage to advice quality.

To test H7, a Mann-Whitney U test is run to determine if there are differences in
advice usage between point forecasts and 99 % confidence intervals in the case of good
advice. Distributions of advice usage for these two groups are similar, as assessed by
visual inspection. Median advice usage is significantly higher for point forecasts
(Mdn = .5810) than for the 99 % confidence interval (Mdn = .0014), U = 611.50,
z=-5.395, p < .001. Another Mann-Whitney U test is run to determine if there are
differences in advice usage between point forecast and 99 % confidence intervals in
the case of bad advice. Distributions of advice usage for these two groups are similar,
as assessed by visual inspection. Median advice usage is significantly higher for point
forecasts again (Mdn = .5883) than for the 99 % confidence interval (Mdn = .0000),
U =578.50, z =- 5.604, p <.001. The results support H7.

4.4 Discussion

The results of this experiment demonstrate that the representation of uncertainty
information affects advice usage in forecasting tasks. This effect depends on the
informativeness of uncertainty information. Even though a 70 % and a 99 % confidence
interval convey in general the same advice, the representation of a (visually) wider
forecasting interval decreases advice usage. It might be perceived as too uninformative,
even if the confidence level is higher (Yaniv, 1997; Uggirala et al., 2004). This 99 %
confidence interval mitigates the risk of overtrust, but simultaneously, it reduces the
usage of good advice. Consequently, a calibration is not achieved.

The results of Experiment 2 point to a better calibration of advice usage to advice
quality by the narrow forecasting intervals compared to point forecasts. This finding is
consistent with previous literature on the representation of uncertainty information
which found that transparent communication of system uncertainty leads to calibration
of trust (Mercado et al., 2016; Dzindolet et al., 2003; Lee and See, 2004; Wang et al.,

2009). The results seem to be generalizable to forecasting tasks. The additional
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information of forecasting intervals seems to cause the participants to be more careful
about advice usage (see also Mercado et al., 2016). This finding does not imply that
decision-makers reduce advice usage in the case of good advice.

In addition, we find no statistically significant difference between labeling a
forecasting interval as either a 70 % confidence interval or as best/worst case. This
finding contradicts the suggestion of Goodwin et al. (2013) that this reframing of the
same uncertainty information may be perceived as more competent. Even though,
descriptive statistics show that decision-makers tendentially better calibrate advice
usage to advice quality when quantitative information is removed. In both cases, these
narrow, informative forecasting intervals help to mitigate overtrust by calibrating
advice usage to advice quality.

As practical implications, the representation of uncertainty information is indeed
a potential countermeasure to mitigate overtrust in forecasting tasks. However,
forecasting intervals must be informative to decision-makers. Lower confidence
intervals convey advice in narrow intervals and thus help to calibrate advice usage to
advice quality. Thus, in practice, developers of forecasting systems should provide
informative uncertainty information to decision-makers and consider an appropriate
width of a confidence interval for the algorithmic advice. However, the threshold at
which advice becomes less informative is a matter for future research. It should also be
noted that the results of this experiment are based on a short-term interaction with only
one good and one bad advice. Previous literature on representation of uncertainty
information has studied middle-term interactions with the advisor, however, not in the
field of forecasting. Therefore, future research could address whether this effect can

also be observed in repeated interactions with forecasting algorithms.

5 General Discussion

Prior literature shows that interacting with a highly reliable algorithm increases
the risk of overtrust which is commonly associated with negative impacts on decision
quality (Rieger and Manzey, 2022a, b; Bahner, 2008; Mosier et al., 1996, 1997, 2001).
Overtrust could jeopardize the purpose of the human-in-the-loop, which is to override

advice where necessary. Instead, the human could degenerate to a ‘zombie’ (Krugel et
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al., 2022). Therefore, the maintenance of a critical human mind within the human-
algorithm dyad is essential to avoid excessive vulnerability when advisor systems
perform poorly. To the best of our knowledge, this study is among the first that
investigates the risk of overtrust in the field of forecasting.

In Experiment 1 of this study, we address the influence of performance feedback
and source of advice on advice usage in repeated interactions. We find empirical
evidence that the provision of performance feedback on good performance feedback
increases subsequent advice usage, while performance feedback on bad advice reduces
it. On average, advice usage rates are between 40 and 50 %. This reflects the wish of
decision-makers to improve their initial judgment (Harvey and Fischer, 1997). Due to
advice discounting and overconfidence of decision-makers, we might have observed
advice usage rates below 50 % (Harvey and Fischer, 1997; Wiczorek and Meyer,
2019). We further address the call for further research to better understand reactions to
bad advice in forecasting (Prahl and Van Swol, 2017). Limitations of the
generalizability of the PAS and adjustments toward a ‘superiority of algorithms’
schema are discussed.

Furthermore, this study particularly focusses on the risk of overtrust. Therefore,
we separately look at advice usage in cases where the advice is bad, i.e. where the
advice could be misused (Rieger and Manzey, 2022b). Our findings indicate overtrust
when performance feedback is provided (compared to no performance feedback) or
when advice comes from an algorithm (compared to human advice), finally resulting
in negative consequences due to advice usage. This points to an uncritical mind that
fails to override the advice when necessary. This behavior can be seen as misuse of
advice. In addition, the provision of performance feedback rapidly reduces the
decision-maker’s capability to override (obviously) bad advice (as provided in
Country 7). These results are in line with prior research indicating that algorithmic
advisors might be overtrusted rather than distrusted in ethical decisions (Krtgel et al.,
2022).

The findings of Experiment 2 of this study lend support to the congruence
principle (Du et al., 2011) and suggest to represent informative uncertainty information
of advice. This additional information improves advice usage calibrations toward

advice quality. Moreover, it can contribute to fading the all-or-none notion decision-
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makers have of algorithms applied in automation. This could mitigate the effect of the
algorithmic origin of advice on overtrust as examined in Experiment 1. The conveyance
of uncertainty information has also implications for the provision of performance
feedback, widening the range of performance feedback options. For example, the
decision system can inform decision-makers about the hit rate, i.e. the share of
forecasting intervals that has included the true value. The appropriate provision of
algorithmic and human performance feedback is an issue that requires further

explanation.

6 Conclusion

This study is concerned with the risk of overtrust in forecasting tasks. Whether
this is the case is investigated in Experiment 1. Performance feedback indicating the
superiority of advice over the decision-maker’s forecasting quality positively
influences advice usage, but also the risk of overtrust in cases of bad or even flawed
advice. The design and application of forecasting systems therefore require the
consideration of both, the upside potentials as well as the downside risk of providing
performance feedback. This study is therefore among the first that highlights the dark
side of performance feedback. Additionally, algorithmic advice further increases the
risk of overtrust in bad advices compared to human advice. An appropriate design of
the forecasting system is central to avoid that the human could degenerate to a ‘zombie’
in the loop (Kriigel et al., 2022), following advice too uncritically. We therefore
contribute to a better risk awareness within the human-algorithm interaction.

Experiment 2 explores whether the representation of uncertainty information
helps to calibrate advice usage to advice quality. Our findings suggest that an
informative forecasting interval can mitigate the risk of overtrust in forecasting tasks.
However, they also point to the importance of an appropriate representation of
uncertainty information, as wide forecasting intervals are little informative and result
in general decreases in advice usage. To benefit from algorithmic and human
intelligence, this study concludes that decision-makers should be encouraged to
critically verify forecasting advice. Providing informative forecasting intervals is a first

step towards improved data literacy.
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Appendices

Appendix A

Demand per week: Country 2
mMonday ®Tuesday ®Wednesday =Thursday =Friday =Saturday = Sunday
675.000 640.545 646.263

625.000 591.913
600.000 571.078

556.841

525.000 497.793 -
337

475.000 BEETT 455.258

425.000 402.287

400.000 365.201

307.904

250.000 228.065

200.000 176.388

83.809

90.802

Week 9 Week 10 Week 11 Week 12 Week 13 Week 14

Advice 2: 574,166
True Demand 2: 504,433

Demand per week: Country 7

mMonday ®Tuesday ®Wednesday ®Thursday = Friday =Saturday = Sunday
52.500
50.000
47.500
45.000 43.103 43.645
42.500
40.000
37.500
35.000

49.157
46.123

41.709 41.812
39.363

38.502

37.697

35.496 34.564

32310
32500 31.522

30.000
27.500
25.000
22.500

30.148

20.000
17.500
15.000
12.500
10.000
7500
5.000
25500

Week 7

Week 9 Week 10 Week 11 Week 12 Week 13 Week 14

Week 1

Week 3 Week 4 Week 5

Advice 7: 46,265
True Demand 7: 30,843

Figure 7: Product demand forecasting task in Country 2 and Country 7.
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Appendix B

Point Forecast (Country 1 — good advice):

500.000

463.780 466.563

450.000

400.000

363.148

377.573
350.000 341.635

Demand

313.836
329.219

293.477
300.000 306.940 284.284 304.146

278.854
250.000

240.242

200.000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Week

—@—Historical Values ®  Point Estimation

True Demand 1: 336,003

Point Forecast (Country 2 — bad advice):

700.000

640.545 646.263

594.996
]

600.000

556.841
500.000

436.672

Demand
N
o
N
N
@®
~

400.000 365.201

300.000

228.065
200.000

100.000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Week

——Historical Values W Point Estimation

True Demand 2: 504,433

Figure 8: Point forecast in Country 1 and Country 2.
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70 % Confidence Interval (Country 1 — good advice):

500.000

463,780 466.563

450.000

400.000 408.142

363.148

== 361.173
350.000

Demand

313.836

320.219 == 322.096

300.000 293.477

306.940 284.284 304.146

278.854
250.000

240.242

200.000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Week

——Historical Values = 70% Confidence Interval

True Demand 1: 336,003

70 % Confidence Interval (Country 2 — bad advice):

700.000

640545 646.263

== 639.733
600.000

== 550.259

556.841
500.000 497.793

436.672

400.000
300.000
200.000

100.000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Week

—@—Historical Values = 70% Confidence Interval

True Demand 2: 504,433

Figure 9: Representation of uncertainty information with a 70 % confidence interval in Country 1 and
Country 2.
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99 % Confidence Interval (Country 1 — good advice):

500.000

463.780 466.563

450.000
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363.148
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Figure 10: Representation of uncertainty information with a 99 % confidence interval in Country 1
and Country 2.
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Figure 11: Representation of uncertainty information with a best case / worst case label in Country 1
and Country 2.
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