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Abstract

Title: The blame game: Attribution of responsibility in human, black box and explainable Al

in the context of successful and unsuccessful managerial decision-making
Author: Annabel Schneider

The rise of ChatGPT, deep fake artificial images, and automated machine learning techniques
are proof of the growing demand for usable AI methods. The more sophisticated those
applications become, the harder it is to create transparency along the responsibility chain. This
master’s thesis looks into the complex world of responsibility attribution in collaborative
human-Al decision-making with an emphasis on different types of Al and different decision
outcomes within managerial contexts.

The findings support a general trend: compared to Al entities, people tend to place more blame
on human decision-makers, which is consistent with the fundamental attribution error. Contrary
to predictions, the research finds no significant difference in the allocation of blame between
explainable Al and black box Al. This challenges the notion that attribution of responsibility is
decreased by Al transparency and highlights the complex nature of this phenomenon. The study
challenges common thinking by showing that the success of a decision outcome does not
significantly impact responsibility attribution, inferring that accountability stays relatively
constant in managerial decision-making regardless of the outcome.

In conclusion, this thesis emphasizes the crucial role of human decision-makers in managerial
settings and promotes continuous investment in human ethical decision-making training. These
findings provide an important contribution to the discussion of Al ethics and responsibility in

decision-making.

Keywords: human-computer interaction, multi-agent decision-making, Al-supported

management decisions, transparency, trust
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Sumario

Titulo: O jogo da culpa: Atribuicdo de responsabilidade em IA humana, caixa negra e

explicavel no contexto de decisdes de gestdo bem e mal sucedidas
Autor: Annabel Schneider

O surgimento do ChatGPT, dos deepfakes e de técnicas de aprendizagem automatica sdo a
prova da procura crescente de métodos utilizdveis de IA. Quanto mais sofisticadas essas
aplicagdes se tornam, mais dificil € criar transparéncia ao longo da cadeia de responsabilidade.
Esta tese de mestrado analisa o complexo mundo da atribui¢do de responsabilidades na tomada
de decisdes colaborativas entre humanos e IA, com énfase nos diferentes tipos de IA e nos
diferentes resultados das decisdes em contextos de gestao.

Os resultados apoiam uma tendéncia geral: em compara¢do com entidades de IA, as pessoas
tendem a atribuir mais culpa aos decisores humanos, o que ¢ consistente com o erro de
atribuicao fundamental. Contrariamente as previsdes, a investigacdo ndo encontra diferencas
significativas na atribui¢do de culpa entre a IA explicavel e a A de caixa negra. Isto desafia a
no¢ao de que a atribuigdo de responsabilidades ¢ reduzida pela transparéncia da IA e realga a
natureza complexa deste fenomeno. O estudo desafia o pensamento comum ao mostrar que o
sucesso de um resultado de decisao nao afecta significativamente a atribuicdo de
responsabilidades, inferindo que a responsabilidade se mantém relativamente constante na
tomada de decisoes de gestao, independentemente do resultado.

Em conclusio, esta tese enfatiza o papel crucial dos decisores humanos em contextos de gestao
e promove o investimento continuo na formacao de decisores humanos éticos. Estas conclusoes
constituem um contributo importante para o debate sobre a ética e a responsabilidade da A na

tomada de decisOes.

Palavras-chave: interagdo homem-computador, tomada de decisdes com multiplos agentes,

decisdes de gestao apoiadas por A, transparéncia, confianga
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1 Introduction

1.1 Importance of the topic
Managers are responsible for leading organizations toward the accomplishment of objectives
and goals. This responsibility entails flexibility, knowledge management, and superior
decision-making (Abubakar et al., 2019). The way decision-makers arrive at a decision can be
categorized into an intuitive and a rational decision-making style, with the latter referring to a
rather analytical approach and leading to improved decisions, better work, and organizational
performance (Abubakar et al., 2019). The decision-maker must be provided with the
appropriate information to make an informed decision. Though leaders are expected to use their
natural instincts to decide in the face of complex and chaotic contexts, they must also rely on
tools to steer the organization through tough times (Snowden & Boone, 2007). One of those
tools managers can use is artificial intelligence (Al).
But who is responsible when managers and Al make decisions collaboratively? The case of
Elaine Herzberg was one of the first ones to fire up the discussion of whom to blame when a
human agent and a non-human agent work together (Griggs & Wakabayashi, 2018). Elaine
Herzberg died in March 2018 in Arizona when she was hit by a self-driving car while crossing
the street with her bicycle (Griggs & Wakabayashi, 2018). Even though a human driver was
behind the wheel, the Al was in autonomous control. The incident was the starting point of
debates about scenarios involving humans and Al systems and the ethical and legal claims
around it (Griggs & Wakabayashi, 2018).
As more business activities are done online, the decision-making process is more often
performed by algorithms than by humans (Corrales et al., 2018). Al promises to increase
efficiency while saving costs as machine learning involves databases, which reduces the error
rate by constantly optimizing and comparing processes. The global Al market is forecasted with
a compound aggregate growth rate above 35% and revenues over 31 billion US dollars by 2026
(Duygun-Fethi & Pasiouras, 2010; Herrmann, 2023). Thereby, scaling Al can lead to massive
competitive advantages (BCG, 2022).

When applying algorithms to decision-making processes, the algorithm either decides directly
or proposes a decision to be accepted or rejected by the human (Corrales et al., 2018).
Algorithms in decision-making processes have been introduced to areas like online purchases,

retail insurance, small loans, recruitment screening, and personalized pricing (Corrales et al.,



2018). However, with the growing degree of Al autonomy, the need to understand automated
decision-making models through explanation is growing simultaneously, consequently
introducing the term explainable Al (XAI), which aims to make the outcome of the Al
transparent to the end user (Coeckelbergh, 2020). A transparent decision-making process is
especially important in critical application fields such as medicine, industrial production, and
justice (Schmid & Wrede, 2022). Thus, XAl might provide an avenue for the attribution of

responsibility in such decision-making contexts.

1.2 Problem statement and research objective

This thesis’ study aims to contribute to the growing research around responsibility attribution
in Al and human decision-making while focusing on the comparison between black box and
XA

The focus of this study is a decision-making process involving a joint decision in organizations,
consisting of a manager and a black box Al or XAl system, and the attribution of responsibility
in managerial decision-making. Studying the attribution of responsibility in such collaborative
decision-making processes seemed to be appropriate, considering that the responsibility chain
in decisions is getting longer as decision-making processes become more complex and
sophisticated (Dignum, 2017a) and seeing that there is a direct effect of trust on the attribution
of responsibility, therefore greatly impacting usability and adaptation of Al in decision-making
applications. In the context of this study, the general consumer will be the one that is studied in

attributing responsibility.

While conducting this research, I was looking at five research questions to help analyze the

research gap:

1. Do humans overall blame the Al or the manager more?

Mistakes are human. The example of Elaine Herzberg, introduced in the beginning, shows that
Al is also subject to errors and that technology and progress are not always a guarantee of
infallibility and omnipotence. Rather, the advance in Al innovation can weaken trust in human
control and form a distorted image of flawless power, supporting the assumption that humans
associate Al with power, knowledge, and assurance (Tai, 2020). At the same time, the question
arises whether society trusts different Al types equally and whether the same level of

responsibility is attributed, which leads to the second research question:



2. Does the attribution of responsibility differ depending on Al type (black box vs. XAI)?

Humans are emotion-driven beings and, according to previous literature, partly measure a
decision’s success by outcome (Korhonen et al., 2023). Consequently, it would be interesting
to explore whether individuals’ attribution of blame in a human-AlI decision-making context is
dependent on a positive or negative outcome. This opens the following third and fourth research

questions:

3. Does the attribution of responsibility differ in the context of success in comparison with

losses?

4. Do the attributions of responsibility to humans and different types of Al change

depending on whether the outcome of the decision is a success or a loss?

Previous research further suggests that trust in Al applications can change the way stakeholders
adapt and make use of Al in order to grow a more trusting attitude towards Al (Lukyanenko et
al., 2022). Having that in mind, it can be assumed that different levels of trust can have
diversified impacts on individuals’ attribution of responsibility, which leads to the final research

question:

5. Is there an association between trust and responsibility attribution?

By answering the research questions, I want to understand the extent to which humans blame
the AI (black box or XAI) or the manager if a collaborative decision's outcome has negative,
compared with positive, impacts. By analyzing existing research and conducting quantitative
research, this thesis will contribute to our understanding of how we can leverage XAl decision-
making tools to improve decision-making in organizations and facilitate the use of responsible
Al. These topics are gaining importance as companies increasingly implement Al in their
decision-making processes. Previous research has already covered human-Al interactions in
decision-making processes (Alon-Barkat & Busuioc, 2023), while research on applying XAl in
managerial decision-making situations remains relatively unexplored, especially in connection

to the assignment of responsibility and in direct comparison to black box Al, as done in this



context. Therefore, this study aims to close this knowledge gap and offer insightful information

into the application of XAl in managerial decision-making.

1.3 Thesis structure

The introduction covering the research problem around responsibility and trust in Al leads to
the research objectives and research questions of this dissertation. The next chapter presents the
literature review, which summarizes the literature on Al and XAI in decision-making and
assigning responsibility in joint decisions. Chapter 3 explains the methodology used in this
thesis’ study, describing the research design and approach, including the data collection and
analysis method. Chapter 4 presents the quantitative research analysis of the study and
summarizes the results. Further, Chapter 5 opens the discussion around the topic and
summarizes the study's most important contributions, key outcomes, and implications. It further
highlights the implications of attributing responsibility and trust among decision-makers, and
outlines the research’s limitations and proposes potential directions for future research. Finally,

the thesis ends with a conclusion.

2 Literature review

2.1 Al

Al can be defined as “a system’s ability to interpret external data correctly, to learn from such
data, and to use those learnings to achieve specific goals and tasks through flexible adaptation”
(Kaplan & Haenlein, 2019, p. 17). The logic theorist was the first Al program introduced by
scientists at Dartmouth in 1956, thus marking the beginning of Al with the goal of developing
machines that were able to do all the work that humans did until this point. Precisely, machines
that would replicate mainly cognitive functions, such as planning, learning and reasoning, and
problem-solving. At the time, scientists believed they would solve the issue of creating true
artificial intelligence within a little more than two decades (Corrales et al., 2018).

However, the development of Al was hindered by theoretical and financial inertia, only leading
to the evolution of Al through a transition from basic automation to autonomous systems
between the late 2000s and early 2010s (Haenlein & Kaplan, 2019). This evolution marked the
rise of the third wave of Al by introducing deep-structured machine learning, also referred to

as deep learning, making human expertise a little more obsolete (Deng, 2018). One of the first



Al applications using deep learning as part of the third wave of Al was speech recognition
(Deng, 2018). Edwards and contributors (2017) describe machine learning systems as
algorithms that improve by adding data with the goal of making or supporting decisions.
Thereby, machine-learning algorithms help make sense of Big Data, which is becoming
increasingly important for companies (Cheng & Hackett, 2021; Gentsch, 2018). With machine
learning systems being an important branch of Al, they play an increasing role in the decision-
making of individuals (Edwards et al., 2017). Even though the ultimate AI has not been created
yet, systems are already able to gain knowledge through interactions with humans in their
surroundings, leading to the emergence of more complex cognitive structures (Corrales et al.,
2018).

Implementing algorithms in decision-making systems proves to be highly efficient by reducing
time, costs, and effort (Parasuraman & Riley, 1997). It further facilitates predictability and
consistency (Chesterman, 2020). Al is also often found in combination with computer science
and robotics by applying algorithms to create or change rules for making decisions on their
own, or to interpret big amounts of data in data analytics (Corrales et al., 2018). Applying Al
in data analytics has helped with the improvement of predicting market trends (Lai et al., 2021).

Al has been increasingly integrated into decision-making processes in both the private and
public sectors. In the private sector, many commercial transactions these days happen without
human intervention (Chesterman, 2020). Common examples of the use of Al in the private
sector are product and movie recommendations on streaming platforms, friend suggestions on
social media platforms, and personalized ads in search engines (Adadi & Berrada, 2018). These
phenomena are based on data analytics from existing users, on the comparison of customer
journeys, and on consumption habits, which are predictors used in machine learning (Doshi-
Velez & Kim, 2017). Consequently, Al influences humans’ desires and decision-making also
in the field of private entertainment by avoiding the agony of choice. Al can also be found in
decisions facilitating credit assessments by scanning the customers' financial situation,
evaluating the information given by credit agencies, and then either making the customer an
offer or rejecting the application. This can be done via a smartphone app (Corrales et al., 2018).
In another example, Al supports the calculation of insurance premiums by gathering data on
the driving behavior of the company’s customers and selecting a suitable premium based on the
customer’s driving style (Liidemann et al., 2014; Schwichtenberg, 2015). Although Al
facilitates the decision-making process by comparing the most suitable options, it raises the

question of data protection risks and privacy issues, such as data leaks.



Al is also frequently implemented in screening processes for recruiting purposes in which the
Al suggests suitable candidates based on their fit with the vacancy description, which proves to
be highly efficient and cost-saving (Der Tagesspiegel, 2018; Ernst, 2017; Schonhaar, 2018).
Another powerful application that uses Al is personalized pricing in the field of Ee-commerce,
which uses customers account data to categorize customers into spending types to adapt the
prices of their offers accordingly to customers’ spending behavior (Steppe, 2017). The Al can,
therefore, even influence the likelihood of a buying decision at a specified price (James, 2015).
Further, advertising networks that function as third parties for E-commerce businesses use
cookies to collect data for price discrimination (Zuiderveen Borgesius & Poort, 2017). For
instance, travel agencies regularly use decision-making algorithms to determine on which date
travelers are more likely to travel to a certain destination to increase the costs for this location
on that date (Ernst, 2017).

The public sector is also using Al increasingly to improve their public services (van Noordt &
Misuraca, 2022). Integrating Al in policy-making processes facilitates quicker recognition of
social issues, improved analysis of possible policy solutions, and quicker feedback loops after
new policy has been employed (Hochtl et al., 2016). Common processes, such as drafting
documents and routing requests, can be made more efficient by automating and empowering
them through AI recommendations (Mehr, 2017). Through the learning character of Al,
implementing Al technologies in government services will have a great impact on citizens, thus
increasing the performance of the public sector and supporting decision-making (Engstrom et
al., 2020; Veale & Brass, 2019). From those examples arises the question of up until which
point the Al supports human decision-making and nourishes trust in Al and at what point the

Al needs to be more strongly controlled by the decision-makers.

2.1.1 The black box problem

However advantageous technological advancements in Al are, they come with a range of
challenges for businesses and governments. Firms have to anticipate the challenges and
regulatory pressures, which are unpleasant side effects of Al. Especially established companies
struggle with the quick adaptation of technological innovations as legal frameworks are
constantly challenged to adapt to fast-paced developments (Corrales et al., 2018). Further, Al
is often associated with perceived harms, such as unfairness, privacy and opacity, and
discrimination (Edwards et al., 2017).

The challenges and regulatory pressures orbit to a big extent around the unexplainable aspect

of most Al, as typically, Al is black box (Pasquale, 2015). In the context of Al, black box refers



to a system that works in ways that are unexplainable by humans. Pasquale (2015) argues that
the underlying problem of opacity in Al is part of the black box society. Black box society
refers to a society in which behavioral traits of humans, such as credit risk, personality profiles,
and health status, are being predicted by opaque algorithms that use sophisticated machine
learning models fed with big data (Pasquale, 2015). Though the input and output of the black
box Al are tangible, it remains unclear how it arrives at its output, and user attributes are
categorized without explaining why (Pedreschi et al., 2019). It is difficult to comprehend where
the black box AI’s outcome travels and how it is further processed (Pasquale, 2015). Even
skilled data scientists cannot understand the decision model, thus raising concerns due to the
lack of transparency as well as potential biases in the algorithms (Pedreschi et al., 2019). Having
no explaining capabilities renders the Al vulnerable to catastrophic errors or attacks that are
impossible to predict and prevent (Deng, 2018). Many authors therefore suggest that a machine
learning model including an explanation behind its logic would positively impact information
ethics, accountability, safety, and industrial liability (Kingston, 2016; Kroll et al., 2017; Zeng
etal., 2017). The need to adapt to ethical issues has also challenged the legal frameworks around
Al (Corrales et al., 2018). A more generalized framework for data protection was needed to
address the moral considerations in the fields of new applied ethics, such as “robo-ethics”
(Veruggio, 2006) and “machine ethics” (Wallach & Allen, 2009). Hence, the EU General Data
Protection Regulation was introduced in Europe in 2018, aiming to provide a meaningful
explanation behind the logic involved and implement the idea of a right of explanation
(Pedreschi et al., 2019). This regulatory framework provides the legal need to develop Al with
the ability to give explanations. Thus, the study of explainable AI (XAI) is crucial for the future
adoption of Al

2.1.2 Explainable Al
Keeping the negative aspects of Al discussed in the previous section in mind, XAl supports a
switch towards a more comprehensible Al (Adadi & Berrada, 2018). The term XAI was first
used in 2004 in the field of military modeling and simulation systems when Van Lent and
contributors (2004) described XAI as a system that can provide the user with a clear line of
reasoning that connects the user’s request to the resulting action through the AI’s knowledge.
However, the problem of missing explainability in Al was mentioned even before its application
in military modeling systems, which was in medical diagnostics. Experts realized early on that
doctors were reluctant to accept the treatment suggestions provided by the Al. They needed an

explanation in order to have faith in the suggestions. Systems explaining their logic have also



been used in educational settings to help knowledge engineers debug description logic and teach

programmers how to improve when writing code (Van Lent et al., 2004).

XAl does not have one standard definition but is defined by researchers in their respective fields
as an answer to the issue of transparency and trust issues with Al (Adadi & Berrada, 2018).
When XAI became a more prominently discussed topic at international conferences and panel
talks in 2018, two main groups were pushing for the development of XAl (Adadi & Berrada,
2018). One was a group of FAT academics, FAT standing for fairness, accountability, and
transparency in multiple artificial intelligence, machine learning, computer science, legal,
social science, and policy applications. Those academics mainly focused on advancing and
facilitating fairness and explainability in Al decision-making systems that impact society and
the economy. According to FAT, adding explainability to machine learning systems guarantees
that the decisions behind an Al can be explained to individuals who have no prior knowledge
of Al without having to use technical terminology (Barocas et al., 2017). The other group
initially promoting XAI research was a group of researchers from the Defense Advanced
Research Projects Agency, claiming that XAI’s goal is to “produce more explainable models
while maintaining a high level of learning performance (prediction accuracy); and enable
human users to understand, appropriately, trust, and effectively manage the emerging
generation of artificially intelligent partners” (Gunning, 2017, p. 7). They were working on
techniques to make Al explainable to increase explainability in pattern recognition models in
security devices. Shortly after, industrial experts also started showing an interest in XAI. Some
prominent early adaptors of XAl were H20.a1, Microsoft, and Kyndi, using XAl for driverless
applications, government platforms, financial services and credit risk models, and healthcare.
However, the first wave of XAI slowed down shortly after as the focus shifted from
explainability to predictability (Adadi & Berrada, 2018). Edwards and contributors (2017)
argued that even if an explanation for the AI’s behavior is found, it is difficult to assess which

explanations are meaningful.

When approaching the black box problem and finding a solution for missing explanations,
Pedreschi and contributors (2019) suggest two directions that construct meaningful
explanations. One is explanation by design, which presents a machine learning decision model
that is developed together with its explanation. The other suggestion is a black box explanation,
in which the decision still derives from a black box model, but the explanation is reconstructed

around it (Pedreschi et al., 2019). The approach first mentioned is a decision machine-learning



model that reasons its logic and in which the explanation character would simply be an added
validation on top of testing for accuracy, for example (Pedreschi et al., 2019). In the black box
explanation model, the original dataset of the black box is unknown, and the black box gathers

data to explain its decision behavior on its own (Pedreschi et al., 2019).

A prominent study by Biran and McKeown (2017) proposes a human-centric justification for
predictions of machine-learning models by determining the core information of prediction
explanations through narrative roles. The study showed that providing users with an explanation
of the decision outcome helps the user to assess whether the prediction is correct (Biran &
McKeown, 2017). In most cases, the way the explanation of the AI’s prediction is presented to
the end-user is through visual or textual artifacts (Ribeiro et al., 2016). However, it is argued
that textual artifacts play a bigger role than visual artifacts in assessing whether the prediction

is truthful (Biran & McKeown, 2017).

The explaining character in Al can be found in applications such as medical decision-making,
autonomous agent behavior, and explaining predictions of classifiers (Miller, 2019).

In the application field of medical decision-making, XAl is of great benefit in risk assessment
and treatment planning. Adding the feature of explainability to the Al decision-making tool
helps medical workers work more effectively, provides robustness in uncertain situations, and
supports sound and natural decision-making by explaining conclusions to the user (Fox et al.,
2007).

Mercado and contributors (2016) found that the enhancement of transparency in Al increases
human team performance in the context of multi-unmanned vehicle management and that,
despite opposing opinions, adding transparency to the Al does not come with an increase in
cost, speed or accuracy. XAl is also increasingly used in the domain of robotics in which the
users of robotic applications can extricate useful information without understanding the whole
logic behind the application and support in the debugging of divergent behaviors (Hayes &
Shah, 2017).

An extensive approach providing faithful explanations of predictions in a variety of models is
introduced by Ribeiro and contributors (2016). They argue that XAl supports in helping to
decide between models, assessing trust, getting insights into predictions, and improving
untrustworthy models. Hence, it can be concluded that explanations in Al facilitate the

installment of trust in Al applications to a great extent. Blindly trusting the Al without having



an explanation can have catastrophic consequences, for example, if the Al is employed in
terrorism detection (Ribeiro et al., 2016).

However, certain methods of XAI do not seem to work as well as others due to cognitive biases
caused by a lack of experience (Wang et al., 2019). One example is the application of XAl in
medical diagnostic reasoning, in which an experienced person who has learned to generalize
and has seen many predictions until this point can make faster decisions based on the XAI’s
output than an inexperienced person (Wang et al., 2019). Furthermore, Abdul and contributors
(2018) argue that even though plenty of researchers are working on XAlI, they are missing the

important aspect of practical transparency that is usable and beneficial for the end-user.

2.1.3 Responsible Al
Responsible Al is gaining increasing importance as generative Al raises new ethical issues and
operational risks (BCG, 2022). There have been large failures in Al, which can be avoided in
the future by creating responsible Al (Herrmann, 2023). To take leadership in image and speech
recognition algorithms, China encourages the use of Al policies that allow gathering data from
its population, while those policies have weak privacy regulations (Li et al., 2021). Algorithms
for facial recognition led to wrongful arrests in the US due to biased data sets, which caused
many US businesses big losses as they had to withdraw their facial recognition technologies
(Benaich & Hogarth, 2020). Another prominent example of the wrongful use of Al was made
public by the privacy lawsuit against Facebook for using facial recognition technologies
without asking the users for permission (Moyer, 2021). Those examples show that Al is not
inerrant and is prone to errors. Further, the data used for training Al algorithms takes up a
massive amount of computing power, which increases CO2 emissions (Luengo-Oroz, 2019).
Through reinforcement learning bots, fake news have been more present than ever, society is
increasingly radicalized, and addictive social media behavior is promoted, all through the
intention of innovative business models (Bhargava & Velasquez, 2021; Leprince-Ringuet,
2019; Miiller, 2020). Al crime is also just a consequence of innovations in Al and makes it
increasingly difficult to identify perpetrators (Darktrace, 2021). Those events highlighting the
negative aspects of Al and its influence in society have prompted researchers to search for a

way to make Al more responsible (Herrmann, 2023).

Adadi and Berrada (2018) argue that XAl implies responsible Al as it facilitates transparency,
which is at the bottom of most of the aforementioned issues in Al. Responsible Al refers to the

design of an Al system that takes into account human morality and value (Dignum, 2017a).
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However, Al can only be intelligent if it understands the importance of responsibility and
therefore acts as a responsible system, which is only attainable if society takes responsibility
for the effects of Al (Dignum, 2017a). This presupposes that individuals interacting with Al
receive the necessary education and training and that the right codes of conduct are put in place
by installing certain mechanisms that ensure that the Al acts responsibly (Dignum, 2017a). To
achieve this, algorithms representing human values need to be developed, which then explain
their decisions according to how they impact those values (Dignum, 2017a). The last threshold
to overcome is participation. Experts developing Al must be fully aware of how different people
and cultures interact with Al, which relates back to the need for education on Al systems
(Dignum, 2017a).

Decisions made by responsible Al differ from normal Al in accountability, responsibility, and
transparency (ART) (Dignum, 2017b). In the ART framework, accountability includes
answerability, blameworthiness, and liability, responsibility relates to taking charge, and
transparency refers to the openness of data, processes, and results (Dignum, 2017b). The
framework aims to take a different approach than is usual for businesses, where managers
usually take over responsibility by installing its values in the Al so that the Al in itself can be
seen as accountable, responsible and transparent (Dignum, 2017b). To implement ethical
deliberation in Al systems, it is assumed that the Al system is engineered according to a process
of analysis — design — implement — evaluate (Dignum, 2017b). If the ART values were to be
incorporated into this cycle, it would be necessary to do so at the analysis phase, where the
system would need to identify societal values and link the values to formal system requirements
(Dignum, 2017b).

Making Al responsible requires stakeholder, citizen, and academic engagement (Herrmann,
2023). For this to become a reality, Herrmann (2023) proposes three stages to predict the
adoption of responsible innovation in responsible Al, in which managerial implications are first

strategic, then transformational, and lastly, focus on continuous improvement.

2.2 Attributions of responsibility in AI decision-making
Tesla’s self-driving cars have been linked with several accidents, of which at least three of them
were fatal (Boudette, 2021). This represents one of many examples in which the blame of the
decision-maker is twofold and could either be attributed to the Al that is at the bottom of every
self-driving car or the human (Wilson et al., 2022). The moral dilemma that comes with the
implementation of Al in decision-making systems has been studied to an extent in cases that

involve life-and-death scenarios (Malle et al., 2015; Voiklis et al., 2016). However, there are
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many more real-world encounters in which an Al commits a moral wrong (Shank & Gott,
2020).

Wilson and contributors (2022) argue that, for humans, an immoral act usually requires an
intentional act by a responsible person who is subsequently held accountable for the act. For a
behavior to be considered intentional, five requirements must be met: desire for the outcome,
belief that a behavior will lead to the outcome, intention to perform the behavior, skill to
perform the behavior, and awareness of fulfilling the intention as the behavior is carried out
(Malle & Knobe, 1997). However, intentional actions can be seen as unintentional when moral
considerations influence them (Knobe, 2006). If a decision is made under the moral
consideration to do good and the outcome nevertheless is bad, then the action is considered
unintentional (Knobe, 2003). Moral responsibility examines who or what is to be held
accountable for behaviors and outcomes (Fincham & Jaspars, 1980; Shaver, 2012; Wegner &
Gray, 2017). There are several approaches to how humans assign blame. According to
emotional theories of blame, humans assign blame to others when they have feelings of
resentments (Strawson, 2008; Wallace, 1994). Contrarily, conative theories of blame emphasize
intentions, contending that blame arises when a person acts badly while wishing that they had
not done so at all (Sher, 2005). When a perceiver notices a breach in social norms, concludes
that an agent caused the incident, and establishes intentionality, blame can also be seen as both

cognitive and social judgment (Malle et al., 2014).

Robot behavior has been shown to be blamed similarly to the behavior of humans, inferring
that a robot completing a task would be perceived the same way as a human completing the
task (Wykowska et al., 2014). Even though Als are seen more as social allies when they are
designed to seem more intentional (Moor, 2006), since the functioning of the Al is based on the
programming done by a human, the Al is perceived as an agent with lower intentionality
compared to a human (Wiese et al., 2017). To understand Al intentionality, the aspect of
awareness is of high importance as the Al is not aware of the impact of its decision and is
therefore considered less responsible (Wilson et al., 2022). Hence, intentionality is closely
related to blame and responsibility (Malle et al., 2014). Previous research has found that the Al
is less blamed than humans (Hong, 2020). Therefore, I expect the following hypothesis 1a will
be supported:

Hla: Higher levels of responsibility are attributed to humans than to the AL
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As the literature shows, there have been previous studies analyzing the attribution of
responsibility in AI compared to a human (Wilson et al., 2022). However, there is no literature
to this point that differentiates between black box Al and XAI. Previous research in the field of
psychology and decision-making suggests that explanations for a decision can impact the
attribution of responsibility for the outcome. When individuals are provided with an explanation
for a decision, it can affect how they engage in counterfactual thinking (Roese, 1999).
Counterfactuals refer to mental representations of an occurrence that could have happened
(Kahneman, 2014). Hence, if individuals are given an explanation for a decision, they might be
less likely to draw up counterfactuals that blame the decision-maker because they can
understand the reasoning behind the decision. Further, researchers argue that, since individuals
seek causal explanations, they will blame the decision-maker less if a reasonable explanation is
provided (Lagnado & Channon, 2008). Seeing as explanations mitigate blame, I would expect

that less blame is attributed to an Al that provides the individual with an explanation.

H1b: Individuals attribute less responsibility to an XAI than to an AL

Furthermore, the valence of outcome plays a crucial role when attributing responsibility
(Feather & Simon, 1971). Jorling and collaborators (2019) conducted a study to assess the
attribution of responsibility in encounters with service robots and found that responsibility for
negative outcomes compared to positive outcomes was higher. This confirms prospect theory,
which aims to explain how humans make decisions that involve risk and uncertainty and how
they assess potential outcomes (Kahneman & Tversky, 1979). One of the key takeaways of this
theory is that humans tend to assign more weight to potential losses than equivalent gains, also
referred to as loss aversion (Kahneman & Tversky, 1979). If prospect theory is applied to this
study, I expect that individuals would attribute overall more responsibility to both Al and

humans when the outcome of the decision is negative compared to when it is positive, thus:

H2: Higher levels of responsibility are overall attributed when the decision outcome is

negative.

2.3 Trust and accountability in AI decision-making
Trust is based on ethically explainable behavior (Hosmer, 1995). One major requirement to
assess trust in black box Al is to understand the reasoning behind the Al (Ribeiro et al., 2016).

Adding an explainable character to Al would positively impact trust, as companies and
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individuals who do not understand the reasoning behind machine learning models will not be
able to trust them (Pedreschi et al., 2019). If end-users do not trust the outcome of an Al-
supported decision, they will not use the Al in the first place (Ribeiro et al., 2016). Indeed,
when applying Al in safety-critical areas such as autonomous vehicles, robotic assistants, and
personalized medicine, trust is a crucial component (Pedreschi et al., 2019). A study in
autonomous agent behavior showed that individuals trust an AI more when it is transparent in
its decision-making, consequently leading to greater usability (Mercado et al., 2016).

Pieters (2011) points out that we trust other individuals more if they can explain why they act
a certain way. If this was applied to Al, I would expect that if more trust is attributed to Al, then

more responsibility will be attributed to the human. This is concluded in the last hypothesis.

H3: The higher the levels of trust in Al, the higher the attribution of responsibility in

humans.

Based on the literature review conducted for this thesis, there is still a research gap in the
attribution of responsibility in black box Al compared to XAl-supported decision-making. XAl
will most likely be increasingly implemented in decision-making processes due to its
explainable nature and should therefore be studied on the aspects of attributing responsibility
and strengthening trust towards XAI applications.

Based on the preceding literature review, this thesis advances a total of four hypotheses which

will be analyzed in the following two chapters.

3 Methodology

3.1 Research design

The study’s aim was to test the causal effect of Al type (black box Al or XAI) and outcome
type (success vs. failure) on attributions of responsibility in human-Al decision-making. One
acknowledged way to test for causality in hypothetical situations is an experimental study
(Malhotra et al., 2017). A trade-off between internal validity and control versus external validity
and realism can be observed when designing experiments (McDermott, 2011). To avoid that,
the current experimental study incorporates a controlled design with high internal validity and,
further, high external validity by using a realistic scenario.

To address the research objectives, the underlying study uses a quantitative approach, as has

been done in previous research. The study was conducted using the online survey platform
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Qualtrics, allowing a large number of participants to take part without incurring additional
financial costs on the participant’s end (Evans & Mathur, 2005). Online surveys allow
participants to complete questionnaires regardless of place or time, and they increase the
probability of response and confidentiality of the participants, which promotes truthful
participation (Porter et al., 2019).

The experiment consisted of a 2 (Al type: black box Al vs. XAI) x 2 (type of outcome: positive
vs. negative) factorial design, resulting in four different scenarios to which the participants were
evenly assigned. A between-subjects design was used to compare participants’ attribution of
responsibility among the four groups. The between-subjects design facilitates the prevention of
knowledge and spillover effects (Charness et al., 2012), which was desirable in the context of

this study.

3.2 Decision-making scenario

The decision-making scenario the participants were confronted with in the study mirrors a
common example in the field of finance and investment recommendations. Previous research
studied the acceptance of robo-advisors for financial portfolios, making the presence of a human
financial advisor redundant (Sironi, 2016). However, Jung and contributors (2018) concluded
that clients of financial advisory services prefer hybrid solutions over robo-advisors. The hybrid
solution suggests that the robo-advisor decides on an investment portfolio, taking the
customers’ needs and overall market information into account, which a human advisor then
reviews before the client commits to a certain investment portfolio (Jung et al., 2018). Leaning
on this research, the decision-making scenario used in this thesis is a collaborative decision of
an Al and a human portfolio manager.

Participants were asked to imagine a scenario in which they are offered participation in an
experimental investment program. This program facilitated a joint decision-making process of
an experienced portfolio manager and an Al, which was either black box or explainable. The
program was described as an investment analysis system gathering and processing vast amounts
of market data, company reports, and economic indicators through which it generated
investment recommendations. Participants were reminded that the decision of the final
investment portfolio was made collaboratively by the portfolio manager and the black box Al
or XAI. Further, participants were presented with an outcome of the investment decision in
which the portfolio either underperformed or outperformed the market benchmarks, presenting
the participant with a decrease or increase in returns. The full survey can be found in Appendix

A.
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3.3 Sample

To allow the pairwise comparison of conditions, a G*Power (at .80 power) simulation was
conducted (a = .05, power = .80, d = 0.50), which revealed that a minimum of 64 participants
were required per condition for a total of 256 valid answers (Faul et al., 2007). Due to the
present dissertation’s needs, the non-probability convenience sampling method was chosen.
Using this method allows the researcher to align the sample depending on participant
accessibility, measurement ease, and convenience while working with constrained time and
resources (Malhotra et al., 2017). The sampling method proved to be most fitting to reach a
target group that satisfies the necessary requirements. Initially, the survey was distributed via
social media platforms and mouth-to-mouth. To accelerate participants’ response rate, the
survey was further posted on Amazon Mechanical Turk. Amazon MTurk proved to be a great
addition to receive fast and reliable responses. Recently, more and more academic researchers
have been using MTurk for their scientific surveys and experiments (Porter et al., 2019).
Between the 8" and 16" of August, 818 surveys were completed. However, 232 participants
had to be excluded from the analysis as they failed the attention check. This led to a valid
sample of 586 participants, of which 50.5% were male, 49.2% female, and 0.3% identified as
non-binary or third gender. Further, most participants were from the US, with 75.1%, 10.9% of
the participants were from Germany, and 14% were from other countries. The average
participant was 34 years old (M = 33.97, SD = 9.86) and 93.9% of the participants had a
university degree (N = 550). Moreover, 89.1% of the participants were either employed or self-
employed. On the subjective social status scale, the average participants assigned themselves
to the upper quarter of the social ladder (M = 7.58, SD = 1.51). More details about the scale can
be found in Chapter 3.5.1 under demographics. See Appendix 2 for more details on population
statistics.

Participants were randomly assigned to four groups: 1) black box Al + positive outcome, 2)
black box Al + negative outcome, 3) XAl + positive outcome, and 4) XAl + negative outcome,
to ensure a uniform distribution of people among the four groups. Due to some people failing
the attention check, an equal distribution of participants among those four groups could not be
guaranteed after the data set had been cleaned. The per group frequency was 212, 196, 196, and
214 for the black box Al + positive outcome, the black box Al + negative outcome, the XAl +

positive outcome, and the XAl + negative outcome groups, respectively.
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3.4 Procedure

At the beginning of the study, participants were asked to rate their familiarity with black box
Al and XAl before they were exposed to one of the scenarios described in Section 3.2, in which
the Al was either black box or explainable. Participants were further provided with background
information on the portfolio manager and a short explanation of the black box Al or XAl
system. Considering Al to be a recent field, not providing an explanation might influence the
trust component independently of the manipulation. Next, participants were asked to rate how
easy it was to understand the scenario. The study then provided participants with information
on how the investment portfolio was performing after one year. Depending on the group the
participants were randomly assigned to, they would find themselves either in the positive or
negative outcome group. The positive outcome group displayed a portfolio that was
overperforming in comparison to market benchmarks, while the negative outcome group was
underperforming.

Participants were then presented with two questions that served as a manipulation check to
assess whether they understood the scenarios they were presented with. Then followed the
responsibility scale, in which participants could rate how responsible, accountable, and in
control they found the portfolio manager and the black box Al or XAl in the decision-making
scenario. After that, participants were asked to rate their trust towards the portfolio manager
and the black box Al or XAlI, followed by a scale assessing the risk aversion of participant as
well as their experience in the use of black box Al or XAl in various common application fields.

The last block of the study was comprised of the demographic questions and the attention check.

3.5 Variable measurement

3.5.1 Main variables
Type of Al (black box vs. explainable): The decision-making process, as well as the decision
outcome, were determined by a collaborative evaluation consisting of a professional individual
— in this case, a portfolio manager — and an Al system. Depending on which group the
participant was put in at the beginning of the study, the Al system could either be black box or
explainable. Therefore, the type of Al is an independent, categorical variable that represents the

two types of Al

Type of outcome (positive vs. negative): The second independent categorical variable is the
outcome of the investment portfolio, which could either be positive when the portfolio was

outperforming market benchmarks or negative when it was underperforming market
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benchmarks. By adding a type of outcome to the study, I aimed to assess whether individuals
attribute overall more responsibility to the decision-maker when the outcome is negative as to
when it is positive. Following prospect theory, it can be expected that overall, more

responsibility is attributed when the outcome is negative (Kahneman & Tversky, 1979).

Attribution of responsibility: The dependent continuous variable assessed to what extent
participants attributed responsibility to the AI and the portfolio manager. To attribute
responsibility to Al (either black box or XAI) or the portfolio manager, participants were
presented with three items using a 9-point scale. The 3-item scale originates from Botti and
collaborators (2006), which was later adapted by Jorling and collaborators (2019), containing
responsibility, accountability, and behavioral control. Jorling and collaborators (2019) used
those three items in their study to assess the attribution of responsibility in encounters with
service robots. An example item from the present study reads, “I find the black box Al
responsible for the outcome” (1 = Not at all; 9 = Extremely). The statement was then adapted
for the items of accountability and behavioral control. Regardless of whether participants were
in the black box Al or XAl group, in each case, participants were also asked to rate those three
items regarding the portfolio manager. Hence, participants were asked to what extent they found
the black box Al or XAl and the portfolio manager responsible, accountable, and in control of

the decision outcome.

3.5.2 Covariates
Familiarity with AI: Alon-Barkat and Busuioc (2023) identified familiarity with Al as arelevant
component that influences an individual’s reliance on Al advice. Therefore, I included it as a
covariate in the analysis. Participants rated their overall familiarity with black box Al and XAI

on a 5-point scale (1 = Very familiar; 5 = Not familiar at all).

Ease of understanding scenario: Right after being presented with the decision-making scenario,
participants were asked to rate the ease of understanding the scenario on a 5-point scale (1 =
Not easy at all; 5 = Very easy). This scale presents a slightly modified version of the single ease
question, usually applied in post-task questionnaires aiming to interfere as little as possible with

the flow of the survey (Puspitasari & Tarigan, 2019).

Manipulation check: As a manipulation check of the independent variables, participants were
asked to indicate scenario outcome (outperformed or underperformed) and type of Al (black

box Al or XAI).
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Trust in AI: Depending on the group, the participants were randomly assigned to, this variable
either asked about participants’ trust in black box AI or XAI. An example statement read, “I
trust a black box Al in decisions regarding my investment portfolio”. The same statement was
repeated with the portfolio manager as subject and, for the scenario with an XAlI, the statement
was posed with an XAl as subject. Participants could rate their trust levels from 1 (Strongly
Disagree) to 7 (Strongly Agree). The variable trust in Al has been included in this study as
recent research suggests a trend towards “algorithm appreciation” in business management
studies, suggesting that individuals over-trust algorithmic outputs (Logg et al., 2019). Hence, it
is to be assessed whether that goes only for black box Al or also for XAlI.

Risk-aversion: The variable risk aversion involved asking participants, on a 7-point scale (1 =
Strongly Disagree; 7 = Strongly Agree), to what extent they like to take risks in their investment
decision-making. This scale is a compressed and modified version of the general risk aversion

scale (Mandrik & Bao, 2016).

Experience with black box Al / XAl applications: To get an idea of how experienced participants
are with black box or explainable Al, they were asked to rate how much experience they had
with Al in common application fields, namely finance and investment decisions, medical
diagnostics and treatment planning, autonomous vehicles, customer service, supply chain
management, and e-commerce. A 7-point scale was used for this variable, where 1 stands for

“Not at all” experienced and 7 for “Extremely”.

Attention check: To assess whether participants were paying attention while participating in this
study, an attention check (Curran & Hauser, 2019) was included within the demographics
section. Participants were asked to rate the statement “I have never used a computer” on a 7-
point scale (1= Strongly Disagree; 7 = Extremely). However, only values 1 and 2 were
considered as passing the check.

Demographics: The demographics section of the study asked participants to state their gender,
age, nationality, education, occupation, and social status. Similar demographic questions had
been asked in previous studies (Chua et al., 2023; Hou & Jung, 2021). Gender was presented
as male, female, or non-binary/third gender. Participants could also choose not to indicate their
gender altogether. Age was measured in years. The nationality variable was measured in a
single-choice manner proposed by Qualtrics. The education variable asked participants whether
or not they attended university, and the occupation variable measured whether participants were

students, employed, or had already retired. The subjective social status was measured by using
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the Mac Arthur scale of subjective social status, on which individuals could rank their
subjective social status on a ladder rank from 0 to 10, where 0 refers to an individual that is the
worst off and 10 refers to an individual that is the best off (Adler et al., 2000). For more details

on all variables, refer to Appendix A where the full survey can be found.

4 Results

4.1 Data preparation and scale reliability
To assess the reliability of the scales used in the study, Cronbach’s a was calculated and a factor
analysis was performed using SPSS. For that, I computed three scale variables for human
(portfolio manager), black box, and XAI responsibility, and two scale variables for familiarity
with black box and XAl applications. Each of the responsibility scales included the three items
of responsibility, accountability, and control, measured with a 9-point scale. The two scales that
were calculated for familiarity with black box Al and XAI applications both included six items
of use in finance and investment decisions, medical diagnostics and treatment planning,
autonomous vehicles, customer service, supply chain management, and e-commerce.
Conducting the factor analysis showed that, for each scale, only one component was extracted.
Furthermore, no item had to be removed to reach Cronbach’s o above 0.70, which is the
minimum value for each scale to be considered reliable (Vale et al., 1997). The human, black
box, and XAl responsibility scales had Cronbach’s as of 0.78, 0.90, and 0.83, respectively, and
the scales measuring familiarity with various black box Al and XAI applications both had a

Cronbach’s a of 0.95 (see Appendix 3). Hence, the scales can be considered as reliable.

4.2 Descriptive and bivariate statistics
The descriptive statistics were composed of ten variables. The variables measuring familiarity
with Al (M = 2.25, SD = 1.06) and familiarity with XAl (M = 2.86, SD = 1.28) both had
moderate means on a 5-point scale, indicating moderate levels of familiarity. However,
participants seemed to be slightly more familiar with the term Al than XAI. Participants further
seemed to have understood the scenario fairly easily, with M = 3.85 and SD = 0.80 on a 5-point
scale, where high means indicate a very good understanding of the scenario. The variable
presenting the responsibility of the human presented M = 6.83, SD = 1.38 on a 9-point scale, on
which higher means indicated higher attributions for responsibility. The same 9-point scale was

used to measure responsibility for Al and XAI, which showed a slightly lower mean (M = 6.58,
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SD = 1.77) compared to the human. The variable indicating trust for AI and XAI showed M =
4.98, SD = 1.28 and was measured on a 7-point Likert scale on which higher means stand for
higher levels of trust. The risk variable was measured on the same scale (M = 5.13, SD = 1.46),
where higher means indicate that the participants are more likely to take risks in their
investment decisions. The variable assessing participants’ previous experience with Al and XAl
applications was measured on a 7-point scale and indicated M = 4.78, SD = 1.66, meaning that
the average participant had overall some experience with Al and XAI applications. The
variables age and subjective social status scale have already been mentioned in the sample
section of the previous chapter.

For the frequency statistics, the variables gender, nationality, education, occupation, and Al
type and outcome have already been addressed in the sample section of this study. The variables
manipulation check Al type and manipulation check outcome show how many participants
failed each of those manipulation checks. The first was failed by 248 participants (42.3%) and
the second was failed by 120 participants (20.5%). If those two manipulation checks had been
used in addition to the attention check to filter out invalid responses, the minimum requirement
of 64 people per group would not have withheld those checks.

Then, the categorical variables were recoded into binary variables, after which all continuous
and categorical variables were listed in a bivariate correlation table. The bivariate correlation
table serves to assess the correlation between two variables (Field, 2009). The Pearson’s

product-moment correlation was chosen for the bivariate correlation table.

4.3 Hypotheses testing

The hypotheses were tested by conducting one repeated measures ANOVA and one repeated
measures ANCOVA using SPSS. First, the repeated measures ANOVA was conducted. The
dependent variable was the score on the responsibility scales. Decision maker type (human vs.
Al) was the only within-subjects factor, while type of Al and type of outcome was the between-
subject factors.

The results of the repeated measures ANOVA revealed a significant effect of decision maker
type, F(1,582) = 11.62, p < .001. Inspecting the means, it can be inferred that, overall, the
human decision-maker, in this scenario the portfolio manager, was considered more responsible
(M =6.83, 8D = 1.38) than the Al (M = 6.59, SD = 1.77). There was no effect of Al type (black
box Al vs. XAl), F(1,582) =0.39, p = .531, nor of the type of outcome (positive vs. negative),
F(1,582)=0.18, p=.673), and no interactions (all ps > .05), except for the interaction between
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Al type and outcome type, F(1,582) = 4.84, p = .028. See Appendix 4 for the means and
standard deviation of the repeated measures ANOVA.

Source F df1 df2 P
Decision maker type 11.62 1 582 <.001
Decision maker type x Al type 0.39 1 582 531
Decision maker type x outcome 0.18 1 582 .673
type

Decision maker type x Al type x 0.26 1 582 .613
outcome type

Al type 0.94 1 582 332
Outcome type 0.01 1 582 914
Al type x outcome type 4.84 1 582 .028

Table 1. Repeated measures ANOVA statistics.

Post-hoc analyses through independent samples t-tests revealed no significant responsibility
difference between the outcome type (positive vs. negative) in the black box Al condition,
#288) = 1.49, p = .137, nor in the XAl condition, #294) = -1.62, p = .107. There was also no
difference between black box Al and XAI within the positive condition, #(280) = -0.91, p =
.363. However, there was a significant difference in the negative outcome condition, #302) =
2.17, p = .031, such that the responsibility ratings were higher in the XAI condition (M = 6.88,
SD = 1.35) than in the black box Al condition (M = 6.53, SD = 1.45).

Thus, the repeated measures ANOVA shows that humans were considered, overall, more
responsible than any type of Al and therefore confirms H1a, which suggests that higher levels
of responsibility are attributed to humans than to the Al. The analysis further indicates that
when the decision outcome is negative, individuals attribute more responsibility to both humans
and Al in the XAI condition than in the black box Al. However, when the outcome is positive,
participants attribute responsibility equally in the black box and XAI conditions. Therefore,
H1b, which states that, overall, individuals attribute less responsibility to an XAl than to a black
box Al, as well as H2, which suggests that higher levels of responsibility are overall attributed

when the decision outcome is negative, were not supported by this analysis.
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To test for the robustness of the results of the repeated measures ANOVA, a repeated measures
ANCOVA was conducted, which allows the reduction of within-group error variance and
eliminates confounds in the regression model (Field, 2009). The control variables were first
assessed, using the bivariate correlation table in Section 4.2, as to whether they had any
significant zero-order correlations with the dependent variable. This first criterion was met by
14 variables. Then, only variables that had correlations smaller than .30 with the between-
subjects variables were considered eligible for the ANCOVA, to avoid multicollinearity issues
between control variables and the between-subjects variables. Again, 14 variables met this
second criterion. Third, a set of covariates was chosen such that the full set did not have any
correlations above .30 among them, again to avoid multicollinearity (between the control
variables). A final set of six variables was thus added to the repeated measures ANCOVA:
Familiarity with Al, ease of understanding the scenario, outcome manipulation check,

occupation, university degree, and trust in both Al and XAI.

The results of the repeated measures ANCOVA revealed a significant effect of decision maker
type, F(1,576) =6.91, p =.009. Inspecting the means, it can be inferred that, overall, the human
decision-maker, in this scenario the portfolio manager, was considered more responsible (M =
6.83, SD = 1.38) than the Al (M = 6.59, SD = 1.77). Further, just like in the repeated measures
ANOVA, there was no effect of Al type (black box Al vs. XAlI), F(1,576)=3.10, p =.079, nor
of the type of outcome (positive vs. negative), F(1,576) = 0.73, p = .393.

In terms of covariates, there were four significant covariates: familiarity with Al, F(1,576) =
14.23, p < .001, the outcome of the manipulation, F(1,576) = 9.64, p= .002, whether
participants were employed or not, F(1,576) = 37.39, p < .001, and level of Al trust, F(1,576)
=482.54, p <.001. All other covariates had p > .05.
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Source F df1 df2 D

Al familiarity 14.23 1 576 <.001
Ease of understanding scenario 0.79 1 576 372
Manipulation check for outcome 9.64 1 576 .002
Employment 37.39 1 576 <.001
University degree 0.19 1 576 .659
Trust in Al and XAI 482.54 1 576 <.001
Al type 3.10 1 576 .079
Outcome type 0.73 1 576 393

Al type x outcome type 2.41 1 576 121

Table 2. Tests of between-subjects effects of repeated measures ANCOVA statistics.

In terms of interactions with the type of decision-maker, only two were significant: ease of
understanding, F(1,576) = 8.21, p =.004, and trust in Al, F(1,576) =34.31, p <.001; all others

were non-significant.

Source F df1 df2 p
Decision maker type 6.91 1 576 .009
Decision maker type x Al 3.59 1 576 .059
familiarity

Decision maker type x ease of 8.21 1 576 .004
understanding scenario

Decision maker type x manipulation 0.64 1 576 423
check for outcome

Decision maker type x employment 1.38 1 576 240
Decision maker type x university 0.22 1 576 .636
degree

Decision maker type x trust in Al 34.31 1 576 <.001
and XAI

Decision maker type x Al type 0.47 1 576 495
Decision maker type x outcome type 0.99 1 576 319
Decision maker type x Al type x 0.41 1 576 521

outcome type

Table 3. Tests of within-subjects effects of repeated measures ANCOVA statistics.
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Looking at the coefficients, Al familiarity had no significant impact on perceptions of Al
responsibility, b= -0.07, p= .181 but was significantly associated with lower ratings of
perceived human responsibility, b = -0.20, p < .001 (this interaction was marginal in the main
analysis, p = .059). Further, the ease of understanding the scenario had no significant impact on
perceptions of Al responsibility, b=-0.09, p =.222, but was significantly associated with higher
ratings of perceived human responsibility, b = 0.18, p = .004. Passing the outcome manipulation
was associated with lower Al (b =-0.36, p =.009) and human (marginally, b =-0.22, p =.063)
responsibility ratings. Being employed was associated with higher Al (b = 0.90, p <.001) and
human (b = 0.62, p < .001) responsibility ratings. Moreover, whether the participants had a
university degree or not had no significant impact on the perceptions of Al responsibility, b =
0.14, p = .549, nor on the perceptions of human responsibility, b = 0.00, p = .997 and, as trust
in the particular Al type participants saw increase, so did the responsibility attributed to the
human (b = 0.50, p <.001), but even more so (as the interaction was significant) was the

increase in responsibility attributed to the Al (b = 0.83, p <.001).

Dependent variable Parameter B D
Responsibility Al and Al familiarity -0.07 181
XAI
Ease of understanding scenario -0.09 222
Manipulation check of outcome -0.36 .009
Employment 0.90 <.001
University degree 0.14 .549
Trust in Al and XAl 0.83 <.001
Responsibility human Al familiarity -0.20 <.001
Ease of understanding scenario 0.18 .004
Manipulation check of outcome -0.22 .063
Employment 0.62 <.001
University degree 0.00 .997
Trust in Al and XAI 0.50 <.001

Table 4. Parameter estimates of coefficients of repeated measures ANCOVA statistics.

Thus, the repeated measures ANCOVA found 1) a significant effect of decision maker type,
which mirrored the results from the repeated measures ANOVA. Thus, Hla is supported as,

overall, participants considered the human decision-maker more responsible than the Al; 2)
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employees attributed more responsibility to both human and Al than non-employees, 3) and the
more participants trusted Al, the more they attributed responsibility to humans, but even more
so to the Al, in human-AlI joint decisions, thus supporting H3. Finally, consistent with the
results of the repeated measures ANOVA, there was no significant effect of Al type nor Al
outcome in the repeated measures ANCOVA, so this experiment does not support H1b and H2.

To summarize, the repeated measures ANCOVA largely confirms the results obtained from the
repeated measures ANOVA. It supported Hla by showing that humans were generally
considered more responsible than Al. However, it did not provide support for Hlb or H2, as
there were no significant differences between black box Al and XAI or between positive and
negative outcomes in terms of responsibility attribution. Moreover, H3 is supported since a
correlation between trust in Al and responsibility attribution in Al was found. Further, the
repeated measures ANCOVA highlighted the influence of the variable ease of understanding

scenario, which might have indirect effects on the attribution of responsibility.

S Discussion

A study on the attribution of responsibility in collaborative human-Al decision-making was
conducted by exposing participants to a decision-making scenario based on a real-world case.
Participants were randomly assigned to one of four groups which differed in the type of Al

(black box vs. XAl) and in the type of outcome (positive vs. negative).

The study showed that, as expected, humans generally attribute more responsibility to the
human decision-maker — in our case the manager — than to an Al. This finding aligns with the
previous literature that has found that Al is less blamed than humans (Hong, 2020). Further, it
is supported by the theory of fundamental attribution error, suggesting that humans tend to
attribute the behavior of others to dispositional factors, which in this case is the manager’s
responsibility, rather than situational factors, which could include the AI’s influence
(Gawronski, 2007).

The result underlines the ongoing importance of human decision-makers in managerial contexts
and implies that, despite advancements in Al, humans continue to be seen as the primary agents
responsible for decisions. Managers should recognize the persistence of this perception and

consider it when implementing Al systems.
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Contrary to the second hypothesis, the study did not find a significant difference in
responsibility attribution between black box Al and XAI. This result challenges the notion that
XAl with its transparency and interpretability features, would lead to reduced blame attribution
(Lagnado & Channon, 2008). This finding suggests that the nature of the AI’s decision-making
process may matter less than initially anticipated. Regardless, it also adds to the existing
literature on Al ethics and responsibility attribution. While XAl is designed to provide insights
into Al decision-making, it may not necessarily mitigate the tendency to attribute responsibility
to humans. From that, it can be implied that organizations should be cautious about assuming

that XAI will automatically shift responsibility away from human decision-makers.

Further, the study did not find significant differences in responsibility attribution between
successful and unsuccessful outcomes. This result challenges the idea that individuals attribute
more responsibility to decision-makers in cases of failure (Kahneman & Tversky, 1979). It
therefore suggests that, in the context of managerial decision-making, the success or failure of
an outcome may not strongly influence responsibility attribution to humans or Al. This finding
has practical implications for organizations. It implies that, from a responsibility perspective,
both successful and unsuccessful decisions produced by human-Al pairs may be treated
similarly. Managers should be aware that, in these situations, accountability is not necessarily

heightened in the face of failure, and Al's presence may not significantly alter this dynamic.

Moreover, this research found a significant effect of trust in Al on responsibility attribution.
This aligns with prior research that suggests trust influences perception and reliance on Al
systems (Pedreschi et al., 2019). Trust in Al was associated with greater responsibility
attribution to Al highlighting the role of trust as a key factor in shaping perceptions of
accountability. Managers and organizations should recognize the importance of building trust

in Al systems among stakeholders.

The findings of this study emphasize the ongoing significance of human decision-makers in
managerial contexts, as well as in the field of AI. As blame is assigned more to humans than to
Al, it can be inferred that organizations should continue to invest in human decision-making
skills and ethical decision training. Furthermore, the findings of this study suggest that
transparency alone will not facilitate a shift of blame away from Al, as there was no significant

difference in attributing responsibility between Al types (black box or XAlI).
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5.1 Limitations and future research
Despite the fact that this research has significant ramifications, there are several restrictions,
particularly with regard to the generalization of data. For data collection, non-probability
sampling was the appropriate method given the time and money constraints, yet it produced a
non-representative sample. Due to deleting all participants who failed the attention check, there
was a non-normal distribution of participants to the four groups, of which each represented one
scenario. This considerably reduces the power of the test. To strengthen the trustworthiness of
the results, this study should be replicated with a bigger, more representative sample, as the
majority of the participants were from the USA and had tertiary education.
Furthermore, even though real-world scenarios were used in an effort to boost external realism,
the setup was nevertheless artificial, which led to the result that participants had to use their
imagination on how they would act upon this scenario in the real world. Although intentions
are a commonly accepted predictor of actual behavior, inconsistencies can arise (Ajzen, 1980).
Additionally, the decision-making scenario used in this study might not always be reflective of
all real-world circumstances. Therefore, future research should replicate this experiment in a
setting that displays the entire decision-making context.
The biggest drawback of this study is that it only represented one domain of decision-making
— finance, which restricts the implications of the general perception of blame and trust in black
box Al and XAI. There is still a broad range of other areas of practice in which black box Al
and XAl could be applied to enhance decision-making. This research should thus be expanded
to include a wider range of objective and subjective activities in order to determine whether or
not this influences how much employees trust Al assistance.
Finally, future research could explore the impact of decision context and the role of individual
differences in Al responsibility attribution. Furthermore, longitudinal studies could investigate
changes in responsibility attribution over time as Al becomes more integrated into

organizations and the day-to-day life of individuals.

5.2 Conclusion
This study aims to shed light on the complex dynamics of responsibility attribution in AI-human
decision-making. It highlights the ongoing importance of human decision-makers, the influence
of Al transparency, and the role of trust in shaping perceptions of responsibility.
Comprehending these dynamics is crucial for all stakeholders for effective decision-making

and ethical Al implementation as organizations continue to navigate the Al landscape.
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Appendix

Appendix 1: Survey questionnaire

As part of my Master's thesis at Catolica Lisbon School of Business and Economics, [ am
conducting a research study in the field of decision-making. The study serves to understand
how individuals perceive responsibility in collaborative decision-making

scenarios involving a human portfolio manager and an Al system.

It will not take you longer than 5 minutes to complete the survey, and your participation is
completely voluntary. The survey is anonymous, and the data collected will be kept strictly
confidential. Only aggregated results will be used in any report on the survey.

You have the right to decline participation and to withdraw from the research once
participation has begun. There are no foreseeable consequences of declining or withdrawing,
nor any potential risks, discomfort or adverse affects expected from participation.

If you have any questions or comments, you can reach out to me through s-
anschneider@ucp.pt.

Thank you very much for your time!
How familiar are you with the term artificial intelligence (AI)?
Very familiar (1)
Moderately familiar (2)
Somewhat familiar (3)
Slightly familiar (4)

Not familiar at all (5)
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...and with the term explainable artificial intelligence (XAI)?
Very familiar (1)
Moderately familiar (2)
Somewhat familiar (3)
Slightly familiar (4)

Not familiar at all (5)

Scenario:

Please imagine that your bank offers an experimental investment program. In this option, a
portfolio manager cooperates with an explainable artificial intelligence (XAI)-powered
investment analysis system to gather and process vast amounts of market data, company
reports, and economic indicators. The XAl system generates investment recommendations
based on its analysis and identifies undervalued stocks with growth potential, suggesting a
diversified investment portfolio. The manager then reviews these recommendations, taking
into account her own expertise, risk tolerance, and specific client preferences. The final
investment decisions are made collaboratively, combining the insights of the XAl system and
the manager's experience.

Background information on the manager:

The human portfolio manager participating in this program is a seasoned financial
professional with a background in investment management. She was selected based on her
extensive experience and expertise in the financial market. Additionally, the manager has
received specialised training in dealing with XAI systems, to effectively interpret and
integrate Al-generated insights into her decision-making process.

Background information on the XAI system:

The XAl system that is part of this program was trained with big data from various companies
and developed through a collaboration between industry leaders in data analysis and well-
respected universities. It was selected based on its performance against the available best-
performing models and historical data, in a process in which part of the data is used to train
the model and another part is withheld so it can serve to test the XAl's performance. Because
it is an XAlI, it provides human-understandable explanations for its decisions and outputs
by showing which features of each investment option it valued and how.

Scenario:

Please imagine that your bank offers an experimental investment program. In this option, a
portfolio manager cooperates with a black box artificial intelligence (AI)-powered
investment analysis system to gather and process vast amounts of market data, company
reports, and economic indicators. The Al system generates investment recommendations
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based on its analysis and identifies undervalued stocks with growth potential, suggesting a
diversified investment portfolio. The manager then reviews these recommendations, taking
into account her own expertise, risk tolerance, and specific client preferences. The final
investment decisions are made collaboratively, combining the insights of the Al system and
the manager's experience.

Background information on the manager:

The human portfolio manager participating in this program is a seasoned financial
professional with a background in investment management. She was selected based on her
extensive experience and expertise in the financial market. Additionally, the manager has
received specialised training in dealing with Al systems to effectively interpret and integrate
Al-generated insights into her decision-making process.

Background information on the Al system:

The black box Al system that is part of this program was trained with big data from various
companies and developed through a collaboration between industry leaders in data analysis
and well-respected universities. It was selected based on its performance against the available
best-performing models and historical data, in a process in which part of the data is used to
train the model and another part is withheld so it can serve to test the Al's performance.
Because it is a black box Al, it does not provide human-understandable explanations for its
decisions and outputs, generating them without transparently revealing the reasoning or
logic behind them.

Please indicate how easy it was to understand the scenario described on the previous page.

Not easy at all (1)
Somewhat not easy (2)
Neutral (3)

Somewhat easy (4)

Very easy (5)

Imagine you decide to put 30% of your investments into this new investment program. At the
end of the first year your investment portfolio outperforms the market benchmarks,
achieving higher returns than traditional investment strategies.

Imagine you decide to put 30% of your investments into this new investment program. At the
end of the first year your investment portfolio underperforms the market benchmarks,
achieving lower returns than traditional investment strategies.
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In the scenario you just read, did the Al provide human-understandable explanations for its
decisions and outcomes?

Yes (1)
No (0)

... and did your investment portfolio outperform or underperform in comparison to the
market benchmarks?

Outperformed (1)

Underperformed (0)

Keeping the scenario in mind, please rate each statement from "1 - Not at all" to "9 -
Extremely".

Not at
all 2(2) 3(3) 4(4) 5(5) 6(6) 7(7) 8 (8)
1(1)

Extremely
909

I find the
portfolio
manager
responsible
for the
outcome.

I find the
portfolio
manager
accountable
for the
outcome.

I find the
portfolio
manager
in control
of the
outcome.
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Keeping the scenario in mind, please rate each statement from "1 - Not at all" to "9 -

Extremely".

Not at
all

1(1)

I find the
black box
Al
responsible
for the
outcome.

I find the
black box
Al
accountable
for the
outcome.

I find the
black box
Al in
control of
the
outcome.

2(2)

303)

4(4)

505

6 (6)

7(7)

8(8)

Extremely
909)
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Keeping the scenario in mind, please rate each statement from "1 - Not at all" to "9 -

Extremely".

Not at
all

1(1)

I find the
XAI
responsible
for the
outcome.

I find the
XAI
accountable
for the
outcome.

I find the
XAl in
control of
the
outcome.

2(2)

303)

4(4)

505

6 (6)

7(7)

8(8)

Extremely
909)
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Please indicate an answer to each of the following statements.

Strongly Strongly
Disagree 2(2) 3(3) 4(4) 5(5) 6 (6) Agree
1(1) 7(7)

I trust an XAl in
decisions regarding my
investment portfolio.

I trust an experienced

portfolio manager in
decisions regarding my

investment portfolio.

Please indicate an answer to each of the following statements.

Strongly Strongly
Disagree 2(2) 3(3) 4(4) 5(5) 6(6) Agree
1(1) 7(7)

I trust a black box Al in
decisions regarding my
investment portfolio.

I trust an experienced

portfolio manager in
decisions regarding my

investment portfolio.

Please indicate an answer to the following statement.

Strongly Strongly
Disagree 2 (2) 3(3) 4(4) 5(5) 6(6) Agree
1(1) 7(7)

I like to take risks in
my investment
decision-making.
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The following displays a list of application fields in which black box AI is commonly used in
decision-making.

To indicate the extent to which you had experience with blackbox Al in those application
fields, please rate each statemtent from "1 - Not at all" to "9 - Extremely".

I have experience in the use of black box Al in...
Not at
all 2(2) 3(3) 4(4) 5(5) 6 (6)
1(1)

Extremely
7(7)

Finance and
investment
decisions.

Medical
diagnostics
and treatment
planning.

Autonomous
vehicles.

Customer
service.

Supply chain
management.

E-commerce.
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The following displays a list of application fields in which Explainable AI is commonly used
in decision-making.

To indicate the extent to which you had experience with Explainable Al in those application
fields, please rate each statemtent from "1 - Not at all" to "9 - Extremely".

I have experience in the use of Explainable Al in...
Not at
all 2(2) 3(3) 4(4) 5(5) 6 (6)
1(1)

Extremely
7(7)

Finance and
investment
decisions.

Medical
diagnostics
and treatment
planning.

Autonomous
vehicles.

Customer
Service.

Supply chain
management.

E-commerce.

What is your gender?
Male (1)
Female (2)
Non-binary / third gender (3)

Prefer not to say (4)

How old are you?
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Which country are you from?

V¥V Drop-down menu from Qualtrics

Do you have a university degree?
Yes (1)

No (0)

Please complete the following check.

Strongly Strongly
Disagree 2(2) 3(3) 4(4) 5(5) 6 (6) Agree
1(1) 7(7)

I have never used
a computer.

Which of the following options best describes your current occupation?
Student (1)
Unemployed (2)
Employed or self-employed (3)
Retired (4)

Please indicate your social status.

Imagine a ladder with 10 rungs. At the top of the ladder are the people who are the best off,
those who have the most money, most education, and best jobs. At the bottom are the people
who are the worst off, those who have the least money, least education, worst jobs, or no job.
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Please indicate a number from 1 (=bottom of the ladder) to 10 (=top of the ladder) that best
represents where you stand on the latter.

1 (1)
2 (2)
3 (3)
4 (4)
5 (5)
6 (6)
7 (7)
8 (8)
9 (9)

10 (10)

Thank you for your participation!
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Appendix 2: Frequency statistics

Gender
Valid Cumulative
Frequency Percent Percent Percent
Male 296 50.5 50.5 50.5
Female 288 49.1 49.1 99.7
Non-binary / third 2 3 3 100.0
gender
Total 586 100.0 100.0
Nationality
Cumulative
Frequency Percent  Valid Percent Percent
Argentina 2 3 3 3
Armenia 2 3 3 i
Austria 4 i i 1.4
Bulgaria 10 1.7 1.7 3.1
Canada 2 3 3 34
Finland 4 7 T 4.1
Germany 64 10.9 10.9 15.0
Greece 2 3 3 15.4
Iceland 2 3 3 15.7
India 8 1.4 1.4 17.1
Italy 2 3 3 17.4
Kazakhstan 4 7 7 18.1
Netherlands 18 3.1 3.1 21.2
Poland 2 3 3 21.5
Portugal 2 3 3 21.8
Russian Federation 2 3 3 22.2
Sri Lanka 6 1.0 1.0 23.2
Switzerland 2 3 3 23.5
Tajikistan 2 3 3 23.9
Uganda 2 3 3 24.2
United Arab Emirates 2 3 3 24.6
United Kingdom of 2 3 3 24.9
Great Britain and
Northern Ireland
United States of 440 75.1 75.1 100.0
America
Total 586 100.0 100.0
University degree
Cumulative
Frequency Percent  Valid Percent Percent

No 36 6.1 6.1 6.1
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Yes 550 93.9 93.9 100.0
Total 586 100.0 100.0
Occupation
Cumulative
Frequency  Percent Valid Percent Percent
Student 54 9.2 9.2 9.2
Unemployed 10 1.7 1.7 10.9
Employed or self-employed 522 89.1 89.1 100.0
Total 586 100.0 100.0
Computer attention check
Cumulative
Frequency Percent  Valid Percent Percent
Failed 232 28.3 28.3 28.4
Passed 586 71.6 71.6 100.0
Total 819 100.0 100.0
Manipulation check for Al type
Cumulative
Frequency Percent  Valid Percent Percent
Failed 248 42.3 42.3 42.3
Passed 338 57.7 57.7 100.0
Total 586 100.0 100.0
Manipulation check for outcome type
Cumulative
Frequency Percent  Valid Percent Percent
Failed 120 20.5 20.5 20.5
Passed 466 79.5 79.5 100.0
Total 586 100.0 100.0
Participant distribution Al type
Cumulative
Frequency Percent  Valid Percent Percent
Al 290 49.5 49.5 49.5
XAI 296 50.5 50.5 100.0
Total 586 100.0 100.0
Participant distribution Outcome type
Cumulative
Frequency Percent  Valid Percent Percent
Negative 304 51.9 51.9 51.9
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Positive 282 48.1 48.1 100.0
Total 586 100.0 100.0
Descriptive Statistics
N Mean Std. Deviation

Familiarity with Al 586 2.25 1.06
Familiarity with XAI 586 2.86 1.28
Ease of understanding scenario 586 3.85 .80
Responsibility human 586 6.82 1.38
Responsibility Al + XAI 586 6.58 1.77
Trust Al + XAI 586 4.98 1.28
Risk loving in investment decisions 586 5.13 1.46
Experience with Al + XAI 586 4.78 1.66
applications

Age 586 33.97 9.87
Subjective social scale 586 7.58 1.51
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Appendix 3: Scale reliability

Responsibility human:

Cronbach's  Cronbach's Alpha Based on
Alpha Standardized Items

N of Items

776 782

3

Responsibility black box Al:

Cronbach's  Cronbach's Alpha Based on
Alpha Standardized Items

N of Items

903 905

3

Responsibility XAI:

Cronbach's  Cronbach's Alpha Based on
Alpha Standardized Items
.829 .838

N of Items

3

Experience with black box Al:

Cronbach's  Cronbach's Alpha Based on
Alpha Standardized Items

N of Items

946 .945

6

Experience with XAI:

Cronbach's  Cronbach's Alpha Based on
Alpha Standardized Items

N of Items

954 954

6
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Appendix 4: Descriptive Statistics of repeated measures ANOVA

Al type

Outcome

Responsibility Al
+ XAI

Responsibility
human

Al

XAl

Total

Al

XAl

Total

Negative
Positive
Total
Negative
Positive
Total
Negative
Positive
Total
Negative
Positive
Total
Negative
Positive
Total
Negative
Positive
Total

Mean
6.43
6.67
6.55
6.77
6.45
6.62
6.61
6.56
6.59
6.63
6.86
6.75
6.99
6.80
6.91
6.82
6.83
6.83

Std. Deviation
1.846
1.573
1.715
1.802
1.831
1.819
1.828
1.703
1.767
1.581
1.259
1.430
1.286
1.358
1.321
1.442
1.306
1.377

N
144
146
290
160
136
296
304
282
586
144
146
290
160
136
296
304
282
586
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