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Abstract

This bachelor’s thesis investigates the acceptance of explainable artificial intelligence (XAI)
from a user perspective using a combined technology acceptance model (TAM). While previous
research has mainly focused on the technical side of XAI, less attention has been paid to the
psychological factors that determine human behavior. To close this gap, the study combines
Davis’ original TAM with Shin’s XAI-specific model and empirically evaluates their suitability
using a survey with a credit decision scenario. The results show that the classic TAM factors
have little influence on usage intention when it comes to XAI. Instead, other factors prove to
have a stronger influence on usage intention. The results underline the need to supplement
existing TAMs with specific XAI factors such as trust, fairness, and transparency in order to
further advance research on XAI from a user perspective.
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1 Introduction

In recent years, artificial intelligence (AI) has experienced massive growth. AI is now being used
or advertised in almost every area of human life [58, 2]. Nevertheless, AI has brought with it
challenges and obstacles that cannot be easily dismissed [2].

Above all, the interpretability of AI decisions is a major problem [40]. Due to the complexity
of their structure, which today’s AI models have, it is impossible for humans to understand how
the AI arrives at its output and the associated solution [29]. This leads to people developing a
rather negative attitude towards AI because they cannot understand how AI works. This creates
resistance among users where none should actually exist.

AI was developed to facilitate or take over decisions in order to support humans. An example
of this would be decision-making or the anticipation of possible future events, such as the mainte-
nance of machines before they break down and lead to longer down times [48].
Nevertheless, as just mentioned, there is the problem of a possible aversion or even resistance to
AI, which is triggered by its complexity. In AI science, this problem is referred to as the “black
box problem” [57]. The problem describes the fact that AI models are so complex and non-linear
in their decision-making that even if you can look inside the model and its structure, you cannot
understand it [7].

Companies have recognized the importance of transparency and comprehensibility that their AI
models must offer when interacting with people in order to be accepted by the general public. To
counteract the problem of the so-called black box, there is therefore the research area of explainable
AI (XAI) [18].
XAI is responsible for making the output of an AI model more user-friendly, i.e. more comprehen-
sible and transparent [24]. However, for a XAI explanation to be accepted, it is necessary to know
which influencing factors are the most important and largest from the user perspective. To design
the explanation with the contents of the AI system so that people accept a new technology such
as AI. Instead of having a negative attitude towards it.

In order to determine this acceptance of new technologies, the so-called Technical Acceptance
Models (TAM) were developed. The best-known TAM is that of Davis, which was developed at
the time to determine user acceptance of information technologies [15]. It is still widely used today,
known worldwide and highly regarded. Such a TAM is well suited to finding out which factors are
most important for increasing openness, comprehensibility and trust. Over the years, there have
been repeated adaptations and spin-offs from Davis’ original TAM [54, 52, 53, 47, 10]. In most
cases, the Davis TAM has been adapted to suit a specific target group in conjunction with a new
technology in the sector. And this is exactly what should happen with AI, especially in the XAI
sector.
AI and XAI are no longer a minor topic for tech companies like Google or Meta. These companies
are investing more and more in AI research and development. These two giant tech companies
alone are investing billions respectively [50, 1]. In the meantime, they have also launched their
own AI models on the market. For the XAI ”layer” to function properly in the respective model
and achieve the desired effect, the XAI ”layer” must be well-tailored to the needs of the users in
order to gain their trust.

There are many papers that deal with the technical aspects of XAI [18]. On the other hand,
the part of research that deals with the influencing factors from the user’s point of view is small,
especially in connection with the well-known TAMs, which are mostly easy to use. This paper
examines which TA models exist that can be applied to AI systems with XAI explanations. But it
also addresses which factors in XAI explanations are most important for increasing user acceptance
of AI systems.

At the beginning of this paper, the most important terms are explained and the current state of
research is defined in more detail. This is intended to create a good basis, which will be important
for the main part of the work later on. The following research questions are answered in this paper:

• Which Technology Acceptance Models are suitable for evaluating XAI explanations?

• Which factors, according to the TAM, influence the acceptance of AI-generated explanations
by users?
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• How influential are the respective factors in the acceptance of XAI explanations?

After establishing a solid foundation and knowledge about XAI and TAM, the first part of the
main section focuses on identifying a suitable TAM that includes the most important influencing
factors mentioned in XAI research. The selection of TAMs to be examined in more detail is based
on research in the field of TAMs and XAI. The TAMs are then compared against each other, and
the most suitable model is selected in order to develop and conduct the empirical study in the
second part of the main section.
In this study, a survey is created in which the most important factors in the area of XAI user
acceptance are examined by test subjects to determine how important they are from the user’s
point of view. The TAM model that performed best in the comparison in the previous chapter is
used for this purpose.
At the end of this thesis, the results are presented, a conclusion is drawn, and it is shown how
future work can build on this work and what the limitations of this work were.

2 Theoretical Background

2.1 Black-Box-Problem

The so-called “black box problem” is not to be understood literally. Rather, this term is intended
to better illustrate the fact that AI models are so complicated due to their non-linear structure
and complex nesting. Even if you could look into the model like a box, with all the parameters
and weights, it would be too complex for the normal human mind to understand logically [20].

First of all, we need to clarify and differentiate between the terms machine learning (ML) and
deep learning (DL). DL is a subfield of ML and both are subfields of AI. The main differences
between ML and DL are that ML uses different algorithms, requires smaller amounts of data but
therefore features often have to be determined manually, and ML is therefore suitable for simpler
tasks. While DL consists of neural networks, it extracts features automatically, which in turn
means that it requires large amounts of data, but is therefore also well suited to complex tasks
such as image recognition [36]. From these differences you can already guess that DL models
probably has more ”black box problems” than ML models [21], since the complexity of the model
architecture with non-linear structure is significantly higher. Many ML models are simpler and
more understandable in their structure than DL models.
ML and DL models should therefore be viewed more as a family of AI methods. Be it in the form
of Recurrent Neural Networks (RNN) which is used in DL. While a support vector machine or a
decision engine is used for ML models [57, 36]. To imagine it better by a DL, you can think of it like
a child growing up and learning with its parents. However, the parents determine how and what
the child is allowed to do, but the child makes the more precise experiences with the respective
situation itself and learns from them. It’s the same with a DL program. The only difference is that
the developers only specify certain starting parameter values, while the program itself determines
these values through the learning algorithm and the learning environment, which is important for
differentiating things. Because the developer doesn’t directly specify the differences themselves,
they can no longer directly understand the precise effect of individual parameters or input patterns
on the output or specifically change them [57]. This creates the black box problem, which means
that complex operations or decisions are output by the AI model without the user being able to
properly understand them [26].

In practice, the problems in the medical field are particularly clearly visible. In medicine, ML
and DL models are used with good success and are being used more and more [42]. Nevertheless,
there are legal and ethnic problems that arise. Namely due to the complexity and the resulting
lack of transparency. There are concerns about whether this technology is ethnically and culturally
acceptable in medicine. In the medical field, AI models must be able to explain their decisions
plausibly and logically in order to gain the trust of doctors, nurses and patients. AI models that
cannot explain their decisions transparently. This can lead to problems with accountability and
liability in the event of complications for the patient if the medical treatment is based on AI.
Furthermore, it can complicate medical problems if the healthcare professionals themselves cannot
accurately understand the output of the AI [34].

But it is not only in the medical sector that AI models are used for better decision-making.
AI models are also used in the financial sector to determine, for example, the creditworthiness of a
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customer and whether or not they will receive a loan [45]. The customer data that the bank has is
fed into the AI model and processed. The AI model uses the data, statistics and ML to calculate
the so-called credit score. This is used to determine the credit risk of the respective customer with
a high degree of accuracy. However, these models also lack transparency. It is often not possible
to understand how the model came to the decision not to give a borrower the loan they wanted
and what the exact reasons for this are [38]. This example also leads to skepticism in the financial
sector towards AI models that are supposed to make decisions easier [45]. AI models that work
with ML or DL lack mostly transparency. Both the end user and the developer themselves are
often unable to understand exactly how decisions are made, as the models are too opaque and
complex. This makes it difficult for a person to logically explain the decision or output of the
model [26]. Sooner or later, this inevitably leads to mistrust and even resistance to AI on the part
of humans. Although AI should help to support a person and make decisions easier or less difficult.

2.2 Aim and role of XAI

To tackle the black box problem, there is a field of AI research that is not new but has been
gaining in importance for some time and rightly so. We are talking about XAI, which stands for
“explainable AI”. The XAI ”layer” is responsible for explaining the output of the AI model to
the user in an understandable way [18, 5]. This is important to minimize the black box problem,
especially with DL models that are not linear and too complicated for the individual human. It
is important that the AI justifies its decisions so that the respective person can better understand
and cross-check the decision. After all, even AI models are not error-free and their data sets with
which they are fed and trained can lead to decisions that are not correct. And this is precisely
where XAI should help to better explain AI model decisions, but also to increase the transparency
of the respective model so that the user develops a higher level of acceptance and thus trust and
openness towards the AI [5]. The user can also better understand the model’s decision and, if
necessary, check it again [27]. XAI can be seen as an interface between the complex AI model and
the user.

There are two main categories of XAI methods according to Arrieta et al. [5].

• Post-hoc explanations

• Intrinsic models

A post-hoc explanation is an explanation procedure in which the method is intended to explain
the model’s decision retrospectively [5]. This method is mainly used for models that work with a
neural network but is also suitable for other models such as support vector machines (SVM). The
best-known post-hoc methods are feature attribution methods such as SHAP or LIME [33, 43].
These methods show which input features had an influence on the prediction of the model and its
decision. However, there are also text-based explanations which are becoming more and more pop-
ular, as they can be understood by everyone in their own language without any technical knowledge
[19]. However, text-based explanations are not an automatic part of XAI methods.

Then there is the intrinsic category. These are easier to understand based on their structure,
as they are not nonlinear like a neural network, which usually uses a post-hoc method. Instead,
intrinsic models use decision trees or linear regressions [44]. These are therefore easier to under-
stand, but are not used in today’s practice for complex tasks, as they do not have the performance
of a post-hoc method which, as already mentioned, should make the decision of a black box model
such as a neural network understandable. It can therefore be said that post-hoc explanations are
the most common, as post-hoc explanations are mostly used in DL, which is used to tackle complex
tasks [5].

However, the focus of this work is on the user perspective and thus on increasing the compre-
hensibility, usefulness, fairness and transparency of the respective explanation types for the user.
This increases trust and acceptance.

2.3 Relevant user factors in XAI research

This chapter focuses on the psychological factors that influence whether users accept and adopt
the explanations generated by XAI ”layer”. In contrast to technical considerations, which focus
on how it works technically, this chapter is concerned with how explanations are perceived, under-
stood and evaluated by users, i.e. the psychological level of XAI.
It is important to understand how users interact with and react to AI model explanations. XAI
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serves as a kind of bridge between the AI model and the human with the aim of promoting trust,
understanding and acceptance [1].

To achieve this, it is necessary to identify the key factors that influence users’ perceptions of
and behavior toward AI. Even if a system provides technically good explanations, it can still fail
if these explanations do not match the expectations, level of understanding or emotional reactions
of the users.

One of the most important factors in people is trust. When a person trusts someone or something,
the person is more open and receptive to the other person or technology. A good example in normal
life is trust in our parents or partners. When they give us advice in a life situation, we listen to
it without skepticism and engage with it. This is because we have a strong trust in these people
and do not mistrust them because we assume that they do not want anything bad for us. As a
result, we are more open and receptive to their advice. This is why trust plays an essential role in
XAI research, because if a person does not develop trust in an AI model, acceptance is minimized
and the AI model is viewed critically. To create trust in AI models, it is important to understand
how humans develop trust in any machine. Hoffmann et al. describe in their research that humans
always have a mixture of justified and unjustified trust, as well as justified and unjustified distrust
in machines [28]. These two opposing poles are constantly changing and are not constantly rising
or falling. As with a friendship between people, trust can be built up for a long time but can
quickly disappear again. It is the same with man and machine [28]. In other words, it is not a
one-off process that lasts forever once achieved. In order to maintain people’s trust in the long
term, it will be necessary to constantly adapt the respective parameters to different influences, as
is the case with a person-to-person friendship, which can be changed by a wide variety of influences
over the years.

Another important influencing factor is understanding. As described in detail in the chapter
“Black Box”, it is important that people understand the explanation of the model. If people do
not understand something, it is like “magic” to them. This is also how Herrera et al. explain it
when they define Arthur C. Clarke’s third law of engineering. It states: “Any sufficiently advanced
technology is indistinguishable from magic” [27]. Herrera et al. explain that when we don’t under-
stand something, we associate it with magic [27]. And as was the case in the Middle Ages, if people
cannot comprehend or understand something, they feel uncomfortable and reject it. Which is why
this influencing factor should not be ignored and is one of the most important factors. Miller et
al. describe it as follows: A good explanation is only good if it is tailored to the individual user
and understandable to them [37]. Because every person is different and thinks differently, it is a
very complex factor, but one that has an immense influence on the topic of XAI. Every person is
different simply because of the level of education they have achieved. Another point is the prior
knowledge in the respective topic. Does the user have prior knowledge of the question posed to
the model yes or no? If yes, how much prior knowledge is there? If no, at what level of knowledge
does the user understand the explanation of the model? So you can see that this influencing factor
is not easy and cannot be clearly defined like some others.

Perceived usefulness (PU) is another important factor. This factor defines how useful a user
finds a new technology and how much it helps them in their work or life. An example would be the
cell phone. For everyone, the cell phone is an important tool and helps us in our lives. Whether
it’s the standard mobile calling or quickly surfing the internet for information that helps you save
time. PU was first described and noted in Davis’ TAM [15]. To this day, this factor is present in
most TAMs.

Another important factor that needs to be considered in XAI explanations is fairness. Black-
box models tend to make unfair decisions from the user’s perspective. This can happen when race,
age, or gender are taken into account in the decision. That can lead to unfair decisions that are
perceived as discriminatory by the user. Therefore, according to Arrieta et al., fairness should
be considered an important factor in XAI [5]. Fairness is a particularly important concept that
is frequently mentioned in XAI and AI research [17]. This factor is crucial in order to prevent
users from developing distrust and rejection toward the model. Fairness is especially important in
sensitive domains such as the judicial system (e.g., convictions, sentencing) and the economy (e.g.,
loan approvals), where AI models are increasingly being used or will be used in the future [17, 46].

The last important influencing factor that is of great importance in XAI research is satisfac-
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tion. Satisfaction is difficult to achieve because people are not automatically satisfied when they
receive a correct explanation. Satisfaction must be seen as a variable that does not depend on
the correctness of the output and is not easy to measure. A user can be dissatisfied even if they
have understood an explanation, and vice versa. Herrera et al. describe this very well in their
study: “Satisfaction reflects how well the explanation matches the user’s expectations, even if it is
technically correct.” [27]. In other words, no matter how perfect the explanation is and how many
influencing factors are taken into account. Whether the user is satisfied with the answer depends
on his state of mind and his point of view. This also means that this influencing factor is almost
impossible to examine clearly, as almost anything can influence the user’s satisfaction.

According to the scientific literature, these factors are among the most important influencing
factors in XAI research. According to current research, if these factors are taken into account
when generating XAI explanations, there will be a positive influence on the adoption and use of
AI models by a user. The factors listed are also important in the subsequent model selection and
are tried to be taken into account as much as possible.

2.4 State of research & research gap

Research in the field of XAI is constantly being driven forward and is no longer a marginal topic
in the field of AI. Nevertheless, the research has a larger share of technical research than from the
psychological perspective, i.e. from the user’s point of view [18]. More specifically, this means that
more research and development is being done on the XAI methods themselves than on the actual
core question of why the field of XAI exists in AI in the first place. Namely, to increase people’s
understanding, perception and acceptance of an AI model. Especially in connection with the well-
known and respected TAM by Davis or any other TAMs, there is almost no research in contrast
to technical research [15]. However, the TAMs has been used for decades in various technological
developments to determine the respective user acceptance. Over time, there have been repeated
improvements and extensions to Davis’ original TAM. One of these examples is the Unified Theory
of Acceptance and Use of Technology (UTAUT), but there are also other acceptance models [52].
In most cases, Davis’ original TAM serves as the so-called basis on which a new model is developed.
These models then differ in their areas of application and are often tailored to a technology.

In the AI technology area that uses XAI explanations, the most important factors that influ-
ence usage intention should be investigated [32]. Most research in this area, when conducting user
studies, does not use a TAM model for their studies. This means that existing research cannot be
easily compared with each other, as there are no uniform framework conditions. Furthermore, the
problem is that the original TAM does not examine all influencing factors that are important in
XAI research. Nevertheless, there are researches that have addressed this problem and developed
TAMs based on Davis’ original TAM. An example of this is Baroni et al., who build a model based
on Davis’ TAM and with additional constructs that examine the intention to use in car damage
claims [4]. Another work comes from Shin, who also investigates the most important factors and
their interrelationships that influence XAI from the user perspective. He also builds a model,
but does not derive it from the TAM [47]. Another example is Panagoulias et al., who use TAM
to develop a framework for personalized explanations in the medical field. This is referred to as
PINXEL by Panagoulias et al [39]. However, it has only been tested and applied in the medical
field, so it cannot be considered a general solution. Even though the medical sector is one of the
areas that has a great need for solving the black box problem. It is crucial that the explanations
provided and the associated decisions made by an AI model are comprehensible and acceptable to
the user. Whether that is the patient or the attending physician [46].

However, there is also research that does not use Davis’ TAM or another acceptance model based
on the original TAM to investigate the acceptance of XAI explanations and their influencing fac-
tors. Examples include Herrera et al., who conducted a user study but did not use a TAM, instead
measuring trust and satisfaction as individual variables [27]. Another example is the research by
Westphal et al., who did not use the original TAM as the basis for their two studies on improving
user perception and compliance in human-AI collaboration, although they briefly discuss the TAM
in their paper [55].
It quickly becomes apparent that there is no uniform solution for evaluating XAI explanations in
terms of their understanding, perception, and acceptance, nor for defining the most important in-
fluencing factors for users. This thesis contributes to addressing this gap. There is ongoing research
and development into improved explanation methods and better model architectures. Despite this
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immense growth in the industry, the user acceptance, which should be a key component, has not
yet been sufficiently investigated [46]. However, this is incredibly important for understanding how
users perceive XAI explanations in the first place and whether they understand and accept them
correctly. These points are essential for creating a better relationship between AI and users so that
users are willing to engage with this relatively new technology. This problem is also described by
Miller in his work [37]. He states that many XAI studies do not use socially grounded explanations
and should rely more on insights from the social and cognitive sciences [37]. The targeted TAM
approach should help define a uniform standard as a kind of framework for future research that
also deals with XAI from a user perspective. This should create a large and framework-based
knowledge base, like a large knowledge database, where results can be compared with each other
without much effort. The TAM subsequently selected, or the combination of models, which are
best suited for XAI explanations, is intended to provide a kind of foundation. Like Davis’ TAM,
which has evolved over the years. As in all other research areas, new insights are constantly being
added to XAI research.

2.5 Definition of “explainability” for AI

An important concept that needs to be clarified in order to avoid misunderstandings in the litera-
ture and in subsequent empirical study is the definition of “explainability” in AI models. Section
2.1 discussed the black box problem, which occurs particularly in deep learning models due to
their nonlinear and complex structure. As a result, the decisions made by the model are difficult
or impossible for the user to understand. But what exactly is meant by “explainability” in science
when it comes to AI models?

As already discussed in detail in various chapters, there is the research field of XAI, which aims
to make the output of an AI model more understandable, comprehensible, and explainable for the
user. But how exactly is the term ”explainability” defined in the field of AI and XAI? Arrieta et
al. also addressed this question [5]. They concluded that ”explainability” cannot be defined as a
single word, but rather as the interplay of several concepts. To ensure consistent terminology and
avoid confusion, Arrieta et al. differentiate between several terms and clearly differentiate them
from one another [5]:

• Interpretability: Means that the model’s decision should be understandable to a person
without any tools, based solely on their own logic [5].

• Explainability: This refers to the behavior or output of the model that makes its functionality
more understandable for a specific target group. This means that explainability depends on
the level of knowledge of the respective user or group [5].

• Transparency: A model is only transparent if one has access to all of its mechanisms, from the
architecture to the weights. And with this insight, the user should understand how the model
works architecturally. Arrieta et al. therefore divide transparent models into three categories
(simulatable models, decomposable models, and algorithmically transparent models), since
a model can have different degrees of understandability [5].

An important point that Arrieta et al. emphasize in their work is that the explanation must
be adapted to the target group [5]. What seems understandable to one person may not be so for
another. Explainability therefore serves as the so-called interface between people and model, like
a kind of interpreter.
This also means that explainability not only includes understanding the technical processes but
also aims to make the decision made understandable, acceptable, and trustworthy for the user.

2.6 What are technology acceptance models?

As this work is strongly concerned with technology acceptance models, it is also important to
create a basic understanding of the term TAM.
The first TAM was invented in 1989 by Fred Davis, who was an information scientist. The founda-
tion for the first TAM is the socio-psychological model Theory of Reasoned Action (TRA), which
was developed in 1975 by Fishbein and Ajzen [22]. It was invented to predict and measure the
acceptance of a new technology or system. The aim was to find out why people accept or reject a
new technology. And what their exact reasons are [15]. Davis uses two different constructs in his
model that influence the third major construct:
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• Perceived Usefulness (PU)

– The PU value indicates how helpful a person finds the technology and supports them
in achieving their goals [15]. A simple example would be: That a businessman has an
autonomous car and by not driving himself he has more time to complete his work tasks.
In this example, the PU value increases.

• Perceived Ease of Use (PEOU )

– PEOU refers to how effortless a person thinks it is to learn the new technology [15]. As
an example, let’s take the same as PU with the businessman and the autonomous car.
In that the businessman only has to sit in the car and tell the car where he wants to be
taken, without having to take a course in theory and practice as with real driving. The
PEOU value is high because you don’t have to learn a lot of new things.

Both points together influence the ”Behavioral Intention of Use”. While PEOU has a certain
influence on PU. This is because people automatically find something more useful if it is easy to
learn [15].

Perceived Ease of Use Perceived Usefulness

Behavioral Intention to Use

Figure 1: Core Constructs of the Technology Acceptance Model (Davis, 1989)

From these three constructs, Davis developed the original TAM, which is still highly regarded
today and serves as the foundation for later TAMs. The model is simple and quickly understood by
anyone, yet the added value it can offer for a new technology is immense. Every major technologi-
cal innovation, whether online banking, smartphones, or social networks, was directly or indirectly
researched using the Davis TAM after its adoption [30, 31, 16]. Many technologies have a history
with the TAM or a modified form of the TAM.

Over the years, Davis’ TAM was continually researched and developed further. This resulted
in new TAMs, some of which were well-known, such as TAM2, TAM3, UTAUT, and others
[54, 53, 52]. However, models have also been developed that are not intended for the general
public, but rather to cover a specific area in greater detail, for example in the fields of medicine,
law, or economics.
So it’s easy to see why TAMs are relevant for XAI. The reason is simple: users who come into
contact with AI models that provide XAI explanations should not only understand them, but also
accept them and be open to the model’s output. AI, and especially XAI, explanations in the
general public are still in the midst of a revolution where AI is the pioneer. Over the past few
years, there has been a tremendous increase in AI patents [51]. This is why it is important to
measure influencing factors using acceptance models so that the models can be adapted and im-
proved if necessary. Factors such as explainability, understanding, trust, fairness, interpretability,
and transparency, which are strongly emphasized in XAI research, should not be missing in new
TAM models tailored to XAI.

After discussing the key concepts and the relevance of this work, the next chapter introduces
models that are either suitable for the field of XAI or well-established in TAM research. From
these models, an analysis will be conducted to determine which one provides the best foundation
for the study carried out later. The study will then be based on the results of the next chapter.
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3 Literature research on TA-Models in the XAI context

3.1 Purpose and Approach of the Literature Review

This chapter aims to provide a good overview of the best TA models in the context of XAI and
to compare them with each other. This chapter is essential for laying a solid foundation for the
subsequent empirical study, which will serve to identify and interpret the most relevant influencing
factors in XAI explanations. Therefore, this chapter aims to find suitable TA models or model
components that can later be used in the empirical study for evaluation purposes.

3.2 Overview of Technology Acceptance Models

As mentioned in the previous chapter, there are a number of TA models that evolved from Davis
original TAM and have also gained widespread acceptance. This overview analyzes the best-
known models that have made a name for themselves in the field of technology acceptance models.
However, models that are not as well known in this field of research but have a closer connection to
XAI, which is essential for this work, are also considered. Some of these were developed exclusively
for XAI, such as Shin’s model. But as already mentioned, models such as the original TAM by Davis
or UTAUT, which are well known in acceptance model research, are also considered [47, 15, 52].

3.2.1 Technology Acceptance Model by Davis

The TAM, which is considered the origin of all TAMs, was developed and published by Fred Davis
in 1989. Davis’ intention in developing the TAM was to build a framework that could be used to
predict, explain, and measure the acceptance of new information technologies by users. This area
of research is even more important today than it was back then, because the 21st century is full
of super innovative technologies (smartphones, AI, blockchain, VR, AR, etc.). But these devel-
opments aren’t just happening in industry. They’re also happening in e-commerce application, in
the financial sector with online banking, and in medicine [11, 30]. TAM and its constructs can be
applied to virtually any new technology to determine user acceptance of, for example, enterprise
software, healthcare systems, and much more, not just in the original use case of emails [11, 15].
Like most research, TAM is based on earlier research on which it builds. TAM is based on the
Theory of Reasoned Action and uses its basic principles [22]. TAM aims to model the factors that
determine user acceptance or rejection.

As already mentioned in earlier chapters, the TAM is based on two central constructs PU and
PEOU:

• PU stands for Perceived Usefulness and describes the point of how a user thinks a new
technology improves and or supports their work.

• PEOU Perceived Ease of Use and is intended to describe how much effort a user thinks it
takes to learn the new technology

Both constructs influence the user’s intention, which in turn influences actual use, known as
behavioral intention to use. It is also important to note that PEOU has an indirect influence on
PU. According to Davis, the reason for this is that people are more open to a technology if it is
not too difficult to learn and use [15].

Davis TAM is highly relevant in the context of XAI, as the explanations generated represent a
new level of interaction that is intended to increase user acceptance, which is also the intention of
Davis TAM. It is important to understand how users assess the usefulness and relevance of XAI
explanations in order to improve acceptance and trust in AI models.

However, Davis’ original TAM has some issues with XAI because it doesn’t take into account
factors like trust, fairness, transparency, or understanding, which are really important in XAI re-
search. Although Davis’ original TAM provides a very good and solid foundation and has therefore
been well known and appreciated for decades, it needs to be expanded or combined with other
TAMs for use in XAI explanations in order to fully capture the user experience in AI explanations.
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3.2.2 TAM2

The second model will examine more closely is the direct successor to the original TAM and is
called TAM2. It was published in 2000 by Venkatesh and Davis and is intended as an extension
of Davis’s first model. TAM2 was primarily developed to improve explanatory power in relation
to voluntary usage contexts and complex information systems. As already mentioned, TAM2 is
an extension of Davis’ first TAM and thus also builds on its PU and PEOU constructs. However,
the extension of TAM2 is that the PU construct contains additional predictors that focus on social
influence processes and cognitive processes [54].

The new constructs include:

• Subjective Norm (SN): the perceived social pressure to use the system.

• Image: the degree to which system use enhances one’s status in a social group.

• Job Relevance: how relevant the system is to the user’s work tasks.

• Output Quality: perceived quality of the system’s performance.

• Result Demonstrability: how observable the benefits of system use are.

These extensions integrated into TAM2 are intended to help determine how users evaluate and
perceive a particular technology in terms of its usefulness based on external influences, such as
those from fellow human beings or colleagues [54].
In the context of XAI, TAM2 is definitely more relevant than the first TAM. After all, XAI
are designed to explain AI decisions to users. Factors such as task relevance or output quality,
where questions such as: “Does the explanation help me to complete my work?” or “Is the out-
put/explanation clear and accurate?” play an important role in acceptance.

Compared to the original TAM, its extension TAM2 offers a framework in which the understanding
of acceptance in professional, demanding or social environments is more precisely focused. This
fits well with AI systems with XAI implementation because, as mentioned in previous chapters,
they also have applications in healthcare and finance.
What should be mentioned is that TAM2 is not the latest extension but there is still a TAM3
model [53]. However, this was not considered in more detail as it focuses more on system training
and usability, which is not relevant for XAI explanations.

Perceived Ease of Use Perceived Usefulness

Behavioral Intention to Use

Subjective Norm Image Job Relevance

Output Quality

Result Demonstrability

Figure 2: Extended Technology Acceptance Model 2 (TAM2)

3.2.3 UTAUT

The third model to be examined in more detail is the Unified Theory of Acceptance and Use of
Technology (UTAUT), which, like TAM2, was co-developed by Venkatesh in 2003 and designed as
an integration of various recognized acceptance models, including TAM, the Theory of Planned
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Behavior (TPB), and the motivation model. The purpose of developing UTAUT was to unify ac-
ceptance research by combining the best empirical parts of well-known models in UTAUT. UTAUT
comprises four important constructs for user intention and behavior [52].

• Performance Expectancy (PE): the degree to which using the system is perceived to improve
job performance.

• Effort Expectancy (EE): the degree of ease associated with the use of the system.

• Social Influence (SI): the degree to which users perceive that important others believe they
should use the new system.

• Facilitating Conditions (FC): the degree to which users believe that an organizational and
technical infrastructure exists to support system use.

The special feature of UTAUT is that it can differentiate between certain groups such as gender,
age, experience and voluntariness of use. This makes it very flexible to use in order to analyze
certain groups more precisely [52].

In collaboration with XAI, UTAUT is not a bad model either; quite the contrary. UTAUT covers
important aspects that are relevant to XAI. PE, for example, can refer to how useful a user finds
the explanation. In other words, does the technology help the user perform tasks and support
them in doing so? EE can describe how easy a user finds the explanation in terms of using the
system. SI is also important because decisions in important areas such as health and finance are
often made in teams, so it is important how the user thinks about how others think when using
the system.

However, the UTAUT model also has a major disadvantage, namely its generality. This can lead to
important influencing factors in the XAI context, such as trust, satisfaction with explanations, or
perceived transparency, not being adequately taken into account. Nevertheless, UTAUT provides
a solid basis for studies in complex environments such as the healthcare and financial sectors with
multiple users.

Performance Expectancy Effort Expectancy Social Influence

Behavioral Intention

Use BehaviorFacilitating Conditions

Figure 3: Unified Theory of Acceptance and Use of Technology (UTAUT)

3.2.4 Trust-enhanced TAM

The fourth model examined and analyzed in this paper is a model that is also a direct extension of
Davis’ original TAM, which was developed for mobile payments [14]. It is called Trust-enhanced
TAM and was developed in 2003 by Dahlberg et al. [14]. As the name suggests, this model takes
“trust” into account as an important influencing factor and adds it to the model.

In this model, the factor “trust” can directly influence the construct “behavioral intention to
use,” which defines the actual intention to use the new technology. The newly added construct
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“trust” also indirectly influences the perceived usefulness construct, as trust in something rein-
forces the perception that the technology is useful. The expanded model was developed because
Dahlberg et al. believe that even if the system is easy to learn and helps with task processing,
users will only accept it if they truly trust the technology. But also because the model should be
more realistic with the added construct [14].
As mentioned several times in this paper, “trust” is a very important factor in XAI research. This
is because users must truly accept the decisions made by the model, even if they do not understand
the model’s decision-making process. For this reason, the trust-enhanced TAM was included in
the model selection process.

The model provides a good basis for XAI because of the additional factor of “trust” that has
been added to it. This makes the model relevant for application to XAI explanations. Never-
theless, the model has the problem that it only examines four constructs in detail (PU, PEOU,
BI, and trust). However, as already mentioned, XAI research mentions even more constructs that
are very relevant for the evaluation and acceptance of an XAI explanation from a user’s perspective.

Perceived Ease of Use Perceived Usefulness Trust

Behavioral Intention to Use

Figure 4: Trust-Enhanced Technology Acceptance Model

3.2.5 Shin’s User Acceptance Model

The penultimate model examined is the model of Dongshee Shin 2021, which was developed specif-
ically for XAI [47]. In contrast to classical TAM extensions, Shin’s approach is not directly based
on Davis’s TAM, but on the Heuristic–Systematic Model (HSM) [9]. Nevertheless, Shin’s goal was
to develop a model that examines the most important influencing factors of XAI on user acceptance.

Shin includes the following most important aspects in his model:

• Explainability

• Causability

• Fairness, Accountability, and Transparency

• And Trust, which serves as the most important factor for acceptance

The model was validated in an empirical user study in connection with AI decisions [47]. Shin’s
model was therefore developed directly for XAI. It integrates the central influencing factors of XAI
research and tries to measure users’ perception regarding the explanatory quality of AI outputs.
For this reason, Shin’s model is very well suited for the subsequent study in this work.

However, it must be noted that Shin does not directly refer to TAM in his work. This means
that Shin’s model and its constructs can only be used in combination with another TA model in
order to be relevant for this work. Also, Understanding is not directly shown in the model as
its own construct, even though in Shin’s work it is repeatedly mentioned [47]. In his discussion
section, Shin points out that people want to understand how the AI system works, which makes
this construct relevant [47].
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Causability Fairness Transparency

TrustExplainability Accountability

Acceptance (Behavioral Intention)

Figure 5: Shin’s (2021) User Acceptance Model

3.2.6 PINXEL Framework

The final acceptance approach discussed is the PINXEL framework (“Personalized INterface for
eXplainability basEd on Levels”), proposed by Panagoulias et al. (2024) for XAI in healthcare.
Rather than a classical acceptance model, PINXEL represents a conceptual framework that builds
on the TAM by Davis. It incorporates the core constructs of perceived usefulness and perceived
ease of use, but adapts them through two key external variables: users AI literacy level and the
abstraction level of the explanation. These dimensions allow the framework to dynamically tailor
explanations to individual users, promoting more effective and trustworthy human AI interaction
in complex domains such as medicine [39].

The most important points of the model are:

• perceived usefulness and perceived ease of use (from TAM)

• Behavioral Intention from TAM

• AI literacy and the level of abstraction: These allow for personalized explanations and
thereby foster trust in the system

In an empirical study, PINXEL is validated in the medical field with medical professionals [39].
It must be said, however, that even though the Pinxel framework is based on TAM, it is only
difficult to use because it is difficult to adapt to the needs of this work. This framework is also
tailored to the medical field, which limits its general application. The focus is also more on factors
that are considered important in the field of medicine.

3.3 Model selection

All six models differ from each other in their own way and each introduces additional constructs
designed to cover specific areas of application. The main differences between the models lie in their
areas of application, but above all in the influencing factors that they additionally consider and
examine.

When comparing the models in terms of their relevance and suitability for the study in this article,
it becomes clear that the model developed by Shin is best suited for the following study [47]. There
are two main reasons for this: First, the model addresses key constructs such as trust, fairness,
and transparency which are among the most important and frequently mentioned factors in XAI
research and have already been addressed several times in this paper.
Second, Shin’s model was explicitly developed and empirically validated in the context of explain-
able AI, which makes it particularly suitable for this study, as the model does not need to be
significantly modified.

Other models such as UTAUT or TAM2 also have their very strong points, which is why the
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model decision was not easy. The decisive factor is that Shin’s model was developed for XAI and
thus comes closest to the requirements. Nevertheless, Shin’s model should be used in combination
with Davis’ original TAM, since Shin’s model does not explicitly mention that it is based on TAM
and he also does not classify his model as a TA model, even though his model comes close to a TA
model. Another reason why the models should be combined is that Shin also does not examine the
original constructs PU and PEOU, which are the main constructs in Davis’ model. By combining
the models, the respective constructs can be integrated, allowing an examination of, for example,
whether perceived usefulness has an influence on trust or which constructs have the strongest im-
pact on usage intention. Also, it is important to consider and examine the original constructs.
In addition, Davis specifies the exact scale values in his model, which are also recognized. Although
these important parameters are missing in Shin’s model.

Another reason is that Davis’ TAM is recognized and well-known worldwide, so future readers
are likely to be more open to a combined model than if only Shin’s model is used, which is not yet
widely used or has not yet been externally validated. In addition, other works that also deal with
the topic of XAI explanations from a user perspective and are also based on Davis’ TAM can be
more easily compared with each other, as the scales correspond to the standard used by Davis. By
combining the two models and evaluating them later, an attempt is also made to make the results
more comparable with other results from other works that have used a different model for their
research in this area.

XAI Influencing Factor TAM TAM2 UTAUT Trust-enh. TAM Shin PINXEL

Perceived Usefulness (PU) x x x x x

Perceived Ease of Use
(PEOU)

x x x x x

Trust x x x x

Understanding x

Fairness x

Transparency x

Behavioral Intention to Use x x x x x x

Table 1: Presence of the most important influencing factors of the models examined

Therefore, after the model investigation, the decision was made to combine Shin’s model with
Davis’ TAM as well as possible. Furthermore, the construct Understanding, which is frequently
mentioned in the XAI literature and was also noted in earlier chapters, is incorporated. This com-
bined approach aims to identify and examine the most important needs of users when interacting
with XAI explanations in AI models.
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4 Methodology

4.1 Research Design

The following study uses a structured questionnaire that aims to empirically measure users’ ac-
ceptance of XAI explanations and to identify the factors that are most important to users. The
questionnaire is based both on the constructs from Shin’s model and the construct understanding
as well as on those from Davis. Davis’ work also serves to define the framework for the study.

4.2 Model & Constructs Used

The constructs and the model itself consist of two models. Most of the constructs examined in this
study originate from the Shin model, which was developed for XAI explanations and thus covers
the most important constructs in XAI research. The second model used is Davis’ original model.
By adding the Davis model, the constructs PU and PEOU are also directly considered. Even
though Shin attempts to replace PU and PEOU with the new constructs in his model and make it
more applicable to XAI explanations, the addition of PU and PEOU as separate constructs allows
us to examine whether connections arise between Shin’s new constructs and Davis’s old constructs,
or whether new insights can be gained that are useful for this field of research.

The Davis model also serves to define the framework for the study. The aim is for the study
to use the same scale values as most other research in this field. Since most research is based on
Davis’ model, it can be assumed that it also adopts Davis’ scale values, which range from 1 to 7.
This should make it easier to compare and examine research, thus providing a larger data set for
future research that can potentially build on it.

This subsection lists all the constructs that are queried and examined in the study through
specific questions:

Perceived Usefulness: This design comes from the original Davis TAM but is also built into
the Shin model. “Perceived Usefulness” has the definition of measuring how useful the researched
technology appears to the user in performing their tasks.

Perceived Ease of Use: This construct also originally comes from the Davis TAM and is
the second important point there. This construct is also examined in Shin’s model. The exact
explanation of “Perceived Ease of Use” is already in the name, because it is about how easy the
user finds it to learn the new technology.

Transparency: This construct was also taken from Shin’s work. This construct is about finding
out how transparent the respondents find the AI model and their answer. Transparency is seen as
one of the most important influencing factors in XAI research.

Trust: This influencing factor was built into the Shin model. Everyone generally defines “trust”
in the same way, i.e. the extent to which a user doubts or does not doubt the new technology in
this study XAI explanations.

Understanding: As already mentioned, this construct is not found in either of the two mod-
els. Nevertheless, it was included because, on the one hand, Shin points out that Understanding
is important, and on the other hand, the reviewed literature repeatedly highlights Understanding
and regards it as an important factor in the field of XAI [8]. It measures whether the user has
better understood how the AI arrives at its decision after an XAI explanation.

Fairness: This is the last newly added construct in Shin’s model. It is about whether the
decision of the model is comprehensible for the user and whether this decision is also fair.

Behavioral Intention to Use: The last structure was first used again in the original TAM
and is also used in the Shin model. The aim here is to measure whether the respective user would
use the new technology again, i.e. in this study the AI model with XAI technology.
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Perceived Ease of Use (PEOU) Transparency Fairness Understanding

Perceived Usefulness (PU) Trust

Behavioral Intention to Use (BI)

Figure 6: Theoretical research model (TAM + Shin Model)

4.3 Questionnaire Development

In the questionnaire for the following study in this paper, care was taken to ensure that the con-
structs and items were based on the work of Davis and Shin [15, 47], which had been selected
during the previous model selection. The item formulations of Davis’ constructs were adapted to
the topic of XAI to make them applicable. An attempt was made to create consistency between
Davis’ original items and the items in the survey, even if this was not possible for every question
(e.g., replacing “system” with “explanation”).

In Shin’s work, the problem was that the exact items used in the study were not clearly accessible,
unlike in Davis’ work, where the first two tables of his paper show the PU and PEOU items. Nev-
ertheless, attempts were made to address the constructs through targeted items, thereby covering
the constructs discussed in Shin’s work. Only the construct Understanding and its questions are
not based on either of the two models. However, the questions were formulated in a way that aims
to cover the definition of Understanding in this research.

In total, seven constructs are covered in the survey, with four questions each, resulting in 28
questions. At the end of the survey, general questions were asked, such as age, gender, educational
background, prior knowledge of AI, frequency of AI use in everyday life, etc.

The response format for the items related to the constructs is a 7-point scale, as also used by
Davis in his study. This ranges from 1 = “Strongly disagree” to 7 = “Strongly agree.” Before the
questionnaire was published, it was tested with a small test group. The following table shows the
exact constructs along with their respective items from the survey.
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Construct Questions
Perceived Usefulness
(PU)

1. The explanation helps me better understand the AI’s decision.
2. The explanation helps me to better classify the AI result and draw
useful conclusions from it.
3. The explanation improves my ability to incorporate the decision into
my considerations.
4. The declaration helps me to understand the outcome of my applica-
tion.

Perceived Ease of Use
(PEOU)

1. The explanation is easy to understand.
2. The explanation is linguistically clear and clearly structured.
3. I was able to understand the explanation without having to read it
several times.
4. The declaration does not contain any unnecessarily complicated terms
or formulations.

Trust 1. The explanation increases my trust in the AI system.
2. I would rely on this system in a similar situation.
3. The declaration conveys reliability in the decision-making process.
4. The explanation gives me certainty that the decision is correct.

Transparency 1. I have the impression that the explanation has revealed to me the
basis for the AI’s decision.
2. The explanation tells me how transparent the AI’s decision-making
process is.
3. I do not feel that important information about the decision was
hidden.
4. The statement clearly shows on which information the decision is
based.

Understanding 1. I understand why the AI made this decision.
2. The explanation shows me how the most important decision factors
are related to each other.
3. The explanation helps me to understand the decision logic step by
step.
4. I could explain this decision to someone else.

Fairness 1. The decision seems fair to me based on the explanation.
2. The statement shows that similar cases are treated equally.
3. The statement gives the impression that the decision was objective.
4. The explanation gives me the impression that the decision does not
favor or disadvantage anyone.

Behavioral Intention
to Use

1. I would use an AI system that provides such explanations.
2. I would recommend such a system to others.
3. I would be more willing to accept AI decisions if such explanations
were always shown.
4. I prefer AI systems that provide understandable reasons for their
decisions.

Table 2: Constructs and corresponding questionnaire items

4.4 Hypotheses

Based on the theoretical model used, consisting of Davis’ TAM and Shin’s model, this chapter
defines the hypotheses that will later be examined through the present study. These hypotheses aim
to test the relationships between the constructs that influence the acceptance of XAI explanations.

Transparency → Trust

In AI research, transparency refers to how open and understandable an AI system is to the user
[5]. This is precisely one of the main reasons for XAI. Research has shown that transparency is
an important factor for trust, as it reduces uncertainty [3]. That is why Shin’s model includes the
construct of transparency, which influences the construct of trust [47].
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Fairness → Trust

Everyone wants to be treated fairly by others, but also by algorithmic decisions such as those made
by AI. This is why the concept of fairness is represented in the Shin model and influences trust.
People can only trust a system if they feel that it treats them fairly from their point of view [47].

Understanding → Trust

In AI, understanding refers to the extent to which the user truly understands and processes the
output, including an XAI explanation, from an AI system. Shin therefore emphasizes the impor-
tance of understanding in his discussion. Therefore, in this combined model, understanding is
considered a additional construct, which has a positive influence on the construct of trust, which
Shin considers [47].

PEOU → PU

The first hypothesis is that PEOU has an influencing effect on PU; both originate from Davis’
TAM and are its two main constructs [15]. In the context of XAI, it is likely that an easily
understandable explanation will be perceived as more useful, as previous research on the usability
of explanations has also demonstrated [37].

PU → Trust

The PU construct, which originates from Davis’ research, describes how users believe that a system
in this work, the AI system with the XAI explanation, helps their performance [15]. Research such
as that by Yudiantara et al. suggests that a higher PU increases trust in a system because users
are quicker to trust a system when they perceive it as useful [56].

Trust → Intention to Use (BI)

Trust is considered one of the most important influencing factors in XAI research and other infor-
mation systems [35]. Trust has a significant influence on the intention to use a system, as users
only use systems that they consider trustworthy [35, 47].

PU → Intention to Use (BI)

In Davis’ model, PU is described as one of the strongest influencing factors, which has a direct
impact on the intention to use. According to Davis, this is because the more useful a user finds a
system, the more likely they are to use it [15].

PEOU → Intention to Use (BI)

In Davis’ original TAM, he also shows that PEOU has a direct influence on the intention to use
[15]. Users are more likely to use a system if it is easy to understand and can be operated without
much effort. Later studies and TAMs confirm this [54, 52].

Hypothesis Statement

H1 Transparency has a positive effect on Trust in AI systems.

H2 Fairness has a positive effect on Trust in AI systems.

H3 Understanding has a positive effect on Trust in AI systems.

H4 Perceived Ease of Use (PEOU) has a positive effect on Perceived Usefulness (PU).

H5 Perceived Usefulness (PU) has a positive effect on Trust in AI systems.

H6 Trust has a positive effect on Behavioral Intention to Use (BI) AI systems.

H7 Perceived Usefulness (PU) has a positive effect on Behavioral Intention to Use
(BI) AI systems.

H8 Perceived Ease of Use (PEOU) has a positive effect on Behavioral Intention to Use
(BI) AI systems.

Table 3: Overview of the hypotheses
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These hypotheses are tested using data collected from the survey using a structural equation
model (PLS-SEM).

4.5 Sample & Data Collection

The questionnaire was sent out via various channels and made available to the public. On the one
hand, it was forwarded to close contacts via Messengers with the request that they also forward
it. An attempt was also made to increase the number of participants via Instagram in the form of
a so-called story.

The aim is to get the number of participants above the 40 mark, which should also be main-
tained after the adjustment in order to be able to carry out meaningful results research.

The participants are not assigned to specific clusters such as age, academic degree or prior knowl-
edge. Even if this data is also collected in the survey, the participants should first be seen as a
whole unit without clustering. As already mentioned in other chapters, the survey aims to examine
the most important general influencing factors in humans.

4.6 Survey structure

The survey is structured as follows: Before the first construct is introduced, the survey participant
is placed in a fictional scenario. In this scenario, it is explained that an AI system is responsible
for deciding whether the participant will receive a requested loan or not. The fictional AI then
outputs the result that the loan has been denied.

Below this result, the fictional AI provides an explanation for why the loan application was re-
jected in other words, an XAI explanation. After the participant has read through the explanation,
they proceed to the actual survey with the respective constructs and their items. These are to be
answered based on the previously described scenario.

Between the different constructs, the AI decision and its explanation are shown again, so that
participants can reread them if necessary.

This type of survey is intended to help participants gain a better understanding of XAI expla-
nations, especially since the general public is usually unfamiliar with the term XAI. At the same
time, it is meant to make answering the questions easier for participants. Furthermore, this ap-
proach aims to make the survey and its results as close as possible to a real-life scenario in order
to increase the validity of the findings.

4.7 Data Analysis Methods

The data obtained from the study will be analyzed in accordance with scientific statistical stan-
dards. This is why three well-known methods of analysis are used in this work.

Descriptive statistics: This method of analysis is the one that should be familiar to every-
one. In this method, the so-called mean, minimum, maximum, distribution, and much more are
calculated. Descriptive statistics serve to provide an initial overview of the data and already offer
important first insights into the collected data. This method is the fundamental first step in any
quantitative analysis and is always useful.

Reliability analysis: The first metric is Cronbach’s alpha which measures the internal consis-
tency of a construct, for example, whether the four items assigned to the construct “transparency”
actually measure the same thing [13].

Composite Reliability is also examined in the reliability analysis. This value also measures in-
ternal consistency but takes into account the individual item loadings, making it more accurate
than Cronbach’s alpha.

The final metric analyzed is the Average Variance Extracted (AVE), which measures convergent
validity meaning it assesses how much of the variance in the items is explained by the construct.
The values are evaluated according to the guidelines of Hair et al. [25]. This method is used in
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the evaluation because it is essential to check whether the items within each construct measure the
same concept in order to maintain the validity of the survey.

Correlation analysis (Pearson/Spearman): This final method of analysis is used to mea-
sure linear relationships between the respective constructs, such as explainability and trust. It is
well suited for formulating initial hypotheses and examining relationships.

Pearson’s correlation is used for interval-scaled and normally distributed data and measures, for
example, whether Y increases linearly when X increases. In contrast, Spearman’s correlation is
used for ordinal or non-normally distributed data and measures whether Y increases or decreases
as X increases or decreases but not necessarily in a linear way, as with Pearson.

Therefore, both Pearson and Spearman are used in the later analysis, since the Likert scales used
in the survey are formally considered ordinal, but are often treated as interval-scaled in practice
[41, 12].

These three analysis methods are used to evaluate and analyze the data from the study and
the results are discussed in detail in a later chapter.

5 Results

In the following chapter, the study conducted in this work is statistically analyzed and evaluated.
The chapter is divided into several subchapters, each focusing on one of the analysis methods
discussed in the previous chapter.

5.1 Descriptive statistics

As already mentioned in the previous chapter, descriptive statistics form the foundation of any
statistical analysis, providing an initial overview of the study and its results. In addition to col-
lecting general participant data such as age, gender, educational background, etc., the study also
included seven constructs, each measured with four items. The constructs and their corresponding
items can be found in Table 2 in Chapter 4.3.

In the present study, a total of 49 participants were recorded, and this number remained unchanged
after data cleaning. Due to this relatively high number of participants, there was a diverse range
of individuals who took part in the survey.

5.1.1 General questions

Age groups

Among other questions, participants were asked about their age. The following response options
were available < 20, 20–30, 31–40, 41–50, 51–60, > 60.

In the study, two larger clusters emerged: participants aged 21–30, with a total of 18 people
(32.7%), and the group aged 51–60, with 16 people (36.7%). Together, these two groups accounted
for over 70% of the total participants.

The remaining percentages are distributed as follows:

• < 20 years: 3 participants (6.1%)

• 31–40 years: 5 participants (10.2%)

• 41–50 years: 3 participants (6.1%)

• > 60 years: 4 participants (8.2%)
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Figure 7: Distribution of participants by age group

Gender

The study also asked participants about their gender. The available options were: male, female,
and no response. Among the 49 participants, there was a disproportionately high share of female
participants, accounting for 63.3%, which corresponds to 31 individuals.
The second largest group was male, making up 32.7%, which corresponds to 16 participants. Two
individuals chose not to disclose their gender, accounting for the remaining 4.1%.
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Figure 8: Distribution of participants by gender

Educational qualification

In the study, participants were also asked about their highest level of education in order to po-
tentially draw insights from this data later on. However, unlike age and gender, no dominant
groupings emerged in this category. Each educational group remained below 25%.

The largest group held a Master’s degree or Diplom, with 11 participants, accounting for 22.4%.
This was closely followed by those with a “Fachhochschulreife” (a German qualification similar to
the general university entrance qualification), with 10 participants and a share of 20.4%.

The third-largest group consisted of participants with a general university entrance qualification
(“Abitur”), totaling 9 participants (18.4%). The Bachelor’s degree group followed closely with 8
participants (16.3%), the same number as those who had a “Realschulabschluss” (secondary school
diploma).
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The last two groups included participants with a “Hauptschulabschluss” (lower secondary school
certificate) – one person (2%) – and two participants (4.1%) who indicated that they did not have
any formal degree.
The option “Doctorate” was also available, but none of the participants selected it.
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Figure 9: Distribution of participants by highest level of education

Use AI

The second-to-last question in the general section of the survey asked whether participants had ever
used an AI system in any form. A total of 75.5% which corresponds to 37 participants answered
“yes,” indicating that they had used AI at some point in their lives. 22.4% (11 participants)
answered “no,” while only one person (2%) stated that they did not know whether they had ever
used an AI system.

Yes No Not sure
0

10

20

30

40
37

11

1

Have you ever used an AI system?

P
a
rt
ic
ip
a
n
ts

Figure 10: Responses to the question: “Have you ever used an AI system?”
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AI use in everyday life

The final question, which was not directly related to the main survey content, asked how often
participants use AI in their everyday lives. ChatGPT was mentioned as an example.

As with the question about educational background, none disproportionately large group emerged.
The largest group selected the option “More than once a week,” with 13 participants, accounting
for 26.5%. This was closely followed by the group who answered “Not at all,” with 12 partici-
pants (24.5%). The third-largest group was “Once a week,” chosen by 9 participants (18.4%). The
group “Every day” was selected by 8 participants, making up 16.3%. The final option, and also the
smallest group, was “Once a month,” chosen by 7 participants, which accounts for the remaining
14.3%.
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Figure 11: Responses to the question: ”How often do you use AI in your everyday life?”

5.1.2 Perceived usefulness (PU)

The first construct examined in the study is Perceived Usefulness (PU), which originates from the
original TAM by Davis. Like all other constructs, it was measured using four items.
Participants were asked to answer the following questions for this construct in relation to the
loan case scenario presented in the study, indicating how strongly they agreed or disagreed. As
mentioned in a previous chapter, a 7-point Likert scale was used, ranging from 1 to 7.
The following four items should be answered:

• The explanation helps me better understand the AI’s decision

• The explanation helps me to better classify the AI result and draw useful conclusions from
it

• The explanation improves my ability to incorporate the decision into my considerations

• The declaration helps me to understand the outcome of my application

The evaluation of the construct and its items produced the following results regarding the mean,
standard deviation, minimum, and maximum values.

The mean was 5.837, while the standard deviation for this construct was 1.196. This in-
dicates that participants perceived the usefulness of the AI explanation to be relatively high on
average.
However, with a standard deviation of nearly 1.20, it should be noted that there is a certain level
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of variation in how participants perceived the usefulness. This can also be clearly seen in the
minimum (1.75) and maximum (7) values, which show that while some participants found the
explanation to be extremely useful, others viewed it quite the opposite.

5.1.3 Perceived Ease of Use (PEOU)

The second construct examined, also using four items, was PEOU, which is the second key construct
in Davis’ model and, according to Davis, has an influence on PU this relationship will be discussed
in more detail later.
The following four items for PEOU were presented to participants to answer:

• The explanation is easy to understand

• The explanation is linguistically clear and clearly structured

• I was able to understand the explanation without having to read it several times

• The declaration does not contain any unnecessarily complicated terms or formulations

For the second construct, PEOU, the analysis revealed a mean value of 6.24 with a standard
deviation of 1.15. This indicates that the understandability of the AI explanation was perceived
as very high and, in fact, PEOU achieved the highest average score among all measured constructs.

However, due to the standard deviation (1.15), it must be noted that while the majority of par-
ticipants agreed, there were still individual cases where participants had a completely different
perception. This is clearly reflected as in the previous construct in the minimum (1.25) and
maximum (7) values, with the low minimum particularly emphasizing that not all participants
shared the same opinion on this construct.

5.1.4 Trust

The third construct that participants were asked to evaluate in the survey was Trust. This is
the first construct derived from Shin’s model and is also considered highly important in the XAI
literature.
The four items presented to participants for this construct were as follows:

• The explanation increases my trust in the AI system.

• I would rely on this system in a similar situation.

• The declaration conveys reliability in the decision-making process.

• The explanation gives me certainty that the decision is correct.

The descriptive analysis of the Trust construct revealed a mean value of 4.15, which is the
lowest mean in the entire study. The standard deviation was 1.50, the highest of all constructs
measured.

This indicates that trust in the AI explanation was relatively low overall, and the high stan-
dard deviation shows that participants had widely differing opinions on the topic. As with the
other constructs, the full range of values was present from a minimum of 1.00 to a maximum
of 7.00 reflecting the diversity of responses and further supporting the interpretation of the mean
and standard deviation.

5.1.5 Transparency

Transparency was the fourth construct examined in the study. This construct was also adopted
from Shin’s model, and transparency is likewise cited in the XAI literature as an important con-
struct.
In the transparency construct, the following four questions were asked in relation to the case
scenario:

• I have the impression that the explanation has revealed to me the basis for the AI’s decision.

• The explanation tells me how transparent the AI’s decision-making process is.
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• I do not feel that important information about the decision was hidden.

• The statement clearly shows on which information the decision is based.

The descriptive analysis of the Transparency construct resulted in a mean value of 5.09 with a
standard deviation of 1.36. This mean value indicates that participants in the study generally
rated the items in the transparency construct positively.

However, the standard deviation is relatively high, showing that participants did not share a clear
consensus. While most participants tended to rate transparency in the upper range, there were
also individual participants who opposed the majority opinion and viewed transparency rather
negatively.
As with the other constructs, the range of values is quite evident here, with a minimum of 1.25
and a maximum of 7.00. This again demonstrates that opinions ranged from very critical to
fully agreeing.

5.1.6 Understanding

The third-to-last construct examined in the study is the Understanding construct. It is defined
and mentioned in the XAI literature as an important construct, which is why it is included as a
separate construct in this study.
The following questions were selected for the Understanding construct and were to be answered
within the scenario of the case example:

• I understand why the AI made this decision.

• The explanation shows me how the most important decision factors are related to each other.

• The explanation helps me to understand the decision logic step by step.

• I could explain this decision to someone else.

The analysis of this construct resulted in a mean value of 5.56, which is clearly above the
neutral range. This indicates that, overall, participants considered the XAI explanation in the case
example to be understandable.

However, the calculated standard deviation was 1.27, which means that, as with the other
constructs examined, the majority responded positively, but there were still some differences in
responses regarding the Understanding construct.
As with the previous constructs, the minimum (1.75) and maximum (7) values show that
almost every possible opinion was represented. It should be noted, however, that the minimum
here, together with the PU minimum, represents the highest minimum in the study. Nevertheless,
there were occasional difficulties in understanding the explanation, even though the overall results
suggest a high level of understanding among the participant group.

5.1.7 Fairness

The second-to-last construct examined in the study is the Fairness construct. This is also derived
from Shin’s model, and it is a construct that repeatedly appears in the XAI literature in discussions
about influencing factors. For this reason, it was included and examined in the study as well.
As with the other constructs, four items were used to assess fairness in the XAI explanation
presented in the case example:

• The decision seems fair to me based on the explanation.

• The statement shows that similar cases are treated equally.

• The statement gives the impression that the decision was objective.

• The explanation gives me the impression that the decision does not favor or disadvantage
anyone.
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For the Fairness construct, the calculated mean was 5.29, indicating that, as with other
constructs, the mean is above the neutral range and therefore positive. The standard deviation
for this construct is similar to that of the other constructs, at 1.34, which also shows that the
spread in this construct is moderate.
There is an overall positive tendency, but there are still some isolated critical evaluations of the
Fairness construct. The minimum (1.00) and maximum (7) values clearly underline this, as
all possible ranges are represented here.

5.1.8 Behavioral Intention to Use (BI)

The last construct examined and measured was BI, which, in turn, originates from the original
TAM by Davis. This construct is essential in Davis’ TAM and is also included in many later-
developed TAMs, which is why it was examined and analyzed in this study as well.
Here, too, four items were used to cover the construct, which were as follows:

• I would use an AI system that provides such explanations.

• I would recommend such a system to others.

• I would be more willing to accept AI decisions if such explanations were always shown.

• I prefer AI systems that provide understandable reasons for their decisions.

The mean value for the final construct, BI, is 4.77, which is still above the neutral value
of 4 and indicates a slightly positive attitude from the participants’ perspective. The standard
deviation for this construct was 1.44, the second highest value in the study, indicating a wide
spread of responses.
The minimum (1) and maximum (7) values also show that there were participants with the
most extreme opinions on both ends of the scale for this construct.

5.1.9 Descriptive Summary

The survey had an unbalanced gender distribution and did not cover the age range evenly, as can
be seen from the tables. The majority of participants held a university degree and already had
some form of experience with AI systems.

All constructs had a mean value above the neutral midpoint. The two constructs Perceived Ease
of Use (6.24) and Perceived Usefulness (5.84) had the highest mean values in the study. On the
other hand, the constructs Trust (4.15) and Behavioral Intention to Use (4.77) had the lowest and
most moderate mean values, although they still indicated a slightly positive tendency.

For the minimum and maximum values, a certain degree of heterogeneity in participants’ opinions
can be observed across all constructs.

Construct Mean SD Min Max

Perceived Usefulness (PU) 5.837 1.196 1.75 7.00

Perceived Ease of Use (PEOU) 6.240 1.152 1.25 7.00

Trust 4.153 1.500 1.00 7.00

Transparency 5.087 1.360 1.25 7.00

Understanding 5.556 1.271 1.75 7.00

Fairness 5.286 1.341 1.00 7.00

Behavioral Intention to Use (BI) 4.770 1.443 1.00 7.00

Table 4: Descriptive statistics of the constructs

5.2 Reliability Analysis

The reliability analysis is important in this work to measure and assess internal consistency and
validity. It ensures that the items used, depending on the construct being examined, measure the
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same concept, thereby providing a solid foundation for future statistical analyses. Furthermore, it
checks whether the items that do not originate directly from Shin or Davis also fit appropriately
into the respective construct.
As already mentioned in the subchapter Data Analysis Methods, the values for Cronbach’s alpha,
Composite Reliability, and Average Variance Extracted were calculated and evaluated based on
the guidelines of Hair et al. [25].
According to Hair et al., a Cronbach’s alpha value of 0.70 or higher is considered acceptable in
most social science research. Any value below 0.70 is regarded as insufficient [25].
For the Composite Reliability value, a range between 0.70 and 0.90 is considered good, while a
value above 0.95 may indicate that the items are too redundant with each other [25].
For the final measured and examined value, the AVE, Hair et al. state that a value of 0.50 or
higher indicates that the construct has good convergent validity, whereas a value below 0.50 means
that too little of the variance in the items is explained by the construct [25].

Construct Cronbach’s Alpha Composite Reliability AVE
Fairness 0.857 0.902 0.698
Behavioral Intention to Use 0.827 0.884 0.666
Transparency 0.815 0.874 0.635
Understanding 0.895 0.923 0.752
Trust 0.913 0.939 0.793
Perceived Usefulness 0.894 0.927 0.760
Perceived Ease of Use 0.903 0.932 0.774

Table 5: Reliability and Validity Measures for all Constructs

The results clearly show that the Cronbach’s alpha values for each individual construct are
very good and well above the threshold of 0.70 specified by Hair et al. [25]. The construct with
the highest Cronbach’s alpha value is Trust, with 0.912, while Transparency has the lowest value
at 0.815 which, as mentioned, is still well above the threshold.

For the Composite Reliability value, it can also be seen that the values are above the lower thresh-
old of 0.70 but also exceed the optimal maximum value of 0.90. Only two constructs fall within
the optimal range Behavioral Intention to Use and Transparency. All other values are above 0.90,
with the Trust construct being close to the 0.95 range, which may indicate that the items are too
redundant with each other in this construct. Nevertheless, all constructs remain below the 0.95
mark, which Hair et al. identify as the redundancy threshold [25].

For the AVE value, the results are again very good. All construct values clearly exceed the
threshold of 0.50 set by Hair et al. [25]. Trust stands out in particular, with the highest value
of 0.793, closely followed by Perceived Ease of Use with a value of 0.774. It can be seen that all
constructs fall within a range of 0.635 to 0.793.

5.3 Correlation Analysis

Correlation analysis is an important analysis that examines the relationships between the con-
structs investigated in the study. It looks at whether the theoretical relationships also exist on an
empirical level.

There are two different methods for correlation analysis, both of which are examined in this pa-
per. This is because the Likert scales used in the study are ordinal but are often considered
interval-scaled in research. Furthermore, this should show whether the patterns remain consistent.
To cover both, Pearson correlation analysis and Spearman correlation analysis were therefore ex-
amined. The Pearson method is used for metric normally distributed data, while the Spearman
method is used for ordinal and non-normally distributed data.
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The results are evaluated according to Cohen et al. [12, 6]. There are three levels of how weak
or strong the relationship between the constructs is. According to Cohen et al., the following levels
exist:

• 0.10 – 0.29 weak correlation

• 0.30 – 0.49 moderate correlation

• 0.50 – 1.0 strong correlation

5.3.1 Pearson Analysis

In the Pearson analysis, which, as already mentioned, is responsible for interval-scaled normally
distributed data, the results show that the construct “perceived comprehensibility” always has the
weakest relationship with 5 out of 6 other constructs [41]. For the construct “trust,” the value
is even the lowest (0.142) among all results. This is not the case for the relationship between
the construct “perceived usefulness,” where the value is 0.421, which, according to Cohen et al.,
represents a medium correlation [12].

In the Pearson analysis, which, as already mentioned, is responsible for interval-scaled normally
distributed data, the results show that the PEOU construct always has the weakest relationship
with 5 of the 6 other constructs. For the construct trust, the value is even the lowest (0.142) in
all results. This is not the case for the relationship between the construct PU, where the value is
0.479, which according to Cohen et al. represents a medium correlation [12].

The strongest correlation between two constructs in this analysis is between the constructs of in-
tention to use and trust (0.702). The two other strongest correlations are between the constructs of
understanding and transparency (0.647) and the constructs of understanding and fairness (0.634).

As already mentioned, the weakest correlations are between PEOU and trust (0.142). This is
followed by the relationship between PEOU and intention to use (0.221) and PEOU and fairness
(0.313). Despite being the third weakest relationship, the correlation between PEOU and fairness
is still considered a moderate correlation according to Cohen et al.[12].
All other relationships between the constructs are in the moderate to strong correlation range.

PU PEOU Trust Transparency Understanding Fairness Usage
PU 1 0.479 0.399 0.603 0.582 0.384 0.306
PEOU 0.479 1 0.142 0.411 0.364 0.313 0.221
Trust 0.399 0.142 1 0.624 0.502 0.616 0.702
Transparency 0.603 0.411 0.624 1 0.647 0.584 0.526
Understanding 0.582 0.364 0.502 0.647 1 0.634 0.439
Fairness 0.384 0.313 0.616 0.584 0.634 1 0.554
Usage 0.306 0.221 0.702 0.526 0.439 0.554 1

Table 6: Pearson correlation matrix for all constructs

5.3.2 Spearman Analysis

The second correlation analysis is Spearman’s, which was developed to examine ordinal and non-
normally distributed data [49]. The Likert scales used, based on Davis’ model, are ordinal and
should therefore be analyzed using Spearman’s method.
Nevertheless, in practice, Likert scales are often treated as interval-scaled. To ensure the robust-
ness of this work and its results, both correlation analysis methods are therefore used, as already
mentioned.
As with the Pearson analysis, the interpretation of the results in the Spearman analysis is also
based on Cohen et al., using the same ranges [12].

In the Spearman analysis, the results showed that the highest correlation between two constructs
was between Trust and Behavioral Intention to Use (0.641). Not far behind, and thus the second-
highest correlation, was between Fairness and Understanding (0.629). Closely following this, with
only a few hundredths less, was the relationship between Transparency and Understanding (0.622).
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On the opposite side, PEOU appeared in each of the three weakest correlations. By far the lowest
was the correlation between PEOU and Trust (0.149). The second-weakest correlation was between
PEOU and Behavioral Intention to Use (0.244), which is about a tenth higher but still considered
very weak according to Cohen’s classification. The third-weakest relationship was between PEOU
and Transparency (0.279). This shows that PEOU, which originates from Davis’ TAM, does not
correlate well with the constructs from Shin’s model. All other relationships between constructs
fall between the above-mentioned values and range from moderate to strong correlations.

PU PEOU Trust Transparency Understanding Fairness Usage
PU 1 0.394 0.374 0.504 0.499 0.312 0.305
PEOU 0.394 1 0.149 0.279 0.450 0.324 0.244
Trust 0.374 0.149 1 0.620 0.478 0.514 0.641
Transparency 0.504 0.279 0.620 1 0.622 0.565 0.492
Understanding 0.499 0.450 0.478 0.622 1 0.629 0.406
Fairness 0.312 0.324 0.514 0.565 0.629 1 0.554
Usage 0.305 0.244 0.641 0.492 0.406 0.554 1

Table 7: Spearman correlation matrix for all constructs

5.4 Hypothesis testing

The hypotheses established in the Methodology chapter and represented in the structural model
were tested using PLS-SEM. The path coefficients (β), t-values, and p-values were determined
by bootstrapping with 5000 subsamples. Furthermore, the R² values were taken into account
to analyze the explanatory power of the model. Whether a hypothesis is supported or not is
determined according to the standards of Hair et al. [25].
In order for a hypothesis according to Hair et al. to be supported. The p-value, which is calculated
from the t-value and indicates the significance, is important [25]. The following distinction is made:

• p < 0.05 → hypothesis supported (significant)

• p >= 0.05 → hypothesis not supported (not significant)

Furthermore, the β value indicates the direction and strength of the correlation, while the t
value is responsible for checking whether the β value is significant. For this, it must not be equal
to 0. The following hypotheses were classified as follows based on the framework conditions:

• In the H1 hypothesis, the path coefficient was positive and significant (β = 0.393, t =
2.309, p = 0.021).

• In the H2 hypothesis, the path coefficient was positive and significant (β = 0.383, t =
2.425, p = 0.015).

• In the H3 hypothesis, the relationship was not significant (β = -0.005, t = 0.024, p =
0.981).

• In the H4 hypothesis, the path coefficient was positive and significant (β = 0.475, t =
2.438, p = 0.015).

• In the H5 hypothesis, the relationship was not significant (β = 0.018, t = 0.105, p = 0.916).

• In the H6 hypothesis, the path coefficient was strongly positive and significant (β = 0.692,
t = 6.628, p = 0.000).

• In the H7 hypothesis, the relationship was not significant (β = -0.043, t = 0.370, p =
0.711).

• In the H8 hypothesis, the relationship was not significant (β = 0.154, t = 1.461, p = 0.144).
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Hypothesis Path β t-value p-value Supported
H1 Transparency → Trust 0.393 2.309 0.021 Yes
H2 Fairness → Trust 0.383 2.425 0.015 Yes
H3 Understanding → Trust -0.005 0.024 0.981 No
H4 PEOU → PU 0.475 2.438 0.015 Yes
H5 PU → Trust 0.018 0.105 0.916 No
H6 Trust → Intention to Use 0.692 6.628 0.000 Yes
H7 PU → Intention to Use -0.043 0.370 0.711 No
H8 PEOU → Intention to Use 0.154 1.461 0.144 No

Table 8: Results of hypothesis testing with path coefficients, t- and p-values

The so-called coefficient of determination (R²) shows how a dependent construct (intention to
use, trust, and PU) is explained by the independent constructs (PEOU, PU, transparency, trust,
fairness, and understanding). PU and trust are both dependent and independent constructs.

The PLS-SEM analysis showed that 50.6% of the variance in intention to use is explained by
the predictors, primarily trust, PU, and PEOU.
In the case of the construct trust, 48.5% of the variance is explained by the constructs fairness,
transparency, understanding, and PU.
The last dependent construct is PU, which is explained by only 22.6% of the variance of PEOU.

Construct R2

Usage Intention 0.506
Trust 0.485
Perceived Usefulness 0.226

Table 9: R2 values for endogenous constructs

According to Hair et al., none of the three values are in the high range, which starts at 75%.
Nevertheless, intention to use and trust are in the middle range, while PU is in the lower range,
which goes down to 25% [25].

Perceived Ease of Use (PEOU) Transparency Fairness Understanding

Perceived Usefulness (PU)
R2 = 0.226

Trust
R2 = 0.485

Behavioral Intention to Use (BI)
R2 = 0.506

β = 0.475 β = 0.393 β = 0.383 β = −0.005

β = 0.018

β = −0.043

β = 0.154

β = 0.692

Figure 12: Empirical PLS-SEM results with standardized path coefficients and R2

6 Discussion

This chapter discusses the results obtained from the study and compares them with existing results
and findings from other research. This should lead to possible integrations into later practical
applications as well as in theory. Furthermore, it examines whether the research in this work
closes a gap in XAI research and/or helps to close one. It also critically reflects on what could
have been done better in this research in retrospect and what future research could look like.
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6.1 Summary of main results

The results chapter documented values and findings in detail. Now it is time to classify and discuss
them. First of all, the descriptive analysis is classified with its values.

As already noted in the results section, the study has two large age groups. These consist of
young people aged 21-30, i.e. people who grew up with technologies such as smartphones, the
internet and much more. And a group that will soon be retiring and did not grow up with the
internet, but rather in a time when telephone booths were still in use. This means that this study
has two extreme groups that differ greatly from each other in terms of technology. In terms of
gender, there is a disproportionately large group of women. In terms of educational attainment,
most participants have at least a high school diploma. In the study, more than three-quarters of
participants said they had used an AI system of some kind, which is not bad considering that half
of the participants are over 50. Nevertheless, the last question shows that even though most have
used an AI system before, a certain proportion did so rather involuntarily, as almost a quarter
stated that they do not use AI in their everyday lives at all. Even though the largest group in the
question was the “more than once a week” group.

However, the actual aim of this study was to examine the previously defined constructs according
to their importance in the case of XAI explanations. The mean value was calculated for each con-
struct, which provides initial information about how strongly the participants find the respective
construct in relation to the XAI explanation, which was included in the study as a case study. The
mean values of the constructs show that PU and PEOU, i.e., the constructs from Davis’ original
TAM, perform best, while the construct trust, which will later become very important in the hy-
pothesis testing, has the weakest mean value together with the construct intention to use. This
may suggest that, despite classifying the explanation as useful and easy to understand, the partic-
ipants still have a certain amount of reservations and do not trust the explanation. Nevertheless,
all mean values are above average and thus show a slight to strong positive trend, depending on
the construct.

Compared to Shin’s mean values, the mean values of the constructs in this study (4.1–6.2) are
in some cases significantly higher than those reported by Shin (around 3.6–4.6). This may indicate
that the participants in this study are more positive about AI explanations than those in Shin’s
study. There may be various reasons for this, including differences in sample characteristics such as
age or gender. Nevertheless, Shin’s values are compared with the values from this study, as Shin’s
work is strongly represented in this study through his model and the constructs are addressed [47].
In terms of reliability values, the values from Shin’s study and those from this study are relatively
identical. This shows that both studies have robust measurements. When comparing the Cronbach
alpha values, it can be seen that the values differ only slightly in the lower range and are even
identical in the upper range. Shin’s values range from 0.76 to 0.91, while this study’s values range
from 0.81 to 0.91 [47]. The similarity of the Cronbach alpha values between these two studies
indicates clear robustness, even though the contexts in which the constructs were examined differ
between the two studies.

Another important analysis that was conducted using the survey data was the correlation analysis.
Two types of correlations were calculated: Pearson correlations and Spearman correlations. The
reason for this was that the data obtained using the Likert scales in the survey are considered
ordinal and not normally distributed, but in practice, Likert scales are often regarded as interval
scaled. To avoid problems with the results, both analyses were used to test initial correlations
between the constructs in the assembled model. Nevertheless, it must be said that the correla-
tion analysis should be seen more as a prediction of correlations and their strengths between the
constructs and does not replace or anticipate the subsequent hypothesis testing. Therefore, the
results should be treated with a certain degree of caution, but can still be seen as initial trends in
the subsequent hypothesis testing.

The two correlation analyses showed that, regardless of whether Spearman or Pearson was used,
the values did not differ greatly [41, 49]. Rather, most model relationships are very similar and
sometimes differ by only a few thousandths. The strongest correlation is between trust and inten-
tion to use. Here, the Pearson value was 0.702 and the Spearman value was 0.641. This indicates a
very strong relationship, even in the possible later hypothesis between these two constructs. This
assumption would also be consistent with the work of McKnight et al. and Gefen et al., both of
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whom emphasize trust as an important driver for technologies [35, 23]. This assumption would
also support Shin, who also sees trust as an important construct in XAI research in his work and
model [47].
The relationships between transparency and fairness to the trust construct also show strong values,
both for Pearson (0.624 / 0.616) and Spearman (0.620 / 0.514). Only the correlation between the
construct of understanding and trust is weaker than the other two relationships. Here, the Pearson
value is 0.502 and the Spearman value is 0.478. Nevertheless, this relationship, like the other two,
shows a good correlation. Here, too, these results support the general literature that understanding
is an important factor [8]. It also shows that there are possible differences between the individ-
ual constructs and their importance for the acceptance of XAI explanations. This is also one of
the research questions that investigates which factors influence the acceptance of XAI explanations.

However, the model contained in this study does not only include the Shin model [47]. Davis’
original model was also incorporated, and here too, correlations were measured between the stan-
dard relationships, as in Davis’ original TAM, between PEOU and PU, and between these two
and the construct Intention to use [15]. This reveals an initial difference that does not entirely
correspond with Davis’ work. Namely, the correlations between PEOU and intention to use are
rather weak (Pearson: 0.221 / Spearman: 0.244). However, the correlation values between PU and
Intention to Use are also just above the weak correlation mark according to Cohen et al., where
Pearson’s value is 0.306 and Spearman’s is 0.305 [12]. However, this contradicts Davis’ research
on the influence of PEOU and PU on the construct “behavioral intention to use,” which is defined
in this study only as “intention to use” [15]. Only the relationship between PEOU and PU shows
stronger values in the moderate to almost strong range. For Pearson, the value here is 0.479 and
for Spearman 0.394. These values initially indicate that the pure Davis model may not be very
suitable for researching XAI influencing factors. One last relationship that still exists is the rela-
tionship between PU and trust, where the Pearson value is 0.399 and the Spearman value is 0.374.
This means that the correlation is in the moderate range, which does not give a clear indication
of whether linking these two models, as was done in this study, was meaningful or not. One of the
research questions was which TAMs are suitable for evaluating XAI decisions. Correlation analysis
reveals a slight tendency that the Shin model and its constructs may be more suitable than Davis’
original TAM and its constructs.
Until the upcoming hypothesis tests, however, as already mentioned, these correlation analyses
should not be given too much weight. Nevertheless, as already mentioned, they can provide initial
indications of how the later hypotheses will develop.

Now the hypotheses and their results are tested and verified using structural equation model-
ing with the SmartPLS software. The evaluation of whether a hypothesis is supported or not is
determined by several values. The following values were used to examine the hypotheses: path
coefficients, t-values, and p-values from the bootstrapping procedure, which was performed with
5000 subsamples. Furthermore, the R² values were used to demonstrate the quality of the model
explanations once again. The following table shows all hypotheses again and whether they are
supported or not. To see the hypotheses with their respective values, please refer to Table 8, which
can be found in the results chapter.

Hypothesis Result
H1: Transparency → Trust Supported
H2: Fairness → Trust Supported
H3: Understanding → Trust Not supported
H4: PEOU → PU Supported
H5: PU → Trust Not supported
H6: Trust → Intention to Use Supported
H7: PU → Intention to Use Not supported
H8: PEOU → Intention to Use Not supported

Table 10: Summary of hypothesis testing results

The first hypothesis (H1), which states that transparency influences trust, was proven to be
true after testing. This also reflects the opinion of Anjomshoae et al., who state in their work that
transparent decisions made by AI systems increase user trust [3]. This confirmed hypothesis shows
once again how important it is for XAI decisions to be transparent and comprehensible to the user
in order to increase the user’s trust in the AI system.
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The second hypothesis (H2), which assumes that fairness influences trust, can also be confirmed.
Here, too, the result is consistent with earlier work, such as Shin [47]. Both state in their work
that fairness is a prerequisite for trust in technology. In the field of XAI, this means that users
consider a fair and unbiased XAI explanation to be important in order to trust an AI system.

The first hypothesis that is not supported is the third hypothesis (H3). The hypothesis was that
understanding, like the two previous hypotheses, also influences trust. According to this study,
however, this contradicts Shin’s assumption that people want to understand how the results are
generated and that this has an influence on trust [47]. This is one of the reasons why the hypothesis
could not be supported in this study. It could be that the case study used in this study (credit
approval) was not particularly suitable. Does this mean that participants in this study tend to see
fairness and transparency as more important factors influencing trust than the comprehensibility
of the explanation? This could mean that when it comes to important decisions such as granting
loans, comprehensibility does not play as big a role in increasing trust as other factors.

The fourth hypothesis examined was derived from the Davis model and investigated whether
PEOU has a significant effect on PU [15]. This is supported by the study and its evaluation. As
already mentioned, this hypothesis is in line with Davis’ work and TAM, which states that usability
has an influence on usefulness [15]. In the context of XAI, this means that simple interaction with
the AI system and its explanations increases the usefulness of AI systems for the user. This also
means that user-friendly explanations increase the perceived usefulness of AI systems.

The fifth hypothesis (H5) that was examined is the hypothesis that PU has an influence on trust.
This is the relationship between Davis’ TAM and the Shin model. However, it must be said that
this hypothesis is not supported. This deviates from Davis’ research, but also from other research
which states that usefulness increases trust among users [56]. In the context of XAI, this means
that even if an XAI explanation is perceived as useful, it does not increase the user’s trust in the
AI system, and fairness and transparency are the most important factors influencing trust.

The sixth hypothesis (H6) was supported by this study. This hypothesis assumed that trust
influences the intention to use. This assumption is confirmed and also reflects earlier work, such as
that of McKnight et al. and Gefen et al., both of whom assume in their work that trust is one of
the most important factors for technology acceptance [35, 23]. From an XAI perspective, it is con-
firmed that trust is an important influencing factor in persuading users to accept an AI-generated
explanation.

The penultimate hypothesis (H7) stated that PU significantly increases the intention to use. How-
ever, this hypothesis is not supported by the study and its results. This result is very surprising, as
Davis’s work, from which this relationship originates, states that TAM has a significant correlation
here [15]. This lack of a strong correlation may indicate that in the field of XAI, the influencing
factor of trust plays a much greater and more essential role in the intention to use than perceived
usefulness.

The last hypothesis (H8) that was tested is that PEOU has a strong influence on intention to
use. However, this hypothesis is also not supported by this research, which again contradicts
Davis’ TAM, in which usability has a direct influence on the intention to use [15]. This lack of
support can possibly be explained by the fact that users already assume a certain basic level of
usability when it comes to XAI, and therefore further improvements in this influencing factor do
not have a strong effect on the intention to use.

At the end of the hypothesis testing, it turns out that only four of the eight hypotheses are
supported. It can also be seen that the constructs of the classic TAM perform worst when it comes
to the reference to the intention to use in the XAI area, which indicates that these relationships
are not really applicable there. It should also be emphasized that the influencing factor of trust is
the most important for the intention to use, but that trust also depends on other factors such as
fairness and transparency.
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6.2 Theoretical implications

The study and its findings have revealed several theoretical implications in this work. The first
point is that the results of this study show that Davis’s pure TAM cannot be applied to XAI and
that several additional factors are needed for it to be applicable to XAI. While PU and PEOU
are direct drivers of behavioral intention in Davis’ model, this study showed that these factors are
weak and that other factors have a much greater influence on usage intention. Constructs such
as trust, fairness, and transparency play a much more important role in XAI. Understanding also
plays a greater role than the constructs of the original TAM.

The second implication emphasizes that, with XAI, the factor of trust has a very large influ-
ence on users’ intention to use it. Trust proved to be the strongest factor for the intention to use,
and this relationship was also the strongest in the overall model. Although trust itself is primarily
influenced by the constructs of fairness and transparency. This is also supported by Shin’s findings,
in which fairness and transparency also have a significant influence on trust.

Thirdly, the lack of a significant influence of understanding on trust calls existing theoretical
assumptions into question. Shin had assumed that understandability might also influence trust,
but the results of this study suggest that understandability alone does not influence trust in credit
decisions [47]. It seems that users tend to prefer the factors of fairness and transparency over pure
clarity in explanations when it comes to credit decisions, as in this study.

It can therefore be said that the findings from this study show that TAM needs to be expanded
with various constructs in order to be applicable to XAI explanations. By integrating XAI-specific
constructs such as trust, transparency, and fairness, more accurate explanations can be made
regarding user acceptance of XAI explanations than with TAM alone.

6.3 Practical implications

From a practical perspective, this study is relevant for sensitive areas such as credit decisions in the
banking sector when implementing explainable AI systems. But above all, to examine the general
acceptance of AI and XAI. The results of the study show that trust is a decisive factor in whether
users accept an AI-generated explanation. Therefore, when implementing XAI, developers and
companies should prioritize trust mechanisms among the factors of an XAI explanation in their
system.

To increase the influence factor of trust, two additional factors (transparency and fairness) are
required, which have a direct influence on trust and significantly affect this factor. This means
that explanations must not only be understandable, but also perceived as unbiased and transparent
in the decision-making process. In the example of lending, providing the decision-making criteria
that influence the decision and proof of non-discrimination could be used to increase user trust
in the AI system. For example, in medicine, a hospital might transparently show the patient the
results and which ones were decisive. Such ideas could increase fairness and the transparency in
practice.

The results also suggest that comprehensibility alone is not sufficient to increase user trust. Even
if users find the explanation easy to understand, this alone is not enough to reduce skepticism.
The explanation must include the factors of fairness and transparency in order to reduce skepticism.

Due to the subordinate role of the original TAM constructs (PU and PEOU), companies should
ensure during development that the main focus is not on user-friendliness, but rather that the AI
system is developed in such a way that direct emphasis is placed on the factors of fairness and
transparency. This will increase user confidence and ultimately increase the intention to use the
system.

The results underscore that the success of an XAI system depends not only on technical per-
formance, but rather on how the system conveys transparency, fairness, and, above all, trust to
the user.
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6.4 Scientific contributions

This work and its study make several scientific contributions to XAI research from the user per-
spective and TAM. First, it integrates Davis’ original TAM with new constructs and relationships
from Shin’s model. This yields new insights into how classic acceptance constructs in combination
with XAI factors jointly influence user acceptance.
Furthermore, the work provides insights from a sensitive area, namely the financial sector in the
field of credit decisions. The case study in the study also increases the practical usefulness for both
science and industry.
Ultimately, that study makes an important contribution through the application of comprehensive
analysis strategies ranging from descriptive statistics, reliability analysis, and correlation analy-
sis to structural equation modeling using SmartPLS. This increases the robustness and value of
this study and thus provides a good basis for future research investigating the user acceptance of
explainable AI in conjunction with TAM.

6.5 Limitations

Like this study, this work also has certain limitations, which will now be explained in more detail
and should be taken into account in the results. On the one hand, the sample size in the study
was limited and also showed inequalities in terms of gender and age coverage. This means that the
results are limited in their generalizability and that future studies are needed to address the topic
under investigation and resolve the limitations mentioned.

Another important point is that the case study is limited to a specific domain (loan decision-
making). Although this case study covers an important area, the results may not be applicable
to other domains such as healthcare or law. Therefore, future research should test the proposed
combined model in other highly sensitive areas to validate its general applicability.

A third point is that the study relies on Likert scales, as was also the case with Davis and Shin.
While this approach is not uncommon, future studies should also incorporate experiments or behav-
ioral measurements, such as the actual observation of user interactions with AI systems providing
XAI explanations.

In addition, the study was conducted within a two-week period, which means that no long-term
conclusions can be drawn, as would be possible with longitudinal studies. Such long-term studies
could explore how trust and acceptance of XAI develop over time when participants interact with
such systems.

Despite these limitations, the study opens up avenues for further research by highlighting the
influencing factors of trust, fairness, and transparency in the field of XAI and pointing out that
certain TAMs, such as Davis’ model, may need to be adapted in order to be applicable to XAI
[15].

7 Conclusion and Outlook

This thesis aimed to examine the acceptance of XAI-Explanation from the user perspective, based
on a TAM model. The focus of the work was to explore how acceptance of AI systems using XAI
can be increased and which influencing factors are most important in this context.

A study was conducted that evaluated a combined model: Davis’s original TAM and Shin’s
model, developed specifically for XAI. The study included a fictitious AI decision with an XAI
explanation, a case study from the area of loan applications. The following research questions
guided the investigation:

1. Which technology acceptance models are suitable for evaluating AI-generated explanations?

2. According to TAM, which factors influence the acceptance of AI-generated explanations?

3. How influential are the respective factors for the acceptance of XAI explanations?

7.1 Summary of key findings

The results of the study yielded several insights. First, it became evident that Davis’ original TAM
is not sufficient to capture the acceptance of XAI and its influencing factors. In Davis’ TAM, the
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constructs PU and PEOU are the two main factors influencing the intention to use [15]. However,
according to this study, these factors do not have a significant impact on usage intention in the
context of XAI.

Other influencing factors prove to be more decisive, namely those from Shin’s model, which are
also emphasized in the XAI literature [47]. In particular, factors such as trust, transparency, and
fairness proved to be extremely important from the XAI user perspective. Trust, in particular,
showed the strongest correlation with usage intention. Transparency and fairness, in turn, were
found to be important influencing factors for trust, while understanding did not show a significant
effect.

This, however, contradicts previous assumptions in the field, where it is often stated that un-
derstandability is an important prerequisite for trust. The findings of this study suggest that, in
the context of loan decisions, transparency and fairness are perceived as more important and carry
greater weight than understanding in an XAI explanation. The model analysis in Chapter 3.2 also
revealed that no TAM was found that contains all the important influencing factors mentioned in
the literature regarding XAI.

7.2 Theoretical and practical contributions

From a theoretical perspective, it becomes clear that classical acceptance models need to be ex-
tended with additional XAI-specific constructs in order to be applicable. Furthermore, trust should
function as a mediating variable between explanation attributes (e.g., transparency and fairness)
and usage intention, which represents the ultimate goal of AI systems.

From a practical perspective, companies should ensure that their explanations are designed to
incorporate a high degree of fairness and transparency. These factors influence trust much more
strongly than usefulness does, and trust, in turn, has the greatest impact on usage intention.

7.3 Restrictions

Like any other empirical study, the conducted study also has limitations that should be acknowl-
edged. First, the sample size was relatively small, with only 49 participants, and there were
imbalances within the sample in terms of gender and age groups. Furthermore, the study exam-
ined only a single case example (loan decision), which limits the transferability of the findings to
other sensitive domains.

In addition, the results are based on self-reports using Likert scales, which may lead to biases
due to subjective perception. Finally, the study represents a snapshot in time rather than a
longitudinal study.

7.4 Outlook

Future research aiming to apply the combined model should project it onto different scenarios,
such as in the medical domain where research on XAI already exists or in the legal domain. These
studies should involve larger sample sizes and also be designed longitudinally. This would make
it possible to gain deeper insights into how the acceptance and the Influence Factors develop and
change over time. Furthermore, future studies could classify participants into different groups to
perhaps find differences between the respective groups.
It would also be useful to further refine constructs such as Understanding in order to determine
more precisely under which conditions trust is actually fostered. But perhaps also to incorporate
other constructs into the model that were not considered in this study. This could allow future
research to develop a more differentiated picture of XAI acceptance and its influencing factors.
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