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Abstract: Whether or not a product matches the user’s mental model and therefore his understanding
of how it works influences the perceived usability. Therefore, it is beneficial if an interface is based
on the user’s initial mental model, hence it works just as expected. If it contradicts preexisting
models, operating errors and frustrated users are to be expected. This work proposes a method
to increase the probability of correspondence between a developed product and the user’s mental
model by addressing a common source of error in the product development process: Product
designers assuming their own mental model matches the user’s. The process was demonstrated
using the example of an adaptive user interface for commercial vehicles. A questionnaire was used to
identify the underlying dimensions of the user group’s mental model of adaptive user interfaces. By
conducting two expert workshops and a user survey with 75 truck drivers, a questionnaire consisting
of 37 items and four dimensions was constructed. Thereby, the initial mental model of truck drivers
regarding an adaptive user interface for commercial vehicles was determined.

Keywords: human–machine interaction; adaptive user interface; human factors engineering;
commercial vehicles; truck drivers; mental models; questionnaire construction

1. Introduction

The number of functionalities in our vehicles is increasing steadily [1], which generally
leads to an increase in complexity of interaction [2]. This applies especially to commercial
vehicles such as trucks, which feature even more complex driving workplaces due to many
additional functions compared to passenger cars [3]. This potentially overwhelms the user
with vast amounts of control elements and in return this leads to decreased usability [4].
The number of people killed in accidents involving large trucks in the U.S. increased
steadily from 3686 in 2010 to 5005 deaths in 2019 [5] and distractions from the driving task
are one of the most frequent causes for accidents [6]. Therefore, any potential distractions
by complex human–machine interfaces have to be avoided at all costs.

Whilst the sheer number of buttons can be decreased by introducing multimodal
modalities such as touchscreens [7], this can lead to complex menu structures [8] and
potentially accidents [9] due to distractions from the road. Adaptive user interfaces (AUIs)
are presented as a promising solution: They declutter the driving workplace by reducing the
number of necessary buttons and control elements for vehicle functions whilst minimizing
the need for deep menu structures by managing the complexity and only presenting the
currently relevant control elements. This potential to simplify human–machine interaction
in complex systems is well documented [4,10–17]. However, mixed study results suggest
that AUIs can introduce new problems such as perceived unpredictability, lack of feeling of
being in control and user acceptance [2,18].

How is this possible? Fewer buttons, but still confusing? Whilst it is in general
beneficial to reduce the number of buttons in the driving workplace, a system’s simplicity
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is not exclusively determined by its number of control elements [19]. According to Donald
Norman [19], the perceived simplicity of a system depends on whether the user has a
matching mental model of the system.

In addition, the transferability of research results carried out in other topics is lim-
ited [20], making it necessary to conduct studies with this user group. Moreover, a truck is
much more than just a means of transport for truck drivers, but a working tool [21], which
makes its usability all the more important.

Therefore, this work uses the example of an interface for commercial vehicles to
investigate how designers can reduce the gap between the user’s mental model and the
AUI to be developed.

2. State of the Art

AUIs are known to have the potential to simplify human–machine interaction and are
regarded as a future trend [22]. They have the potential to provide the user with an opti-
mized usability [10] and reduce operating times [17] whilst improving user satisfaction [17].
This makes them especially useful for applications with high numbers of functions [4] or
limited space to display them [14], such as in commercial vehicles [7]. Despite numerous
advantages, evaluation results of AUIs have been mixed [17] and challenges remain which
will be discussed in the following sections.

2.1. Adaptive User Interfaces

An interface is adaptive if it changes some aspects according to the current context [23],
which can be defined as the current task, location, time and other influencing factors.
Depending on the predefined context, the AUI automatically displays relevant information
or adapts the interface [4]. For example, while the vehicle is being driven off-road, such
a system would display the vehicle functions relevant to that situation, such as traction
control and differential locks. If the vehicle is stationary and being unloaded, other vehicle
functions such as surrounding lights and lowering of the suspension level become relevant
and are displayed to the driver [3,7].

From a technological point of view, AUIs can be implemented with either static
or dynamic rules or a combination of both [2] and have been the subject of previous
research [2,24,25]. Whilst only concepts for AUIs exist for commercial vehicles [3], Mercedes
Benz [26] and Ford [27] released their first passenger cars featuring adaptive infotainment
functions, proving that they are no longer fiction.

2.1.1. Opportunities

Compared to static interfaces, AUIs offer several benefits if certain prerequisites are
met. These include, for example, a high prediction rate [12], transparency [28] and a fitting
definition of the system’s context [29]. As for any interface, it is also advised to follow a
user-centered design process and adhere to usability guidelines [30].

AUIs allow for a significant reduction in control elements and therefore in theory
reduce reaction times of the operator [7]. By adapting to different operating contexts [10],
they require fewer interaction steps to complete tasks [28]. This can reduce distractions
from the driving task [28] and help in reducing the operator’s mental workload [11].
Furthermore, dynamic interfaces can improve the perceived usability, usefulness and
satisfaction [16] and are praised by proponents for their performance gains [12]. Due to
those advantages, it is widely acknowledged that a move from static user interfaces to
context-dependence is necessary [15]. Then again, the use of AUIs is only advised if the
benefits overweigh the risks and problems [13] which will be discussed in the next section.

2.1.2. Disadvantages

Despite the opportunities of AUIs, potential disadvantages have to be considered.
For instance, giving your product’s control elements multiple meanings depending on
context generally makes it harder to understand [19]. This is particularly relevant for
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AUIs which are inherently inconsistent [31] and unstable [32], thereby violating the basic
usability principle of consistency [33]. Research also suggests that AUIs can reduce the
awareness of the functionalities of a system [17]. Furthermore, the system’s behavior
can be unpredictable [2,12,18] and lead to a feeling of not being in control [13,18], which
is especially critical for use in heavy commercial vehicles. Since AUIs for commercial
vehicles are used in a dynamic environment that requires the driver to focus on the road,
only limited cognitive and attentional resources can be directed at the current state of the
system. This can lead to inattentional blindness and change blindness, which means that
changes to objects in the world or even to the object itself are not perceived due to lack
of attention [34]. For AUIs in dynamic environments, this might result in the driver not
noticing a transition of the system to a new mode, and corresponding discrepancies between
the user’s perception of the current system state and the real state might occur. Those factors
could explain the relative unsuccessfulness of AUIs [18], lack of trust [35], underwhelming
study results [8] as well as the biggest challenge: Achieving user acceptance [2].

2.1.3. Resulting Challenges

Therefore, what can be done from a system designer’s perspective? It seems indis-
pensable that the system matches the user’s expectations and works “just as imagined”.
One could argue that the potential drawbacks of AUIs thereby can be reduced, especially
since users of AUIs have high expectations towards them and are more frustrated when
the interface does not work as expected [30]. Unfortunately, little research has focused on
the design of AUIs [29] and only general guidelines on how to optimize an AUI for mental
models (MMs) exist [36]. Additionally, whilst research agrees that the system should be
consistent with the users’ mental model [19,37–39], there is a lack of methods regarding
how to achieve this conformity.

The next section therefore explores the role of MMs and implications for the design
process of AUIs.

2.2. Mental Models
2.2.1. Definition and Relevance

Whilst definitions of MMs often are criticized for being unspecific [40], that is exactly
what they are. They are generally understood as simplifications of the real world which
are formed by the users and act as a cognitive shortcut, allowing them to operate products
without exactly knowing how complex underlying mechanisms work [37]. The MM
therefore refers to how the user thinks the system works [38]. The model defines the
user’s knowledge about his own possibilities of interacting with the system as well as
the understanding of the system’s actions [38]. With an optimal MM, the user therefore
knows at all times what the system is doing and what he can do [38]. The importance
of correct MMs can also be illustrated by analyzing cases where incorrect MMs were
present. Divergences between MMs and the actual system behavior have, for example, led
to confusion about the system’s current state and subsequent tragic airplane accidents in
the past [41] and increased take-over times in conditionally automated driving [42]. An
inadequate MM that does not represent a system’s technical functionality can also lead to
wrong assumptions and overestimations of an assisted driving system’s capabilities, which
can result in crashes [43].

2.2.2. Formation of Mental Models

MMs are formed by synthesizing prior knowledge and new information [44]. Prior ex-
periences with similar products can lead to MMs which are, depending on new experiences,
reinforced, revised or rejected [44]. From this, it can be deducted that MMs are dynamic
and change over time [45]. The model of how a product works can also be different for each
user [46], for example, due to different past experiences with similar-looking devices [46]
as shown in Figure 1. It also should be noted that the creation of a new MM from scratch
requires mental effort and is demanding, hence users try to use preexisting MMs [47].
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Figure 1. Main influencing factors on the formation of the user’s mental model.

MMs are also influenced by the system itself, for example, by its form of representa-
tion [48,49]. The user relies on information such as what the device looks like and what
the user has read about the system in advertisements, articles, instruction manuals [46] or
system descriptions [42]. The product therefore can communicate a model from the prod-
uct’s designer to the end user. During the first visual inspection of the system and therefore
before interacting with it, the user builds an initial MM based on visual appearance [49].

2.2.3. Resulting Challenges and Implications

Since the development of a new MM is demanding and users prefer to use existing
ones, a new product like an AUI should conform to preexisting MMs [50]. Furthermore,
the user can become frustrated if it is difficult to fit new information into existing MMs [51].
Hence, the system should behave according to the existing MMs, meaning it works exactly
as a novice would expect [38]. This allows the user to use already formed MMs instead of
building a new one, which would require more effort [47].

MMs exhibit high interpersonal variation, i.e., the idea of how a product works may
differ significantly for each person [46]. Differences between the MM of the product’s
designer and user are also possible: The person developing the product can have a widely
deviating MM of how the product works compared to the user as shown in Figure 2.
According to Norman [46], designers expect the user’s MM to be identical to their own,
which unfortunately is not always the case. Since developers design the product with
their own MM in mind, the resulting product can therefore represent a model which is
incompatible with the end user’s MM, resulting in missed expectations and leading to
confusion and frustration. Deviating mental models also can result in different patterns of
performance [48], hence the user may try to use it in a manner that the developer did not
expect and account for.
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It is acknowledged that the MM represented by the system should be oriented towards
the user’s MM instead of the developer’s [37] as illustrated in Figure 2. If the product
communicates and represents a model which is not matching the user’s MM, problems
arise [46].

This has to be avoided, especially when developing adaptive systems, since users of
AUIs have higher expectations and are more frustrated when the interface does not work as
the user expected [30]. Besides the user interface itself, the behavior of the AUI should also
match the user’s MM. According to Gajos et al. [12], an adaptive algorithm is predictable if
users can easily model its strategy in their heads, i.e., it behaves in accordance with their
mental model.

For example, based on previous experiences with similar products, the user might
expect the system to be intelligent and self-learning over time. If the system’s designer
does not expect this and imagines the system to follow unchanging and predetermined
rules stored in the algorithm, a product might be developed which frustrates the user since
its behavior is not matching his MM.

The importance of considering MMs can also be inferred from the guidelines of
leading AI systems. Wright et al. [36] analyzed guidelines of Apple [52], Google [50]
and Microsoft [53]. The authors showed that the guidelines for the category of interfaces
emphasize MMs the most with 24 rules [36]. However, whilst they contain good advice
such as “set expectations for adaption”, little advice is given on how to implement this or
measure success.

3. Research Questions

To avoid confusion [41] and frustration [51] and reduce the mental effort [47], AUIs
should match the user’s existing MMs or facilitate the formation of adequate models. This
allows the user to always know what to do and what the system does [38] and makes the
system seem simple [19]. In addition to existing usability engineering methods, designers
should focus on mental models early in the design process of AUIs [3]. The overall objective
of this work, therefore, is to answer how the gap between MMs and AUIs for commercial
vehicles can be reduced, which is necessary since the transferability of results in other
fields to truck drivers is limited [20]. This goal is subdivided into the following three
research questions.

From the state of the art, it can be deduced that it is beneficial if the system matches
the MM of the user group [39], which is especially relevant for AUIs [50]. Therefore, in
addition to applying existing usability engineering methods, designers and developers of
AUIs should focus on mental models early in the design process of AUIs [3]. Unfortunately,
there is a lack of methods on how to implement this in the development process when the
product itself does not exist yet. The first research question is, thus, as follows:

• RQ1: How can the user’s mental model be incorporated into the design and develop-
ment process of adaptive user interfaces?

MMs are hard to measure [54] since they are subjective. In order to make the MM
more tangible for practitioners, the MM’s underlying structure has to be identified. In the
field of questionnaires, this structure is represented by dimensions. For example, van der
Laan et al. [55] developed a questionnaire that represents and quantifies user acceptance
based on the two dimensions “usefulness” and “satisfaction”, allowing for meaningful
interpretations of study results. Therefore, to gain more insights into the user group’s MM,
this work’s goal is to identify the underlying structure of the model. To allow for efficient
and economical evaluations, the structures should be represented by a questionnaire’s
dimensions. Hence, the second question is phrased as follows:

• RQ2: What underlying dimensions describe the mental model of truck drivers regard-
ing AUI and how can it be measured?

It is beneficial to know the existing MM of users, since the product should match their
understanding of how the system works. This is so important that Google [50] mentions it
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specifically in their guidelines for designing systems using AI to identify existing mental
models. We therefore aim to provide designers and developers of AUIs for commercial
vehicles with the knowledge of how truck drivers’ initial MMs are defined regarding AUIs.
Obtaining this knowledge might reduce the risk of deviating MMs of the developer and
user. Therefore, the following research question is formulated:

• RQ3: What is the initial mental model of truck drivers before interacting with an AUI
for commercial vehicles?

In the following, the three mentioned research questions will be worked on and answered.

4. RQ1—How to Incorporate MMs during AUI Development

As noted by Cooper et al. [37] and Norman [46], it is possible that the system’s designer
and user have different MMs of the same system (Figures 2 and 3). While designers often
expect that the user’s MM of the product to be developed matches their own [46], this is
not always the case since the product itself communicates the model to the end user, as
shown in Figure 3. This can lead to products contradicting existing MMs of the user group,
which has to be avoided, since products should match or build upon existing MMs [46,50].
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Figure 3. Flow of mental models based on Norman [46] with differentiating MMs between the user
and designer represented by a divergent graphical representation, augmented by the proposed step
to give the designer access to knowledge about the user’s initial MM of the system.

Therefore, we propose to augment the traditional development process and include
a step which allows the system’s designer to gain access to knowledge about the MM of
the user group as early as possible during the conception phase of the product shown in
Figure 3.

This leads to a chicken-and-egg situation: The designer needs insights into the MM
of a user group that has not yet formed a solidified MM of the product, since there is no
possibility of interaction with it yet. Fortunately, this conflict can be mitigated by measuring
the initial MM, which is even possible based on sketches and descriptions of the system [49].
Therefore, all the designer needs to measure the initial MM is a brief description or first
design sketches of the AUI. The system’s description should be not too detailed and focus
on the general functionality of the system, since the information given to the user can
influence the MM [42]. This ideally should be carried out during the early conception
phase. After presenting and explaining the system, the user’s MM is measured. This can
either be carried out by conducting interviews in which users explain how they think the
system works [49] or by assessing the MM with questionnaires [56–58].

With the gained knowledge about the initial MM, the designer then can create the AUI
in a manner which represents a model that is consistent with the user’s expectations.

5. RQ2—Structure of the MM and Measuring It

MMs are hard to measure [54] since they are subjective, but methods to overcome this
exist. They can generally be categorized as quantitative and qualitative methods [56].
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Qualitative methods such as interviews, analysis of behavior, card sorting and diaries
allow for fairly detailed analysis of the user’s MM, but are time-inefficient and therefore
costly. In contrast, measuring MMs using quantitative methods, such as questionnaires, is
comparatively quick and inexpensive and therefore more efficient [56]. Due to their high
efficiency and standardization, MMs are often measured by questionnaires [56–58]. They
are constructed for this purpose and typically focus on the correctness of the MM, which
is quantified, for instance, in the form of an understanding score. While this is helpful to
probe if the user has an appropriate understanding of the system, it lacks the information
of a multidimensional questionnaire to interpret the structure of the MM.

To gain more insights into the user group’s MM, this work’s goal is to identify the
underlying structure of the model, also called dimensions. This approach is similar to
the User Experience Questionnaire’s construction [59], which was developed by Laugwitz
et al. [60] and breaks down the product’s user experience into six scales (attractiveness,
perspicuity, efficiency, dependability, stimulation, novelty).

The method for constructing an MM questionnaire was subdivided into two major
phases shown in Figure 4: Item generation and scale development.
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Figure 4. Overview of the methods during the development of the final questionnaire with resulting
number of items per step.

First, items were generated with the goal of covering all characteristics of AUIs with
items, evident by the high number of identified statements. This process is inspired by the
work of Richardson et al. [56], Beggiato and Krems [58] and Rothhämel et al. [61].

In order to reduce the variance and ensure a high level of comprehensibility of the
items, duplicates were removed in subsequent workshops and the wording was tailored to
the targeted group of truck drivers which was verified with pretests. The second phase
focused on developing the scales and identifying the underlying dimensions of the users’
MM through a survey, followed by conducting an online survey and a subsequent factor
analysis. This procedure is similar to approaches used by Hassenzahl et al. [62] and
Laugwitz et al. [60]. In addition, the Delphi method was used to name the questionnaire’s
dimensions. The individual steps of the two phases are described in the following.

5.1. Generating an Item Pool

By applying a similar approach to Rothhämel et al. [61] and Richardson et al. [56], a
literature review was initially conducted. The objective was to consider all possible aspects
of AUIs and to obtain a broad basis for the formulation of items. In total, 243 statements
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regarding the characteristics and properties of AUIs were derived from multiple application
areas such as health care, web applications and the automotive sector. Consideration of
different areas should ensure that all relevant properties are considered. During an internal
workshop, the authors of this paper reviewed the statements for redundancies and clustered
them thematically. Based on this step, a first item pool consisting of 80 items was generated.

5.2. Item Revision
5.2.1. Expert Workshop 1

For the first revision of the item pool, an expert workshop was conducted via an
online conference and virtual sticky notes on the collaboration platform Miro [63] shown
in Figure 5. The goal of the workshop was to review the content and completeness of the
item pool, reduce the total number of items and review the wording of the individual items
regarding understandability and accuracy.
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expert workshop to revise the item pool with color coded decisions and comments.

Five participants took part in the expert workshop (4 female, 1 male). The participants
were recruited from the Chair of Automotive Engineering at the Technical University of
Munich and were considered to be experts in the field of automotive human–machine
interaction and AUIs. The average age was 27.8 (SD = 3.7) and the experience in the
respective fields varied between one and ten years (M = 4.2, SD = 3.5). Furthermore, two
participants reported having previous experience with questionnaire construction.

After a brief introduction to the topic and the goals, the participants were asked to
vote on each item to keep, remove or rephrase it. A comment was required when an item
was voted for revision or rewording. The workshop lasted for approximately 2 h. As a
result, 36 items were removed due to redundancies or irrelevance of contents. Another
35 items were adjusted in their wording due to ambiguity or to simplify the language and
improve accuracy. The item pool was reduced to 48 items.

5.2.2. Expert Workshop 2

A second virtual expert workshop was carried out, but with experts from the field of
psychology and sociology. The goal of this workshop was to review wording and compre-
hensibility of the questionnaire’s items again, but with an emphasis on understandability
and comparable wording of the individual items in accordance with recommendations
from the literature [64].

All three participating experts (100% female) were considered to be experienced
with the construction of questionnaires and had an average age of 29.3 years (SD = 4.2).
Two participants were recruited from the Technical University of Munich and had prior
experience in surveying truck drivers. The other participant was recruited externally and
had no experience with truck drivers.

After a short introduction to AUIs, a questionnaire draft containing the 48 items from
the previous workshop with a 6-point Likert scale (1—not true at all to 6—fully applies)
was discussed. The participants were asked to review the items considering the goals of the
workshop and document their remarks on a virtual whiteboard. The results were discussed
retrospectively within the group. The workshop lasted for approximately 2 h. The revision
resulted in seven eliminations and twelve adjustments. This reduced the item pool to 41.
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5.2.3. Qualitative Pretests

After both expert revisions, a preliminary test with truck drivers was conducted to
verify the comprehensibility of the items with the actual target group. For this, five truck
drivers (100% male, 80% full-time drivers) participated in cognitive interviews, which
are used to detect potential problems in the comprehensibility of questions [33]. The
paraphrasing method was utilized, meaning the subject was asked to repeat all questions
of the questionnaire draft in their own words [65]. Based on the answers, the interviewer
assessed if the participant understood the item as intended. Misleading questions were
rephrased using the participant’s suggestions.

The test sample participated voluntarily and had an average age of 41.4 years (SD = 12.1).
The average annual mileage varied between 10,000 and 125,000 km (M = 51,100, SD = 12,500).
Two respondents stated that they worked exclusively in construction site traffic. Two drivers
worked both on construction sites and road clearing during winter. One participant stated
driving exclusively in long-distance traffic. The interviews took place virtually via an online
conference or by telephone. The duration ranged from 39 to 62 min (M = 48, SD = 11.97). A
paraphrasing method was utilized during the interviews, meaning the subject was asked to
repeat the question in their own words [65]. Based on the answer, the interviewer assesses
if the participant understands the item as intended.

The pretest resulted in three adjustments in item wording, as well as the definition of
the term “context” in the survey’s introduction. According to four of the five respondents,
this term led to misunderstandings, and therefore examples or a more explicit definition
was desired. Furthermore, one item was added regarding content validity, resulting in
42 items.

5.3. Data Acquisition

In order to identify the underlying structure of the MM of truck drivers of AUIs, an
online survey was carried out containing all 42 items of the previous steps. The participants
were recruited via an internal database of the Technical University of Munich which
contains contact data of interested truck drivers. Furthermore, participants were acquired
in truck-specific online forums as well as a truck parking area in front of the warehouse
of an industrial company in Dachau, Germany. All drivers participated voluntarily and
could opt in to a prize draw to win one of four vouchers over EUR 20. The average age
of the resulting sample of 75 drivers (1% non-binary, 4% female, 95% male) was 47 years
(SD = 11), ranging from 27 to 66. For the main traffic type, 28% of the drivers categorized
their driving mainly as construction traffic, 17% as distribution traffic, 20% as primarily
in long-distance traffic and 35% stated other traffic types such as garbage collection and
firefighting traffic. Mean annual mileage was 44,236 km (SD = 57,335).

After initial participant information was presented containing a data privacy statement
and the goal of the study, a short video explaining the functionality of an AUI was shown
(Figure 6). It contained an abstract description of an AUI for trucks based on previous
research [3,7], which explained the system’s functionality in general. The AUI’s schematic
representation and basic description is based on a previously conceptualized system which
defines the current working phase as the system’s context [7] and presents currently relevant
vehicle functions to the driver via dynamic control elements [3].

The items therefore were answered based on a rough description of how an AUI
works. Thus, the answers were based on an initial MM of the system which the drivers
had, meaning how they think such a system would work without having experience with
it. The initial MM was likely formed by a combination of transferred MMs from similar
products and the described system behavior.

The completion time of the survey was estimated to be around 10–15 min. All data
were anonymized with the exception of voluntarily filled out contact data for the prize
draw. The resulting dataset is freely available under Attribution 4.0 International Creative
Commons rights [66].
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AUI for commercial vehicles. The left section shows the current working phase on a timeline which
leads to different vehicle functions shown in the schematic driving workplace on the right.

5.4. Factor Analysis

In order to identify underlying structures of the MM, a principal component analysis
(PCA) was conducted on the 42-item sample with oblimin rotation. The adequacy of the
sample for the analysis was first tested with the Kaiser–Meyer–Olkin (KMO) value and
individual item values (MSA).

The KMO verified the sampling adequacy with a value of KMO = 0.78. Five items
showed insufficient MSA values (<0.5), requiring them to be excluded from the analysis and
subsequently from the questionnaire. The KMO value of the revised questionnaire resulted
in an increase in the KMO value up to 0.84. Bartlett’s test for sphericity was significant,
χ2 (666) = 2.019 (p < 0.001), confirming that the item correlations were sufficiently large to
conduct a PCA. For determining the number of components to be extracted, the Kaiser’s
criterion, scree plot and parallel analysis were compared (Figure 7). The Kaiser’s criterion,
also called eigenvalues, indicated eight factors. Based on the correspondence of the scree
plot and the parallel analysis, as well as content considerations, four factors were extracted
for the final analysis.
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Figure 7. Scree plot for the remaining 37 items with corresponding eigenvalues and dimensions as
well as a parallel analysis.

The factor loadings after the rotation were analyzed. The items with the highest
loadings on the same components were clustered. The analysis resulted in one component
with twelve items, one with nine items, another component with ten and the last one with
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six items. All component scales reached high values for reliability, measured as internal
consistency by Cronbach’s α and Guttman’s λ shown in Table 1.

Table 1. Reliability and internal consistency of the factors quantified by Cronbach’s α and Guttman’s
λ as well as explained variation per factor.

Factor 1 Factor 2 Factor 3 Factor 4

Cronbach’s α 0.88 0.91 0.89 0.85
Guttman’s λ 0.90 0.93 0.91 0.86
Explained
Variation 16% 16% 16% 10%

The explained variation per factor ranged from 10 to 16% (Table 1). The factor correla-
tions were all positive and relatively low (Table 2).

Table 2. Correlation matrix of all factors after conducting oblimin rotation.

Factor 1 Factor 2 Factor 3 Factor 4

Factor 1 1.00 0.33 0.34 0.28
Factor 2 1.00 0.35 0.32
Factor 3 1.00 0.22
Factor 4 1.00

From the conducted factor analysis, it can therefore be deducted that the underlying
MM of the truck drivers consists of four dimensions and can be measured with 37 items.
The values of all individual items can be found in Appendix A. The identified factors are
moderately correlating, indicating their uniqueness.

5.5. Naming the Dimensions

To name the four identified dimensions, a term is to be found that describes the
corresponding items equally well [67]. For this purpose, an iterative, qualitative survey
was conducted. The procedure followed the Delphi method, which seeks to find agreement
between all participants [67,68]. Four AUI experts participated in the survey (50% female,
50% male). The participants were recruited from a manufacturer of commercial vehicles
and were considered to be human–machine interaction experts. The average age was
36.3 years (SD = 5.6) and the experience of the experts in the field of AUIs varied between 3
and 8 years (M = 4.4; SD = 2.4).

The online survey consisted of two iterations and lasted a total of two weeks. In
the first iteration, the task was to formulate suitable names and optionally give short
descriptions for the presented item groups. For the second iteration, the participants
received summaries of the findings, as well as a proposed name to be voted on. The
proposed name was formulated by the author, summarizing the experts’ suggestions as
accurately as possible. Participants’ responses remained anonymous throughout the survey.

The results of the Delphi survey led to the following named four dimensions of
the MM:

• Factor 1: System State and Transparency. Describes the user’s MM regarding the
transparency of the system and how much information about the system state is visible.

• Factor 2: Intelligence and Adaptability. Describes how intelligent the user thinks the
AUI is, how much it is able to recognize, if it is personalized and how adaptable the
system is in general.

• Factor 3: Context Sensitivity. Reflects the user’s MM regarding the degree of context
sensitivity, how the system prioritizes functions and what kind of context is defined.

• Factor 4: User Control. Represents how much the user thinks the system allows him
to be in control and if he can change its behavior manually or access functions via
static interaction.
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6. RQ3—Initial MM

As established, new products should build upon existing MMs [47,50] and therefore
behave as the user expects it to [38]. The framework which presents the solution to RQ1
showed that gaining knowledge about the initial MM of the targeted user group as early as
possible during the development phase is crucial.

Fortunately, the questionnaire resulting from RQ2 is able to measure the MM of truck
drivers regarding AUIs. The initial MM therefore can also be measured.

6.1. Data Acquisition

The dataset from the same sample described in Section 5.3, which is freely available, [66]
was analyzed. This time, only the 37 items which ended up in the final questionnaire and
are relevant for the MM’s four dimensions presented in Section 5.5 were computed.

Since the participants only watched a video containing an abstract sketch of the AUI
(Figure 6) and a basic description of the system’s functionality, it is assumed that the initial
MM was measured analogously to Greenberg et al. [49].

6.2. Resulting MM

The initial MM was determined by calculating the average scores for all 37 items of
the four dimensions.

The resulting MM is visualized in Figure 8 with the corresponding descriptive data
shown in Table 3.
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Figure 8. Initial mental model measured using the questionnaire’s 37 items which were answered by
75 truck drivers, diamond indicates mean value (1—not true at all to 6—fully applies).

Table 3. Descriptive data of all factors regarding the initial MM of the drivers.

System State and
Transparency

Intelligence and
Adaptability

Context
Sensitivity User Control

Mean 4.43 4.72 4.67 5.06
SD 1.0 0.95 0.92 0.92

Median 4.56 4.92 4.80 5.33

Since the mean values for all dimensions of the questionnaire lie in the upper half of
the scale, it can be derived that the targeted user group of truck drivers generally has high
expectations. This is especially true for the MM’s dimensions User Control and Intelligence
and Adaptability which feature the highest mean and median values.
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7. Discussion

This work investigated how to improve the conformance of MMs and an AUI in early
stages of product development by using an AUI for trucks as an example. From this goal,
three research questions were derived which are discussed in this section.

RQ1: How to incorporate the user’s mental model into the design and development
process of adaptive user interfaces? As identified by previous work, it is possible that the
product’s designer and target group have different MMs of how a system works [37,46].
Since the literature also established that it is beneficial to orientate the product to the
user’s instead of the developer’s MM [37,47,50], we set out to integrate measures into the
development process which incorporate the user’s MM as a starting point.

The proposed approach to answer RQ1 gives designers and developers of AUIs
insight into the user’s MM early during the product development phase. This helps the
development team to orient the resulting product towards the user’s MM instead of their
own MM, which could differ significantly and result in confusion and low usability. Whilst
this approach is not limited to AUIs, the biggest benefit is expected for complex products
requiring user interaction.

Arguably, the addition of a new step during the product’s development adds complex-
ity and cost to the process. For example, a measuring method is required to determine the
initial MM as well as a representative user survey with the target user group. To convince
manufacturers to implement this approach, the benefits have to be proven in future work.

RQ2: What underlying dimensions describe the mental model of truck drivers regard-
ing an AUI and how can they be measured? As suggested by the literature, it is beneficial to
build upon the user’s MM [46,50], which requires a robust method of measuring it. Previous
work turned to questionnaires due to high levels of efficiency and standardization [56–58]
but focused on the MM’s correctness without exploring underlying dimensions. This work
aimed to change that and reveal the structure of truck drivers’ MMs regarding an AUI for
commercial vehicles. This was achieved by constructing a questionnaire and analyzing
the factors, similar to previous work in the field of user experience evaluations [59,60,62].
A literature review, two workshops with experts in the field of HMI as well as psychol-
ogy, five interviews and a user survey with a representative sample group consisting of
75 truck drivers and a Delphi method with HMI experts were conducted. This revealed
that the user’s MM can be described by four dimensions: System State and Transparency,
Intelligence and Adaptability, Context Sensitivity and User Control. From this, it can be
derived that design aspects targeting those four aspects will likely influence the user’s
understanding of how the system works.

Whilst previous work has shown that the transparency of a system is critical to the
user’s MM when interacting with AUIs [2,69], the perceived intelligence and adaptability
of a system, as well as its context sensitivity and degree of user control, have not yet been
identified in this form. This is also the first work to identify the most important dimensions
of a mental model for AUIs used in commercial vehicles.

This work was able to prove the questionnaire’s construct validity, while a validation
such as that shown by Hassenzahl et al. [62] to show expected differences between multiple
AUIs was not conducted. Furthermore, the questionnaire is only validated in the German
language, therefore it is not scientifically applicable in English or other languages [70]. Since
the construction was achieved by using a sample of German truck drivers, the transferability
to other applications may also be limited. Before deploying the questionnaire in the field of
AUIs for personal cars or aviation, a validation of the applicability to differing user groups
is advised.

RQ3: What is the initial mental model of truck drivers before interacting with an AUI
for commercial vehicles?

The limitations stated for RQ2 are expected to be true for RQ3 since the same ques-
tionnaire and sample were used. The results indicate high expectations towards AUIs
in general, which is consistent with previous findings [30]. In particular, the MM scales
User Control and Intelligence and Adaptability were rated highly, indicating that the user



Multimodal Technol. Interact. 2022, 6, 14 14 of 20

group expects such a system to let them always be in control. Furthermore, maybe due to
interactions with personal cars or consumer electronic products, the drivers expect such a
system to behave intelligently and adapt to their needs. For the development of an AUI,
designers and developers therefore should focus on giving the user a feeling of being in
control and on implementing robust, intelligent algorithms.

Whilst the users were instructed to rate the items based on how they think such a
system works, it cannot be ruled out that the users were influenced by their wishes towards
such a system. In addition, while it was shown before that the initial MM can be obtained
based on system descriptions and sketches [49], it cannot be excluded that individual
subjects may have had problems understanding the AUI presented to them in the video
format. While the average age of the participating subjects (47 years) is similar to that
found in broader studies of truck drivers [71], the sample in this study may differ from the
overall population of truck drivers in other respects. For example, since participation was
voluntary, an above-average number of truck drivers with an interest in new technology
may have participated in the study and thus influenced the results. Additionally, it cannot
be ruled out that truck drivers with rare and highly specialized use cases, such as airport
tanker trucks, did not participate in the study. Future work should therefore validate the
results based on physical prototypes and include a larger sample to include drivers with
uncommon use cases.

8. Conclusions

In this work, an approach to minimize the risk of gaps between the user’s MM and a
product to be developed was shown by considering the user’s initial MM in early devel-
opment phases. In contrast to prior work, we suggest not only measuring the correctness
of the user’s MM, but also identifying the underlying dimensions of the user’s MM, since
more profound actions to improve the product can be derived from this.

The process was illustrated using the example of an AUI for commercial vehicles,
which to date only exists as a concept. For this purpose, the underlying structure of the
user’s MM was identified by constructing a questionnaire consisting of 37 items for this
use case. This was achieved by forming and revising items and conducting an online
survey with N = 75 participating truck drivers, who were shown an abstract description
of how the system would work and behave. A subsequent factor analysis and Delphi
method showed that truck drivers’ MM regarding an AUI for commercial vehicles can be
described in four dimensions: System State and Transparency, Intelligence and Adaptability,
Context Sensitivity and User Control. The results for the first MM show that the user
group has high expectations, especially with regard to User Control and Intelligence and
Adaptability. It is therefore essential to take this into account when designing an AUI for
commercial vehicles in order to avoid a gap between the initial MM of the user group and
the subsequent product.

While the approach worked for the highly specific use case of an AUI for commercial
vehicles with the user group of truck drivers, the transferability of the questionnaire to other
fields may be restricted. Therefore, the transferability other domains should be explored in
future research.
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Appendix A

This section of the Appendix contains the four identified dimensions of the users’ MM
with the corresponding item wording as well as statistical metrics.

Table A1. Items of Factor 1 “System State and Transparency”.

Item Item Wording Factor
Loading

Item
Difficulty

Item
Discrimination

1 The adaptive system provides
reasons for its actions. 0.64 3.6 0.68

2
I can view the sensor data that the
adaptive system uses to recognize
the context.

0.37 3.8 0.42

3

The adaptive system shows me
how automatically it adapts:
Whether it adapts in a fully
automated way, needs my
confirmation, or only presents me
with a selection of functions.

0.82 4.6 0.73

4 The adaptive system announces its
changes to me. 0.73 5.0 0.68

5
When a vehicle function is
executed, other similar vehicle
functions are suggested to me.

0.47 4.1 0.61

6
The adaptive system informs me
which vehicle functions are
currently active.

0.74 5.1 0.61

7 Context recognition is performed
with a high degree of accuracy. 0.36 4.7 0.53

8
The adaptive system shows me
how confident it is in recognizing
the current context.

0.79 4.1 0.67

9 The adaptive system informs me
about the current context. 0.80 4.9 0.73

Table A2. Items of Factor 2 “Intelligence and Adaptability”.

Item Item Wording Factor
Loading

Item
Difficulty

Item
Discrimination

1 The adaptive system quickly
adapts to the current context. 0.45 0.50 0.71

2 I can operate all vehicle functions
with the adaptive control system. 0.47 4.7 0.48
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Table A2. Cont.

Item Item Wording Factor
Loading

Item
Difficulty

Item
Discrimination

3

Vehicle functions that I have used
more often at a particular time are
suggested to me again at the
same time.

0.81 4.3 0.60

4 Vehicle functions that I last used
are suggested to me. 0.61 4.7 0.64

5 Vehicle functions that I use
frequently are suggested to me. 0.61 5.0 0.78

6 Safety-relevant vehicle functions
are displayed preferentially. 0.39 5.2 0.56

7
I can define which vehicle
functions should no longer be
suggested to me in the future.

0.63 4.8 0.68

8

If I have rejected vehicle functions
several times in the same situation,
they will no longer be suggested
to me.

0.74 4.0 0.50

9
If I sustainably change my behavior,
the adaptive control system
recognizes this and adapts to it.

0.50 4.6 0.69

10
The adaptive system recognizes
new contexts that have not
occurred before.

0.59 4.6 0.75

11 The adaptive system automatically
creates a personal user profile. 0.63 4.6 0.65

12
My user profile can also be
transferred to other vehicles with
the adaptive system.

0.71 4.9 0.71

Table A3. Items of Factor 3 “Context Sensitivity”.

Item Item Wording Factor
Loading

Item
Difficulty

Item
Discrimination

1

When I use the adaptive system for
the first time, it asks me about my
preferences, e.g., whether I like to
use a particular vehicle function.

0.56 4.4 0.70

2

The adaptive system uses sensor
data from the vehicle’s
environment to recognize the
context (e.g., GPS location, engine
speed, road type, weather,
traffic density).

0.73 4.9 0.75

3
During my workday, the adaptive
system frequently switches
between recognized contexts.

0.78 4.5 0.64

4
Depending on the context, the
appearance of the adaptive
system changes.

0.62 4.7 0.65

5 The number of vehicle functions
changes with the current context. 0.72 4.6 0.66

6
The adaptive system recognizes
how demanding the situation is for
me and adapts to it.

0.54 3.7 0.52



Multimodal Technol. Interact. 2022, 6, 14 17 of 20

Table A3. Cont.

Item Item Wording Factor
Loading

Item
Difficulty

Item
Discrimination

7
Vehicle functions that are relevant
in the current context are suggested
to me.

0.45 4.9 0.65

8 Vehicle functions that I have saved
as favorites are suggested to me. 0.37 5.1 0.62

9
Vehicle functions that are urgent in
terms of time are
displayed preferentially.

0.68 5.0 0.64

10

Vehicle functions that are not
relevant within the context are
hidden by the adaptive
control system.

0.54 4.9 0.57

Table A4. Items of Factor 4 “User Control”.

Item Item Wording Factor
Loading

Item
Difficulty

Item
Discrimination

1
Certain areas of the adaptive
system remain unchanged in the
same place.

0.64 5.0 0.61

2 I can override the adaptive system
and its actions at any time. 0.64 5.5 0.65

3 I can view the rules of the
adaptive system. 0.59 4.7 0.59

4 I can change the rules of the
adaptive system. 0.51 4.8 0.66

5

I can change how automatically the
adaptive system adapts at any time
(e.g., functions are executed
automatically by the system or
must first be confirmed by me).

0.76 5.0 0.76

6
I can also call up vehicle functions
that are not suggested to me by the
adaptive system.

0.62 5.3 0.63
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