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Abstract  Recent advances in artificial intelligence (AI), data, and robotics (ADR) 
have pushed the boundaries of the benchmark performance of the respective meth-
ods and have already started to change the landscape in various application domains. 
Some of these domains are mission critical, with control activity that must match 
running processes. For those domains, a number of questions and challenges related 
to safety, robustness, and trustworthiness of AI and ADR methods and models still 
remain open, especially in the scenarios involving human operators. In this chapter, 
we provide an overview of human-centered perspectives on ADR with an emphasis 
on human-AI interaction, interactive visualization, and visual analytics. We explain 
the relationship of these fields to the related disciplines and fields, including human 
factors and human-computer interaction. We introduce the readers to basic concepts 
from these fields and discuss how the prior work fits with ADR principles, focusing 
on examples in visualization for explainable AI, cognitive systems engineering for 
joint human-AI control, and evaluation approaches for human-AI decision support 
systems. We argue that the techniques and frameworks proposed in these human-
centered fields can and should be integrated with ADR methods.
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1 � Introduction

The remarkable progress achieved by researchers and practitioners in artificial intel-
ligence (AI) and robotics over the past decade has benefitted from access to larger 
datasets, better hardware and infrastructure, and more ingenious algorithms. New 
workflows and paradigms have emerged with an emphasis on making use of exist-
ing models that are often very powerful but also very costly to train and highly 
complex with respect to their structure and behavior. In order to facilitate further 
progress in AI, data, and robotics (ADR)—and to enable successful applications of 
the respective advances across various domains and scenarios, including mission-
critical ones—a number of human-centered challenges must be addressed. While it 
may seem at first glance that focusing on humans is not so relevant for the disci-
plines of AI and robotics, counter-arguments are quite straightforward. Stakeholders 
at various stages of the underlying theoretical research, implementation, deploy-
ment, and regulation for AI and robotics are humans: researchers, developers, 
decision-makers, technical support staff, operators, end users, general public, 
authorities, etc. (as illustrated in a simplified way in Fig. 1). These stakeholders 
typically require a certain level of understanding and insight (ranging from high-
level familiarity to in-depth expertise) in order to approve, use, and trust the corre-
sponding ADR tools or robots. Regulations existing in specific fields and disciplines 
under specific jurisdictions can impose explicit requirements for such ADR sys-
tems. For instance, the recent EU AI Act lists a number of requirements for human 
oversight of high-risk AI systems in Article 14,1 including the requirements for sup-
porting monitoring, interpretation, and intervention in the operations of such sys-
tems [1].

Thus, it becomes clear that the concerns related to various forms of interaction 
and teaming across humans and ADR systems are highly relevant for most (if not 
all) stages of ADR design, development, and deployment. Such concerns have been 
studied across several disciplines and fields, from applied psychology and human 
factors to autonomous systems and data science. More specifically, researchers and 
developers may benefit from the techniques that provide overview and support 
interactive exploration of the data and models in detail, especially for machine 
learning (ML) scenarios, including deep learning (DL) and large language models 
(LLMs); system operators and decision-makers require carefully designed user 
interfaces that facilitate rather than hinder their activities; and further stakeholders 
as well as the general public may benefit from high-level summaries that convey the 
main points about the respective ADR systems without excessive detail and clutter. 
To explore the possibilities for addressing these challenges, we focus on the con-
cepts and methods from human-computer interaction, information visualization, 
and visual analytics relevant to ADR.

This chapter relates to several concerns among cross-sectorial AI, data, and 
robotics technology enablers of the AI, Data, and Robotics Partnership [2], 

1 https://artificialintelligenceact.eu/article/14/; last accessed on June 1, 2025.
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including action and interaction, but also systems, methodologies, hardware, and 
tools. The rest of this chapter is organized as follows: in the next section, we start by 
introducing the basic concepts from the fields of human factors and human-computer 
interaction and then information visualization and visual analytics. Afterward, we 
discuss three topics that illustrate the potential of human-computer interaction and 
visualization applications for and interactions with ADR. Finally, we outline several 
potential directions for future work and conclude this chapter.

2 � Background

In this section, we introduce the fields of human-computer interaction and informa-
tion visualization (as well as several directly related fields) that is necessary for a 
further discussion of human-centered techniques and findings relevant to ADR in 
the next section.

2.1 � Human Factors and Human-Computer Interaction

The discipline of human factors (or ergonomics) focuses on interactions within sys-
tems comprising humans and their environments, typically in the context of work 
(professional duties) performed by humans [3], but also services received by humans 
[4]. The environments include physical or virtual artefacts, organizational structures 
related to activities, and social structures related to other people. The focus of 
human factors research is thus to jointly improve the performance of the complete 
system, typically by fitting the environment to the human. Two major system out-
comes can be achieved in this way through systems design: performance (produc-
tivity, quality, effectiveness, efficiency, etc.) and well-being (health and safety, 
satisfaction, learning, etc.) [4].

While the discipline of human factors has its roots in earlier research from the 
nineteenth century, it is generally considered that the contemporary discipline 
emerged in the late 1940s [3]. While the main concerns of human factors were origi-
nally related to physical ergonomics, with time, focus was also put on cognitive and 
organizational ergonomics. Cognitive aspects (especially from not only the reac-
tive, summative perspective but also more proactive and potentially prescriptive 
one) have also been the subject of the field of cognitive systems engineering that is 
defined by Militello et al. as “an approach to the design of technology, training, and 
processes intended to manage cognitive complexity in sociotechnical systems” [5]. 
Relationship between these and further disciplines and fields is complicated by their 
interdisciplinary nature and existence of a rich lexicon of related terms and topics 
[6]. While the traditional human factors research and applications focusing on phys-
ical ergonomics had their roots in medical and biomechanical fields, the focus on 
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cognitive aspects required methods from applied psychology, systems engineering, 
and design.

Eventually, the discipline (or field) of human-computer interaction emerged on 
the intersection of human factors and computer science. Ebert et al. describe the 
goals and scope of human-computer interaction as “to improve the interaction 
between users and computing devices in the sense that this interaction should 
become more user-friendly and better adapted to the needs and capabilities of the 
users and the capabilities of the device” [7]. Dix mentions a number of disciplines 
and fields as overlapping with and helping define human computer interaction, but 
specifically, computer science, psychology, and ergonomics, afterward joined by 
social sciences due to the interest in sociotechnical design challenges [8]. One of the 
important topics in human-computer interaction is the design and evaluation of user 
interfaces. The methods from cognitive systems engineering can be applicable and 
helpful in this regard when considering support for decision-making in complex 
sociotechnical systems, in particular, the ecological interface design [9, 10]. This 
methodology relies on work domain analysis of the respective domain problem with 
a distinction between lower-level physical information and higher-level, more 
abstract functional information, which is relevant to the notion of abstraction hier-
archy. Our previous work elaborated on the applications of this methodology for the 
air traffic control domain. Our initial interactive interface contribution for support-
ing “what-if” and “what-else” probes [11] was followed up by a study applying 
work domain analysis. The latter included design and evaluation of two ecological 
user interfaces for dealing with conflicts in air traffic control while aiming for safety, 
performance, and efficiency as functional purposes [12].

The development and adoption of technology has been naturally affecting human 
factors and human-computer interaction, initially with respect to physical but even-
tually also cognitive and organizational ergonomics. Bainbridge discussed a num-
ber of “ironies of automation”—challenges arising, among others, from the 
assumptions that replacing human operators with fully automated systems would 
only lead to benefits in the short and long term [13]. The issues that could ensue, 
however, include the loss of vigilance while monitoring a long-running process; 
losing the skills over a longer period of time; and reducing (or even eliminating) the 
opportunities to train new staff members. With recent advances in artificial intelli-
gence, new ironies have emerged [14]. In addition to these concerns, the issue of 
trust in automation should also be considered [15], as both over- and under-trust can 
lead to suboptimal and even catastrophic results in mission-critical scenarios. While 
the notion of trust has been debated across numerous studies and fields, the defini-
tion by Lee and See has the benefit of being operationalizable for both research and 
application purposes: according to them, trust is “the attitude that an agent will help 
achieve an individual’s goals in a situation characterized by uncertainty and vulner-
ability” [15]. Further concerns relevant to human factors in human-automation col-
laboration scenarios include cognitive load [16] and situation awareness [17, 18]. 
The latter can be described as a dynamic process that comprises the ongoing and 
continuously updated comprehension of the situation at large (frames), more 
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specific details affecting the situation (implications), elements of the environment 
(objects), and the event horizon of actual and potential developments [18].

In order to evaluate/validate particular designs and techniques, human factors 
and specifically human-computer interaction researchers and practitioners rely on a 
multitude of experimental methods that can be traced back to behavioral and social 
sciences [19]. Such experimental methods can be characterized by the dimensions 
of precision, generalizability, and realism: for instance, a laboratory experiment can 
provide a high degree of precision, but it will lead to a trade-off with realism and 
potentially generalizability. Both quantitative and qualitative methods have their use 
in human-computer interaction [20], while one of the most common target measures 
is usability. Usability can be defined and evaluated alongside three aspects [21]:

Effectiveness (Are the users able to complete their tasks? How many errors 
they make?)

Efficiency (How much time does it take for the users to complete their tasks?)
Satisfaction (What is the users’ opinion/attitude toward the tool?) [21]

While effectiveness and efficiency are often measured as part of task-based user 
studies (typically laboratory or perhaps field experiments), satisfaction is usually 
gauged by interviews and questionnaires with Likert-scale items, with several 
prominent examples being the 10-item System Usability Scale [22] or the 2-item 
UMUX-LITE [23]. The knowledge about such methodologies may be beneficial 
when designing ADR experiments involving human participants or judges; and they 
are also often relevant to evaluation of visualization techniques and tools, as dis-
cussed next.

2.2 � Information Visualization and Visual Analytics

The field of information visualization (InfoVis) has emerged in 1990s on the inter-
section of research and applications in scientific visualization, computer graphics, 
human-computer interaction (especially graphical user interfaces), cognitive sci-
ence, data science, knowledge discovery in databases, cartography, graphic design, 
color science, and further fields. The historical roots of InfoVis can be traced back 
for several centuries, including examples of thematic and topological maps, math-
ematical diagrams and statistical charts, as well as infographics handcrafted for 
printed media with illustratory purposes. However, the identity and special focus of 
the InfoVis field are strongly associated with a general workflow for visually repre-
senting and interacting with abstract data (typically multivariate/multidimensional 
and often nonspatial in contrast to scientific visualization). The commonly accepted 
definition of the scope of InfoVis is “The use of computer-supported, interactive, 
visual representations of abstract data to amplify cognition” [24]. As Stuart Card put 
it, “The purpose of information visualization is to amplify cognitive performance, 
not just to create interesting pictures. Information visualizations should do for the 
mind what automobiles do for the feet” [25].

K. Kucher et al.
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The overall design of InfoVis techniques and tools typically follows the InfoVis 
Reference Model [24] or similar frameworks: the tool allows the user to load their 
data, and then the data is preprocessed and mapped to certain visual representations 
and rendered in one or multiple views. The user is usually provided with a number 
of interaction options to investigate the data using the corresponding views, adjust 
them, or even change the representation. The options and concerns associated with 
each of the individual steps of the design process according to such a framework, 
their interactions/relationships, series of such interactions, and the overall context 
of use constitute the space of research and application challenges for the InfoVis 
field. For instance, the question of choosing the optimal (or at least more suitable 
than baseline alternatives) visual representation for a particular data type and scale 
with further constraints (e.g., the conventions existing for graphical representations 
and notations in a specific discipline/field such as biology) is a rather typical 
research problem in InfoVis, addressed through a combination of theoretical and 
empirical methods.

The complete process of designing, implementing, and validating InfoVis tech-
niques and tools should be carried out in a human-centered way while being based 
on the existing theoretical models and empirical evidence accumulated in this field. 
One of the methodologies commonly adopted in InfoVis is the nested blocks model 
[26] that defines several nested steps for the iterative design and validation process, 
from domain problem characterization to abstraction to design of individual visual 
representations and interactions. Another prominent example is the data-users-tasks 
design triangle model [27] that highlights the respective concerns and their interac-
tions. Finally, Sedlmair et al. describe the design study methodology for InfoVis 
suitable for applied research and collaborations across and beyond academia [28].

Continuing this discussion in a top-down fashion, the next crucial step of the 
design process is to define the intended user tasks that should drive the resulting 
design, as high-level tasks of exploratory or confirmatory data analyses would typi-
cally require a different design than storytelling/narrative visualization. Considering 
low-level tasks, the classical InfoVis workflow describing a mix of user tasks and 
corresponding interactions is known as the Visual Information Seeking Mantra: 
“Overview first, zoom and filter, then details-on-demand” [29]. Besides these four 
tasks, Shneiderman’s taxonomy also includes further tasks such as “relate,” “his-
tory,” and “extract.” Another prominent taxonomy focuses on ten low-level analysis 
tasks [30]: “retrieve value,” “filter,” “compute derived value,” “find extremum,” 
“sort,” “determine range,” “characterize distribution,” “find anomalies,” “cluster,” 
and “correlate.”

Analysis and design of individual visual representations can be approached from 
the perspective of combining basic marks (graphical elements such as points or 
lines) with further visual channels (graphical properties such as position, color, 
shape, curvature, orientation/tilt, size, texture, or motion) [31, 32], typically for a 
given spatial substrate (such as a 2D Cartesian coordinate system). For example, 
switching line segments into individual dots would turn a line plot into a scatterplot, 
while varying the area of dots based on the underlying data would turn a scatterplot 
into a bubble plot. It should be mentioned that InfoVis techniques rely “by default” 
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on 2D rather than 3D representations when the latter is not justified [32], especially 
for standard 2D computer monitor screens. The motivation for this includes distor-
tion, occlusion, and navigation issues as well as lack of performance benefits for 
many data types and tasks, based on prior studies. When properly motivated and 
used in right contexts (including immersive environments), 3D may have its bene-
fits, of course.

Since the purpose of InfoVis is not only to provide static visual representations 
of the data (such as diagrams and plots created using spreadsheet or scientific com-
putation software, for instance) but generally also to facilitate further engagement 
with such representations, the next step of the design process is to consider interac-
tions that should be supported for the user to facilitate their tasks. High-level inter-
action strategies in InfoVis [33] include support for navigation through the data 
space, direct manipulation (allowing the user select and adjust data items via their 
visual representations, rather than requiring database queries or scripting/coding), 
and human/agent interaction, which has become an active area of research and 
applications over the past years due to the development of conversational agents and 
natural language interfaces [34, 35]. Considering more low-level interaction tech-
niques, the taxonomy by Shneiderman described above [29] is complemented by 
the interaction taxonomy by Yi et al.: “select,” “explore,” “reconfigure,” “encode,” 
“abstract/elaborate,” “filter,” and “connect” [36]. As an example of “abstract/elabo-
rate,” geometric zooming allows the user to simply adjust the scaling when explor-
ing representations such as scatter plots, while semantic zooming may change the 
visual representation based on the level of detail, e.g., display additional details and 
labels when zooming in (this technique is thus also related to the “encode” cate-
gory). Further, multiple focus + context techniques that apply distortions (such as 
the fisheye lens) provide a more salient representation of the selected data subset 
(“focus”) while still supporting the overview of further data (“context”) in the same 
view [37].

While the discussion above was mainly centered on users and tasks, the data-
related concerns also play a crucial role in the choice of appropriate visual represen-
tations and interactions: “The expressiveness principle dictates that the visual 
encoding should express all of, and only, the information in the dataset attributes” 
[32]. In other words, the visual representation should not “invent” additional dimen-
sions or relations (such as typical 3D bar charts with the depth attribute not based on 
the underlying data) or mislead the users by hinting at such non-existent relations 
and patterns due to poor visual encoding choices. At the same time, while it is pos-
sible to directly map one, two, or even three data attributes/dimensions to the respec-
tive 2D/3D spatial substrate, the choice of visual representation for more than three 
attributes at a time is generally not a trivial task—and in the general case, certain 
trade-offs must be made that compromise the “… express all of, and only, the infor-
mation” part of the expressiveness principle. Suggestions for the choice of visual 
representations of low-dimensional data as well as some “special” data types (such 
as geospatial data) are provided by Shneiderman as well as Heer et  al. [29, 38]. 
Further, in-depth discussions and online survey browsers for hundreds of existing 
techniques and tools have also been contributed over the years in the InfoVis field. 
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For instance, our work on text visualization [39] describes the design space of 
respective techniques and tools, as depicted in Fig. 2. The respective online survey, 
the TextVis Browser,2 not only provides access and links to the respective publica-
tions but also hosts a collection of links to similar resources focusing on the topics 
such as visualization of trees, multivariate graphs/networks, etc. Another prominent 
collection to mention is the Visualization Resources Web site3 [40].

The strategies for representation of high-dimensional data [41] can be mapped 
back to the elements of the InfoVis Reference Model [24], for instance, dimension-
ality reduction [42] could be applied early on to lay out the source data entries as 
points in a 2D or 3D space, with the assumption that the entries similar in the origi-
nal high-dimensional data space will be positioned close to each other in the result-
ing projection space. This strategy could be generally applied for any 
high-dimensional dataset—however, the quality of the resulting projection as well 
as the ability of users to actually interpret the resulting point cloud layouts depends 
on multiple factors (algorithm/model properties, applicability for specific data and 
tasks, etc.). Alternative strategies include the use of multiple coordinated views [43] 
that usually rely on brushing + linking interactions: as the user directly selects items 
in one view such as a scatterplot, e.g., using a rectangular or lasso selection (the 
“brushing” step), the other views are dynamically updated to highlight, filter, change 
pan or zoom level, etc. accordingly (the “linking” step). For example, this strategy 
could be applied alongside a scatterplot matrix as yet another general approach for 
any high-dimensional dataset. This is a powerful strategy; however, it requires more 
space to juxtapose several views and potentially imposes the change blindness risk 
for a larger number of views and more complex and larger datasets. Finally, the 
visual metaphor itself could be designed in a nontrivial way that facilitates one or 
several tasks with such high-dimensional data, including iconic glyphs [44] or rep-
resentations of a single data entry as a polyline in parallel coordinates [45]; the 
rather popular radar chart representation (also known as a Kiviat diagram, star 
chart, spider chart, etc.) is a variation of the parallel coordinate plot with a radial 
axis layout, for instance.

Last but not least, the stage of evaluation/validation of InfoVis approaches is 
crucial for ensuring that novel ideas or combined applications of existing techniques 
reach the intended goals. InfoVis relies on the body of knowledge of evaluation in 
human-computer interaction described above, ranging from formal methods to 
usability studies to expert reviews [46]. Isenberg et al. provide a systematic review 
of the evaluation methods used in InfoVis studies [47], while the works by Lam 
et al. and Elmquist and Yi provide guidelines for designing and conducting evalua-
tions according to typical scenarios and patterns [48, 49].

While this description provides an overview of the field of InfoVis, the reader 
may have noticed that the focus of the discussion so far has been on the careful map-
ping from user requirements and data characteristics to the design and evaluation of 

2 https://textvis.lnu.se; last accessed on June 1, 2025.
3 https://sites.google.com/view/visres/; last accessed on June 1, 2025.
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interactive visualization techniques and tools with only cursory mentions of compu-
tational methods. Indeed, while the traditional InfoVis approaches relied on a rather 
direct mapping process from data (traditionally, from databases or static files) to 
visual representations, eventually the challenges related to processing larger, more 
complex, and heterogeneous datasets for broader and more demanding tasks gave 
way to the concept of visual analytics. Keim et al. provide the following definition 
for this field: “Visual analytics combines automated analysis techniques with inter-
active visualizations for an effective understanding, reasoning and decision making 
on the basis of very large and complex data sets” [50]. While the boundary between 
visual analytic and InfoVis fields and methods is often fuzzy, the following Visual 
Analytics Mantra by Keim et  al. illustrates the respective focus: “Analyze First, 
Show the Important, Zoom, Filter and Analyze Further, Details on Demand” [50]. 
The need to accommodate analysts in the world with more complex and less pre-
dictable data and models was discussed by Amar and Stasko around the same time 
as a follow-up to their earlier work [30, 51], with the focus on supporting high-level 
analytic activities such as “complex decision-making, especially under uncertainty,” 
“learning a domain,” “identifying the nature of trends,” and “predicting the future.” 
The later Knowledge Generation Model by Sacha et al. describes the relationships 
across elements and activities that take place within the software (data, computa-
tional model, interactive visualization affordances) and beyond (the human ana-
lyst’s steps for exploring the data, formulating and verifying hypotheses, and 
eventually generating new knowledge about the domain problem) [52]. Visual ana-
lytics has become an important field over the past two decades, and its role espe-
cially in the context of ADR-related topics and concerns cannot be overstated. The 
recent discussion of grand challenges in visual analytic applications, for instance, 
included closer intertwining of visual analytics and AI, providing guidance (which 
requires mixed-initiative approaches relying on AI), and explainability in complex 
visual analytic systems [53], which opens up opportunities for mutual benefits for 
research and applications involving visual analytics and ADR.

Turning to industrial and societal uptake of InfoVis, novel tool prototypes as well 
as commercial products have been developed within or close to the visualization 
research community [54], such as Tableau, complemented by a variety of business 
intelligence and analytics tools that integrate some level of support for visual repre-
sentation and interaction techniques with data preprocessing and computational 
models [55], such as Microsoft Power BI or IBM Cognos. Design, implementation, 
and evaluation of such tools aimed at professionals with a varying degree of exper-
tise in visualization and computational disciplines pose a set of additional chal-
lenges. The existing work on this genre of visualization dashboards includes lessons 
learned [56], design spaces [57], and actionable design patterns [58] from visualiza-
tion experts.
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3 � Human-Centered Perspectives on ADR

In this section, we discuss three topics based on the existing literature as well as our 
own work that highlight different constellations of human-computer interaction, 
visualization, and ADR concerns.

3.1 � Human-Computer Interaction and Visualization 
for Explainable AI

One of the directions of research and applications in human-computer interaction, 
InfoVis, and visual analytics that is highly relevant to ADR is support for various 
stages of AI (especially ML/DL) model training and deployment pipeline. Some of 
the prominent examples of the work in visual analytics focusing on ML (rather than 
later DL) approaches include interactive support for construction, debugging, and 
analysis of application of decision trees [59], support vector machine classifiers for 
text retrieval [60], inter-active ensemble learning for video analytics [61], or visual 
interactive labeling [62].

Our own prior work on supporting the active learning-based multi-label data 
annotation and classifier training processes for research on sentiment and stance in 
text data led to designing and applying a similar approach with our collaborators, 
researchers in linguistics and computational linguistics [63]. ALVA is a visual ana-
lytic tool that provides user interfaces for annotation, visual analyses of the anno-
tated data and annotation process itself, as well as monitoring of the classification 
model performance over the active learning training rounds. The Web-based tool 
supports several user roles with permissions to access and make annotations, con-
trol the active learning process, or access the visual analytic interfaces. The focus of 
the latter is on analyzing the progress of the annotation process as well as identify-
ing patterns in the data annotated so far, as displayed in Fig. 3. By using a novel 
visual representation titled CatCombos (“category combinations”), our collabora-
tors were able to identify interesting cases and patterns of interaction between sev-
eral semantic categories of stance in the annotated text data, such as expressions of 
uncertainty, hypotheticals, and prediction. Similar approaches are sought after by 
researchers and practitioners in computational linguistics, as understanding and 
supporting the data annotation/labeling process contributes in a major way to the 
success of resulting models. Considerations for interdisciplinary collaborations in 
visual text analytics [64] can thus be extended for other areas of ADR in the future.

The rapid development of AI approaches across academia and industry over the 
past decade has also affected the fields of human-computer interaction and visual-
ization, with new challenges and research directions emerging to support the 
research and applications of such approaches. The rising interest for interpretable 
(with the model internals understandable to humans) and explainable (with the 
model behavior and individual decisions being described and motivated for humans) 

K. Kucher et al.



633

F
ig

. 3
 

T
he

 u
se

r 
in

te
rf

ac
e 

of
 A

LV
A

 u
se

d 
fo

r 
th

e 
vi

su
al

 a
na

ly
si

s 
of

 a
nn

ot
at

ed
 d

at
a,

 a
nn

ot
at

io
n 

pr
oc

es
s,

 a
nd

 a
ct

iv
e 

le
ar

ni
ng

 c
la

ss
ifi

er
 tr

ai
ni

ng
 f

or
 m

ul
ti-

la
be

l t
ex

t 
cl

as
si

fic
at

io
n

Human-AI Interaction and Visualization Perspectives on ADR



634

AI [65] has led to the initiatives on human-computer interaction research agenda for 
explainable, accountable, and intelligent systems [66], as well as the human-
centered artificial intelligence agenda [67]. Amershi et al. proposed a set of 18 gen-
erally applicable guidelines for human-AI interaction applicable not only for 
research prototypes but also industrial products, divided into several main catego-
ries according to the training and use stages/situations: initial, ongoing, AI error/
failure, and long-term use [68]. Liao et al. contributed an explainable AI question 
bank collected via discussions with industry design practitioners on the users’ needs 
for explanations and explainability [69]. These guidelines and resources are relevant 
for ongoing and future work in ADR, as they elaborate on the constraints and prefer-
ences for AI models and tools that are used and/or overseen by humans.

The work within the InfoVis and especially visual analytic fields relevant to 
interpretable and explainable AI has resulted in a number of interactive visual 
approaches to support human-centered machine learning [70, 71], explainable deep 
learning [72], and trust in AI [73]. Several prominent examples to mention here 
include the What-If Tool for interactive model probing and counterfactual reasoning 
[74], AttentionViz for a global view on Transformer attention patterns [75], and the 
explAIner framework for generating visual explanations and suggestions for model 
steering [76].

Our own work in this area has resulted in design spaces and interactive survey 
browsers focusing on the topics of enhancing the trust in ML models with the use of 
visualization4 [77, 78] and the use of data embedding approaches in visual analyt-
ics5 [79]. These resources (see Fig. 4) position the existing work and allow research-
ers and practitioners alike to find the existing visual analytic techniques supporting 
tasks such as ML model construction, debugging, quality/bias control, interactive 
exploration and comparison of the embedding space, as well as representation and 
explanation of model decisions. Furthermore, we contributed visual analytic tech-
niques and tools such as StackGenVis for training stacking ML classifiers [80] and 
EEVO for text similarity analyses using ensembles of embeddings [81].

There is potential for further advances in the area by combining human-computer 
interaction, visual analytics, and ADR involving the challenges of interpretability, 
explainability, and trustworthiness of AI—not only within academia but also with 
further societal and industrial collaborations. This is highlighted by our recent con-
ceptual framework on this topic [82] as well as a study on explainable AI interfaces 
for operators in process industries [83].

4 https://trustmlvis.lnu.se; last accessed on June 1, 2025.
5 https://va-embeddings-browser.ivis.itn.liu.se/; last accessed on June 1, 2025.
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3.2 � Joint Human-AI Control

Some of the “ironies of automation” described above [13] remained open over the 
course of decades, resulting in the automation conundrum associated with the 
change of level of automation (LOA) from completely manual human control 
toward full automation [17]: “as more autonomy is added to a system, and its reli-
ability and robustness increase, the lower the situation awareness of human opera-
tors and the less likely that they will be able to take over manual control when 
needed.” When considering AI instead of traditional automation techniques, new 
ironies emerge: according to Endsley, for instance, “The more intelligent and adap-
tive the AI, the less able people are to understand the system” and “The more capa-
ble the AI, the poorer people’s self-adaptive behaviours for compensating for 
shortcomings” [14]. Requirements for explainability, human interaction and over-
sight, training and skill retention, and joint testing of human-AI systems are men-
tioned among alleviations for these challenges [14].

Relying on the notions of abstraction hierarchy [10], situation awareness [18], 
and LOA [17], our own work proposed the Joint Control Framework (JCF) [84] that 
describes human-machine (including automation and AI) interaction scenarios with 
a focus on cognitive joints, moments in time and space where human and machine 
work together. JCF relies on three key components:

		 Process mapping that results in definition and categorization of relevant subjects, 
objects, and effects for the scenario at hand.

		 The framework of Levels of Autonomy in Cognitive Control (LACC) that defines 
six levels (1–2: how?, 3–4: what?, 5–6: why?) of autonomy and interaction in 
relation to situational awareness concepts such as frames and the event horizon.

	 JCF Score, a notation for temporal description resembling the musical notation 
used for sheet music. This score uses six horizontal lines to represent six LACC 
levels. Separate groups of lines can be used for separate subjects or objects, simi-
larly to separate staffs used for different instruments in sheet music.

While the framework and score can be applied on their own, the ongoing work on a 
prototype of JCF Editor depicted in Fig. 5 facilitates transcription and analyses of 
complex use case scenarios recorded with the existing human-interaction tools and 
users. In this example, future drone traffic is analyzed from the perspective of an 
operator who needs to inspect planned traffic before approving it [85]. Looking at 
Fig. 5, we immediately can see that the blue decision joints of the human subject are 
much higher up than their green and orange action and decision joints. This means 
that the subject must make inferences in abstraction, i.e., consequences of imple-
mented plans on higher goals—and then back again from those higher-level goals to 
what adjustments on lower levels that must be made to fulfil the goals.

The relevance of this line of work to ADR lies in the ability to formalize and 
analyze complex scenarios including multiple subjects and objects over time, such 
as one or several operators and one or several automation/AI agents. The methodol-
ogy can be applied for evaluation of existing techniques and planning of future 
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studies. A relevant example here involves the work on human-in-the-loop AI for 
future, advanced air traffic management systems combining manned and unmanned 
vehicles and services [86]. To accommodate the long-term planning and design for 
such eventual future systems (in the air traffic control domain and beyond), Nylin 
et al. described the concept of Reduced Autonomy Workspace that combines the 
notions of LOA and LACC to describe the extent of divided and collaborative work 
between subjects, including automation/AI agents [87]. The term “reduced auton-
omy” refers to the cases when the automation/AI agent needs to hand over some 
degree of control to the human operator (e.g., due to uncertainty or accountability 
requirements), and this handover should be adapted to accommodate the operator 
(e.g., checking whether the operator is highly occupied at the moment). Nylin et al. 
also introduced the design of glyphs for similar real-time scenarios in future sys-
tems that visually encodes time remaining to make the necessary decision [88]. The 
development of actual models, agents, and autonomous systems within the scope of 
ADR that would be involved in such traffic management or unmanned traffic sce-
narios provides clear opportunities for future contributions and collaborations 
across fields.

3.3 � Evaluation for Human-AI Decision Support Systems

Our final topic is relevant to the context of the ongoing AI4REALNET project6 that 
aims to achieve human-in-the-loop decision-making for co-learning between AI and 
humans. The project focuses on application scenarios with critical network infra-
structure systems (electricity, railway, and air traffic management) that are tradition-
ally operated by humans. The project is tasked with not only purely technical (such 
as novel reinforcement learning methods for complex networks) but also sociotech-
nical goals to enhance transparency, safety, explainability, and acceptance of the 
developed AI solutions by human stakeholders (in particular, industrial operators). 
More specifically, the human-centered evaluations planned within the project are 
intended to assess the social-technical decision quality; AI acceptability, trust, and 
trustworthiness; human user experience; AI and human learning curves; task alloca-
tion balance; and long-term consequences of AI assistants.

As discussed above, the concerns related to human-centered AI and ML [67, 68, 
71] are relevant for such scenarios in ADR.  More specifically, Hoffman et  al. 
describe the 7-item Explanation Goodness Checklist (to be used by other research-
ers/experts), the corresponding 7-item Explanation Satisfaction Scale with Likert 
items (to be used by study participants), and the 8-item XAI Trust Scale with Likert 
items (also to be used by study participants) [89]. Similar questionnaires are also 
used with respect to further (X)AI properties in the published work, and they are 
certainly useful; however, the work by Buçinca et al. indicated that proxy tasks and 

6 https://ai4realnet.eu/; last accessed on June 1, 2025.

K. Kucher et al.

https://ai4realnet.eu/


639

subjective measurements may be misleading in evaluating explainable systems; 
thus, experimental design for such tasks can require careful planning [90]. The work 
by Nauta et al. defined 12 properties for explanations such as correctness, complete-
ness, or compactness and provided first steps toward systematic evaluation of these 
properties by combining computational methods (e.g., randomly perturbing the 
internals of the model and checking whether the generated explanation would 
change) as well as user studies [91], which may also be relevant for this project.

It is also interesting to note within the context of ADR, especially robotics, that 
some of the prior work focusing on human-robot interaction discusses measure-
ments and evaluation methods applicable for human-AI interaction involving soft-
ware AI agents. Nikolaidis et al. evaluate human-robot mutual adaption, including 
direct measurements of human participants’ self-confidence in their ability to com-
plete the task as well as their assessment of trustworthiness of the robot (and several 
further measurements in separate experiments) [92]. Hoffman discusses both sub-
jective (based on self-reported questionnaire results) and objective metrics of flu-
ency in human-robot interaction; the latter include the percentage of concurrent 
activity, the human’s idle time, the robot’s functional delay, and the robot’s idle time 
[93]. These measures are interesting to consider for other human-AI interaction 
scenarios; however, for various tasks involving monitoring of ongoing activities, 
measures such as idle time may not be relevant. Perception of robots and other AI 
agents by humans is also the subject of the Artificial-Social-Agent Questionnaire 
[94]. The resulting short version of the questionnaire comprises 24 Likert-scale 
items that range from the appearance of the agent to its usability, social presence, 
and perceived user-agent alliance. Finally, Hauptman et al. discuss an evaluation of 
perceptions of adaptive autonomous agents for human-AI teaming [95]. In their 
study, AI teammates could be either considered manually set to a particular LOA or 
considered able to adapt their LOA dynamically. The results of the factorial survey 
indicate that predictability and degree of team experience can enable higher levels 
of autonomy in such scenarios. These studies as well as further work related to 
sociotechnical evaluation of human-AI systems will be relevant to the evaluations 
within the scope of the AI4REALNET project, and we hope that the outcomes of the 
project (including experimental protocols) will nurture future work in ADR as well 
as interdisciplinary collaborations.

4 � Conclusions and Opportunities

In this chapter, we have outlined the basic concepts as well as several scenarios and 
prior results in human-AI interaction and visualization that are relevant to ADR. We 
have described methods and techniques that originate from these fields and would 
be directly relevant and helpful for ADR researchers and practitioners. We conclude 
that combining these would have broad impact into several areas of concern such 
as developing user interfaces and visual analytic solutions to facilitate ADR devel-
opment, debugging, and monitoring and analyzing the existing and potential 
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scenarios of multi-agent interactions. We especially see promise in addressing the 
involvement of human stakeholders by approaching the evaluation of ADR solu-
tions as sociotechnical problems, with human-centered concerns being as important 
as model performance.

Besides these direct applications of human-centered methods, we would also like 
to mention the following challenges and directions where collaborations between 
researchers and practitioners in ADR and human-centered fields have the potential 
to make impact:

4.1 � Reaching Out to Audiences in Critical Application Fields

As discussed in this chapter, operators in highly specialized fields such as air traffic 
control or process industries are trained to follow protocols that emphasize safety 
and predictability. Introducing black-box ADR methods directly at the level of full 
automation for such users and fields may cause short-term and especially long-term 
issues including loss of situational awareness, under−/over-trust, and deskilling. 
The study with decision-makers from the industry by Bedué and Fritzsche shows 
that AI adoption intention among such respondents is affected by several dimen-
sions of trust (including access to knowledge, transparency, explainability, and reli-
ability) as well as perceived benefits and risks [96]. Peres et  al. highlight the 
requirements for keeping human in the loop using human-machine technology, 
achieving data availability and quality, and ensuring interpretability and trust for AI 
as major challenges for industrial AI research and adoption, especially considering 
higher LOA [97]. Making use of human-centered methods to introduce ADR tech-
niques and models may thus be the best way to find common ground with such 
stakeholders and users.

4.2 � Reaching Out to Wider Audiences

Interestingly, not only audiences in highly specialized domains but also the general 
public can benefit from collaborations across human-centered methods and ADR, 
considering the ubiquity and impact of ADR technologies on the society and every-
day life. Sinderman et al. describe the Attitude Towards Artificial Intelligence Scale 
based on five Likert-scale items with questions such as “I fear AI” and “AI will 
benefit humankind” [98]. Human-centered methods can thus be helpful for intro-
ducing and educating the general public on various aspects of ADR, which would 
allow them to form informed opinions.
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4.3 � Supporting Data-Centric and Human-Centric 
AI Paradigms

One of the recent developments directly relevant to ADR is the emergence of the 
data-centric AI paradigm that shifts the focus from algorithm/model performance 
toward the role of data in the AI life cycle; as Gröger put it, “There is no AI without 
data” [99]. Sambasivan et  al. discuss the risks rising from cascades of negative, 
downstream effects from data issues and highlight the role of data as a first-class 
citizen in AI [100]. Jarrahi et al. describe the principles for data-centric AI, which 
explicitly mention “Human-Centeredness of ‘Data Work,’” “AI as a Sociotechnical 
System,” and “Continuous and Substantive Interactions Between AI and Domain 
Experts,” which align with our recommendations for deeper collaboration between 
researchers in human-centered fields and ADR [101].

4.4 � Preparing Appropriate Responses to ADR Cybersecurity 
and Privacy Challenges

Peres et al. highlight the role of cybersecurity and privacy for industrial AI [97]; 
however, we would argue that ADR applications in further critical application fields 
must make use of all feasible strategies to ensure the highest degree of cybersecu-
rity. West and Aydin discuss how the process of aligning AI models with user prefer-
ences and values can be manipulated by malicious actors [102]. Machine learning 
models used for dimensionality reduction to represent data can also be attacked and 
manipulated in some scenarios, as discussed in our recent work [103]. There is thus 
room for extensive research and innovation on the intersection of ADR, human-
centered methods, and cybersecurity as well as privacy.

4.5 � Contributing Novel ADR-Driven Interfaces 
and Interactions

Finally, besides applying human-centered methods for ADR, ADR methods could 
also be highly beneficial for human-computer interaction and visualization research 
and applications. The existing work on automation in visualization [104], guidance 
[105], adaptive visualization [106], and further opportunities of integrating ML and 
AI in visualization [107–109] provides us with clear evidence for the interest exist-
ing for such collaborations among our fields.
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