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Abstract  

 
Artificial intelligence has rapidly gained prominence across industries and academia. However, its swift 

diffusion, coupled with the interdisciplinary nature of related studies, has resulted in fragmented literature, 

making it challenging to align diverse perspectives under shared and identifiable research trajectories. This 

challenge became evident while working with data from a systematic literature review we previously 

conducted on artificial intelligence in human-AI collaboration studies within design-related fields. Building 

upon this dataset, we examined how researchers label artificial intelligence in their work, recognising 

terminology as a central factor contributing to this fragmentation. Through an exploratory study, we identified 

79 unique labels, categorising them into primary and secondary keywords. Using this data, we developed a 

tripartite network visualisation to map the relationships between these labels, offering insights into their 

specificity and the perspectives they represent. To examine the network’s interpretive potential, we engaged 

three design researchers in a hands-on activity, analysing how they navigated the network in relation to their 

research work. The findings of this study highlight the value of labels as a positional tool capable of reflecting 

both the richness and ambiguity of the discourse. Our analysis suggests that the network can aid practical 

applications, such as clarifying terminology, situating research within the broader field, stimulating critical 

reflection, and fostering collective discussions. Our main contribution to knowledge lies in presenting a novel 

framework for addressing the fragmentation of artificial intelligence literature. By reflecting on how labels and 

their interconnections can uncover underlying research trajectories, this framework fosters alignment while 

valuing and clarifying the multiplicity of perspectives, moving away from pursuing a singular, unified view. 

Artificial Intelligence; Labels; Human-AI Collaboration; Network Visualization; Design Research. 

 

Artificial intelligence has experienced significant growth in recent years. Its advanced 

capabilities, paired with increasing accessibility, have enabled its integration across various 

scales, from large industries (Haefner et al., 2023) and public institutions (Henman, 2020; 

Reis et al., 2019; Wirtz et al., 2019) to small startups (Garbuio & Lin, 2019) and individual 

users. This rapid and widespread diffusion of AI has become a focal point of several 

academic research fields, as shown by the numerous studies addressing it recently 

(Hajkowicz et al., 2023).  

While each new perspective broadens the discourse and introduces valuable insights, it also 
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complicates the task of integrating these insights into a cohesive understanding. 

Consequently, the literature tends to become more complex, with discourse trajectories that 

are challenging not only to follow but also to identify clearly (Montuori, 2013). Artificial 

intelligence presents multiple faces, with its definition and boundaries influenced by the 

perspectives and priorities of the actors and stakeholders addressing it. In the context of 

academic research, these actors are primarily the researchers themselves, whose 

approaches to artificial intelligence are shaped by their disciplinary backgrounds, 

perspectives, and the scope of their projects. As a result, the way artificial intelligence is 

discussed can vary significantly across studies (Martínez-Plumed et al., 2018).  

It is little surprise that artificial intelligence does not have a shared definition. Wang (2019) 

argues that finding a single definition for artificial intelligence could enable policymakers to 

assess artificial intelligence’s potential and determine desirable applications (Bhatnagar et 

al., 2018), foster clarity within the academic community to align goals, evaluation criteria, and 

collaborative efforts (Monett & Lewis, 2018), and prevents conflicts arising from incompatible 

interpretations within research projects. Over the years, many researchers and institutions 

(EU, 2024) have attempted to establish a definition that could work for everyone, but whether 

this goal is ultimately achievable remains uncertain. As long as artificial intelligence 

continues to have unclear research boundaries and fragmented perspectives, consolidating 

all views under a single, comprehensive definition will likely remain an elusive task. 

This complexity becomes even more pronounced when considering the discipline of design, 

which is characterised by fluid boundaries and diverse approaches spanning from humanities 

to hard sciences (McMahon, 2012; Rampino, 2022). As a result, the varied perceptions of 

artificial intelligence are further accentuated in the context of a transdisciplinary field 

(Montuori, 2013). The inherently ambiguous nature of design (Rampino, 2022) intersects with 

the ambiguous nature of artificial intelligence, leading to an even less defined understanding 

of how artificial intelligence is treated within this discipline. 

In a context where establishing a shared definition of artificial intelligence proves difficult, we 

believe labels offer a practical alternative. As Connell (2019) notes, labels act as “linguistic 

shortcuts”, providing conceptual representation of underlying concepts. As such, labels are 

more than linguistic tools; they embody implicit knowledge and enable alignment among 

members of a community (Gelman & Roberts, 2017). Unlike definitions, which strive for 

comprehensive and unified explanations, labels accommodate multiple interpretations within 

the same discourse. This flexibility fosters plurality while easing the pressure to converge on 

a singular definition. Labels are not peripheral to concepts; instead, they play a fundamental 

role in shaping how ideas are processed and communicated.  

Acknowledging the value of labels, we conducted a study guided by the research question 

“How do researchers in the field of human-AI collaboration in design label artificial 

intelligence in their work?”. In our study, labels reflect the diversity of perceptions about 

artificial intelligence, fostering a shared conceptual ground by synthesising diverse 

perspectives and shaping them into an aggregated representation. Such representation was 

achieved through data collection, curation, and visualisation processes, using data and their 

visualisation as tools for knowledge production. In this context, it is crucial to understand 

labels as the result of an interpretive process of collection, manifesting through various forms 

of representation. The interpretations become layered over time, and the collection and 

representation of data not only help interpret these layers but also challenge their ontologies 
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and meanings (Hinrichs et al., 2019). Therefore, we emphasise the role of the network 

visualisation produced as an epistemological tool for a highly qualitative and deeply situated 

dataset (Drucker, 2014).  

By building on this interpretive approach, our study does not seek to establish a definitive 

synthesis of AI terminology but rather to explore its variations within the field. Given this 

focus, it takes the form of an exploratory inquiry into terminology variation, with findings that 

should be interpreted as preliminary rather than conclusive. The study’s core contribution lies 

in illustrating the multiple ways artificial intelligence is conceptualised in design research. Our 

analysis highlights how terminologies reflect both the richness and ambiguity of the artificial 

intelligence discourse, suggesting that labels function not only as linguistic markers but also 

as instruments of positionality, situating researchers’ perspectives within the broader 

discourse. 

Methodology 

The three main objectives of this study were achieved through corresponding research 

outputs: data collection and curation, data visualisation, and data visualisation exploration 

(Figure 1). 

 

Figure 1: Methodological protocol of the study, combining objectives, outputs, and data. 

Data Collection and Curation 

To compile the dataset for this study, we used a corpus of publications previously gathered 

through a systematic literature review we conducted following the PRISMA model (Page et 

al., 2021). The original review, performed in 2023 using the Scopus database, aimed to 

explore the main discourse trajectories regarding human-AI collaboration within design-

related fields. The review resulted in a final corpus composition of 48 studies, from which we 

extracted data on artificial intelligence labels. 

To do so, we adopted a semi-automatic procedure composed of three steps. First, to ensure 

data gathering accuracy, we cleaned all the publication documents by removing all the 

content external to the main text, such as layout elements, references, and authors or 

publisher information. Second, we used the mixed-methods analysis software “MAXQDA” 

(VERBI, 2024) for word counting, which produced a list of words ordered by frequency for 

each publication. Additionally, for each word, the software identified the most common 

pairings, showing combinations of up to three words. Third, we manually reviewed each 

publication’s word list to identify terms researchers used to refer to artificial intelligence or as 

its substitute, appearing at least five times. 
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As shown in Figure 2, we organised the dataset into three columns. The first (ID) contains 

the title of the publications. The second column (KW1) represents what we refer to as 

primary keywords. These are substantives that hold meaning independently, such as “AI”, 

“system”, or “agent”. Terms like “machine learning” and “deep learning” are also categorised 

as primary keywords due to their standalone clarity. Finally, the third column (KW2) contains 

what we call secondary keywords. These composite labels consist of a primary keyword 

combined with an additional term. In our interpretation, the combinations of two primary 

keywords (e.g., “AI system”) are also classified as secondary. 

 

Figure 2: A section of the dataset showing the three columns “ID”, “AI-KWS1”, and “AI-KWS2”. 

Data Visualisation and Network Exploration 

The tripartite network was developed using the software Gephi. The arrangement of nodes 

and connections is defined by ForceAtlas2 (Jacomy et al., 2014), a spatialisation algorithm 

which brings connected elements closer together and distances unconnected ones.  

Moreover, the ForceAtlas2 algorithm has the “ability to display the spatialisation process, 

aiming at transforming the network into a map” (Jacomy et al., 2014, p. 1), providing 

essential affordances for navigation and exploration of a complex area and controversial 

issue like human-AI collaboration. 

In particular, the network exploration revealed its potential to build exploratory pathways in 

line with the metaphor of maps and cartography (Mauri, 2015). We sought input from other 

design researchers to investigate this potential without relying solely on our interpretations—

which might inadvertently introduce bias. We involved three design researchers at different 

stages of their academic careers: one PhD candidate at the outset of their research, one 

PhD candidate in the middle of their doctoral work, and a postdoctoral researcher. All three 

are actively involved in studies concerning artificial intelligence within the design realm. We 

encouraged these researchers to explore the network in their own ways, using principles 

from Visual Network Analysis (Venturini et al., 2021) and controversy mapping (Venturini & 

Munk, 2021) as guides. This approach allowed us to examine how the network can serve not 

only as a map of artificial intelligence terminology but also as a cognitive and reflective tool 

for researchers.  
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The study included two main phases. In the first phase, participants engaged in an 

exploratory mapping exercise designed to examine how they interacted with and interpreted 

the AI-related network. Using a printed version of the network and a marker, they were asked 

to trace pathways between artificial intelligence labels relevant to their work. This activity 

aimed to externalise their perspectives, uncover implicit connections, and provide insights 

into how they positioned their research within the broader discourse. Participants followed a 

structured set of rules: i) Choose a primary keyword from the list without viewing the 

complete network; ii) Start from the selected primary keyword and connect relevant 

secondary keywords without crossing over to a different primary keyword; iii) Explore until all 

keywords of interest have been covered or no further connections are possible; iv) Restart 

the process to create up to three distinct paths. To capture the participants’ real-time thought 

processes while navigating the network, we employed the think-aloud protocol to record their 

verbal reflections and generate transcripts for the analysis. 

In the second phase, participants reflected on their mapping experience by responding to 

three open-ended questions: “Could you locate your research within the network?”, “Did 

anything about the network surprise you?” and “How might you incorporate this network into 

your future research?.” These questions helped assess the network’s role in research 

positioning, facilitating sense-making, and encouraging critical reflection on terminology use. 

Results 

Dataset 

 

Figure 3: The list of KWs1 and KWs2 present in the publications. 

Our study’s first result is the dataset that serves as the foundation for network visualisation 

and exploration. Here, we can highlight four results: 

1. The total collected labels are 79, divided into 15 primary and 63 

secondary keywords (Figure 3). 

2. Connections between primary and secondary keywords show varying 

levels of association, with terms like “AI” and “agent” having the highest 
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number of connections, appearing 23 and 16 times, respectively. In 

contrast, others, such as “computer” and “machine,” are linked only 

once (Figure 4). 

 

Figure 4: Number of secondary keywords connected to each primary keyword. 

3. Appearances of primary keywords across publications show distinct 

levels of frequency, with “AI” having the highest presence, appearing in 

over 30 publications, followed by terms like “model,” “agent,” and 

“system,” which feature in more than 10 publications (Figure 5). Other 

terms, such as “deep learning”, “technology”, “tool”, “teammate”, “robot”, 

“algorithm”, “machine learning”, and “assistant”, appear in fewer than 10 

publications, while “computer” and “partner” are observed only once. 

 

Figure 5: Number of publications including each primary keyword. 

4. Primary keyword usage diversity in each publication can be grouped into 
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three levels, as shown in Figure 6. Eight publications use one primary 

keyword label throughout. 23 publications employing two or four primary 

keywords. 17 publications present five or more primary keywords. 

 

Figure 6: number of primary keywords used per publication. 

Network Visualisation 

Primary Keywords Disposition 

The network visualisation represents the second key output of our study, mapping the spatial 

arrangement of primary and secondary keyword nodes along with their connections (Figure 

7). The spatial disposition of the nodes in the network, especially the primary keyword ones, 

allowed us to identify two clustering of interest: concentric (Figure 8) and vertical (Figure 9).  

In the concentric clustering, using “AI” as the central reference point, two outward-expanding 

clusters emerge: the inner cluster comprising the primary keywords “system”, “agent”, 

“technology”, and “model”. Surrounding this, the outer cluster includes a broader array of 

terms, such as “tool,” “assistant,” “robot,” “teammate”, “computer”, “deep learning”, 

“machine”, “algorithm”, “machine learning”, and “partner”. 

In the vertical clustering, examining the primary keywords' vertical spatial arrangement 

reveals two distinct clusters. Using “AI” as the central reference point, we observe a clear 

division: the bottom cluster, positioned at the lower end, includes keywords such as “model”, 

“deep learning”, “machine learning”, “machine”, and “algorithm”, reflecting a focus on 

computational and functional aspects of artificial intelligence. In contrast, the top cluster, 

located at the upper end, comprises keywords such as “tool”, “assistant”, “agent”, “robot”, 

and “teammate”, emphasising artificial intelligence’s role in human interactions.  

Within these broader clusters, more nuanced sub-clusters can be identified based on 

thematic orientation (Figure 9): the technical cluster (“deep learning”, “machine learning”, 

“machine,” and “algorithm”), the relational cluster (“tool”, “assistant”, “agent”, “teammate”, 

and “partner”), and the physical cluster (“robot”). In contrast to these, a central group of 

broadly applicable keywords, such as “AI”, “system”, “model”, “technology”, and “computer”, 

lacks a specific thematic orientation. We refer to this grouping as the tautological cluster.  
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Figure 7: The Artificial Intelligence keywords network. 
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Figure 8: The Artificial Intelligence keywords network with concentric clustering. 
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Figure 9: The Artificial Intelligence keywords network with vertical clustering and sub-clusters. 
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Secondary Keywords Overview 

The secondary keywords nodes occupy the interstitial space between primary keywords’ 

nodes, introducing finer thematic distinctions that enhance the network’s interpretive clarity. 

In essence, secondary keywords act as detailed extensions of primary ones, breaking 

broader terms into more precise and contextualised components. 

For example, consider the primary keyword “tool”, which suggests a perspective of artificial 

intelligence as “something that assists in performing a specific activity” (Dictionary 

Cambridge, 2024). This term may imply a hierarchical, subordinate relationship between 

artificial intelligence and humans, emphasising its utility and assistance. However, when 

“Tool” is paired with additional terms, the newly formed secondary keyword gains greater 

interpretive depth, enhancing its contextual meaning. This increased nuance is observable in 

the network, where secondary keywords such as “support tool”, “collaborative ideation tool”, 

“computational tool”, “intelligent tool”, “co-creative tool”, “AI-enabled tool”, and “AI tool” 

emerge, each possibly contributing to distinct layers of interpretation. 

Network Exploration 

Participant One 

At the start of their PhD, the first participant traced the violet paths visible in Figure 10. The 

paths touch several areas of the network, spacing from left to right and from top to down, but 

almost without touching external keywords. During the network exploration, the participant 

found selecting both the initial primary keyword and subsequent secondary nodes 

challenging. They expressed uncertainty about the relevance of specific keywords to their 

research, leading them to explore the network more intuitively, often speculating which 

keywords might become interesting for their work in the future. Table 1 contains the 

participant’s response to the open-ended question and our interpretation. 

Participant Two 

In the middle of their PhD, the second participant traced the orange paths visible in Figure 

10. Besides the path starting from “tool”, the other paths unfold mainly in the central area of 

the network. During the network exploration, the participant confidently traced the path, 

disregarding keywords irrelevant to their research. On several occasions, they deliberately 

bypassed entire network sections, avoiding areas associated with specific keywords not 

aligned with their perspective on artificial intelligence. Finally, the participant felt that some 

terms were vague, and some connections seemed arbitrary or lacked detailed explanations. 

Table 1 contains the participant’s response to the open-ended question and our 

interpretation. 

Participant Three 

The third participant, a postdoctoral researcher, traced the green paths visible in Figure 10. 

The first path begins in the network’s centre-left section, extending leftward and toward the 

centre. The second path originates from an external node in the upper-right area and 
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progresses centrally. During the network exploration, the researcher confidently traced the 

paths, clearly explaining the reasonings behind each progression. They also noted the 

absence of keywords related to more-than-human theories in the network. Moreover, the 

participant felt the network had static connections and could benefit from a more interactive 

structure. Table 1 contains the participant’s response to the open-ended question and our 

interpretation. 

 

Figure 10: The network comprises the paths traced by each participant. 
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Table 1: Participants’ answers to the open-ended questions. 

Question P Quotes Interpretation 

Could you locate 

your research 

within the 

network? 

1 “Yes, I think I’m a bit in this area... I would like to 

place myself in an AI-infused system, but for 

now, I’m in a kind of grey area.” 

The participant could locate their 

research despite acknowledging that 

their area of interest remains undefined. 

2 “Yes, here, definitely between AI system, AI 

human-centred, explainable, ethical AI, and also 

trustworthy.” 

The participant could 

locate their research, 

focusing on AI, human-

centred, ethical, and 

trustworthy AI. 
 

3 “Yes, for sure, I work a lot in this area; my 

research is right in this area where the concepts 

of robot and agent intersect.” / “There is a part 

missing, like more than human, which I can’t find 

where I would position myself.” 

The participant could 

position their research 

around concepts related 

to robots, agents, and 

human-robot 

interaction. However, 

they could not find KWs 

related to more-than-

human concepts.  
 

Did anything about 

the network 

surprise you? 

1 “Yes, I like it; I hadn’t thought about it this way. 

The concepts in my head are more overlapping. 

It’s useful to think of it this way, separated, 

because there are larger nodes, and not all are 

of the same hierarchy.” / “Yes, there are other 

perspectives, like Teammates, which is 

something I wouldn’t expect for AI in my work... 

but I understand there’s a lot of research on AI 

as a Teammate. It seems a bit far from what I’m 

looking for in AI, but it’s valid.” 

The participant was surprised by the 

hierarchical structure and the inclusion of 

unexpected concepts. 
 

2 “The robot part... it’s the only point where AI 

takes a form, like it becomes physical.” / 

“Computer seems like a 1970s definition... like 

the old boxy computer.” / “Teammate has a very 

human, equal connotation, which feels odd.” 

The participant was 

surprised by terms like 

“robot,” “computer,” and 

“teammate,” which felt 

outdated or too equal to 

humans.  
 

3 “I don’t know if it shows richness or a large 

ambiguity.” / “Seeing machine learning here is 

strange... it shows a lot of confusion because I 

don’t think machine learning means AI.” / “It 

shows that this field is still a big work in 

progress.” 

The participant was uncertain if the 

network showed richness or ambiguity 

due to duplicated terms and some 

unexpected inclusions.   

How might you 

incorporate this 

network into your 

future research? 

1 The most direct use is to search for related 

terms when looking for literature... for example, I 

might not search for ‘AI system’ because I’d get 

8,000 papers, so I’d go for ‘AI-infused system,’ 

which is more specific and has a different 

nuance.” 

The network could help narrow search 

terms and add specificity to keywords for 

literature searches.  

2 “It would be useful... especially when I started 

my PhD, to know terms like trustworthy AI and 

explainable AI.” / “If I ever shift to another AI 

area, I would definitely reuse it.” 

The participant noted the network’s 

usefulness in identifying relevant 

keywords, particularly when engaging 

with the topic for the first time or 

exploring new areas within it.  

3 “It could really help build a keyword system… if it 

were more dynamic, moving things around or 

changing connections would be amazing.” / “It 

would be useful for positioning in a field, 

especially in an initial research phase.” 

The participant found it helpful for 

research positioning and building a 

keyword system for literature reviews. 

Moreover, they suggested a more 

dynamic version could benefit the 

network’s usage. 
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Discussion 

Labels as a Research Positioning Instrument 

The dataset and the network visualisation highlight a notable diversity in how researchers 

label artificial intelligence. Considering the relatively small sample size of publications and 

the focused thematic scope of human-AI collaboration, this diversity might be even more 

pronounced if we included a broader array of publications or explored other fields. This 

variability in labels is evident across different publications and individual studies. 

On the one hand, this variation could imply that researchers do not prioritise consistency in 

how they refer to artificial intelligence, instead choosing labels serendipitously as long as 

they are sufficiently clear to their intended audience. On the other hand, if labels were 

incidental, why would so many distinct ones be produced, and why would they differ 

significantly? From our analysis, we propose a middle ground: while it is likely that, 

understandably, not all researchers reflect extensively on their choice of labels, its diversity 

reflects the wide-ranging scope of artificial intelligence itself. Researchers capture this 

diversity through their diverse labels, which reflect their perspectives, intentions, and 

interpretations.  

Our network concentric clustering reveals that every label has a degree of meaning 

specificity (Figure 8). Label centrality, determined by the number of connections, shows a 

clear pattern: the most connected labels, positioned centrally, tend to be less meaning-

specific, while labels with fewer connections, located toward the outer layers, are more 

meaning-specific. Therefore, whereas one moves outward from the centre, the terms 

gradually gain meaning specificity, focusing on narrower aspects of artificial intelligence. For 

instance, the central label “AI” is the least specific, the intermediate label “Model” has 

moderate specificity, and the outer label "Algorithm" denotes high specificity. 

Moreover, complementary to meaning specificity, labels reflect a perspective. The top and 

bottom clusters emerging from the vertical clustering (Figure 9) reveal two distinct 

perspectives on artificial intelligence. The top cluster represents an external perspective, 

focusing on artificial intelligence roles in relation to humans and society. In contrast, the 

bottom cluster adopts an internal perspective, emphasising the technology’s internal 

workings and computational structures.  

In the context of artificial intelligence—a field generating extensive debate within and beyond 

academia—we argue that labels could serve as positional instruments, where selecting a 

particular label may imply adopting a specific stance within the discourse. Labels with greater 

meaning specificity (e.g., “teammate”) tend to make a researcher’s position more distinct and 

identifiable. However, this clarity can also have polarising effects. For instance, during the 

network exploration, participants expressed strong opinions—both agreement and 

disagreement—about specialised terms such as “teammate” or “robot,” whereas broader 

terms elicited more neutral responses. This highlights the potential dual role of labels as both 

clarifiers and possible sources of division within the discourse. 
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“Richness or Ambiguity?” 

The interplay between richness and ambiguity emerged clearly in the participants’ network 

exploration. As they navigated the labels, they experienced a combination of surprise—

discovering new and intriguing terms—and confusion—encountering terms they did not 

usually associate with artificial intelligence. Certain labels, such as “robot”, were particularly 

polarising. For instance, one participant viewed robots as integral to artificial intelligence, and 

another explicitly excluded them, underscoring how labels often carry implicit disciplinary 

assumptions and personal perspectives. 

It is important to clarify that our intention was not to validate specific labels or to propose 

definitive categorisations. Instead, we sought to capture and visualise how artificial 

intelligence has been labelled by researchers, revealing the complexity and diversity of these 

terminologies. This inclusive approach inevitably resulted in a dataset containing ambiguous 

terms—some lacking clear definitions or a direct connection to artificial intelligence, while 

others appeared nearly identical yet referred to subtly distinct concepts. On one hand, this 

diversity enriches the discussion by integrating multiple perspectives, highlighting the 

evolving and dynamic nature of artificial intelligence in design. On the other hand, it 

introduces considerable ambiguity, especially when terms lack clear definitions or when 

nearly identical labels refer to slightly different concepts. 

While participants generally perceived the network positively and acknowledged its 

applicability in their research, they also recognised the challenge of navigating and 

interpreting label diversity. Consequently, labels do not merely reflect the richness of the field 

but also reinforce its ambiguity, potentially perpetuating uncertainty rather than resolving it. 

This issue, even if fundamentally conceptual, carries practical consequences. A wide variety 

of artificial intelligence labels complicates efforts to track and categorise relevant terms 

systematically, which is particularly critical when considering our academic system that relies 

on keywords and textual indexing (Mattioli et al., 2023; Stappers et al., 2023). For instance, a 

researcher conducting a literature review on artificial intelligence may inadvertently overlook 

entire segments in the literature simply because key terms were absent from their search 

criteria. 

Network as a Tool to Navigate Ambiguity and Beyond 

Initially, we built the network to analyse how researchers label artificial intelligence in their 

studies. However, as the network evolved and the participants’ exploration was conducted, 

its potential expanded beyond its original purpose. In particular, the network may act as a 

tool to navigate ambiguity in artificial intelligence research and literature. Participants 

highlighted this potential, identifying four key actions the network can facilitate: 

Clarifying terminology. While the study does not establish definitive terminology refinement, 

participants found the network useful for narrowing broad labels, such as shifting from “AI 

system” to the more specific “AI-infused system.” This suggests that the visualisation may 

support more targeted term selection in research queries. 

Research Positioning. The network offered participants a way to explore and situate their 

research focus within the broader landscape of artificial intelligence-related labels, helping 
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them contextualise their work in relation to other conceptualisations of artificial intelligence. 

Notably, participants engaged with the network in varying ways depending on their research 

stage, suggesting that their approach to navigating the network might be influenced by the 

level of development in their study. 

→ The first participant, at the outset of their PhD, explored potential future terms of 

interest by tracing paths that remained within central nodes—labels broader in 

scope and less meaning-specific. 

→ The second participant, at an advanced stage of their PhD, navigated the 

network with a logic of exclusion, deliberately avoiding terms outside their 

scope of interest and similarly staying within central nodes. 

→ The third participant, a postdoctoral researcher, followed a logic of inclusion, 

focusing on terms that aligned with their interests. Their paths frequently 

touched external and more polarising nodes, reflecting a preference for more 

specialised and meaning-specific labels. 

Stimulating reflection. The network encouraged participants to critically engage with diverse 

perspectives surrounding artificial intelligence. They expressed surprise or confusion 

regarding the inclusion or exclusion of specific labels, prompting them to question their 

assumptions about artificial intelligence terminology and the correspondent perspectives. 

Facilitating collective discussion. Although participants did not engage in collective reflection 

during the test—since it was conducted individually and asynchronously—we argue that the 

network holds potential as a boundary object for fostering collective discussion and 

alignment. By overlaying the individual paths into a comprehensive visualisation (Figure 10), 

the network enables direct comparison, highlighting intersections and divergences in 

participants’ perspectives and focus areas related to artificial intelligence. This shared 

visualisation can serve as common ground for stimulating dialogue, enhancing mutual 

comprehension and fostering collaborative exploration. 

Conclusions 

This study explores how researchers in the field of human-AI collaboration in design label 

artificial intelligence in their work, aiming to tackle the issue of fragmented artificial 

intelligence literature and definition. Through qualitative analysis and the visualisation of 

these labels in a comprehensive network, we have highlighted how terminologies may reflect 

the multifaceted nature of artificial intelligence, which can be understood both as rich and 

ambiguous. In this context, labels function not merely as linguistic tools but also as an 

instrument of positionality, capturing researchers’ perspectives and shaping their 

contributions to the broader discourse. Finally, we observed how the network visualisation of 

the labels can serve as an analytical tool for navigating better such complexity. In particular, 

the participants’ network exploration suggested its potential for clarifying terminology, 

research positioning, stimulating reflection, and facilitating collective discussions.  
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However, it is worth mentioning that this study has certain limitations, which open 

opportunities for future research. The dataset’s specific focus on human-AI collaboration, our 

approach used for processing the data—one among many possible methods— and the small 

participant sample set this study as exploratory. Therefore, its findings should be regarded as 

preliminary rather than conclusive. 

Future work should address these limitations by scaling the methodology to encompass 

more extensive and diverse datasets, broadening its applicability to a broader range of 

research contexts. Additionally, improving the network visualisation’s readability and 

navigability is crucial. Transforming the network into a dynamic, interactive tool could 

significantly enhance its potential for interdisciplinary collaboration. Such advancements 

would allow researchers to align their perspectives better, navigate ambiguity, and promote 

greater clarity and cohesion within artificial intelligence-related discussions. 

References 

Bhatnagar, S. et al. (2018). Mapping Intelligence: Requirements and Possibilities. In Studies 

in Applied Philosophy, Epistemology and Rational Ethics (pp. 117–135). 

https://doi.org/10.1007/978-3-319-96448-5_13 

Connell, L. (2019). What have labels ever done for us? The linguistic shortcut in conceptual 

processing. Language, Cognition and Neuroscience, 34(10), 1308–1318. 

https://doi.org/10.1080/23273798.2018.1471512 

Dictionary Cambridge. (2024, November 20). Tool. 

https://dictionary.cambridge.org/dictionary/learner-english/tool 

Drucker, J. (2014). Grapheses: Visual Forms of Knowledge Production. Harvard University 

Press. 

EU. (2024). Regulation—EU - 2024/1689—EN - EUR-Lex. https://eur-

lex.europa.eu/eli/reg/2024/1689/oj 

Garbuio, M., Lin, N. (2019). Artificial Intelligence as a Growth Engine for Health Care 

Startups: Emerging Business Models. California Management Review, 61(2), 59–83. 

https://doi.org/10.1177/0008125618811931 

Gelman, S. A., Roberts, S. O. (2017). How language shapes the cultural inheritance of 

categories. Proceedings of the National Academy of Sciences, 114(30), 7900–7907. 

https://doi.org/10.1073/pnas.1621073114 

Haefner, N. et al. (2023). Implementing and scaling artificial intelligence: A review, 

framework, and research agenda. Technological Forecasting and Social Change, 197, 

122878. https://doi.org/10.1016/j.techfore.2023.122878 

Hajkowicz, S. et al. (2023). Artificial intelligence adoption in the physical sciences, natural 

sciences, life sciences, social sciences and the arts and humanities: A bibliometric analysis 

of research publications from 1960-2021. Technology in Society, 74, 102260. 

https://doi.org/10.1016/j.techsoc.2023.102260 

Henman, P. (2020). Improving public services using artificial intelligence: Possibilities, 

pitfalls, governance. Asia Pacific Journal of Public Administration. 



 

EKSIG 2025 — Data as Experiential Knowledge and Embodied Processes  

https://www.tandfonline.com/doi/full/10.1080/23276665.2020.1816188 

Hinrichs, U., Forlini, S., & Moynihan, B. (2019). In defense of sandcastles: Research thinking 

through visualisation in digital humanities. Digital Scholarship in the Humanities, 

34(Supplement_1), i80–i99. https://doi.org/10.1093/llc/fqy051 

Jacomy, M. et al. (2014). ForceAtlas2, a Continuous Graph Layout Algorithm for Handy 

Network Visualization Designed for the Gephi Software. PLOS ONE, 9(6), e98679. 

https://doi.org/10.1371/journal.pone.0098679 

Martínez-Plumed, F. et al. (2018). The Facets of Artificial Intelligence: A Framework to Track 

the Evolution of AI. Proceedings of the Twenty-Seventh International Joint Conference on 

Artificial Intelligence, 5180–5187. https://doi.org/10.24963/ijcai.2018/718 

Mattioli, F., Figoli, F. A., & Stappers, P. J. (2023). Connecting the PhD in Design: How PhDs 

Label Their Thesis Research. LearnxDesign 2023. LearnXDesign 2023. 

https://doi.org/10.21606/drslxd.2024.033 

Mauri, M. (2015). Progettare il non-finito. Diagrammi per la mappatura di fenomeni sociali 

attraverso il web. https://www.politesi.polimi.it/handle/10589/108827 

McMahon, C. A. (2012). Reflections on diversity in design research. Journal of Engineering 

Design, 23(8), 563–576. https://doi.org/10.1080/09544828.2012.676634 

Monett, D., Lewis, C. (2018). Getting Clarity by Defining Artificial Intelligence—A Survey. In 

Studies in Applied Philosophy, Epistemology and Rational Ethics (pp. 212–214). 

https://doi.org/10.1007/978-3-319-96448-5_21 

Montuori, A. (2013). The Complexity of Transdisciplinary Literature Reviews. Complicity: An 

International Journal of Complexity and Education, 10(1/2). 

https://doi.org/10.29173/cmplct20399 

Page, M. J. et al. (2021). The PRISMA 2020 statement: An updated guideline for reporting 

systematic reviews. BMJ, n71. https://doi.org/10.1136/bmj.n71 

Rampino, L. (2022). Evolving Perspectives in Product Design. From Mass Production to 

Social Awareness [Text.Chapter]. FrancoAngeli Series – Open Access. 

https://doi.org/10/5121 

Reis, J., Santo, P. E., & Melão, N. (2019). Artificial Intelligence in Government Services: A 

Systematic Literature Review. In Á. Rocha, H. Adeli, L. P. Reis, & S. Costanzo (Eds.), New 

Knowledge in Information Systems and Technologies (Vol. 930, pp. 241–252). Springer 

International Publishing. https://doi.org/10.1007/978-3-030-16181-1_23 

Stappers, P. J., Sleeswijk Visser, F., & van Boeijen, A. (2023). Design Labels: 15th 

International Conference of the European Academy of Design. 15th International 

Conference of the European Academy of Design. https://doi.org/10.5151/ead2023-4ESP-

01Full-04Pieter-Jan-Stappers-et-al 

Venturini, T., Jacomy, M., & Jensen, P. (2021). What do we see when we look at networks: 

Visual network analysis, relational ambiguity, and force-directed layouts. Big Data & 

Society, 8(1), 20539517211018488. https://doi.org/10.1177/20539517211018488 

Venturini, T., & Munk, A. K. (2021). Controversy Mapping: A Field Guide. Polity Press. 



 

Moholy-Nagy University of Art and Design, Budapest 

VERBI. (2024). MaxQDA [Computer software]. https://www.maxqda.com 

Wang, P. (2019). On Defining Artificial Intelligence. Journal of Artificial General Intelligence, 

10(2), 1–37. https://doi.org/10.2478/jagi-2019-0002 

Wirtz, B. W., Weyerer, J. C., & Geyer, C. (2019). Artificial Intelligence and the Public 

Sector—Applications and Challenges. International Journal of Public Administration, 42(7), 

596–615. https://doi.org/10.1080/01900692.2018.1498103 

 

Fabio Antonio Figoli 

is a PhD candidate in the Department of Design at Politecnico di Milano. His 

research explores the evolving interaction dynamics between designers and artificial 

intelligence within the design process. Beginning with his master’s thesis in 2021, 

he has investigated how artificial intelligence integration is reshaping design 

practice, particularly regarding team collaboration. His PhD research further 

examines how designers incorporate generative artificial intelligence into their 

workflows, analysing interaction patterns, its impact on design processes, and 

implications for professional identity. 

 

Alessandra Facchin 

is an information designer and a PhD candidate at DensityDesign Research Lab, 

Department of Design, Politecnico di Milano. Her research is about leveraging 

information design and data visualization to communicate scientific themes to expert 

audiences. Her focus is the perception of urban biodiversity on social media 

platform, how to study this phenomenon online and how to inform scientists about it. 
 

Beatrice Gobbo 

Her research lies at the intersection of data visualization, information design and 

social sciences. Since 2018, she has been actively involved in teaching and 

contributing to international projects, including AlgoCount, founded by Fondazione 

Cariplo, ShapingAI founded by UKRI, and AI in the Street funded by BRAID. She 

has collaborated with international research groups such as CIM, Public Data Lab, 

Digital Methods Initiative, and Tracking Exposed, underscoring her commitment to 

transdisciplinary approaches. During her PhD, she investigated how information 

design could help visually explain artificial intelligence to non-expert audiences. 

Currently, within the Horizon Europe-funded NeuroClima project, she investigates 

the nexus between artificial intelligence, sustainability, and citizen engagement.  
 

Francesca Mattioli 

Her research focuses on applying designerly ways of thinking to build compelling 

and effective instructional projects. During her PhD, she focused on instructional 

design to foster the development of designers' cross-cultural collaborative 

competences through project-based learning. In her post-doc, she focused on PhD 

in Design education being involved in the EU-funded Erasmus+ project 

DoCS4Design - Doctoral Courses System for Design. Also, she researched the role 

of experimentation in innovating teaching and learning practices in situated 

contexts. Within the project MICS, funded by the Italian Ministry of University and 

Research thanks to the NextGeneration EU funding, she is currently contributing to 

developing a capacity-building model for Italian manufacturing companies in the 

fashion and furniture sector to promote more circular and sustainable practices. 


	Richness and Ambiguity: Mapping Artificial Intelligence Labels in Human-AI Collaboration Research
	Citation

	Fabio Antonio Figoli, Department of Design, Politecnico di Milano, Italy.
	Alessandra Facchin, Department of Design, Politecnico di Milano, Italy.
	Beatrice Gobbo, Department of Design, Politecnico di Milano, Italy.
	Francesca Mattioli, Department of Design, Politecnico di Milano, Italy.
	Fabio Antonio Figoli
	Alessandra Facchin
	Beatrice Gobbo
	Francesca Mattioli

