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The integration of AI models in various products and services poses unique challenges for 

design and UX practice. Unlike other technologies, AI poses distinct challenges due to its 

probabilistic nature, technical complexity, and lack of precedent. While collaboration with AI 

practitioners can help alleviate these challenges, there are significant communication, process, 

and knowledge barriers to overcome. In this dissertation, I present formative, design, and 

evaluative research to better support UX practice of AI and UX-AI collaborations, which in turn 

can support human-centered design of AI products. First, I conduct a qualitative study to 

understand key challenges that UX practitioners face in model comprehension and reinforcing a 

human-centered lens on model evaluation. Based on these findings, I design and test 

visualization-based methods that enable UX practitioners to infer insights about human-AI 

alignment. I also examine how practitioner tools are currently designed to support 

interdisciplinary collaborations, such as UX-AI collaborations, through a design space analysis. 

Based on these three studies, I derive implications for designing evaluation tools for AI/LLM 
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applications that can better support UX practitioners’ needs and improve HCI/UX and AI 

collaborations.   
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Chapter 1: Introduction 

 Products and services that incorporate Artificial Intelligence (AI) have proliferated and 

become part of our everyday lives. AI capabilities are leveraged to power various use cases in 

education, health, finance, journalism, online communities, software development and so on. 

While AI provides the promise of enabling novel, intelligent interactions that can improve 

people’s quality of life and work, it also runs many risks. At an individual level, there are risks of 

misunderstanding the uncertainty associated with AI outputs, being misinformed, or being 

denied a service based on automated decisions [13,118,159]. AI systems can also have 

disproportionate impacts for certain groups based on their demographics or other attributes, 

thus creating a digital divide [14,41,63,159]. At the societal level, AI models and their 

applications present potential risks of job loss, privacy violations, information manipulation, 

over-reliance, and adverse environmental impact [21,82,90,127]. AI systems also open a can of 

worms with respect to accountability, regulation, and ethics that requires participation from 

multiple interdisciplinary experts to address [120,142,158]. 

 Such challenges at varying levels make it even more important that a human-centered 

lens is reinforced on the design and development of AI products and services. However, there 

are distinct challenges to designing with AI. Compared to traditional technologies, AI is 

probabilistic in nature and technically complex. Algorithms and learning mechanisms have 

evolved in the past decade to now give rise to large, homogenized, pre-trained models that are 

capable of a wide range of tasks and can work with multiple modalities like text, video, audio, 

images [15].These capabilities are incredible and novel, which means there is not much 

precedent for how to design effectively and ensure the development of human-centered, ethical, 

and responsible AI systems every step of the way. AI-related design challenges are relevant to 

both Human-Computer Interaction (HCI) research and practice. HCI research has focused on 

different aspects of human-centered AI, such as explainable and interpretable AI, ethical AI, 
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human-AI teaming, and developing human-centered approaches for designing and evaluating 

AI [22].  

 To address any research-practice gaps, it is important to i) study actual UX and design 

practice of AI in order to ‘bubble up’ insights and situated knowledge and ii) develop design 

concepts, methods, and tools that can be adapted and used by practitioners [27,58,59,133]. 

Thus, my first objective was to better understand the challenges of UX practitioners in designing 

human-centered AI applications, the strategies used by them to overcome these challenges, and 

needs for new resources and tools that can help resolve these challenges. Since collaboration 

between UX practitioners and AI practitioners are necessary for designing human-centered AI 

applications [56,147], I also focus on understanding barriers to collaboration, if any, and what 

kinds of artifacts and tools support these collaborations.  

 

Thus, I first ask the following research question: 

 

RQ1. What are the key conceptual, process-related, and collaborative challenges faced by 

UX practitioners designing for AI?  

 

By conducting a qualitative study, I uncovered various challenges related to gaining contextual 

understanding of the AI model’s capabilities, prototyping and evaluating AI applications in ways 

that inform human-centered design, as well as factors that challenge interdisciplinary, UX-AI 

collaborations. Based on these findings, I pose and answer the following questions as well: 

 

RQ2. How do tools used by practitioners support interdisciplinary, collaborative work in 

AI design and development? 
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RQ3. How might we draw from Human-centered AI (HCAI) research and methods to 

design evaluation approaches that reinforce human needs and behaviors alongside 

model-centric measures? 

1.2 Document Overview 

The rest of the dissertation is structured as follows. I will provide an overview of related 

work at the intersection of UX practice and AI and the literature backdrop against which I 

designed and conducted my inquiries (Chapter 2).   

 In Chapter 3, I will describe the interview study I conducted to understand the 

challenges, needs, and processes of 14 UX practitioners designing with AI (RQ1). This study 

proved to be a formative investigation that informed the rest of the dissertation research. UX 

practitioners (UXP) surfaced challenges related to model comprehension - contributed by a lack 

of contextual model information, lack of visibility into model development processes, and a lack 

of support to incorporate the model directly in design activities. UXP also discussed difficulties 

in reinforcing a human-centered lens when they are looped in at later stages, when major design 

decisions have been made, and when there is more emphasis on model-centric metrics of 

performance. UXP raised the need for a sandbox type of tool (model sandbox) that can support 

hands-on interactions with the model, a more tangible understanding of model capabilities and 

limitations, prototyping with real model behaviors and outputs, and collaborative testing of 

different use cases and scenarios. Based on these findings, I derive design implications for 

designing model sandbox types of tools to support model integration in UX activities and 

propose using groupware design principles to support collaborations between UX and AI 

practitioners.  

 In Chapter 4, I survey tools (n = 18) used by different practitioners to tackle the 

complexities and quirks of developing AI models and the products that incorporate them. I was 

motivated to analyze whether groupware principles were used at all to build these tools, and if 
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not, how else they supported collaborative activities. This analysis resulted in a construction of a 

design space of how tools support interdisciplinary collaborations in AI design and development 

(RQ2). Through this design space analysis, I uncovered that a few tools did use groupware 

design principles support collaborations (between domain experts & data scientists and among a 

team of data scientists) but none of them focused on UX-AI collaborations.  

Revisiting the needs raised in the formative study, I focused on translating the methods 

used in conducting human-centered evaluations of AI models [67,106] to make them usable and 

useful for UX practitioners (RQ3). In Chapter 5, I describe how a class of statistical methods - 

Maximum Likelihood Estimation (MLE) [139] - are particularly useful for analyzing how user 

and model judgements align across various sociotechnical factors. I design interactive 

visualizations and test how these help UX practitioners i) gain a conceptual and practical 

understanding of MLE results without having to learn about the underlying statistics and ii) 

inform human-centered design principles for a given AI-based use case. In Chapter 6, I draw 

across the results of these studies to derive design implications for AI/LLM evaluation tools. 

1.3 Summary of Contributions 

My dissertation work makes the following contributions: 

a. An empirical understanding of the challenges, strategies, and needs of UX practitioners 

when designing with AI and collaborating with AI practitioners (Chapter 3).  

b. A design space that describes the collaborative potential of tools used in AI development, 

helps compare different tools, and inspires creation of new kinds of collaborative tools to 

better support interdisciplinary collaborations in AI application development (Chapter 

4). 

c. An illustrative example of a human-centered evaluation of an AI model that leverages 

Maximum Likelihood Estimation (MLE) methods to examine alignment between user 

and model judgements and analyze factors that affect this alignment (Chapter 5). 
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d. Alternate ways to visualize results of human-centered evaluations that use MLE methods 

and the utility of these visualizations in enabling UX practitioners to inform human-

centered design of AI (Chapter 5).  
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Chapter 2: Background and Related Work 

2.1 The Changing Landscape of AI 

Before delving into research at the intersection of UX/Design practice and AI, it is 

important to note that the field of Artificial Intelligence (AI) has undergone significant changes 

in the past few decades. Three eras are particularly relevant and important for this dissertation - 

machine learning, deep learning, and foundation models [15]. Machine learning algorithms 

enable development of models that make future predictions based on historical data. The 

availability of GPUs led to leveraging deep learning techniques over larger datasets to recognize 

more complex patterns. However, these deep learning models are black-boxes inherently, which 

makes it harder to peek inside and interpret their predictions. Foundation models are much 

larger, pre-trained models trained on huge datasets to achieve a wide range of capabilities. 

Examples of text-based models, also known as Large Language Models (LLMs) include GPT, 

Gemini, Claude, and Llama. These models exhibit advanced capabilities of natural language 

understanding and generation.  

The related work described in this section covers models of all three eras. Very rarely 

does this work focus on one paradigm of models (example: [94]) Most of the work focuses on 

the range of model capabilities (example: [153]), a particular domain (e.g., enterprise [152]), or a 

particular stage of the design process (e.g., ideation [94,153], prototyping [137]). In my 

dissertation work, I interview UX designers and researchers working on a range of AI/ML 

applications - prediction models, natural-language based recommenders, text classification, 

chatbots, fraud detection, clinical decision-making, and so on (Chapter 3). In the design space 

(Chapter 4), most tools were meant for working with deep learning or pre-trained text or image 

models. The evaluation approach discussed in Chapter 5 is applicable for any text-based model, 
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but Chapter 6 focuses more on a specific NLP task - Question Answering, which is being 

increasingly powered by LLMs. 

2.2 Challenges in Designerly Understanding of AI 

The idea of  ‘designerly ways of knowing’ was put forward by Nigel Cross [31] to support 

recognition of design as a distinct discipline, different from both the sciences and the arts. He 

theorized designerly ways of knowing by looking at both design processes as well as design 

outcomes. Key to designerly ways of knowing is the idea of translation where designers use 

internal codes to map individual and societal needs to artifacts. This system of codes embodies 

designerly knowledge and enables the designer to bring about a translation.  

While Cross’s theory describes design activity generically, its implications for designing 

with AI/ML have been explored in more detail in the past decade. First came the recognition of 

‘intelligence’ as a new material to design with, which necessitated taking stock of its distinct 

opportunities and challenges [68]. Yang et al. [149] examined what makes AI/ML difficult and 

different to design compared to other technologies. They ascribed it to AI’s capability 

uncertainty and output complexity. Capability uncertainty refers to how a designer cannot 

foresee or predetermine how an AI model is going to behave and evolve over time. Output 

complexity refers to the inherent complexity associated with an AI model’s infinite range of 

possible outputs that cannot be realistically simulated. Also, not all AI based systems might be 

equal in terms of the challenges posed [149]. Some might have a fixed set of outputs whereas 

others might be more complex and adaptive with an infinite possible set of outputs.  

Benjamin et al. [11] reframe uncertainty of ML models from something that hinders 

design to something that can be understood and wielded as a design material. By applying a 

post-phenomenological lens and through four case studies, they put forward three concepts 

(‘thingly uncertainty’, ‘pattern leakage’, ‘futures creep’) to demonstrate how ML uncertainty 

provides design scope to viewing the world as a continuum, projecting learned patterns into the 
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world, and to influence the present to mediate interactions in the future. Other work has 

followed similar lines of inquiry to reframe AI uncertainty and errors as a source for designing 

creative and novel interactions [49,98]. 

Liao et al. 's [94] work focuses specifically on the more recent advent of large, pre-

trained models to identify what designerly understanding of these models constitutes. They 

describe four key goals - supporting divergent and convergent design thinking, implementing 

conditional designs, providing transparency for end-users, and collaborating with technical 

members of the team, and describe corresponding model information requested by designers to 

meet them. They also propose XAI-based, user-centric, model interrogation in lieu of static 

documentation to reduce barriers for designers to ideate with pre-trained models. 

My first empirical study examines situated practices of UX practitioners understanding 

the AI model themselves before they translate it in terms of the design (Chapter 4). I also 

describe how this process varies depending on the stage in the model development process and 

how a lack of information about training data and details challenges their model comprehension 

and translation process.  

2.2 Empirical Studies with Design/UX Practitioners 

Prior work has also investigated how design and UX practitioners work with AI/ML to 

build an understanding of what strategies work and where there are still challenges. Dove et al. 

[44] noted that designers found it challenging to recognize how AI/ML models represented a 

form of intelligence, distinct from human intelligence. Prototyping efforts were also challenged 

by the dynamic nature of these models and data dependencies. Both these challenges made it 

harder for designers to reinforce a human-centered lens, as they felt they were falling behind the 

engineers and data scientists who were building these models.  

More experienced designers used certain strategies to try and overcome such challenges 

[147,152]. They abstracted the model details and focused more on the capabilities offered by the 
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model using designerly abstractions and examples, to better grasp the AI or ML’s material 

properties [147]. Close collaborations with data scientists and adopting data-driven methods 

were deemed as important as well. Yildirim et al. [152] find that designers working in the 

enterprise space are able to innovate when they are not limited to the user interface aspects of 

the AI project. Designers’ co-location and close collaboration with data scientists, and 

adaptation of artifacts to serve as boundary objects were also instrumental in effectively 

leveraging AI as a design material.  

Zdanowska and Taylor [155] have focused on the enterprise space as well, and find that 

UX practitioners are able to design enterprise AI/ML systems and that UX practitioners’ skillset 

supports much needed interdisciplinary collaborations among different stakeholders. 

Participants reported splitting the model design work from the product/application (that 

incorporated the model) design work, as an important change in the way things are usually 

done. Processes and workflows were still a work in progress, which motivated high levels of 

collaboration with AI/ML practitioners. However Zdanowska and Taylor [155] raise a few 

important areas where the predominant design thinking processes may fall short - designing for 

dynamic models post deployment, accounting for issues of fairness, accountability, 

transparency, ethics, and an equal focus on what is going on under the hood rather than at the 

interface level.  

Windl et al. [144] also observed similar approaches in their study. They found that 

designers are increasingly participating in data and model-related activities to figure out the UX 

and are taking on new responsibilities such as mediating between experts and non-experts of AI. 

They observed four main approaches to designing AI systems- two temporal based approaches 

and two process-oriented approaches. The former category includes the a priori (model before 

interface), and the post-hoc (model after interface) approach. The latter category includes a 

model-centric approach, where model is placed at the center of the product design requiring 

close collaborations between designers and AI engineers, and a competence-centric approach, 
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where individual team members’ unique skills were leveraged resulting in divergent processes, 

well-suited for more open-ended projects.  

Most of these studies focus on either the enterprise context or on more experienced 

designers. My interviews with practitioners from varied domains and years of experience 

working with AI led to additional insights and needs regarding model sandbox type of tools and 

how that can support UXP’s model comprehension, UX and design activities, and better 

coordination and collaboration with AI practitioners (Chapter 4).  

2.2.1 Collaborations between UX and AI Practitioners 

Much of the prior work described has noted that close collaborations between data 

scientists and UX practitioners are vital for designing human-centered AI systems. However, a 

lack of mutual understanding of each other’s practices and goals creates challenges for 

collaboration [56,81]. According to Girardin and Lathia [56] bridging the field of data science 

and design requires deliberate translation efforts as the fundamental epistemologies between 

the two vary a lot.  

Subramonyam et al. [136] put forward a process model for how designers and AI 

engineers can co-create the form and function of an AI application using user data as probes, 

however the reality can be quite different. In a different study, Subramonyam et al. [135] 

identified ‘leaky abstractions’ - ad-hoc artifacts that show more low-level details, that both UX 

and AI practitioners used to share knowledge across boundaries. Most software is developed by 

following a separation-of-concerns principle [87], where modularization and object-oriented 

design help to divide things up and tackle them separately. However, AI systems are non-

deterministic and evolve over time, invalidating this principle. An analysis of guidelines for 

ensuring human-centered design of AI systems also showed that they cover multiple 

components (user interface, user mental models, training data, models) [135]. Artifacts that 

communicate the ‘user-side of things’ with respect to the training data, model outputs, AI-
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integrated interfaces and artifacts that communicate data structures, model details, and model 

behavior were shared by UX and AI practitioners respectively. These ‘leaky abstractions’ helped 

puncture boundaries established by the separation-of-concerns principle and build more 

effective teams [135]. 

Bruun et al. [17] echo similar findings from their examination of coordination 

mechanisms between UX and AI practitioners. They propose for teams to coordinate work 

through ‘mutual adjustment’ than through ‘standardization of outputs’. In the latter, each 

disciplinary group of practitioners produces outputs that are standard, expected, and 

irrespective of what other groups are doing. But in the former case, at the individual level, 

practitioners adapt and adjust to what others are doing through communication and allow for 

collective knowledge to evolve over time.  

Other work has focused on cross-functional collaboration with the goal of understanding 

how it might support Responsible AI (RAI) efforts such as fairness. Deng et al. [37] find that 

practitioners focusing on RAI had to put in a lot of effort in bridging concepts and evaluations 

across different disciplines or stakeholders, identify collaborators and existing efforts that they 

could piggyback on to gain traction, and deal with the invisible labor involved in rallying cross-

functional collaborations.  

This growing body of research, along with my empirical study (Chapter 4), suggests that 

boundary objects [132] might not fully satisfy collaborative requirements in HCI-AI 

collaborations. This insight led to the examination of interactive tools and how they support 

communication and collaborations in interdisciplinary teams (Chapter 5). 

2.3 Resources and Tools for UX practitioners 

Different resources and tools have been put forward by researchers to help address 

design challenges associated with AI. The first category is design guidelines. Amershi et al. [6] 

proposed 18 design guidelines for designing human-AI interactions, spread over different stages 
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of the user experience - initial stages, active use, failure cases, and longitudinal interactions. 

These guidelines provide practitioners heuristics for verifying their designs and inform design of 

features required for human-AI interactions. Google’s PAIR guidebook also provides designers 

guidance on how to approach designing with AI by detailing various aspects of AI experiences - 

trust, mental models, errors, feedback, control, and so on [160]. Liao et al. [93] developed a 

question bank to represent questions users have about the model, which can in turn inform the 

design space of incorporating explainable AI (XAI) techniques in an application. Thus, it is a 

more specific design resource for designing XAI features.  

The second category is design resources for ideating with AI. When categorizing and 

understanding models as supervised or unsupervised, it is harder for designers to understand 

and wield it as a design material [136,153]. Jansen and Colombo [74] created a mix and match 

toolkit with tangible tokens that had different options for data (video, text, time series) and 

model capabilities (categorize, cluster, recommend etc.). Yildirim et al. [153] created a similar 

design resource to support the ideation of AI concepts. From 40 different examples, they 

abstracted 8 different capabilities. The design kit also provides support for prioritizing between 

different concepts and exploring the design space through both an impact-effort matrix and a 

task expertise-AI performance matrix.  

The third category is prototyping tools. Subramonyam et al. [137] developed a model-

informed prototyping approach, realized through a tool called ProtoAI. Designers can specify 

inputs to the model while designing the interface and access model outputs as well. Thus, by 

designing for data instances across different scenarios, they are able to design interfaces that 

better account for unpredictable or undesirable behaviors. Canvil – a Figma widget, enables 

designers to explore and adapt LLMs as a design material within the Figma environment and to 

prototype LLM-powered experiences [50]. PromptInfuser [116] is a Figma plugin that offers 

similar functionality and is aimed at helping designers prototype the AI and UX components 

together. Such tools help improve communication of design ideas, support UX-AI 
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collaborations, and iterate quickly with AI design concepts. Feng and McDonald’s [51] work 

shows how the interactive machine learning technique can be leveraged to address some of the 

human-centered design challenges faced by designers and support both the ideation and 

prototyping stages of the design process. 

The final category is evaluation tools. Moore et al. [104] designed a tool - fAIlureNotes, 

supports UX practitioners in exploring the behavior of image models and error patterns from a 

user-centered perspective. Most model behavior analyses tools are intended for use by the AI 

practitioner and allow them to identify systematic failures in distinct groups or patterns of data 

instances in test datasets [19,20]. fAIlureNotes complements these tools by helping UX 

practitioners leverage scenarios from user research and real-world contexts and compare user 

expectations with actual model outputs. Another example of an evaluation tool, though not 

specific to UX practitioners, is the HAX Playbook for surfacing common errors in NLP-based 

applications [69]. By filling out an initial reflective form about the model use case, input and 

output types, triggers, subjectivity involved, and how the output is produced, the Playbook will 

list different types of errors that can happen so that the designer can proactively address them. 

These are all valuable tools for UX and design practice of AI. However, to address 

specific challenges in gathering insights at scale and reconciling user-centered outcomes with 

model-centric metrics (Chapter 3), I design evaluation methods that enable UX practitioners to 

examine and make inferences about human-AI alignment (Chapter 5). I envision the tool being 

useful for evaluating model fit for a particular use context, evaluating end-user acceptance of the 

model in those scenarios, as well as for more longitudinal evaluations. While a majority of the 

work described in this section and prior sections focuses on how UX practitioners can inform 

the design of products or services that incorporate the model, I also focus on how HCI/UX 

insights can feed back to inform model evaluation approaches (Chapter 6). 
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2.4 Responsible AI and UX Practice 

As AI systems are being leveraged for high stakes scenarios such as clinical decision 

making, loan approvals, recidivism predictions, researchers recognized that it warranted 

additional guiding principles compared to other software deployments. Hence, the term 

‘Responsible AI’ (RAI) gained traction to devise and record practices that can guide the ethical 

and responsible design and development of AI systems [161–164]. RAI can cover a wide range of 

concerns including accountability, transparency, fairness, privacy, and so on. Though external 

and third-party audits are important ways to examine AI systems and hold them accountable 

[119,120,165], internal practices that enable or hinder development of responsible AI systems 

have also come under scrutiny [16,36,66,70,100].  

More recently, researchers have begun identifying the intersections between responsible 

AI and UX. Liao et al. [95] highlight three areas where UX can play in ensuring Responsible AI 

design and development. UX practitioners are well-situated to lead ‘responsible ideation’ which 

involves identifying the right thing to build with AI, to address risks and challenges of AI errors 

failures at the interface level through ‘responsible design’, and to surface real-world impact of AI 

systems through various methods, thus informing ‘responsible evaluation’. While prior work 

has proposed ways for engaging in responsible ideation and prototyping, I focus on the area of 

responsible evaluation (Chapters 5 and 6). 

 
 



25 

 

Chapter 3: Investigating Challenges UX Practitioners 

face when Designing with AI/ML 

3.1 Motivation 

 Compared to designing deterministic software applications, designing AI applications 

requires additional considerations for UX practitioners. Prior work pinpoints exactly what 

makes AI unique and difficult to design for  - capability uncertainty and output complexity 

[149]. Since AI models are probabilistic, it becomes fuzzier for practitioners to define its 

capabilities and behaviors upfront for design purposes. With dynamic models that continue to 

learn and train on new data, the behavior of the model evolves over time making the user 

experience dynamic as well. Output complexity refers to the inherent complexity associated with 

an AI model’s range of possible outputs that cannot be always realistically simulated. Across 

different AI systems, the nature and range of possible outputs might differ (for example, a voice 

assistant versus a pneumonia detecting clinical decision tool). 

While Yang et al. ‘s analysis [149] provides a framework to characterize the unique 

challenges of designing human-AI interactions, I wanted to understand if and how these 

challenges manifested in UX practice and whether there are additional challenges as well. Given 

that there are mismatches between how the HCI research community views design practice and 

design practice in the wild, leading to research-practice gaps [59,134], I find it prudent to 

investigate conceptual and organizational challenges that UX practitioners face when designing 

for AI. Yang et al.’s [149] article also highlights how there are more design challenges than there 

are design facilitators for human-AI interaction design. By uncovering practitioners' 
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perspectives, I also hope to inform the design of tools and methods that can address some of 

these challenges.  

3.2 Methods 

I conducted semi-structured, qualitative interviews with 14 UX practitioners who were working 

on various AI/ML applications as designers and researchers. Since participants might not be 

able to discuss aspects of what they are working on for proprietary reasons, I provided them 

with the option of talking about either recommender systems or smart features in email systems 

as an example of designing for AI/ML. I also used design guidelines from Microsoft’s Guidelines 

for Human-AI Interaction (HAX) [6] and associated design examples as an interview probe to i) 

help participants recall instances of designing or using AI/ML applications that were 

challenging and ii) elicit more concrete responses. Participants were provided with the HAX 

guidelines to look through before the interview took place and after they consented to 

participate. The interview protocol covered questions about what kinds of AI applications 

participants worked on, their design process, instances of designing or using AI products that 

posed peculiarities, whether and how they addressed these challenges, and how they 

collaborated with different stakeholders, especially AI practitioners. I conducted two pilot 

interviews to test the effectiveness of the protocol before conducting actual interviews.  

3.2.1 Participant Recruitment 

 The main criteria for including UX practitioners in the study is that they should be 

working on or have previously worked on AI applications in a UX capacity. To that end, I 

prepared a recruitment questionnaire that asked for basic information about demographics and 

education, experience in the UX industry, and what kind of AI/ML application they were 

working on. After obtaining IRB approval, calls for recruitment were posted on social media 
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(LinkedIn, Twitter) and circulated in relevant mailing lists and Slack channels. Based on the 

responses received, I reached out to potential research participants using the contact email 

address provided in the questionnaire. Interviews were conducted virtually using Zoom, 

typically lasted 45-60 minutes, and were recorded for transcription later. Participants were 

provided with a $25 honorarium for their contribution. All interviews were conducted between 

September and December of 2022. Participant information can be found in Table 3.1. 

 

Participant 
Identifier 

Role Years of UX experience AI Product Area 

P1 UI Tech Lead 3-5 years Detecting Fraud 

P2 UX Designer >10 years Task Automation 

P3 Conversational 
Designer 

3-5 years Chatbots, Recommend, 
Predict Intent 

P4 UX Researcher 3-5 years Smart assistants 

P5 Product Designer 3-5 years NLP-based 
recommendation, 
classification and 
summarization 

P6 UX Researcher 1-3 years NLP applications 

P7 UX Researcher > 10 years Text Classification 

P8 UX Designer 1-3 years Decision-support 
systems 

P9 UX Researcher 3-5 years Personalized 
recommendations 

P10 UX Researcher 5-10 years Classifying musical 
genres from audio files 

P11 UX Generalist 3-5 years AI applications for Code 
Generation 

P12 UX Designer 5-10 years Automating Clinical 
Ultrasound assessments 

P13 Product Designer 5-10 years Predictive Analytics 
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P14 User Researcher 1-3 years Enterprise AI 
Table 3.1 Participant Information at the time of interviewing 

3.2.2 Interview Protocol 

To avoid risking participants’ non-disclosure agreements and make them feel 

comfortable sharing data, I designed the interview protocol around common examples of AI 

systems - recommender systems and smart features in email. Guidelines and design examples 

from the HAX Toolkit were also used as an interview probe to stimulate discussions. The first 

part of the interview protocol focused on talking through participants’ general UX experience, 

experience working on AI products, which stages of the AI product development process they 

were involved in, and whether the HAX guidelines resonated with their work. Then I focused the 

discussion on specific examples of when participants encountered challenges in designing for 

AI, what was challenging about it, how they tried to address it, and how successful they were in 

addressing it.  

The second part of the interview protocol focused more on collaborations with model 

developers (AI engineers, Data Scientists, Research Scientists) and needs for addressing said 

challenges. Participants talked through team structures, how they collaborated with technical 

stakeholders, tensions in collaborations, and what kind of information, resources, or artifacts 

could better support such collaborations. Finally, participants also speculated about and 

discussed hypothetical tools that can address some of the challenges they face currently.  

3.2.3 Data Analysis 

Qualitative analysis of the interview transcripts was guided by the grounded theory 

approach [29]. I conducted a round of open coding where I focused on participants’ current 

practices, needs, strategies, stopgap solutions, and organizational factors. I then grouped codes 

into relevant categories and subcategories. In the second round of coding, I did axial coding, 
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which allowed me to better understand the relationship between different coding categories. 

During this stage, I identified the core phenomena as design practices when working with AI, 

and additionally uncovered intervening and contextual factors, strategies, and outcomes. The 

compare and contrast technique also enabled me to understand how participant accounts 

differed as a function of organizational norms and structures and/or collaborative practices with 

AI practitioners. In the next section, I report on the key themes from my data analysis. 

3.3 Findings 

3.3.1 Unpacking the translation process when designing with AI/ML 

One of our participants P5, who worked as a product designer, succinctly described what design 

translation entailed when designing with AI/ML. 

 

“If I don't understand it, as someone who is not an ML researcher, then our users will 

never understand it. It's important that first I understand it so that I can design 

something that users will understand as well. So, there's like a translation process 

there.” - P5 

 

This translation process is inherent in design practice [31]. Similar to how language translation 

is more of a semantic process rather than a literal one, a design translation involves 

understanding the context and establishing common ground for mutual understanding between 

the system and the end-user [25]. For UX practitioners who are working with AI/ML, 

understanding the model to some degree is necessary to bring about such a translation. This 

necessity applies for UX researchers as well as they have to “know what questions to ask the 

user and what that might translate to in terms of user facing features” (P11).  
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 In this subsection, I describe how such design translations require AI model 

comprehension, but these models evolve continuously through the training process and even 

post deployment. Thus, UX practitioners (UXPs) also had to iteratively update their 

understanding. I detail 3 main stages: informing model requirements (pre-training), post-hoc 

model comprehension (post-training), and continuous improvement through feedback loops 

(post deployment).    

a. Informing Model Requirements 

 

 Figure 3.1. A model development pipeline adapted from [5] and showing different stages of the model 

development process. Only few UXP are involved at the model requirements stage. 

 

Only few participants (P11, P13) discussed this scenario where UXP are involved early on in the 

model development process (see Figure 1). In such cases, user research is one piece of the puzzle 

that informs the model development process. P11 recommended a tight coupling between UX 

and ML practitioners to ensure that findings from user research studies led to features that were 

possible and feasible to realize through AI/ML capabilities.  

 

“It's always tricky to figure out if some of these potential features are achievable. So I 

think there needs to be a tight coupling between experiment design or study design and 

kind of consulting with the ML teams. Just to make sure like, should we study this - Is 

this even possible, right? What are the limitations of types of data we can train on or 

how much data would you need in order to really see a difference? And then depending 



31 

 

on the technology there could also be cost barriers, right? We need to figure out - Okay, 

this is like a very limited space in which we can operate with - like testing new features 

and new experiences. How do I translate that into a study that is not too restrictive and 

artificial, but could still lead to executable outcomes?” - P11 

 

Here, P11 is talking about understanding the limits of what would be possible with AI/ML to 

inform the research study design and obtain actionable insights. The goal here is not just to 

eliminate blue-sky ideas and design commensurate user research studies, but also work within 

what would be feasible to build in terms of the type and size of data available and the costs 

associated with it. However, not many participants discussed translation efforts at this stage 

except P11 and P13.  

b. Post-hoc understanding of the AI/ML model 

This stage was the most prevalent among almost all our participants' accounts. In this scenario, 

the AI/ML model has already been developed by a team of researchers or data scientists (Figure 

2). The UX practitioners would then work with the trained model and incorporate it into an 

existing product and/or design the user experience around it. Unlike the previous case in which 

UXP are trying to understand the capabilities and limitations of AI/ML in a more generic sense, 

here, UXP have to understand a specific, trained model insofar as they can design with it.  

 

P14 recalled this example from their user research session -  

“The data [that the customer provided] was not of the best quality in this case. Sure, we 

wanted the customers to improve their dataset but we still wanted them to use our 

predictions. But this customer said to me ‘Well, I think if I improve my data, my 

predictions will be higher quality’ and… I realized as a researcher, I wasn't necessarily 

certain if that was true. If those specific inferences would be higher quality, or if you 
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would just get more inferences available. I went to the product manager but we're not 

sure right? We had to go resolve this with data scientists. And sometimes I don't even 

realize that I have the questions until the user says this to me, and I'm like, I don't 

know. I actually don't know what the future would be - how it would evolve if you 

improved the data.” - P14 

 

In this instance, the UX practitioner is trying to understand how the customer data is related to 

the model output and the model’s objective function - whether it optimizes for quantitative or 

qualitative improvements in its predictions. But P14 also makes a point about how it is not 

always possible to know how the model evolves in the future with more, better, or different data. 

P9, a user researcher, who worked as part of the product team to incorporate models developed 

by the research team in their organization, encountered challenges in mapping outputs of the 

model to useful information or action items for the end-user.  

 

 

Figure 3.2 Most UXP were discussed these stages when talking about gaining a contextual understanding of the model 

 

 

“I didn't have a good understanding of what the thresholds are like… There are 

different levels of relevance like highly related, maybe just middle, and then low 

relevance that we maybe shouldn't even show it maybe. But initially, I didn't have good 

information on what the thresholds are. So, in the prototypes we just show everything 

and then highlight, like different levels of relevance. And then the users were really 
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frustrated because a lot of the results were not relevant. If I could kind of understand, 

“Oh, maybe the lowest threshold is this amount”, and then it would be helpful to build 

the prototype, so that we are not including like, not relevant or unhelpful information, 

because that would impact users feedback like if it's just too much noise they wouldn't 

want to use it again. But then it's also kind of biased because we put in too much 

irrelevant information in the prototype. So yeah, that's an example of what I would 

want to know uh earlier. But it's also something that I didn't know that I needed to 

know” - P9 

 

P9 also added that it would be useful to get insight on whether the model is expected to work 

well across all user groups or differentially for certain groups of users so that they account for it 

when executing research studies. P9 also made an interesting comment on how these were 

examples of things that she didn’t know she needed to know. It was a problem of unknown 

unknowns, from the perspective of the UX practitioner. P13 also reflected how the HAX 

Guidelines would have been useful for their first AI project as it could have provided concepts 

that sensitize them or enable them to transform unknown unknowns to known unknowns. 

 

“If I had the Guidelines on my very first project. I feel like I would have been able to do 

way better, because I was just trying to understand what AI was and what it was 

capable of, right? I was given this model that already works, and I'm like, “Hey, here's 

what people could get from it”. But I didn't know that I needed to put a 79% confidence 

until someone told me right. So, there's a lot of different things that I could now have an 

example of in my head and be able to share with the data scientists like, “hey? This is 

maybe what we could do”, and then they could tweak the model. Or maybe, if we get 

this other source of data- this would be more accurate, and we could do something 

more - Yeah, I guess it's like I didn't know what the boundaries are as a designer.” - 
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- P13 

 

But as P9 and P13’s accounts show, they accrue this knowledge over time and thus form an AI-

specific design repertoire over time. One need that was expressed to improve model 

comprehension and support design translation was the idea of a model sandbox. Noting that 

model documentation, while important, can only go so far to help make sense of things “in 

context”, UXP discussed a hypothetical tool that would allow them to directly interact with the 

model and explore model outputs for different inputs.  

 

“These models are hard to capture in precise documentation. You can say it has this 

many parameters, and you know the confidence scores or like is this accurate? You 

could give some metrics, but it's hard to make sense of those metrics in context. Having 

a sandbox where the UX professionals could actually interact with the model and test 

like - ‘Oh, how would it give me suggestions for smart composition if I give this example 

versus this example versus this example’ right?... So, I think that it's really really 

important, having internal tools for people to be able to get a sense of model 

capabilities hands-on and interact and play with it.'' - P11 

 

P5 also expressed the need to see what the model is actually “spitting out'' as it is different from 

what they imagine or guess it to be. Echoing the same idea, P7 said, “We need to improve self-

service models for user and user experience researchers. Let the UXR play with the models and 

understand how the data looks like - the shape of the data - this can help UXR design better 

research studies. No more black boxes - reveal the underlying assumptions behind the model” - 

P7 
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c. Translation efforts continue post deployment 

 

 

Figure 3.3 UXP continued to understand the model post deployment as it learns through feedback loops 

 

After the model has been deployed, the UXP were analyzing how end-users interacted with the 

model. With dynamic models especially, UX practitioners had to grow their understanding of 

the model in terms of feedback loops (Figure 3). For example, P5 described the challenges of 

working with implicit signals in recommender systems - 

 

“One thing I think of, both in my own experience and when I'm designing for our users, 

it's hard to make corrections if you click on something, and we've read that as an 

implicit signal that you're interested in this thing. But maybe you accidentally clicked 

on the wrong thing or you clicked on it and realized it's irrelevant. Now, we're going to 

learn that that's something that you're interested in, but actually aren't. So how do you 

override those implicit signals? And maybe, like, keep it from proliferating throughout 

your recommendations?” - P5 

 

Though P5 went on to discuss several ways to mitigate misleading implicit signals (using explicit 

signals only/seamful design, phasing out implicit signals, only using most recent activity), they 

still acknowledged the challenges of i) aligning with user expectations of what activity should be 

recorded as implicit signals and ii) encouraging users to provide more explicit feedback to serve 

useful recommendations. As P5 notes, they had to focus on both how the model evolves as well 
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as on how users’ mental models might co-evolve. Again, not many UX practitioners discussed 

this stage explicitly. When they did, it was focused more on UX evaluations (detailed in the next 

subsection 3.2.b) rather than understanding feedback loops per se.  

3.3.2 Challenges in Prototyping and Evaluation 

In the previous subsection, I focused on UXP’s model comprehension efforts based on different 

stages of the model development process. In this subsection, I focus on the design process and 

specifically on the stages of prototyping and evaluation.   

a. Creating Functional AI Prototypes was Challenging 

An important challenge faced by UX practitioners at work is prototyping with real AI/ML 

functionality.  

“I think it would have been of limited utility to try and test these concepts on users 

without the actual AI functioning. I think I can test out some of the user interface 

aspects of what we want to test. I could test, ‘Does the user understand what this button 

means, for instance, but I wouldn't be able to test - ‘Does the user understand when the 

AI detects something that happens?’ And then in real time gives the user feedback like -  

how would I? How would I mock that up?” - P12 

 

Wizard-of-Oz studies came up as a useful method in generative or foundational research where 

a human could mimic AI. Any user feedback obtained from the session could be given as 

specification of desirable or undesirable model behavior to the engineering team. But since 

AI/ML will fail in ways that are not easily predicted or imagined by humans, prototyping with 

working AI/ML was still a necessity. P11 wanted to have the ability to create functional 

prototypes, test them, and generate insights before AI/ML functionality is actually built into the 

product.  
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“So, I would say that what's missing right now in this field is the tools that allow UX/UI 

researchers or any other kind of researchers to build rapid prototypes with these 

technologies. Where could you build very quick prototypes in order to get feedback 

rather than waiting for the engineering team to put out a product and going and 

evaluating that?” - P11 

 

Though few participants shared positive examples of collaborating with engineers to build 

functional prototypes, this was not the norm and UX practitioners expressed the need to reduce 

dependency on the engineering team to build prototypes with a working AI/ML component. P9, 

who worked on a recommendation system, talked through some of the challenges of creating 

such functional prototypes for recommendation features, specifically the dependency on user 

data to generate recommendations and obtaining consent for using that data.  

In summary, UX surfaced prototyping without functioning AI/ML as a key challenge 

which limited getting concrete feedback from users. They wanted to have the tools and 

techniques to independently create functional AI/ML prototypes and generate insights that can 

inform how AI/ML capabilities should be integrated into the product.  

b. Tackling User-centered AI Evaluation 

Continuing to the next stage of the design process - testing, UXPs faced challenges that they 

attributed to i) AI/ML models being probabilistic in nature, which makes it hard to simulate and 

test thoroughly and ii) reinforcing a user-centered lens on AI/ML outputs. For example, P13 

discussed how one of the big barriers they faced as a designer was not being able to test enough 

use cases. P13 would come up with as many use cases as possible before handing over designs 

for implementation but not having the support to validate domain-specific or obscure model 

outputs was a challenge. Additionally, even if the model has an accuracy of 95%, UXP wanted to 
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investigate what specific outputs are being shown to end-users and how they are perceiving 

these outputs. But in many AI/ML applications, this can scale up quickly. UXP reported that 

they did not always have the tools or mechanisms in place to evaluate the outputs of the model 

in live or production environments, where the model could learn with additional user data. 

Thus, the scale factor also posed difficulties in evaluating AI/ML models. 

 

“One of the challenges I see regularly in my space is we don’t have the tools to test the 

algorithm, the output of the algorithms. Now I can see it has 95% confidence. Right? It 

is working, but I don’t know what people are being shown. I am generalizing it a lot - 

but we don't always have the tools to see how our model is performing in prod. Because 

if you are shipping a model that you know, you are affecting 1000, 3000, 10000 people 

on a daily basis - It’s harder to see what the impact is. You either need tools that are 

going to do it, automated tools which - I don’t know how that will be done. Or you gotta 

take the qualitative approach as someone spot checking it.” - P3 

 

A strategy that P3 uses is that sometimes they will ask the data scientist specific questions about 

how they expect the model to work in the product and the impact it will have on the end-user to 

draw out their assumptions. Qualitative methods are effective in staying close to how a model is 

performing and ascertain its drawbacks. For example, qualitative analysis of transcripts of 

interactions with chatbots helped P3 catch instances when the chatbot was wrong in interpreting 

some information, but there were limits to how many transcripts P3 could read and analyze. P3 

added, “And there was one of me looking at 100 transcripts a day. And we were doing tens of 

thousands of them a day. That is what I mean by scale''. The scale and output complexity [148] 

of AI/ML posed difficulties in how UXP gleaned meaningful insights about the user experience 

and model behaviors. P11 also deduced that satisficing or scrappy research efforts might not 
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always suffice. 

  

“I think we just need to talk to more people. Talking to 5 or 10 people - sometimes it's 

really not enough, right? So, then the question becomes at a high pace - with tight 

deadlines - How do you do that? How do you more quickly test or get qualitative and 

quantitative feedback at scale?”  - P11 

 

P14 also remarked that live testing was less frequent compared to working with prototypes. P14 

noted how evaluating AI/ML can get subsumed into other product and business metrics.  

 

“We get pulled into other business goals. We might be focused on something simple as 

whether users understand these 4 steps that they have to do or whether they can simply 

complete the task right? And yes, there is an AI feature. But are they able to complete 

it? How long does it take? What do they think the system is doing? Like we might want 

to make sure that they understand that the system has done something for them. We 

might want to make sure that they validate a response, if necessary. That they 

understand how well the AI performed - So from that perspective we are focused on 

some of these. We want the user to have a positive understanding. But we're just doing 

a lot of that within the course of our research questions anyway. The business wants to 

know. Can they complete this task? And do they understand what the system is doing?” 

- P14 

 

Building on the idea of the model sandbox, UXP continued to brainstorm how it might 

support prototyping and evaluation efforts. P11 considered how connecting a tool like the model 

sandbox to Figma or other prototyping software would allow for creating mockups quickly, 

incorporating real AI/ML functionality in the prototypes, and gathering useful feedback. Other 
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UXP working as designers such as P5 and P12 echoed similar needs even though they did not 

call the tool a model sandbox. For example, P5 just wanted an easier way to flow realistic data 

and model outputs into Figma prototypes. P13 also brought up the idea of a ‘model sandbox' to 

have hands-on interaction with the data and test as many use cases as possible, especially when 

UX has shorter turnaround times, while noting the following limitation,  

“I think it also depends on the maturity of your organization. Do we even have time to 

build that - sometimes on that team of five, four people. We don’t have time! But I think 

if we know that this is going to be a long project, and we’re going to benefit a lot from it 

- putting that infrastructure in place would be great.” - P13 

 

3.3.3 Cross-cutting Collaborative Challenges 

My analysis also uncovered collaborative challenges that UX practitioners faced when designing 

with AI/ML, particularly with AI practitioners. However, while some challenges are inherent to 

cross-functional collaborations, others were also a result of organizational processes. I discuss 

these challenges as cross-cutting collaborative challenges as they can arise during the course of 

other activities discussed above - model comprehension, design translation, prototyping, and 

user-centered evaluations.  

a. Communication gaps between UX and AI practitioners 

Most participants highlighted communication gaps between UX practitioners and AI 

practitioners. The vocabulary used for describing AI/ML and descriptions of techniques used to 

build these models were not easy to understand.  

 

“There is a huge gulf between the words that the data scientists use and the words that 

regular people use. How do we talk about these things like I am in my domain, you are 
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in your domain, right? So, we need to meet in the middle. I think there are a lot of 

challenges around that.” - P3 

 

Such gaps were quite obvious in settings such as team meetings and discussions. P3 and P13 

noted how it can be difficult to engage, speak up, or contribute when the discussions get too 

technical.  

“One time, they went down a rabbit hole about the technology. And this is not a knock 

on them because they are passionate about it. This is their expertise, right? And this is 

what they spend all their time trying to think through. But that makes it very hard to 

engage.” - P3 

 

Others reported more positive experiences because they worked in tight knit teams with more 

impromptu conversations (P5), felt comfortable asking basic questions (P5, P12), or leveraged 

their technical backgrounds to understand things (P6, P8). However, participants did surface 

needs in areas of communication and documentation. UXP wanted to have more routine, 

standardized practices of syncing up with AI practitioners, which would give them space to ask 

questions.  

“If I don’t understand something, I need to go and resolve it, and I often do that with 

the Product Manager (PM) and sometimes the PMs do have to loop in the data 

scientists. So, if there was a formal mechanism to maybe make sure that questions are 

resolved with data scientists before we launch something, that might be helpful.” - P14 

 

While UXPs do closely collaborate with PMs, in this case, having them as a proxy was not as 

effective as looping in the data scientist directly. P13, when working with an external consultant, 

received detailed, helpful documentation which led them to realize the value of having such 

things in place for alignment. 
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“If I built it internally, I wouldn’t make a Powerpoint, or this crazy presentation, 

because it’s like we work together right? But maybe again too - it’s like setting 

standards on how to communicate would be helpful right? If there was a document 

template that I could give to a developer or data scientist, you know? That would be 

great.” - P13 

 

P8 also raised a similar need for having documentation that could align the interdisciplinary 

team on what AI capability is being introduced, what problem it is solving for, and how. Though 

participants alluded to documentation templates and things useful for designers to know, it can 

be difficult to articulate a precise list of what should be included, especially in hand-off 

situations. Some of this uncertainty was because of the inherent nature of AI’s capability 

uncertainty and some of it was because they are unknown unknowns for UXPs (3.3.1).  

b. Visibility into AI/ML workflows 

Participants also reflected on how the processes and stages of model development remain 

largely invisible for them. But making them visible and relating it to model behaviors and 

outputs can help increase AI literacy and support design translation. Being a designer, P12 felt 

he had to understand how the model gets trained and learns patterns to be able to design for it. 

P14, a UX Researcher, said knowing what training data was used helped contextualize findings 

from user research sessions better.  

 

“I would like to understand how the data was gathered to train the model, because we 

often don’t have access to it. Data scientists get very crafty with how they’re collecting 

representative data. There are lots of different mechanisms for feeding into the 

training. As you think about testing it with potential users, they’re going to have 
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different feedback right on its outputs, and that could potentially, I don’t know, be 

dependent on where the data came from and how it was trained. If you’re using the 

synthetic data generator, it probably has its own limitations relative to a different data 

source.” - P14 

 

Additionally, only when P14 came to understand the different complexities that AI practitioners 

deal with as part of internal research, they realized that some of these details would be useful for 

UX practitioners to know as well. For example, they did not know how many models get tested 

before one is selected for deployment but knowing factors that led to its selection would be 

useful to know. P5 also liked to know timelines for developing the model and when it is deemed 

ready so that it aligns with design iterations and/or user research studies.  

 

“The model was not really ready anyway. I started seeing way more errors than I 

expected to see and super low confidence scores. And the model hadn’t really been 

calibrated yet. So I ended up changing my user study that I was planning and shaped 

the questions to be more exploratory. I think they were aware of the problems already. 

So it was just me realizing the extent of the problem.” - P5 

 

P3 felt that the lack of visibility also led to problems in setting realistic expectations and curating 

commensurate datasets. P3 noted how stakeholders expected AI practitioners to develop models 

on the fly when provided a problem or a dataset but the reality was far different. They also 

speculated about tools that can provide visibility into the process. 

 

“Thinking about where the model is built. A lot of times it is just built in like whatever 

program the AI practitioner is using. And UX-ers are not even gonna know what that 

is. What would a UI look like that made a model visible, as it is being built? You know 
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where they [UXP] can say ‘I see where you are right now, what are you thinking here?’ 

I don’t know if that would be doable. . . That could help.”  - P3 

 

The need to make AI development workflows visible to the extent that it can set the right 

expectations, provide contextual details, and coordinate UX efforts was highlighted. This 

provision can also help make more implicit information and assumptions explicit. 

c. Synergy between UX and AI 

 
UXPs discussed the challenge of i) reconciling user-centered outcomes with model-centric 

metrics and ii) having AI developers understand end-user perspectives. When integrating 

models developed by in-house research teams, the product team had to work on why and how it 

added value to the end-users. But since the goals and motivations can differ, it introduced 

challenges in collaborations and evaluations. 

 

“From the product side, if we’re testing a model, even if the results are like our users 

don’t find this helpful at all, maybe they don’t see themselves using it as part of the 

product - It’s fine because we’re just trying to build whatever is most useful, and if this 

doesn’t work for them, then we shouldn’t put it on the product. But I guess, for the 

research side, it is more like validating it - Is this much better than the previous 

version, but not trying to answer if we want to add this to the product, what is the best 

place? Where would this fit into the existing workflow... If we look at it by itself, it 

works better. So I feel like the considerations are just a bit different.” - P9 

 

P5, who worked in a similar setting, noted that one of the questions she finds useful in surfacing 

was - “Which ones are really cool for science and academia and which parts are actually going 
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to be useful to our users?”. However other participants who worked with dedicated AI 

practitioners still surfaced a variant of this issue.  

 

“This is actually more of a personal opinion but they are looking at the model 

performance. They are not looking at the qualitative side of the impact. And so there is 

a big gulf there. Just because your model is performing correctly doesn’t mean that 

users are, you know, actually enjoying the thing that you are showing them, right? It is 

looking at outcomes versus outputs. ”- P3 

 

This divergent lens through which model performance is viewed was also a source of tension in 

collaborations between UX and AI practitioners. Participants reported trying to involve AI 

practitioners in user research so that they can gain a better understanding of user perceptions 

and behaviors with respect to the model. Specifically, participants hoped to show differences 

between users’ mental models of the AI/ML model, how they expect it to work, and how the 

model might actually function. P13 also hoped to inspire human-centered approaches to model 

development by involving AI developers in user research.  

 

“For them to understand what our users are saying. There’s a very broad spectrum of 

user understanding when it comes to the model performance and calibrating users to 

that right? Beyond research report-outs. . . sometimes, and they [users] say. ‘Oh. 99%, 

that’s awesome, but why is it red? Why is it showing red?’ Because that’s like an 

overfitting example. And there are users that understand that perfectly - that 99% is 

bad. And there are users that think something might be wrong as the model can’t be 

this accurate. And so I also want data scientists to have that awareness of how users 

think about these things.” - P14 
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“Yeah, I think it would be for them to understand who’s using it right, and really 

getting all these folks engaged more so, into actual use cases. So then we can start 

building and thinking towards that. I think it’s getting them involved in user research 

at the beginning, understanding what data we have.” - P13 

 

Having technical stakeholders involved in research studies was also helpful for participants like 

P9 as she did not always have the right answers to end-users’ questions about the model. P11 

had a practice of showing video highlights of users interacting with the model or its outputs to 

challenge assumptions or misconceptions that AI developers might have of the end-users. P3 

reported experiences of being involved in feature engineering as they knew the product and 

customers well, but this was not an organization-wide practice.  

d. Establishing a process for collaboration 

The final challenge raised by participants was that there was currently no established process for 

collaborating with AI practitioners and as a result, they came in too late. UXPs acknowledged 

that it was not easy and time-intensive to figure out what this process should look like, especially 

when there is pressure to ship features to production.  

 

“Having designers work with ML engineers and data scientists. It’s easier said than 

done. And when you look at the traditional structure of all organizations, it is - this is 

what I do, this is what you do. And to bring someone in knowing when to bring them 

in, how to bring them in, and you are always up against the battle of ‘This is slowing us 

down!’. A lot of times, what I notice is, they just want to get a model out. Ship it, prove 

it works. And that is a different incentive, than say, are we getting it right for our 

customers.” - P3 
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P12 acknowledged that being engineering and/or product driven and involving the UX / Design 

discipline too late into the development cycle was not unique to AI/ML applications. But he still 

believed there was value in getting a seat at the table early on as that was “when real design 

work was being done”. P3 also believed in bringing UX practitioners early into the model 

development process, ideally during planning stages, to focus discussions on “what it means to 

be impacted by these systems rather than building a model that performs well”. 

 

Other participants highlighted similar tensions in following product-first vs model-first 

workflows. In the former approach, the product team had opportunities to report user needs or 

problems that required AI/ML-based solutions. In the latter approach, the team had to figure 

out how to make a model that had already been developed fit into the product. P13, who worked 

in the enterprise space, has done both, as it varied on a per project basis. He also aspired to 

explore co-design methods that would allow better collaborations between AI and UX 

practitioners, but was not sure of its feasibility given the technical details, data dependencies, 

and different disciplinary norms. P5 and P9 worked for organizations that had a research team 

in charge of developing AI/ML models. P5 accepted that it made sense that only some of these 

models might make its way into the product, but P9 wished for closer collaborations to develop 

models that actually meet user needs and to reduce rework. 

3.4 Discussion 

Yang et al. [148]  attribute AI’s design difficulty to capability uncertainty and output 

complexity. While these factors do contribute majorly to the challenges practitioners face, 

collaborative and organizational factors are also at play. In UXP’s perspective, technology 

readiness to support individual and collaborative workflows with AI was also lacking. More 

experienced UX practitioners were able to speak to many aspects of designing for AI compared 

to less experienced UX practitioners who needed support to tackle unknown unknowns.  
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However, both groups raised the need for tools that would enable them to have a 

tangible and contextual understanding of the model’s capabilities and limitations, create 

functional AI prototypes, and evaluate the model from a user-centered lens. Participants named 

such a tool as a ‘model sandbox’, which I adopt and unpack further in this section. Below, I 

explain i) why and how a model sandbox can support design translation for UX practitioners 

and ii) how model sandboxes help rethink UX-AI collaborations.     

 

3.4.1 Supporting Design Translation and Model Comprehension for UX 

Practitioners 

Participants in our study described different instances of engaging in design translation 

between AI/ML capabilities and end-user needs, and their efforts to understand the model to 

some degree. Across the examples discussed in the findings (3.3), a few insights emerge. Unlike 

a machine learning practitioner who mainly assesses a model through metrics, UX practitioners’ 

assessment of the model and its behavior was connected to mapping implications for the end-

user. Rather than a causal effect of the former leading to the latter, these two aspects are co-

constructed, especially over time. Instead of a rigid 1:1 mapping, these translation efforts can be 

perceived as going both ways before a connection has been learnt. To that end, UX practitioners 

presented the idea of the model sandbox - a hypothetical tool that would allow them to have 

more hands-on experience with the model, prototype with real AI functionality, design 

commensurate user research studies, and test different use cases. Access to training data and 

distributions can also provide insight to UXP about “where things are coming from” and 

compare it against anticipated user behaviors. 

 

A key challenge in this process that was subtly mentioned by UX practitioners was they 

deal with unknown unknowns. The ability to ask questions is dependent on having some level of 
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pre-existing knowledge on the topic i.e., one must know enough to know what is not known 

[103]. In the data, we also see how i) accumulating designerly ways of knowing [31] and ii) 

reflective practice helps UX practitioners in this aspect [166]. For example, a few practitioners 

attested to how working in AI/ML helps them recognize it in other products and use them in 

ways they did not previously. This is an example of UX practitioners developing codes to read 

design knowledge embodied in other AI products [31]. When probed for what details P9 would 

like to know about the model, she recalled cases when the model did not perform as well for 

some users and added that she would like to know if the model worked better for certain groups 

of users. Thus, building a ‘repertoire of examples, cases, and techniques' [166] over time does 

help UXP become more fluent in asking questions of the model and examining design tradeoffs 

in AI/ML applications.  

The structure of reflection-in-action is as follows. First the practitioner faces a peculiar 

situation, uniquely different from prior problems that they have tackled [166]. Recognizing 

these peculiarities, the practitioner reframes their inquiry to make the problem more tractable. 

Then, they make moves, which can be either exploratory, playful or probing moves or they can 

be deliberate moves intended to create a desired effect [166]. This move-testing phase can lead 

to more moves, learnings, confirmations, or unintended effects and further reframing of the 

original problem [166]. This is also when the situation talks back to the practitioner, enabling a 

reflective conversation. More importantly, these experiments and reflective conversations 

happen in a virtual world of practice, where the practitioner can make moves that are reversible 

and without real-world consequences. The model sandbox, as speculated by many of the 

participants, should provide a virtual, interactive space for precisely such experimentation and 

problem reframing. To the extent possible, it should allow for simulating different user actions 

and discovering errors from a user-centered perspective.           
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Uncovering unknown unknowns and converting them into known unknowns can also be 

more of a challenge for novice practitioners, who are new to designing with AI and ML. It can 

also be viewed as the paradox of reflection-in-action and learning by doing [126,131] where the 

concepts to understand what needs to be learnt is only discerned by engaging in action. Thus, we 

should also consider implications for pedagogy by thinking about how we might support these 

experiences in design education. For example, how might we design a reflective practicum, 

where we construct the right set of experiences with AI and ML such that students can learn, 

fail, and reflect-in-action? While Slovák et al. [131] put forward a framework for scaffolding such 

learning and reflection processes in the context of social-emotional learning studies, extending it 

to address the quirks AI/ML poses for design curriculum is a worthwhile direction for further 

research (e.g., [167]).  

3.4.2 Supporting UX-AI Collaborations - Revisiting the Idea of Boundary 

Objects  

The idea of boundary objects is commonly used to recognize and describe artifacts that 

enable knowledge sharing and communication across boundaries of different groups. These 

boundary objects maintain a common identity across groups but can be used quite differently 

within each group. Prior work investigating UX practice of AI has largely focused on boundary 

objects to recognize, uncover, or design boundary objects that support UX-AI collaborations 

[104,147,152]. However, communication and knowledge-sharing were not the only challenges 

raised by UXPs. They also brought up more classical CSCW challenges of establishing processes 

for collaboration and having visibility and awareness into each other’s work. Specifically, they 

brought up the need for a model sandbox to improve both UX practice of AI and collaborations 

with AI practitioners. Some practitioners viewed it as a self-service tool to minimize 

dependencies with AI practitioners. Others saw it as an active site for cross-functional 



51 

 

collaboration. But rather than boundary objects, such tools are akin to groupware systems [47]. 

Thus, I turn to the idea of groupware systems to derive concrete design implications.  

 

Groupware is software for groups. They are systems that support people in achieving a 

common goal by providing interfaces to a shared environment [47,48,62] and have a rich history 

in the CSCW literature. Email, video/audio conferencing, digital whiteboards, calendars, 

collaborative documents are all examples of groupware and are commonplace in today’s 

workplace. Generally, they can support one or more of the following: communication, 

collaboration, and cooperation (the 3Cs) [47]. For example, email mainly supports 

communication. A collaborative document editor supports synchronous and asynchronous 

collaboration. A software project tracking software like JIRA supports coordination of different 

activities. Groupware can also be considered as a collection of modular functional components, 

providing a particular set of capabilities, tailored to the group’s needs [71].  

The groupware’s underlying design principle - providing shared access to information, is 

key to resolving some of the challenges surfaced by participants. There are examples of such AI 

specific groupware systems in the literature. ZIVA, a tool created by Park et al. [115] improves 

collaborations between domain experts and data scientists by providing a common interface and 

shared access to domain knowledge. AIMEE, a tool by Piorkowski et al. [117] enables non-

experts of AI to understand and edit an existing model through rules, improving communication 

and collaboration between data scientists and their clients. What might a groupware system 

designed to support and improve UX-AI collaborations look like? What components and 

features might be useful? I offer some design directions below based on the above findings and 

groupware literature. 

Providing ways for UX practitioners to have more visibility into the model development 

process could be a required component in such groupware. As UXPs noted, it would allow them 

to increase their AI literacy, plan for UX activities, and map implications for the user experience. 
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Viewing more contextual information from current and prior stages including what training data 

was used, what features were selected, and what factors went into selecting a particular version 

could be particularly helpful. Beyond providing visibility, the groupware system can also 

incorporate features for better coordination of UX and AI activities. For example, notifications 

can be sent when the model passes certain evaluation criteria for UXP to start tinkering and 

prototyping with it. Thus, the set of features can focus on i) providing visibility and awareness 

and ii) coordinating UX and AI development activities.  

Another component of the groupware can focus on collaborative analysis and evaluation 

of the model. As many of the UXP highlighted the challenges of reconciling user-centric 

outcomes with model-centric metrics, this set of features can help bridge the divide between i) 

qualitative and quantitative approaches and ii) model-centrics vs user-centric results. 

Specifically, it should make it easier for UXP to verify qualitative findings at scale and correlate 

with model metrics, and for the AI practitioner to understand users’ mental models and 

behaviors with respect to the AI model.  

Prior literature helps us learn when and why such groupware systems might fail [61,62]. 

I draw from these lessons to note additional considerations for building groupware for UX-AI 

collaborations. For example, user interfaces and actions that can be taken within that interface 

should be tailored to the needs of each practitioner’s role. A particular groupware can offer 

certain features for AI practitioners themselves, but these may or may not be useful for Product 

Managers and UX practitioners. If they are, they need to be sufficiently personalized to meet 

their specific information needs. The action and operations they can undertake should also 

match their needs and expectations.  

While groupware helps support collaboration, it should not hinder individual and single-

user workflows. A good example of this principle is the online document editor. It allows people 

to collaboratively author, edit, review a document but does not hinder individual use either. In 

this case, UXP should still be able to conduct user-centered model evaluations or prototypes 
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with real inputs and outputs without having to trigger collaborative workflows. Another well 

noted reason why such systems fail is the “disparity between who does the work and who gets 

the benefit” [61]. Building an AI model specific groupware system or adapting existing systems 

requires significant effort. If the onus falls on AI practitioners to develop and maintain such 

systems, they should get proportionate benefits. Automating certain features in the groupware 

can reduce the work and effort involved. For example, could we automate the process of creating 

basic model documentation as well as the process of tailoring it to different practitioner groups? 

How might systems like Gradio (a Python library allowing creation of front-end/UI components 

for AI/ML models) be used to reduce the work involved in sharing the models with UXP and 

getting concrete feedback? Finally, when what the groupware system offers is not aligned with 

different practitioner groups’ expectations, they tend to fail [61].  

While I argue that groupware can provide a more dynamic and interactive approach to 

UX-AI collaborations compared to boundary objects, I also note that they can resolve technical 

challenges to collaborations rather than address social challenges directly. That is, groupware 

might be less helpful if the organization does not incentivize collaborations in the first place 

[62]. 

 

3.5 Conclusion 

One limitation of this work is that it highlights various collaborative challenges, but only 

from the perspective of UX practitioners. Interviewing AI practitioners or conducting case 

studies of what cross-functional challenges arise in the end-to-end process of AI application 

development can provide a more holistic understanding. Participants in our study worked under 

different team structures which provided diverse perspectives, but there could be others not 

accounted for in our study. For example, none of the participants reported enmeshed team 

structures or working more closely with AI practitioners. Another important limitation of this 
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work is that it generalizes across different roles UX practitioners take on (such as design, 

research, content) as well as across different complexities of AI systems. Yang et al. [148] 

classify AI’s design complexity into 4 levels: probabilistic systems, adaptive systems, evolving 

probabilistic systems, and evolving adaptive systems. Different participants worked on different 

levels of complexity, with the majority of them working on evolving probabilistic or adaptive 

systems. However, I did not account for more specific challenges that can arise from working 

with different input or output modalities (example: text vs voice) and different AI capabilities 

(predict vs classification vs generation).  

Despite these limitations, this study highlights common challenges UX designers and 

researchers face when designing with AI, particularly with respect to model comprehension, 

design translation of AI capabilities, prototyping with AI, evaluating human-AI interactions, and 

collaboration with AI practitioners. Based on the findings, I propose going beyond boundary 

objects to design groupware-based model sandbox tools that can better enable cross-functional 

teams and UX practitioners to design human-centered AI experiences. 
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Chapter 4: Mapping the Design Space of Tools that 

Support Interdisciplinary AI Application 

Development 

4.1 Introduction 

In the previous chapter, I propose leveraging a groupware approach to create tools that can 

support interdisciplinary collaborations between UX practitioners and AI practitioners. Given 

that groupware systems host key features to support communication, collaboration, and 

coordination, I argue that they might be more effective in supporting HCI-AI collaborations 

than boundary objects. But do such groupware systems exist at all? If so, how do they support AI 

application development and associated collaborations? If not, what other kinds of software 

tools support interdisciplinary AI development efforts? To answer such questions, we must be 

able to analyze the specialized tools used for AI application development. Thus, this chapter 

focuses on a design space analysis of tools supporting collaborations in AI application 

development. 

 Just as a particular design can constrain or enable individual user actions, it can also do 

so for collaborative actions [55]. Different tools can support different types of collaborations. 

Johansen categorizes collaborative tools based on two dimensions - time and space, resulting in 

four categories of collaborative tools [77]. These support collaborations at i) same time/same 

space, ii) same time/different space, iii) different time/same space, and iv) different 

time/different space. Thus, they can support collocated or remote and synchronous or 

asynchronous collaborations.  
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When analyzing collaborative work and systems, the time and space dimensions have 

been prevalent in CSCW research. However, my research focuses specifically on the domain of 

work: developing human-centered and responsible AI systems. While the above dimensions 

(time, place) are factors in HCI-AI collaborations, the focus is on providing visibility and 

awareness, translations between two disciplinary groups, establishing processes for 

collaborations, and synergizing efforts (Chapter 3). This focus better relates to a dimension in 

Lee and Paine’s [89] updated Model of Coordinated Action - number of communities of practice. 

This dimension can be understood as the number of disciplines involved in achieving 

coordinated action. Collaborations between practitioners of different disciplines can create 

discord as there can be differences in vocabulary, artifacts used, and norms and practices 

followed [89], thus making this an important dimension to consider in a model of coordinated 

action in addition to the usual suspects (time, place). The question of how practitioner tools 

might be better designed and developed to support interdisciplinary collaborations hence 

becomes a relevant and interesting question to explore. Rather than a narrow focus on HCI-AI 

collaborations, which will reduce the number of samples that can be analyzed, I focus more 

broadly on interdisciplinary collaborations in AI application development.  

Following the results of Study 1 (Chapter 3), one objective of this research is to analyze to 

what extent tools adopt groupware design principles or not. To do so, I inductively analyze the 

design space of a set of 18 tools that are built to support individual and collaborative practices of 

AI application development and have corresponding research publications in HCI-related 

venues. From this analysis, I derive a design space consisting of seven key design dimensions 

(Intended Users, Axis of AI work, Tool Architecture, Semantics of Use, Artifact Type, Artifact 

Availability, Collaboration Goals) and four design spirits of collaboration (Groupware spirit, 

Core practice & Communication spirit, Community of Practice spirit, and the Visibility & 

Bridging spirit). 
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Another objective of this research is to complement empirical studies that surface 

challenges, strategies, and needs of practitioners working on AI applications as part of AI, 

engineering, design or product functions [4,37,66,70,107,108,135], including my first 

investigation. Such studies also provide implications for designing new artifacts that can 

alleviate practitioners’ challenges, among other implications. But we do not know i) whether 

these findings inform the design of new tools, ii) what problems are being solved when 

designing these new tools, and iii) what implications they carry for interdisciplinary 

collaboration. Thus, this design space analysis is a step towards complementing these prior 

studies and taking stock of what types of tools have been introduced so far. The goal is to go 

beyond a categorization of discipline-based or problem-based tools. 

I will first describe what a design space and design space analysis (4.2) constitute, and 

the specific methods used to collect and analyze the set of 18 tools (4.3). Next, I describe the 

design space derived from inductive analysis (4.4 and 4.5), followed by reflections on the design 

space (4.6) and implications of this design space (4.7). 

4.2 Design Space Analysis 

A design space represents a set of possibilities [129]. Since the design endeavor involves several 

decisions and tradeoffs, a design space helps organize and capture them [45,64]. Key properties 

that can be considered and modified are represented as dimensions, and each dimension is 

associated with several alternatives, among which one can be chosen. MacLean et al. [99] came 

up with a Q-O-C representation where Questions (Q) raise important design challenges, Options 

(O) present potential solutions, and Criteria (C) lists ways to evaluate different options. Their 

goal was to capture different design decisions in the Q-O-C format as they were designing 

artifacts (a scroll bar). But the design space also helps with a retrospective understanding of why 

things were designed a certain way. In fact, design spaces provide descriptive, evaluative, and 

generative power [10]. A design space can describe a range of systems by representing the key 



58 

 

dimensions that differentiate them. It can also help evaluate and assess multiple alternatives for 

the same design dimension. Finally, it can support creation of new designs through exploration 

of new alternatives for the design dimensions. 

 A design space can be visualized using a Cartesian representation [129]. Different 

dimensions would correspond to different axes. Options for a specific dimension will occupy 

different points in that axis. Different artifacts would thus occupy distinct points in this n-

dimensional space. Such a representation bodes well with Simon’s notion of finding a design 

solution for a particular problem and for parametric design [130]. But design spaces can also be 

more conceptual and metaphorical in nature, as represented by design workbooks and 

annotated portfolios [54,54]. Johansen’s 2*2 time-space matrix that categorizes groupware 

systems serves as a classic example of a design space in the CSCW literature. More recently, 

Zhang et al. [156] put forward a Form-From model, characterizing the design space of social 

media systems, with respect to the form and source of its content. But this 2-dimensional design 

space can be expanded to consider a total of 62 dimensions. Lee et al. [92] contributed a design 

space of intelligent, interactive writing assistants that is represented by 5 aspects, 4-10 

dimensions within each aspect, and several options within each dimension. The focus of 

constructing a design space can thus be varied but will dictate the selection and number of 

design dimensions to be analyzed. 

In this chapter, I present a design space of how practitioner tools support 

interdisciplinary collaborations that contribute to various aspects of AI application 

development. It consists of 7 key dimensions: 

● Intended Users 

● Tool Architecture 

● Axis of AI work  

● Semantics of Use  

● Artifact type 



59 

 

● Artifact Availability  

● Collaboration function/goals 

In addition to these design dimensions, I also present four design spirits a tool can embody to 

support interdisciplinary collaborations. 

4.3 Related Work 

 Considering a broad definition of a design space, there are several prior works that have 

presented a design space related to AI systems or applications. Morris et al. discuss two design 

spaces at the intersection of HCI and generative AI (genAI) models [105].One focuses on how 

HCI can help interface with genAI, and thus focuses on the dimensions of input and output. 

Each of these have sub-dimensions, with several possible options for each sub-dimension. The 

second design space focuses on how genAI, as a tool, can support HCI research and practice. 

Dimensions cover different aspects such as the goal of using genAI, the role genAI plays, the 

extent to which it retains context, how genAI features in the design lifecycle, media types, and 

fidelity levels, with corresponding options for each dimension. Such design spaces capture 

current efforts in these areas, but they also help spur new creations and investigations. 

Others have presented a similar set of design possibilities and feature summaries, as part 

of their research contributions, even though they did not explicitly label it as a design space. For 

example, apart from interviewing and surveying AI practitioners to evaluate fairness toolkits, 

Lee and Singh [91] conducted a comparative assessment of 6 fairness toolkits, reviewing 

features such as tool setup, licensing, classes of models covered, group and individual fairness 

metrics supported, and techniques for bias mitigation. They also uncovered areas where these 

tools fall short of meeting practitioner needs for developing real-world fair AI systems. Cabrera 

et al. [20] present one of the tools included in this design space analysis. But they also present 

an analysis of how various AI development tools support different stages of the AI model 

sensemaking process.  
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Going beyond tool’s features that support usability, Wong et al. [145] how tools envision 

and represent the work of ensuring ethical AI systems. They looked at various aspects of the tool 

including its source, intended users of the tool, how its motivations and use cases were framed, 

guidelines it drew on, and its form factor. Through analyzing 27 AI ethics toolkits, they found 

that most of these toolkits i) focused more on technical aspects rather than the social aspects of 

doing AI ethics work, ii) failed to provide features that can actually engage interdisciplinary 

groups and non-AI experts, and iii) emphasized solutionism over restructuring processes, value 

systems, or business models that incentivize shipping models that can be potentially harmful. 

My design space analysis is somewhat similar as it identifies how current practitioner tools 

imagine interdisciplinary collaborative work to be enacted and encode these assumptions into 

the tool features. However, rather than a pure discourse analysis, I also analyze structural 

features of the tool.  

Other examples of design spaces focus on end-user applications of AI rather than tools 

that support practitioners. These include a design space of how humans and AI can interact in 

text generation tasks [24] and a design space of AI-assisted tools for conducting academic 

research [150]. Design is also a broad term, and the outcomes of the design activity can be new 

physical products, digital tools, services, processes or methods. If we go beyond technological 

tools, Lai et al. [85] present a design space of different study designs that aim to understand and 

evaluate human-AI decision making. They organize and describe the design space of empirical 

studies in human-AI decision making using three key dimensions - decision tasks, elements of 

AI assistance provided, and evaluation metrics. Dow et al. [46] put forward a design space that 

captures important choices in designing evaluations of generative AI models. These include 

evaluation setting, type of task that is being evaluated, source of model input, mode of 

interaction with the model, duration of evaluation, metric used, and scoring methods. Though 

these design spaces do not focus on a tangible artifact, the purpose is similar - to understand 
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different aspects of what we are designing for, support explorations and alternative choices, and 

build a more systematic understanding. 

4.4 Methods 

To conduct a design space analysis, I first had to curate a set of relevant tools. I adopted a 

criterion-based purposive sampling approach [114], thus identifying instances that are 

information rich. Specifically, the tool has to support AI model/application development and 

support collaboration as well. While this could include a range of open-source or proprietary 

tools, I focused on tools that were published as a technical research contribution, and thus had 

accompanying research publications. This research publication explained use cases related to 

communication or collaboration and detailed the tool’s functionality, providing necessary 

information for constructing a design space.  

I first searched broadly on the ACM Digital Library for publications that had relevant 

keywords in the title and/or abstract (AI, ML, artificial intelligence, machine learning, data 

science, work, organization, model, practice, design, engineer, collaboration, communication, 

challenge). Out of a total of 1018 results, I selected a subset of 67 articles. But 58 of these were 

purely empirical work while 9 presented technical contributions. By cross checking for common 

references (papers that this paper cites are also cited by), I identified 9 additional research 

articles. The set of 58 articles further informed my understanding of broader challenges 

associated with working in AI and with interdisciplinary collaborations, not just UX-AI 

collaborations. All 18 tools in the final sample are associated with a research publication, 

present a tool as its main contribution, propose tools meant for practitioners working with AI, 

and situate the tool in an organizational context. This set is listed in Table 4.1. 
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Tool Citation Tool Citation 

T1- ZIVA [115] T10 - Gradio [1] 

T2 - ModelLens [168] T11 - Angler [122] 

T3 - Symphony [9] T12 - Deblinder [18] 

T4- Zeno [19] T13 -Interactive Model Cards 

(IMC) 

[30] 

T5 - ProtoAI [137] T14 - Canvil [50] 

T6 - AIMEE [117] T15 - ChainForge [8] 

T7 - AIFinnity [20] T16 - AI Playbook [69] 

T8 - DocuML [12] T17 - Marcelle [52] 

T9 - fAIlureNotes [104] T18 - PromptInfuser [116] 

Table 4.1 List of Tools Examined for Design Space Analysis 

4.4.1 Data Analysis 

 I subscribe to the notion that artifacts embody specific claims about users’ tasks, contexts of 

use, and user behaviors [23] for my analysis of the practitioner tools. Specifically, I analyze 

design decisions made to solve a particular need and the ways in which these decisions also 

support or hinder collaboration. If the tool is making claims about individual and collaborative 

practices that constitute designing AI applications, what are they? Since all tools have an 

associated research publication, I was able to also analyze i) the formative research and 

objectives that informed the design of the tool, ii) descriptions of the tool and its 



63 

 

implementation, iii) scenarios of use, and iv) findings from evaluating the tool with 

practitioners.   

 I followed an inductive, iterative approach to the analysis. In the first round of analysis, I 

uncovered as many factors and potential design dimensions as possible. Examples include 

primary, secondary users and tertiary users, the kinds of AI models the tool focuses on, input 

and output modalities of the AI model, specific stages of the model pipeline or development 

lifecycle that the tool supported, features that supported collaboration, and artifacts that could 

be created, modified, or exported from the tool.  

 In the second round of analysis, I would iteratively try to select design dimensions. This 

involves reading and analyzing the design of the tools, coming up with an initial list of design 

dimensions, noting down what points each tool occupied in the design space based on these 

design dimensions, and revisiting the tool designs to see if any important and differentiating 

features were still not captured by the design space. This iterative process allowed me to arrive 

at the key set of 7 design dimensions. The fit of the design space to the set of tools was verified 

by ensuring that aspects of the tool that were important for communication or collaboration 

were captured in the design space.  

As part of this design space, I also present four spirits of the tool in supporting 

collaboration. These can be thought of as higher-level categories that represent distinct 

combinations of options for the design dimensions. These spirits were uncovered when 

conducting deeper analyses of tool similarities and differences. For example, how were two tools 

that catered to the same type of practitioner similar or different? If two tools had similar goals 

for collaboration, did they leverage the same kind of technical features? Through such compare 

and contrast processes, I arrived at four archetypes or spirit of the tool in supporting 

collaboration. The term was adopted from DeSanctis and Poole [38] and I provide more 

contextual details for adopting this specific term in Section 4.5.2.  
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4.5 The Design Space 

First, I will describe each of the 7 key design dimensions. Then, I will describe the four 

collaboration spirits and justify them using examples, tool descriptions, and the design 

dimensions.  

4.5.1 Design Dimensions 

a. User(s): This dimension captures who the intended users of the tool are. Across the 

tools analyzed, the intended users varied. They were often different practitioner groups 

involved in the design and development of AI applications. The options included AI 

Developers, Data Scientists, Domain Experts, UX practitioners, Research Scientists, 

Product Managers. In a few cases, two different types of practitioners were the intended 

users. For example, ZIVA (TI) was intended for use by both domain experts and data 

scientists. 

 

b. Tool Architecture: This dimension captures information about the tool’s 

implementation and architecture. The tools were either web applications, plugins, or 

programming libraries, but all of them supported a front-end component. At the core, 

the tools either extended an existing application’s functionality (e.g., PromptInfuser 

(T18) - a Figma plugin) or was built as a standalone application (e.g., ZIVA (T1)). When 

supporting more tightly coupled collaborations, it would make sense to move away from 

tools that are bespoke to a particular practitioner group and create a new one. This 

approach would also allow for more flexibility in supporting desired features. On the 

other hand, in cases of loosely coupled collaborations or to add on AI-specific task 

functionality, extending the tool that is predominantly used in a practitioner’s workflow 

through plugins or new libraries might be a preferable approach. Thus, this dimension 
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can help understand collaboration-related goals or constraints that inform the tool’s 

architecture. 

 

c. Axis of AI work: This dimension captures the specific domain of AI-related work 

practices within the broader cross-functional practice. The options or axes can be: Model 

development, Model application, and Responsible AI. As the name suggests, the first axis 

refers to work done to develop the AI model and its capabilities. It includes tasks such as 

data collection, feature engineering, model training or fine-tuning, prompt designing, 

model evaluations, behavioral analyses, error analyses, model re-learning, and so on. 

Thus, the Axis of AI work can have a sub-dimension (Task), though it can be quite open-

ended. AI practitioners would lead these tasks, but they could also collaborate with 

domain experts or clients to establish model requirements.  

The Model application axis refers to work done to leverage the model capabilities 

towards a particular use case. This is where software engineers, product managers, and 

UX practitioners would come into play. These practitioners also need to collaborate with 

AI practitioners to incorporate the model into a service or a product. The final axis, 

Responsible AI (RAI), refers to work done by practitioners to ensure that the ultimate 

artifact - the AI system, follows principles of accountability, fairness, and transparency. 

Though one could argue that RAI efforts should be conjoined with the development axis, 

I refrain from doing so for two reasons. Firstly, RAI efforts are multifaceted in nature 

and often involve varied stakeholders [39]. Secondly, tools to support core model 

development and tools that support RAI can be quite different in design. Having a 

distinct axis helps capture differences in tool design and ways in which they seek to 

support interdisciplinary collaborations.  
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d. Semantics of Use: This dimension captures whether the tool supports single-user 

semantics, collaboration semantics, or both. With single-user semantics, the practitioner 

can only see the results of their actions within the tool. With collaboration semantics, the 

practitioner can also see results of other practitioners’ actions within the tool. A Notepad 

follows single-user semantics, but a Google Doc follows collaboration semantics. Thus, 

this dimension, adapted from the design space of collaboration architectures [40], 

directly carries implications for collaborative work. For example, why and when should a 

tool support single-user vs collaboration semantics? If a tool has single-user semantics, 

does it support collaborations in other ways? From the set of 18 tools analyzed, 4 of them 

leveraged collaboration semantics (T1, T2, T10, T14).  

 

e. Artifact Type and Artifact Availability: This dimension captures i) the type of 

artifacts generated within the tool and ii) how the artifact is made available beyond the 

tool, if at all. The options vary for artifact type, and it is an open-ended category. Some of 

the artifacts supported by the tools analyzed were model documentation, data 

documentation, user interface designs, data slices, error reports, visualizations, and 

model metrics. Some artifacts were static and some interactive. Some tools had features 

to export even the interactive artifacts in a static format to share with collaborators and 

stakeholders. Also, some tools were designed with a sole purpose of creating specific 

artifacts and making it available to collaborators.  

Artifacts can support coordination of different activities and articulation work, 

translate information across boundaries, negotiate these boundaries, and sensemaking 

in hand-offs and asynchronous collaborations [88,125,128,132].This dimension helps 

analyze the ways in which these artifacts are created, shared, and distributed to different 

interdisciplinary practitioners. 
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f. Collaboration goals: This dimension captures the kind of collaborative activity that 

tool designers intended to support. This was also an open-ended dimension and the 

options included: knowledge sharing, knowledge alignment, co-creation, coordination 

mechanism, artifact hand-offs, and so on. At a higher level, the tool can support 

communication, coordination of different activities, and synchronous or asynchronous 

collaboration. When analyzing different design decisions, it is also helpful to map them 

to intended collaboration outcomes. That is, what was the designer’s goal for creating 

this tool in a particular way? When creating new tools, this dimension can also help 

uncover implicit assumptions of how collaborations are enacted, who is involved in the 

collaborations, and what challenges are being addressed.  

 

 

Figure 4.1: The proposed design space and its dimensions. Users & Axis of AI work intended use of the tool, while 

collaboration goals capture designer’s intent for supporting collaborations. The other dimensions capture structural 

aspects of the tool. 

   

4.5.2 Spirit of the Tool in Supporting Collaboration 

Taking stock of the design dimensions, we can see that the design space captures intended use of 

the tool through dimensions such as Users, Axis of AI work, and Collaboration goal. It also 

captures structural aspects of the tool through dimensions such as Semantics of Use, Tool 
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Architecture, Artifact Type, and Artifact Availability. But what do these dimensions mean for 

designing or evaluating how tools support interdisciplinary collaborations in AI development? 

For example, could two tools support a similar collaborative effort but through different 

structural features? Why and when did tools targeting the same type of practitioner implement 

different collaborative features? Such questions required deeper analyses of the tools selected by 

comparing the structural features of the tool with what the designer intended the tool to do. 

While going beyond structural analysis of the tool and its features to map them to intended 

design objectives and scenarios of use, DeSanctis and Poole’s idea of the spirit of a technology 

was useful for framing the analysis [38]. 

 DeSanctis and Poole [38] proposed the Adaptive Structuration Theory (AST) which 

considers both the structures present in information technologies and structures that emerge as 

part of group interaction with that technology. Importantly, they looked at both the structural 

features and its spirit. They defined the spirit of a technology by the goal and values that 

underlie it. Let’s consider an example using group decision support systems (GDSS), which were 

also their objects of study [38]. Different GDS systems could have different ways of 

implementing the aggregation of final decisions or votes of a group. A system that allows the 

group to proceed to the next action after majority votes have been received versus a system that 

does not allow the next action unless a consensus has been reached requires different 

implementations. However, they also differ in their spirit of how a decision should be made by a 

group [38]. We might also observe different interactions between groups who use the majority-

based GDSS and those who use a consensus-based GDSS. DeSanctis and Poole state that “to the 

extent that information technologies vary in their spirit and structural features sets, different 

forms of social interaction are encouraged by the technology” [38]. Similarly, to the extent that 

practitioner tools vary in their spirit and structure, different forms of collaboration are 

promoted by them. 
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 I observe four main spirits in this sample of tools. Each spirit is associated with a set of 

options for the design dimensions. In fact, spirits can also be thought of as higher-level 

categories that represent distinct combinations of options for certain design dimensions.  

 

a. The Groupware Spirit 

Tools using collaborative semantics of use promote a groupware spirit of 

collaboration. Practitioners can view and act upon the results of each other’s actions. 

ZIVA (T1) and ModelLens (T2) are examples of such a tool.  

ZIVA (T1) is a tool meant to improve knowledge sharing and collaborations 

between domain experts and data scientists. In a formative qualitative study, Park et al. 

uncovered that the process of creating domain-specific NLP models (legal, sports, 

disaster) were challenged by domain experts’ limited time and availability and by a lack 

of standard workflows for capturing domain knowledge. They created a tool that allowed 

domain experts to create concepts from a set of examples, label them, and provide 

rationale for these labels. The data scientist would be able to view these changes and 

leverage them while creating domain-specific NLP models.  

ModelLens (T2) is meant for improving collaborative error analysis among data 

scientists. Analyzing and keeping track of the different errors a model makes and 

categorizing the different model errors was proving to be a challenging task as each data 

scientist had their own observations and additional effort had to be made to sync all the 

ad-hoc observations. ModelLens provided a view that collected model errors from 

different sources, enabled a drill-down view that allowed analysis of specific errors, 

maintained a custom categorization of the type and reason for model error, and allowed 

data scientists to view each other’s updates.  

ZIVA (T1) and ModelLens (T2) are different because the former enabled 

interdisciplinary collaboration (between data scientists and domain experts) and the 
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latter supported intradisciplinary collaboration (among data scientists). But they are 

similar in the way they leverage collaboration semantics of use to support tightly coupled 

collaborations. In T1, it was asynchronous and serial and in T2, it was most likely 

synchronous. The work also happens in a distinct space, i.e., not in an add-on of existing 

tools, providing flexibility in implementing collaboration semantics of use. Both T1 and 

T2 enabled information sharing, visibility, and coordination of work through groupware-

like features. However, it is important to note that in both cases the practitioners were 

already collaborating closely but did not have the right tools to support them. Thus, T1 

and T2 were designed intentionally to improve their collaborative efforts by using 

groupware features, specifically collaboration semantics of use. 

  

 

b. The Core Practice and Communication Spirit 

 

Since working with AI involved additional complexities and quirks compared to 

traditional application development, some tools targeted adaptations of core practice to 

better address them. These tools also allowed export of artifacts created for sharing with 

other practitioners. The tool often did not support communication or collaboration 

explicitly, but the artifacts created through the tool did. 8 of the 18 tools analyzed fit the 

spirit of core practice and communication, namely ProtoAI (T5), AIFinnity (T7), 

DocuML (T8), fAIlureNotes (T9), Deblinder (T12), Canvil (T14), ChainForge (T15), and 

PromptInfuser (T18). 

 

ProtoAI (T5), fAIlureNotes (T9), Canvil (T14), and PromptInfuser (T18) are tools 

intended for use by UX designers and researchers. ProtoAI and fAIlureNotes are web 

applications, while Canvil and PromptInfuser are built on top of Figma. ProtoAI 
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implements a model-informed prototyping approach where different designs are 

explored and prototypes according to different inputs and model outputs. fAIlureNotes 

(T9) supports error analyses of computer vision models from a user-centered 

perspective, by allowing UX practitioners to import user scenarios and verify whether 

the output labels match user needs in those scenarios. At a high level, both Canvil (T14) 

and PromptInfuser (T18) are built on top of Figma, allowing the designer to explore 

LLMs as a design material and tightly couple UI design with AI functionality 

respectively. 

Not only do such tools address challenges of designing with AI, they also create 

artifacts that play an important role in collaborations. Interactive prototypes, failure 

cases, explanations of AI outputs and error recovery designs, user-centered error 

analyses are all vital artifacts for cross-functional communication and collaboration. 

These artifacts demonstrate user-centered considerations to other practitioners and help 

in attaining a shared understanding between AI and UX practitioners. 

 

Similarly, AIFinnity (T7), DocuML (T8), Deblinder (T12), and ChainForge (T15) 

are tools for AI practitioners. AIFinnity is a Jupyter widget, DocuML is a JupyterLab 

extension, Deblinder is a web application, and ChainForge can either be used as a web 

app or installed locally. AIFinnity supports behavioral analyses of pre-trained text and 

image models (T7). It enables practitioners to analyze instances of different inputs and 

corresponding outputs, group them into schemas, form hypotheses of when the AI 

exhibits undesirable behaviors, and evaluate them accordingly. Deblinder (T12) has 

similar functionality but it is intended for post-deployment evaluation. By analyzing end-

user feedback and cases when the model fails for the end-user, it helps analyze to what 

extent these are systematic failures. ChainForge (T15) is a visual programming 

environment for prompt engineering, including features for iteratively refining prompts, 

https://www.zotero.org/google-docs/?qKp2hw
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comparing outputs across different prompts and LLMs, and conducting systematic 

evaluation. These tools produce data slices, visualizations, error analyses, and 

performance reports. Again, these artifacts are instrumental when communicating about 

the model and its capabilities to stakeholders, providing recommendations, discussing 

ideas, and making decisions. These artifacts are also used as inputs to other tools in the 

AI development workflow. 

DocuML (T8) is a Jupyterlab extension that opens up as a panel next to the code 

for the purposes of creating model documentation and is based on the model card [102]. 

The tool was intended to work both ways: i) create traceable and contextual model 

documentation that linked code cells to sections in the document and ii) nudge the 

practitioner to think about ethical implications as they were coding and navigating the 

different sections. The purpose of this tool is to create the model card, a transparent 

documentation supporting collaboration between upstream model builders and 

downstream developers. But it also supports an activity that is considered as integral to 

AI practice as the activity of error or behavioral analyses -  responsible and ethical 

sensitivity towards model development [16]. 

All these tools have single-user semantics (except Canvil which I discuss further 

in 4.6.1) as the core problem being solved is ‘How can a practitioner do X?’. However, all 

tools support creation of artifacts which in turn support collaborations, communications, 

handoffs, and coordination. Sometimes the artifacts are transient and short-lived (e.g., 

prototypes) and other times they can persist longer (e.g., model cards).  

 

c. The Community of Practice Spirit 

   

3 tools - Angler (T11), Interactive Model Card or IMC (T13), and the AI Playbook 

(T16) implemented single-user semantics, but they could be used by practitioners of 
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different disciplines. Angler (T11) is a visual analytics tool for analyzing errors in 

machine translation. Practitioners from AI, UX, and business functions can use the tool 

to examine the prevalence and severity of translation errors and prioritize ones that have 

a high impact on user experience. Angler is an interactive, visualization-based web 

application and does not require any code to be written for analysis, making it accessible 

and usable for both experts and non-experts of AI. The tool helps UX and product 

practitioners better understand the translation model side of things, and the AI 

practitioners better understand the user side of things, thus providing a shared, mutual 

understanding.   

IMC (T13) is an interactive tool based on the static model card used for model 

reporting [102]. It helps a practitioner carry out disaggregated evaluations (i.e., 

evaluations on sub-groups in the data) and compare the training dataset used for model 

development to real-world datasets. IMC is a no-code tool and leverages interactivity and 

visualizations to provide lightweight ways to experiment, interrogate, and attain a 

tangible understanding of the model. The tool is meant for individual sensemaking by 

varied stakeholders in an organization, irrespective of AI expertise, and aims to induce 

productive skepticism. Thus, IMC can i) support discussions and decision making across 

different stakeholders in an organization and ii) extend the role model cards play in 

record-keeping, conducting audits, and aligning the team through interactive features. 

In both cases, the tools offer ways of collective learning and practice that cuts 

across team and disciplinary boundaries. That is, a new blended community of practice 

forms as a result of using these tools [143]. Though the tool only offers single-user 

semantics of use, the tools are designed in ways that allow practitioners who are not 

technical experts of AI to gain insights. The tools also highlight human-centered and RAI 

considerations for AI practitioners by surfacing errors encountered by end-users and 
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results of disaggregated evaluations. Thus, the tools facilitate diverse perspectives to be 

involved in decision making, team alignment, and shared understanding. 

The AI Playbook (T16) is also a lightweight tool to explore and simulate possible 

error cases in NLP applications. The tool was intended to connect different disciplines on 

edge cases and model failures early in the design and development cycle, surface 

different viewpoints, build consensus, and decide on next steps. Apart from cutting 

across team boundaries and facilitating alignment, the tool also helps avoid groupthink 

by having practitioners use it individually and cross-checks for personal biases or blind 

spots. 

 

 

Figure 4.2 Representing the Overlap between Visibility & Bridging Spirit and other spirits.  

 

d. The Visibility & Bridging Spirit 

Some of the tools were libraries that aimed to make the model visible and 

accessible to various collaborators. These packages helped bridge gaps between AI 
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practitioners and their collaborators or clients, and supported interoperability, 

extensibility, and reuse as well. 

Consider Symphony (T3), a framework for creating task-specific components that 

are accessible through web dashboards and computational notebooks. It supports 

reusable components for tasks such as analyzing data duplicates, data outliers, confusion 

matrices, fairness metrics across subgroups and so on. The goal was to create “shareable 

ML interfaces” and changes can be synced across the computational notebook and web 

interfaces. By providing this option, Symphony takes the data and model analysis to 

“where practitioners work” [9], fostering collaboration and a shared understanding. 

Similarly, Zeno (T4) is also a framework consisting of both a Python API and a web 

interface for conducting behavioral analyses of the model. A practitioner can test and 

analyze individual instances of model inputs and outputs, recognize common patterns of 

undesirable behaviors, and test how systematic these behaviors are. It is quite similar in 

functionality to AIFinnity (T7, a core practice and communication tool), which is a 

Jupyter widget. But Zeno, like Symphony, is available in both notebooks and as a web 

application. Practitioners will have to implement the building blocks through code first 

before the outputs can populate the web application and be made available for other 

stakeholders. The artifacts made available through Symphony and Zeno are interactive 

and available through multiple surfaces. In fact, the web applications can function as 

distinct tools, of a community practice spirit, within an organization (Figure 4.2). 

Gradio (T10) is a Python package that makes it easier to share models and demo 

them with clients, domain experts, and designers. Instead of passing data back and forth, 

collaborators can easily interact with the model, test different inputs, and flag errors, and 

all these interactions are available to the AI practitioner for iterating and refining the 

model. This way, it is not truly collaborative, but the specific AI/ML practitioner can 

collaborate with different stakeholders better (1: many). Like Gradio, Marcelle (T17) also 
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enables AI practitioners to share models over the web. One of the components available 

as part of Marcelle is the shareable, interactive ML application that maintains a common 

data store to synchronize between the practitioner and the domain-expert. Again, the 

artifacts created by Gradio and Marcelle are ‘tools’ themselves. The practitioners can see 

the changes made by the stakeholders who are using the web-based AI/ML tool. 

However, I do not categorize these tools under a groupware spirit for the following 

reasons.  

First, some interactive tools created by this set of packages have single-user 

semantics (e.g., Symphony, Zeno), while others afford collaboration semantics of use 

(e.g., Gradio, Marcelle). More importantly, these tools are a result of AI practitioners’ 

effort to install the right packages, write code, and set it up. Since models are typically 

available in computational notebook environments, these packages aim to share it and 

make it visible for other practitioners through web interfaces. Hence, these tools can be 

viewed as building bridges from AI practitioners to other groups. But instead of unifying 

the work environment, it provides different surfaces for practitioners to engage with. I 

classify it as Visibility and Bridging spirit to capture such differences. The question of 

whether resulting tools of this spirit vs that of Community of Practice spirit or 

Groupware spirit play out differently in use contexts is an open question, beyond the 

scope of this study. However, I revisit the idea in 4.6.2, when I discuss why spirits can be 

underspecified concept to describe actual tool use. 

 

Figure 4.3 describes how tools belonging to different spirits take on different values for the 

design dimensions.  For example, tools can used by one specific group of practitioners (visibility 

and bridging or core practice spirit) or multiple practitioner groups (groupware or community of 

practice spirit). Variations in whether they extend an existing tool or are built as a standalone 

application (row: Tool Architecture, Figure 4.3) and in whether they allow for single-user or 
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collaboration semantics of use (row: Semantics of Use, Figure 4.3) further give rise to the 

different spirits discussed above. Figure 4.3 illustrates how the different design dimensions 

relate to the design spirits by listing the specific values tools of each spirit take.    

 

 

Figure 4.3: This image shows what values do tools of different spirits take for the design dimensions described above.  

 

During the description of different spirits, we can see that despite having overlap in 

functionality and targeting similar problems to be solved, different tools encourage different 

forms of collaboration. Both AIFinnity and Zeno enable behavioral analyses of models, but differ 

in terms of the artifact type, artifact availability, and spirits as well. Both Angler and Deblinder 

support user-centered model evaluations post deployment, but Angler promotes a community of 

practice spirit and Deblinder promotes the core practice & communication spirit. Such 
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differences manifest as a result of the tool designer’s objectives, who the expected users are, and 

what axes of AI work it touches upon. Below, I discuss two aspects of the design space that help 

characterize the nature of the design space better.  

4.6 Reflections on The Design Space 

4.6.1 Embodying Multiple Spirits 

Tools can belong to more than a spirit depending on the collaboration context. Let us consider 

the examples of Canvil (T14) and PromptInfuser (T18). Both tools are similar in that they allow 

for designerly exploration of LLM capabilities within the Figma tool. There are other important 

differences between the two tools in how they combine AI and UI prototyping processes. 

 The key difference I focus on here is that Canvil is available as a Figma widget, while 

PromptInfuser is available as a Figma plugin. Figma widgets support collaborative tasks (e.g., 

voting), but plugins are meant for individual workflows. They are basically different options 

corresponding to the design dimension semantics of use.  

 While I categorize them as tools that promote a Core Practice and Communication 

spirit, this classification was based on an organization-wide context. Since Canvil (T14) is a 

Figma widget, it can support synchronous collaborations among UX and product practitioners 

(UX/Content Designers, UX Researchers, Product Managers, and so on) but PromptInfuser 

(T18) cannot. If we consider UX collaborations, Canvil promotes a groupware spirit. The goal 

here is not to prescribe Canvil over PromptInfuser, but point out that the spirit a tool promotes 

can actually vary based on the context. In this example, it happens to be a function of one of the 

design dimensions - Intended Users. Within the larger context of supporting interdisciplinary 

collaborations in AI design and development, both tools still invoke a Core Practice and 

Communication spirit. 
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 Other tools like Zeno and AIFinnity also highlighted the idea of reusing data slices, 

schemas, and hypotheses by sharing artifacts with teammates. The tools can promote a certain 

spirit of collaboration organization-wide, but the implications of the tool for collaborating and 

distributing work among practitioners within the same discipline can be different. 

4.6.2 Design Spirits vs Use Contexts 

It is important to note that the spirits capture the designers’ goals and assumptions about how 

the tool can support collaborations. These can be derived from explicit rationale, design goals, 

descriptive use cases as well through the tool’s features. The spirits describe how a tool presents 

itself but may or may not account for how the tool is adopted and used by practitioners. The 

tools can be interpreted and used in ways that are not conceived by the designer [43,109,110]. 

Consider the tool AIMEE (T6), which was not discussed as part of 4.5.2. AIMEE stands 

for “AI Model Explorer and Editor” and is a standalone tool (T6). It uses decision rules as a way 

to update and retrain the model by simply editing the rules. These rules are also used to explore 

and better interpret the model’s decision-making process, especially after retraining it. The tool 

allowed AI practitioners to export new data, model changes, and the rule set as PDF files for the 

purposes of sharing information, gathering feedback, traceability, and record-keeping. Such 

features were added after initial rounds of usability testing to better support communication of 

model capabilities.  

While the authors intended AIMEE to bridge knowledge gaps between AI practitioners 

and clients, the AI practitioners saw the tool as an opportunity to collaborate more closely with 

clients. Since AIMEE leverages decision rules, which in turn afforded a no-code approach to 

understanding and editing the model behavior directly, there was an opportunity for clients to 

co-create models with AI practitioners, provide feedback early on, and iterate much faster. For 

AI-related work practices, artifacts such as decision rules or other Explainable AI mechanisms 

can be as instrumental as structural features (e.g., collaboration semantics of use) in supporting 
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collaborations. The design dimensions Artifact Type and Artifact Availability can help tool 

designers consider the utility of an artifact for various practitioner groups and which artifacts 

can support collaborations. 

4.7 Discussion - Implications for CSCW Research and Theory  
 
In this section, I discuss implications of the design space for both design and theory at the 

intersection of HCI, CSCW, and AI. 

 

I believe this design space is also useful in theorizing how technology is designed and used in AI 

organizations.  

I use Orlikowski’s structurational model of technology [109] to illustrate how. Prior studies 

presented technology as a neutral and external intervention that could effect change in 

organizations in expected ways. These ideas were then updated to recognize the human factor 

involved, how it affects technology-based outcomes and the subjectivity involved. Orlikowski 

[109], however, argues that both perspectives are valuable and outlines four possible influences 

between organizations, humans, and technology: 

1. Technology as an outcome of human action 

2. Technology as a means of human action 

3. Organizational context shaping human action with technology  

4. Human actions shaping up organization structures through technology  

 

The design space presented here helps analyze these influences. The design space demonstrates 

how tool designers encode their notions of how collaborations will occur and how they are best 

supported into the design of the tool (1). But these notions, intentions, and assumptions are 

influenced by existing organizational contexts. To provide an example from this design space, let 

us consider Angler and Deblinder as two tools from different organizations. They solve similar 
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problems of post deployment, user-centered model evaluation. But Deblinder falls under the 

Core Practice and Communication spirit, and Angler under the Community of Practice spirit. 

There are no right or wrong ways to build these tools. But these differences can be tied back to 

the organizational culture, structures, and norms which can influence the tool designers (3).  

 It is also important to understand how these tools support and mediate practitioners’ 

actions (2) and whether the use of these tools, over time, influences organizational structures 

(4). As highlighted above, design spirits may fall short in capturing how the tools are used, 

appropriated, or even abandoned. Thus, more in-situ and longitudinal research is required to 

study how practitioners adopt and use these tools. Such research can also help analyze other 

influences in Orlikowski’s model, show the ‘other side’ of design spaces, and determine to what 

extent tools help practitioners shift organizational contexts and/or collaborative practices.  

 

The descriptive power of design spaces is also useful in CSCW research for tracing how 

tools change over time. In recent years, AI has undergone a paradigm shift with the arrival of 

generative models, and this change is also visible in the tools.  

Tools span various tasks and needs such as making use of domain knowledge (T1), 

conducting behavioral analyses (T4, T7), and tackling tasks like prompt engineering (T15). If we 

place the tools in a chronological order, we can see that the tools also get updated to reflect 

newer practices and methods as the nature and capabilities of AI evolves. For example, 

ChainForge (T15) implements what authors believe are the three important modes for prompt 

engineering: opportunistic exploration, evaluation, and iterative refinement. Tools also get 

updated to promote ethical sensitivity and reflexive practices, transparent model 

documentation, and compliance with responsible AI guidelines (T8). Similarly, design tools are 

also developed to better support proposed approaches such as ‘model-informed prototyping’ 

(T5), ‘designerly adaptation’ (T14), ‘coupling UI and prompt design’ (T18).  

https://www.zotero.org/google-docs/?jmCc98
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In prior work, we see that there are multiple approaches to building models and the 

products that incorporate them [144], including model-first, product-first, or parallel 

approaches. Most of these cases deal with a bespoke model, trained and developed for a 

particular use case. But the rise of pre-trained and large language models has led to a 

homogenous model catering to a wide range of tasks that have to be carefully fine-tuned or 

adapted to specific, downstream use cases. Consequently, there are higher risks of widening the 

socio-technical gap [96], despite improved model capabilities. Tools like fAIlureNotes (T9) help 

address these issues as they enable UX practitioners to investigate errors and mismatches with 

expected user outputs in multi-modal and generative AI-based scenarios. In part because of the 

availability of improved AI capabilities out of the box, and in part because of this set of tools, 

practitioners without technical AI expertise can influence how these models get adapted than 

wait to work with a bespoke version, in the downstream workflow, by which point design 

decisions might have already been made. These tools thus help practitioners by being tailored to 

the tasks they carry out rather than work with native interfaces for foundation models.  

4.8 Discussion - Implications for UX Practitioners and AI-UX 

Collaborations 

 
In Chapter 3, I noted several challenges UX practitioners face in terms of translating AI 

capabilities to design, prototyping AI-infused concepts, evaluating AI from a user-centered 

perspective, and collaborating with AI practitioners. Based on these challenges, I propose a 

groupware-based approach for designing collaborative tools. But what implications does this 

design space carry considering the results of the previous study? The design space analysis 

uncovered interesting design dimensions and spirits to consider. Tools under the Core Practice 

and Communication provided functionality to design with real model capabilities and create 
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functional prototypes. For example, ProtoAI, Canvil, and PromptInfuser are tools that help 

designers prototype with AI/LLMs and have a better grasp of its capabilities. fAIlureNotes is a 

tool that enables UX practitioners to evaluate vision models from a user-centered lens. 

fAIlureNotes (T9) supported user-centered evaluations of image models.  

Tools under the Community of Practice also provided ways to establish a shared and 

mutual understanding with AI practitioners. However, the Groupware spirit of collaboration 

did not include tools for HCI-AI collaborations. None of the tools were truly interdisciplinary in 

nature either, which prior work has also called for (Section 2). A key takeaway is that many of 

the tools described here can solve a core set of challenges for UX practitioners but not the 

collaborative challenges. Also, none of the tools analyzed fit the description of a model sandbox, 

as described by UX practitioners in the prior study. Thus, we can view the tools in terms of the 

problem it solves for practitioners and in terms of the collaborative features it offers. In some 

tools the former takes a precedence over the latter, however, designers of tools in the groupware 

spirit focused on tackling both from the start [115,168].  

 

To deliberate further on how the different design spirits might compare and how 

effective they are in solving collaboration challenges, I leverage a Cartesian representation. This 

is a common format for visualizing design spaces, where the design dimensions are usually the 

axes. But I use two aspects of AI work – Model application and Model development has axes 

here. I do this so that I can is reduce the dimensionality of the design space to a 2d 

representation and examine how the spirits fit here. Thus, Model application and Model 

development form the x- and y- axes, as shown in Figure 4.4, and we consider UX and AI 

practitioners as respective representatives of these axes. The pink and blue points thus represent 

tools that are effective in solving core discipline-specific challenges for either practitioner.  
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Figure 4.4: Cartesian representation of two axes of AI work. The blue and pink points represent tools that are 

highly relevant to the respective axis of AI work (Model development or Model application). 

 

Tools that fall under the Community of Practice spirit could occupy the lower left 

quadrant (Figure 4.4). This position is based on Moore et al. 's [104] comparison of a 

fAIlureNotes (Core Practice and Communication) and IMC (Community of Practice) and their 

findings that the former is more useful and usable for UX practitioners. It is unsurprising 

perhaps that we would lose some of the relevance factor in making the tool more broadly 

applicable for a range of practitioners. Also, these tools support single-user semantics and are 

meant to provide a shared understanding of the problem, but they do not support explicitly 

coordination of work activities or collaborative work. 
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Figure 4.5 Visualizing different points in the 2d-space to speculate what these tools might look like.  

 

The question of why there are no tools currently occupying the upper right quadrant and 

what such a tool might look like remains an open one. Based on my findings so far, a tool that 

falls under the Groupware spirit should fit into the upper right quadrant. However, could we 

map these different design possibilities residing in the 2d space (Figure 4.5), especially in the 

upper right quadrant (Figure 4.6)? For example, even when we leverage collaboration semantics 

of use to build groupware style tools, they can vary. The collaboration semantics of use can be 

implemented to be asynchronous, real-time, serial, or mixed. Tools incorporating these different 

implementations could reside in the different points mapped out in Figure 4.6.  

While my work proposes groupware features as a solution, it is useful to consider other 

way in which tools can support UX-AI collaborations. For example, are there other novel spirits 

that we can design for to support collaboration? The goal of these Cartesian representations is to 

help reflect on a design space and possible gaps here that can be filled with new ideas, which is 

precisely what it helped do. The Cartesian representations used here (Figures 4.4-4.6) helped 

consider alternate possibilities – both within the Groupware spirit and beyond it. There are 

different ways we could implement groupware-style tools to support UX-AI collaborations and 

hence the tools can occupy different points in the upper right quadrant (Figure 4.6). Designers 

can also extend this design space by adding new dimensions and spirits, thereby building novel 

tools that also reside in the upper right quadrant (Figure 4.6).  
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With respect to my research questions, I believe there is promise in leveraging 

groupware-style collaboration features to better support HCI-AI collaborations. Through 

subsequent research studies focused on proposing new methods and tools (Chapters 5 and 6), I 

will revisit this design space with empirical and grounded insights.      

 

 

Figure 4.6 Mapping the space of possibilities in the upper right quadrant - where tools are beneficial for 

model application and development. 

 

These are also interesting questions to consider given the prevalence of pre-trained and 

generative models. Availability of incredible model capabilities out-of-box has made it easier to 

generate outputs, prototype, and develop proof of concept for new use cases [76]. This is largely 

due to the nature of models themselves, along with tools that help access these capabilities. 

However, evaluation has proved to be the bottleneck. Evaluation challenges are due to the 

subjective, open-ended nature of outputs, hallucination, lack of consistent and reliable outputs, 

benchmarks and metrics not transferring to real-world contexts, biased and/or toxic outputs, 

and misalignment with human needs and objectives [65,138,141,169]. Given these challenges, it 

would be beneficial to focus new tooling on evaluation of generative AI systems (Chapter 5). I 

believe this design space can help with reflecting on how to explicitly design to better support 
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HCI-AI, among other interdisciplinary collaborations, that are necessary for designing human-

centered, generative AI applications.      

4.9 Limitations and Conclusion 
 
There are a few limitations to note regarding this design space. The first limitation is that this 

design space is by no means comprehensive. It is an early, emerging design space. As the nature 

of AI models and work practices evolve, so will the corresponding tools used. It also does not 

account for all the different types of AI models or the different categories of AI systems. 

However, being comprehensive is rarely the goal for a design space and might be possible only 

for more matured areas. The second limitation is that I used tools that were available as 

technical contributions in HCI-related venues to derive this design space. Tool descriptions and 

usage scenarios were more readily available as research publications in this case. Though some 

of the tools analyzed were contributions from industry research labs, I do not have data on what 

tools are actually used by various industry practitioners in their day-to-day work. Analyzing 

tools used by practitioners in various organizations can help validate the current design space as 

well as extend it. 

On a similar note, the third limitation is that this design space focuses only on an 

industry setting where products and services leveraging AI are built for enterprise or consumer 

use. Though some of the tools are academic research contributions, they also target such 

industry practitioners. However, there are other contexts where collaborations are happening to 

design AI systems - open-source, public sector, non-profits, and community organizations 

[83,97]. Such contexts can also enrich this design space and possibly uncover new dimensions 

that are not featured here currently. 

Despite these limitations, this study contributes an emerging design space of how tools 

are (and can be) designed to support individual and collaborative practices of interdisciplinary 

practitioners working on AI application development. In this chapter, I have elaborated on both 
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the generative and analytical potential of this design space. I believe that this design space can 

help tool and system designers reflect on alternate options, surface assumptions about 

collaborations, and design new kinds of tools. With a similar objective, I return to this design 

space in Chapter 7 to reflect on how tools can be designed based on the evaluation approaches 

discussed in subsequent chapters. 
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Chapter 5. Translating Methods for Human-centered 

AI Evaluations to UX Practice Contexts  

5.1 Introduction 

 In this chapter, I test how interactive visualizations can be leveraged to communicate 

results of human-centered evaluations of AI models to UX practitioners. I also seek to 

understand how these methods can inform UX and design practice of AI. I start with describing 

my prior research study, which was undertaken to evaluate a toxicity detecting model from a 

human-centered perspective. From there, I discuss how the methods used can be broadly 

applicable for conducting AI evaluations and how the results can be communicated better using 

interactive visualizations. Section 5.2 covers related work, and sections 5.3 and 5.4 describe the 

two investigations I conducted - a formative and an evaluative study, along with the findings. I 

wrap with implications for using these methods as well as for designing UXP-oriented toolkits 

(Section 5.5). 

5.1.1 Human-centered Evaluation of a Toxicity Detecting Model 

 Google’s Jigsaw team had developed a model called Perspective [170] to support civil and 

constructive online discussions. This model could detect several attributes of uncivil speech such 

as toxicity, insults, threats, profanity, and attacks on identity. Perspective was trained on data 

from various sources including the Wikipedia Talk Pages and the New York Times and 

annotated via crowdsourcing. The team also released overall model performance metrics (Area 

under the ROC curve or AUC) as well as AUC metrics for identity-based subgroups [42,146].  
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With the goal of conducting a human-centered evaluation of Perspective, I set out to 

understand how human perceptions of toxicity aligned with probabilistic scores of toxicity, 

generated by Perspective. Such an evaluation can also be considered as a revalidation of the 

tool’s capabilities. However, apart from comparing human and machine ratings of toxicity, I also 

wanted to i) evaluate how data from different online platforms affected this alignment and ii) to 

what extent human ratings of other latent attributes corresponded to Perspective’s toxicity 

score.  

I selected three different online platforms: news websites, YouTube, and Twitter, but 

constrained the dataset to news-related comments to make systematic comparisons. Thus, 

comments collected from YouTube and Twitter were replies made to posts or videos by official 

news channels. These three platforms not only differ in terms of technical features, but they also 

present a spectrum of user experiences, commenting styles, and discussion structuring. They are 

thus distinct sociotechnical spaces, which in turn makes it a diverse dataset to test Perspective's 

alignment. Apart from toxicity, I also collected human ratings of i) formality of the online 

comment, ii) how respectful the comment is, and iii) whether the comment presented 

stereotypes. These attributes were intentionally selected to test Perspective’s operationalization 

of toxicity (a rude, disrespectful comment that can cause people to leave a discussion) and 

check for hidden, latent attributes.   

 After collecting a set of 300 comments (100 each from each platform), workers in 

Amazon Mechanical Turk rated them for toxicity, formality, respectfulness, and presence of 

stereotypes. The same set of comments were also scored by Perspective for toxicity. I had to 

compare how human ratings of each of these attributes corresponded to Perspective’s toxicity 

score and how this relationship varied across data from different platforms. All human ratings 

were collected as ordinal data (Likert) to ease the process of making subjective judgements. 

While the practice analyzing Likert data as interval or ratio data is common in HCI research, I 

refrained from doing it to better model differences between Likert ratings. For example, the 
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distance between ‘strongly toxic’ and ‘toxic’ is not the same as the distance between ‘toxic’ and 

‘not toxic at all’ [73,121]. This data does not fit the assumptions of a linear regression model. 

Thus, I use maximum likelihood estimation (MLE) techniques to analyze this data [139].  

 MLE involves estimating parameters of a probability distribution from the observed data 

such that the observed data would be the most probable occurrence. Imagine if we conducted an 

experiment where we tossed a dice 1000 times, but we did not know if it was a loaded or 

unloaded dice. If we recorded the number from every dice throw, we can compute the resulting 

probability distribution for 1-6. If the resulting probability distribution still looks uniform (0.16 

for each number in the range 1-6), we can conclude that it is indeed a fair, unloaded dice. The 

takeaway here is that the probability distribution can tell us what kind of data and phenomenon 

we are dealing with. Similarly, MLE methods can be used to construct models of binary (logistic 

regression), categorical (multinomial logistic regression) ordinal (ordered logistic regression), or 

count data (binomial regression) [139]. Given a dataset of corresponding toxicity ratings from 

Perspective and humans, I could come up with a probability distribution that shows how the two 

align based on the below equation:  

  

      ToxicityHuman ~ ToxicityPerspective + Platform    (1) 

 

The resulting probability distribution for (1) is shown in Figure 5.1. In this figure, we can 

see that as Perspective’s toxicity score increases, the probability of rating a comment as toxic 

also increases (blue curve). Though Perspective sets a threshold of 0.7 for classifying comments 

as toxic, even for comments with scores > 0.40, the probability of humans rating these 

comments as toxic is at least 0.5. Similarly, Perspective sets a maximum threshold of 0.3, below 

which comments are not toxic. However, for that range of Perspective scores, probability of 

humans rating a comment as not toxic is only 0.3 – 0.4. However, Perspective does transfer well 

across these platforms.    
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Figure 5.1: Probability of human toxicity ratings with respect to Perspective’s toxicity scores (x-axis).  

 

Additional analyses show Perspective’s toxicity score is a significant predictor of humans 

rating a comment as informal, disrespectful, and stereotypical, although the source platform 

exhibited a significant effect only for the formality attribute. Overall, the analyses helped 

determine (mis-)alignments between Perspective’s toxicity score and human ratings of toxicity 

across different platforms. While respectfulness is an explicit attribute that is part of 

Perspective’s operationalization of toxicity, formality of speech and presence of stereotypes are 

not. Yet, as Perspective’s toxicity increases, the probability of a human rating the comment as 

informal and stereotypical is also high. I also fitted an additional model: 

 

       ToxicityHuman ~ FormalityHuman + RespectfulnessHuman + Presence of StereotypesHuman.                (2) 

 

With (2), I was able to analyze interesting counterfactuals about how ratings of 

respectfulness, formality, and stereotypes related to ratings of toxicity. If we switch the rating of 
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respectfulness from respectful to disrespectful (the extreme ends of the Likert scale), then the 

probability of humans rating a comment as toxic increases by 75% (Figure 5.2).  

 

Figure 5.2: Difference in the probability that a human would rate a comment as toxic, simulated by switching ratings 

for the other attributes: respectfulness, formality of speech, and presence of stereotypes. 

 

If we switch the rating of stereotypes from no stereotype to heavy stereotype (the 

extreme ends of the Likert scale), then the probability of humans rating a comment as toxic 

increases by ~30%. But, switching the ratings of formality from very informal to very formal 

(the extreme ends of the Likert scale), the probability of humans rating a comment as toxic 

increases by 0.00 (Figure 5.2). Thus, humans did not conflate informal speech with toxicity.  
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5.1.2 Unpacking MLE methods and Translating to Practice Contexts 

 The above study was built upon a prior study conducted by Erin Hoffman, David W. 

McDonald, and Mark Zachry - Evaluating a Computational Approach to Labeling Politeness: 

Challenges for the Application of Machine Classification to Social Computing Data [67]. They 

attempted to apply a politeness labeling tool, trained on Wikipedia discussions, on their data 

from Wikipedia Talk Pages. In doing so, they noted discrepancies and revalidated the tool by 

comparing crowdsourced ratings of politeness to the ML tool’s politeness scores using 

multinomial logistic regression. They found that the tool was somewhat effective at scoring 

politeness, but ineffective at scoring impoliteness or neutral text. My study focused on the 

problem of toxicity detection and additionally compares alignment across different online 

platforms. Together, both studies showcase the utility of using MLE methods (such as ordinal or 

multinomial regression) for conducting human-centered evaluations of NLP models.  

 Beyond descriptive statistics and measures of accuracy, inferential statistical methods 

like Maximum Likelihood Estimation (MLE) prove to be useful for such evaluations. It accounts 

for the data type, constructs appropriate models, and provides a probabilistic framework to 

make inferences [139]. It provides probabilities for each option in a nominal or ordinal scale i.e., 

we would be able to infer the probability of users rating ‘X’ versus ‘Y’, allowing for nuanced 

interpretations. Adding covariates (e.g., online platform) allows for examining sociotechnical 

factors that impact alignment between user expectations and model outputs. We would also be 

able to estimate uncertainty associated with predictions by computing confidence intervals. 

Visualizing the expected and actual probability curves, as shown in the above Figure (5.1), is also 

a compelling way to understand the model in context compared to model metrics. 

While measures of accuracy, precision, recall describe model performance on a test 

dataset, MLE methods can help understand how users will accept model outputs under different 

conditions. The analysis need not include model outputs explicitly. For example, Goyal et al. 
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[57] analyzed toxicity ratings (likert data) from rater pools of different identities - a control 

group, an African-American group, and an LGBTQ group. By fitting the below model, they were 

able to deduce how likely it is for raters from the control group to rate toxicity as significantly 

lesser than raters from the African-American or LGBTQ group. 

  

Toxicity  ~  Rater_Pool     (3) 

 

These methods are useful for model developers as the results can inform further model 

improvements and iterations. But they are also useful for practitioners trying to apply the model 

in a specific context. Could they be useful for UX and design practitioners? As discussed in 

Chapter 3, UX practitioners faced challenges with reinforcing a human-centered lens on AI 

evaluation especially at scale and with reconciling model-centric metrics with user-centric 

outcomes. Thus, I wanted to explore how these methods might be useful and comprehensible to 

UX practitioners, and feature as a potential component of the Model Sandbox.  

 Other work also raises the need for tools that can help UX practitioners test factors that 

may affect model performance and assess impact on the UX of AI systems [94] and engage in 

user-centered algorithmic auditing [36]. The recent rise of LLMs due to their incredible natural 

language understanding and generation capabilities incentivizes their application to power a 

wide range of use cases. However, using a single, large model for many downstream applications 

runs the risk of widening the gap between social needs and model capabilities. Liao and Xiao 

urge rethinking the discipline of LLM evaluation as one that focuses on reducing such socio-

technical gaps [96]. The MLE methods, as described above, merits being part of methodological 

toolkit that blends HCI and NLG evaluations and help addressing the socio-technical gap, and 

this study will focus on evaluating its effectiveness for UX practitioners. I specifically design the 

interview protocol and questionnaires to understand how these methods can impact UX and 

design practice. 
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5.2 Related Work 

5.2.1 Use and Interpretation of MLE Methods in HCI 

 MLE methods are commonly used in other areas of HCI research as well. However, most 

studies report the Odds Ratio (OR) as the key effect size [111,112]. Inspired by approaches to 

interpretations of MLE methods for the social sciences [139], I focus on three other quantities of 

interest: Expected values/Predicted Probabilities, First Differences, and Relative Risks. Odds 

ratio is the ratio of odds of an event occurring in a group to the odds of the event occurring in 

another group. OR is notoriously hard to interpret and most people interpret it as a ratio of 

probabilities and not odds [34,111]. Let’s say the probability of an event occurring within a group 

A is 0.25 or ¼. Then the odds are 1 to 3 [171].If the probability of an event occurring within a 

group B is 0.10 or 1/10, then the odds are 1 to 9 [171]. If we compare groups A and B, the odds 

ratio is (⅓) / (1/9) = 3, but the relative risk or probability ratio is 0.25/0.10 = 2.5. Thus, the 

event is 2.5 times more likely to occur in group A versus B. But the odds of the event occurring 

in group A compared to B is 3, which can be quite non-intuitive [171]. When people interpret 

odds ratio as probabilities, they tend to overestimate the effect [33,34].  

Instead of OR, we can use other quantities of interest such as Expected Values/Predicted 

Probabilities, First differences, and Relative Risks [139]. If we are interested in a particular 

scenario defined by a set of values for the independent variables, we can compute the associated 

probability of an event occurring (expected values/predicted probabilities). First or absolute 

differences are the difference between probabilities of an event occurring for two different 

scenarios, while Relative risk is the ratio of probabilities. Despite the fact that they can be more 

intuitive to interpret, odds ratio tends to be the statistic reported by default. The reason could be 

that it is easier to calculate (exponential of the coefficient) and hence, readily available in 
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standard statistical libraries. However, open-source libraries offering support to calculate other 

quantities of interest do exist [3,124]. 

Because these are non-linear data and we can produce many data points based on the 

number of scenarios we are dealing with, visualizations can help with interpretation. Kale et al. 

[79] test how different visualization designs can affect judgment of effect sizes. They uncover 

that the most optimal visualization design does not necessarily lead to optimal decisions and 

that users satisfice by using certain heuristics and interpreting visualizations in ways not 

intended by the visualization designers. By conducting empirical studies with the target 

population - UX practitioners, I hope to test the effectiveness of visualizations of MLE results 

(e.g., Figure 5.1) and gain similar insight into their strategies for interpretation. 

5.2.2 Human-centered AI Evaluation Tools for UX Practitioners 

Given that UX Designers and Researchers play an instrumental role in mapping and assessing 

how AI models can meet end-users’ needs and supporting responsible AI innovation, various 

tools and techniques have been proposed to better support them.  

Yu et al. [154] note how it can be hard for designers to understand details of how the 

problem is formulated to be solved by an algorithm and related implementation details. 

Consequently, they may not be able to verify if the model meets design objectives and how 

inherent tradeoffs can affect different user groups. They designed interfaces with both text and 

visualizations (confusion matrices) to communicate tradeoffs between i) minimizing false 

positives versus false negatives and ii) overall accuracy versus sub-group fairness in the context 

of recidivism prediction. Mixed-method studies showed that these interfaces increased 

comprehension of algorithmic tradeoffs and provided algorithmic transparency to understand 

potential consequences. Ye et al. [151] conducted a similar study in the context of Wikipedia, 

where application designers can explore ORES - a ML tool to classify edits and revisions. The 

use of interactive visualizations helped designers understand how different model thresholds 
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affect classification of edits by as good-faith or vandalism for the two groups - experienced 

editors and newcomers. While these prior studies have used descriptive statistics to 

communicate model accuracy and sub-group differences, using MLE involves inferential 

statistics and interpreting probabilities. Using MLE techniques does not necessarily explain the 

inner workings of a model but rather compares alignment between model and user judgments. 

It can also help analyze what factors can affect this alignment.  

fAIlureNotes developed by Moore et al. [104] also is a relevant example here. The tool 

fAIlureNotes enables designers to explore computer vision model failures from a user-centered 

perspective. In a scenario where UX practitioners are testing an object detection model, they can 

create different user scenarios, upload photos, annotate user expectations of results, track 

mismatches with model outputs, and so on. While fAIlureNotes helps evaluate user-centric, 

model failures in computer vision tasks, my work looks at text-based models. Tasks involving a 

high degree of semantic interpretation, such as language and text interpretation, may not have a 

single ground truth and can lead to varied, equally valid interpretations [172,173]. Developing 

narrow, in-house models for such tasks might provide a higher degree of control to align the 

model with user needs. However, when working with pre-trained and off-the-shelf models, 

evaluating how model outputs and user perspectives correspond and whether it corresponds 

across a wide range of domain-specific or contextual data becomes an important prerequisite for 

applying the model. Prior work has sought to address this problem by proposing audit and 

evaluation systems for end-users and community stakeholders [35,86], while the focus of this 

study is on UX practitioners. 

5.3 Formative, Qualitative Study 

In this subsection, I describe the scenario-based interview study I conducted, with the 

goal of introducing UX practitioners to visualizations of predicted probabilities (Figures 5.2-5.4) 

and analyzing how they interpreted it to derive design implications.  
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5.3.1 Scenario and Data construction 

 Similar to the case of toxicity detection, I selected sexism detection in online comments 

as the AI capability and constructed a hypothetical scenario around it. Participants were asked 

to imagine that they worked for a social media platform and a new AI-powered design feature 

was being rolled out to detect sexist comments. I used different communities hosted on the 

platform as an impacting factor to be examined. That is, one could evaluate whether alignment 

between model and user judgements varies across data from different communities. Sexism 

detection was binary (yes/no) and hence logistic models were used.  

I used the dataset developed by Samory et al. [123], as they collect data annotations 

using a codebook developed from psychological scales measuring sexism. They also label and 

train the model on different datasets - tweets that contain the phrase “call me sexist, but” tweets 

displaying hostile sexism, and tweets displaying benevolent sexism [75,123,140]. These datasets 

were respectively represented as data from different communities A, B, C in the scenario. This 

might resonate with UX practitioners better as they can draw parallels with different subreddits, 

Facebook groups, or Discord channels. To avoid biasing participants by characterizing the 

communities as topic-based (politics, sports) or demographic-based, I kept it nondescript by 

naming them A, B, and C.  

User ratings for this dataset were available as part of the original data’s collection and 

annotation efforts. The same comments were also scored by using the insult and 

identity_attack attributes from Perspective and by zero-shot prompting GPT (4-o mini) to 

score sexism directly using the annotation guidelines from Samory et al. [123]. User ratings of 

sexism were modeled using logistic regression (R), with model scores and source community of 

the comment as independent variables.  
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5.3.2 Interactive Visualizations 

 For this formative study, I focus on visualizing only the predicted probabilities for new 

data points. That is, given a particular model score of sexism and the community (A/B/C), we 

can calculate the probability of a human rating the same comment as sexist. For all possible 

values of the model score of sexism, I generate the probability that humans would rate the 

comment as sexist for each community (or dataset) (see Figures 5.2-5.4).  

 

 

Figure 5.3: On the x-axis, we have Perspective’s Insult score which ranges from 0.0 to 0.99. On the y-axis, we have the 

probability of the user finding a comment sexist. For all three communities, as the Insult score increases, the 

probability that the user will find the comment sexist also increases but is the highest for community A and lowest for 

community C.  
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Figure 5.4: On the x-axis, we have Perspective’s Identity Attack score which ranges from 0.0 to 0.99. On the y-axis, we 

have the probability of the user finding a comment sexist. For all three communities, as the Perspective score 

increases, the probability that the user will find the comment sexist steeply increases. The three curves converge and 

are close to y = 1 for x > 0.65.  
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Figure 5.5: On the x-axis, we have sexism scores from prompting GPT, ranging from 0 - 100. On the y-axis, we have 

the probability of the user finding a comment sexist. The three curves almost form the S-shaped curve that is 

characteristic of the logistic regression curve. Because GPT was prompted using the same guidelines provided to the 

data annotators, this logit model (GPT + Community) can better predict the sexism ratings. 

 

 

Since not all UX practitioners may be familiar with statistics or in dealing with 

probabilities, I introduced the following interactive features: 

1. UXP can choose to view the probabilities for one community at a time. They can 

select a particular community in the legend, which will toggle the probability 

curve for that community within the visualization. 

2. UXP can also hover on the curves, which will show data from specific points in 

the visualization. It looks continuous but is actually made of individual data 

points which can be read using the hover function. 
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Figure 5.6: UXP can hover and trace the probability curves which will make the tooltip appear. 

 

 

3. UXP can also drag and draw a box in particular regions of the visualization. For 

example, they could select a region of x = 0.3 to 0.6 (model score) and y = 0.3- 

0.6 (Probability of users finding comment sexist). Doing so will bring up a data 

viewer on the right hand side with i) all comments from A, B, C which have model 

scores ranging from 0.3 - 0.6, ii) corresponding user ratings of whether the 

comment is sexist or not (yes/no), and iii) associated user reasoning (Behavioral 

Expectations, Denying Inequality, Endorsement of Inequality, Stereotypes and 

Comparative Opinions, Maybe Sexist - needs context, Not sexist).  

There might not be data associated with every model score in the range 

0.3 - 0.6, but with MLE, we are able to infer the associated probabilities of users 

finding the comment sexist or not. But the goal with this Data Viewer feature was 

to give UXP an idea of where the probabilities were coming from, from what data 

we were making these inferences, and qualitative insight into what kind of 

comments were relevant to that region. 
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Figure 5.7: Box select feature which brings up the Data Viewer on the right pane. 

 

Additionally, the steps leading up the UXP to the visualizations were also interactive 

(Figure 5.7).  

 

 

Figure 5.8: Participants can select variables of interest in a drop-down option. The research question and model 

equation will get updated accordingly. 
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UXP can view the raw data in a tabular format and filter and sort through them as well. 

UXP were also told that they could explore how well users' perceptions of sexism correspond to 

different model judgements, and assess impact of factors as well, in the ‘Analytics’ page. They 

could select which Model to focus on - Perspective_Insult, 

Perspective_Identity_Attack, GPT_Sexism using a dropdown option. Selecting this 

would update the analysis description, model equation, and the corresponding interactive 

visualization. I intentionally designed a visual analytics prototype rather than simply hosting 

interactive visualizations on a web page. This way, I could also gather feedback on using a MLE-

based analytics toolkit for UX practice of AI. 

 

Implementation: I developed this mock toolkit in Streamlit, using off the shelf components 

available as part of Streamlit. All logistic regression analyses were run in R for the original data, 

after collecting model judgements from Perspective and GPT. The resulting probabilities were 

generated in R, but visualized using plotly. The Box select feature in plotly was leveraged to 

build the custom interaction of inspecting the visualization and viewing actual text of the 

comments side-by-side (Data Viewer). 

5.3.3 Study Details 

a. Interview Protocol 

The interviews were designed to be 1 hour long, wherein I would introduce the scenario, the 

visualizations, and observe how UX practitioners interacted with them. To ground the scenario 

better, I also provided four design concepts for how sexism detection would be handled within 

the communities (Figures 5.7, 5.8, 5.9, 5.10).  

After discussing the above design concepts, participants were provided additional 

information about the different model attributes. Participants were also told that data was 
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collected from three different communities (A, B, and C) and that an interactive tool was 

available to explore the data. The participants were asked to share their screens and think-out-

loud as they go through different model attributes and interpret the visualizations. After 

spending considerable time interacting with the visualizations, participants were asked to revisit 

the design concepts. I noted how participants made new observations, raised questions, and 

arrived at different design recommendations based on the insights gathered from the 

visualizations. The design concepts served as ‘solution conjectures’ that help with an 

understanding of the problem [32]. In the final stage of the interview, I probed how participants 

perceived this tool and the visualizations, how they might use it in practice, what UX/design 

activities would they use it for, what was helpful or challenging about this tool, and whether they 

thought the tool can support cross-functional collaboration. This study was approved by my 

institution's IRB.    
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Figure 5.9: BotModerator (top left): A proactive design intervention where a bot intervenes with a warning or 

message after a sexist comment has been detected. Figure 5.10: De-ranker (top right) A proactive design intervention 

where sexism scores of comments are used to determine its ranking in the feed. Figure 5.11: Hidden Comments 

(bottom left) A proactive design intervention where sexist comments are automatically detected and hidden, not 

removed. Figure 5.12: ModInsight (bottom right): A reactive design intervention where moderators are provided with 

model judgements to make quicker or better decisions. 

b. Participant Recruitment 

 

 For this study, I wanted to recruit UX designers and researchers who worked on 

AI/NLP/LLM infused products and features. I created a recruitment screener that collected 

information on respondents’ current role, area of work, years of experience, educational 
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background, and their proficiency with statistics, probability, and interpreting information 

visualizations. I circulated the screener and the call for participation in LinkedIn, Twitter, 

mailing lists, and Slack-based UX communities. Once a participant was selected based on their 

responses, I let them know that they could be exposed to toxic, sexist, and profane content as 

part of this study through consent forms. I conducted interviews with 11 participants - 4 UX 

Researchers and 7 Designers. All the participants were working on AI or NLP based applications 

at the time of conducting the study. The interviews were conducted over Zoom, lasting 

approximately 60 minutes, and participants were provided an honorarium of 30 USD post study 

completion.  

c. Data Analysis 

The analysis process was guided by the procedures described by Corbin and Strauss [29]. 

I conducted a first round of open coding of all the interview data. At this stage, I paid attention 

to what actions participants took within the tool, what interpretations they arrived at, and what 

was confusing. Next, I moved to grouping similar codes into categories. At this stage, I analyzed 

the different stages of visualization interpretation and its outcomes. I also compared different 

participants’ interactions, insights, and attitudes toward the tool to find common patterns. I 

started seeing repeated themes in the last set of interviews (8-11) which led me to believe that I 

would not uncover new perspectives unless I made changes to the prototype itself. 

5.3.4 Findings 

a. Three Stages of Visualization Interpretation and Interaction 

 Participants went through three stages of understanding visualizations. First, they 

attempted to understand the visualization at a basic level. At this point, participants used the 

hover feature to trace along the probability curves to bring up the toolkit and read the data 
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points. They had clarifying questions about whether the y-axis values implied if there was a 

higher probability of a comment being sexist or whether more people would find the comment 

sexist. They also had follow-up questions to clarify the scenario details such as whether the 

comments were rated by users from different communities or whether the comments 

themselves were from different communities.  

 Second, they tried to interpret what the visualization means. Most participants adopted a 

strategy of doing comparisons to better analyze what the visualization means. For example, P3 

established community C as a baseline and compared how values changed for other 

communities. Participants (P1 P3, P4, P5, P10) also compared how probabilities differed for the 

lower, middle, and higher range of model scores on the x-axis. Almost all participants switched 

between visualizations of the three model attributes to compare and assess which was better or 

worse and what differences between them could imply. They specifically looked at the inflection 

points and hovered over them to make the tooltip appear. 

 Comparing model scores which were on a 0-1 scale and the probability of users finding 

comments sexist which was also on a 0-1 scale, led most participants (P1, P3, P4, P6, P9) to 

surmise that the relationship between the two should be linear and thus the line should have a 

slope of 1. Participants either stated this explicitly or it was implicit in the way they drew 

inferences. Using this as a rule of thumb also created confusion on why some curves were more 

S-shaped (as in the case of GPT) and what that meant. But still, they used it to determine 

whether model and user judgments align or if the model was over or under rating with respect to 

the users.   

If this model was perfectly aligned with user selection, it would be like 45 degrees - like 

- 1 versus 1, 0.6 versus 0.6, but this is a different shape. The probability is generally 

lower than the model's prediction.  - P6 
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Other participants (P8, P11) wondered whether it was a good sign for the probability line 

to appear flat over a range of x-axis values and what an ideal curve should look like for 

evaluating model alignment.  

[Figure xx] So presumably there's some ideal curve where it's 1 to 1 - But I don't know 

off the top of my head what that is. Maybe this one because it's flatter - The top part of 

the curve. So there's - you know more of the users have rated these comments as sexist. 

and the models also rated them as attacking someone's identity. So there seems to be 

close alignment between what the model is saying and how the users are ranking. And 

it's interesting that it's closer together here at the upper end of the scale. - P8 

 

Participants who were not experts in statistics were especially reluctant to make strong 

sweeping statements, acknowledging that they could be wrong or that they could be bringing in 

other biases (P1, P7, P11). Erring on the side of caution, they did not want their potentially 

wrong assumptions to affect design decisions. Along these lines, participants felt it would be 

helpful to have i) rubrics, templates, and examples to understand and evaluate differently 

shaped probability curves as well as scaffold comparisons and ii) more cues and information 

icons to guide them and provide explanations when necessary. Participants P5 and P10 explored 

comments in different regions of the visualization using the box select feature and to better 

contextualize what they were observing. P2 and P7 only discerned differences between the 

communities A, B, and C but were unsure of what the curves implied overall. 

 In terms of the final stage, 4 participants (P3, P4, P5, P10,) engaged in further 

sensemaking, going beyond what the probability curves were showing. For example, P4, a UX 

Researcher, was more interested in what was causing differences between the model score and 

probability values across the communities A, B, and C. He also selected different regions in the 

visualization and analyzed the comments, and surfaced questions about the nature and 

demographics of the communities. He reasoned that the probability of users finding a comment 
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sexist did not reach 1 because of disagreements in user ratings on what is and is not sexist, and 

wished to see more information about the labeling process. When analyzing comments in the 

Data Viewer, both P4 and P10 said it would be more helpful to retain context by situating the 

comment in the actual conversation. 

 P5 and P10 had similar goals in terms of analyzing when model and user judgments 

diverge. They would select an area over the lower or upper range of comments and in the 

comments viewer, compare examples where users had rated comments as sexist and not sexist 

for the same score. For example, after analyzing the visualization for GPT-Sexism for score 

ranges 80-100, 40-55, P5 said: 

 

[Figure 5.4] Let's check out a different section [x1=10, x2 =30]. Something that users 

would rate as sexist but the model did not. So, it's interesting that these examples that 

users rated as sexist - they deal more with the chivalry side of it. But they lack 

profanity, but express inequality. That is exactly the challenge of determining things 

that are inherently sexist, while also determining which things are offensive. These are 

better examples where you could just De-rank - still leave things visible and leave it up 

basically like - accept more user feedback - in terms of whether or not it should get 

flagged. - P5 

 

P5 used the Data Viewer to look at specific comments and this helped him gain a 

qualitative understanding of why there might be misalignment between model scores and user 

ratings of sexism.   

 



112 

 

b. Deriving Design Implications 

Participants used the interactive visualizations to derive implications for design in 

interesting ways. P3 started simulating the Hidden Design concept (Figure 5.9) with the 

GPT_Sexism visualization data.  

 

[Figure 5.4] So in a scenario where we are hiding comments, but we are still allowing 

users to read at their own discretion. Maybe it's okay to be overly cautious. So maybe 

we start the cut off point somewhere, like, you know - 50 or 55. So let me like, maybe 

look at that particular cross section….. If I look at the comments, I can clearly see that 

even this is not a conservative enough. So what I would do is I would set the threshold 

very low, and then if people still want to read the comments, they can go ahead and do 

it and then we can continue to test in production. We could do logging to see, you know, 

who is clicking to read it, what communities tend to read it. You know, we can get into 

those kinds of design details. - P3 

 

Instead of showing the user rating, model score, and the comment in a tabular format, 

visualizing the data this way in terms of a probability distribution enabled more systematic 

exploration for participants. Other participants (P1, P5) also used data and insights from the 

visualization along with the corresponding comments to construct what-if scenarios, realistically 

simulate and evaluate the designs, and anticipate outcomes. The Data Viewer helped 

participants dig into the qualitative side of things, surface model behaviors, and match it with 

the appropriate design concept. For example,  

[GPT_Sexism] Something that users would rate as sexist but the model did not…..  So 

it's interesting that these examples that users rated as sexist - they deal more with the 

chivalry side of it. But they lack profanity, but express inequality. That is exactly the 
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challenge of determining things that are inherently sexist, while also determining 

which things are offensive. These are better examples where you could just De-rank - 

still leave things visible. - P5 

 

According to P5, the model rated comments which were both profane and sexist more 

highly than comments expressing inequality. So, he suggested using De-rank for comments that 

users would still find sexist but the model might not necessarily score highly.  Along these lines, 

participants started generating conditional designs [84,94]. P5 wanted to leverage multiple 

design concepts to account for cases when we can expect the model and user perceptions of 

sexism to align and cases when we expect disagreements. P8 also echoed similar ideas. 

 

In cases where there's the most disagreement between user score and model score will 

be exactly the time you'd want to flag comments. So I would use ModInsight I guess, on 

any community that seems to have a lot of things in that kind of - middle - ambiguous 

zone where you're gonna have disagreements between the model and the user. - P5 

 

I guess one way to handle it could be by assigning - Say comments that are like 0-33 

get one design intervention, because we are not really sure. The community isn’t as 

aligned in how it's feeling about this - But then at the other end of the scale, things 

where there is great agreement between both the model and the community around 

what is sexist language - Maybe for those kinds of comments you have a more 

restrictive design intervention. So you are not just using one design intervention. - P8 

 

Participants P2, P6, P9 wanted to know more information on the communities and few 

others (P7, P11) said they did not see any direct links between the visualizations and the design 

concepts except in terms of feedback loops.    
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c. Evaluating overall usability and usefulness 

Participants perceived value in being able to visualize different model capabilities this way. P8 

said, 

Understanding how these different AI models perform and how they look at the world 

and being able to visualize that is really valuable. When you’re going to release a 

feature that could measurably shift how people interact with your platform - one way 

or another. To be able to visualize that ahead of time and understand if that shift is 

going to be in the direction you want to go, or in another direction before you invest the 

time and energy to ship that feature is really valuable. - P8 

 

P5 felt such tools were helpful when dealing with ambiguous and subjective judgments, 

particularly to foresee potential harm. Participants (P2, P3, P5, P9) also mentioned using such a 

tool to gather evidence, get stakeholder buy-in, and influence decision-making. P1 thought of it 

as a hand-off tool from research to product teams.  

P3 felt such tools would be helpful along the entire design cycle. In earlier stages of 

discovery, P3 could play around with and explore the data more. Later stages of evaluation 

would require answering specific questions to make decisions. P3 also added, 

I think design needs to be extremely involved in asking the right questions. So that the 

analysis that we're doing on the data is driven by a user specific question, right? If it’s 

just about answering questions, yeah I would be happy with a report. But it's not just 

answering the questions - It's also intuiting what to look for. It is UX that will have 

perspectives that other functions don't have. So that makes me want to be involved in 

this process so that we are thinking about it holistically and not just focused on metrics 

that other functions are focused on. - P3 
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On the other hand, P9 - a designer as well, did not see themselves as “running this” often 

but imagined that they could leverage the data points after the visualization has been generated 

to back up design decisions and as a storytelling device.  

Other participants saw themselves using this tool as more of an entry point and in 

collaborations with model developers, rather than to independently accomplish tasks. For 

example, P6, P7, P11 wanted to independently explore the tool but check back in with the team’s 

AI engineers to answer questions, verify their understanding, and err on the side of caution. To 

overcome knowledge gaps, P11 also wondered if there was scope to leverage such visualizations 

for educational purposes in terms of sensitizing the designer and raising awareness. P8 saw this 

as a cross-functional tool that can support group decision-making. P9 also thought this tool 

could provide grounding and a shared language when communicating with AI engineers. 

Participants suggested features to push the collaborative potential of this tool such as exporting 

results, sharing snapshots and specific views of the analysis views through links, adding action 

items, and seeing notes from the team. 

P4 saw such a tool being helpful for practitioners who want to partake in responsible and 

human-centered model development. However, for this particular scenario, he added that it can 

be hard to talk about diversity and inclusivity because people have different lived experiences, 

and it can result in emotional labor for people who have experienced marginalization.  

 

It certainly helps people who want to be part of that endeavor to have data that they 

can shop with and say, like, look this algorithm is not performing well as judged by 

users, and, like this could be an ongoing approach to crowdsourcing smaller samples 

and checking against GPT for scale, right? Assuming we're all on the same page, that 

the ground truth is the person and not GPT. - P4 
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Participants also felt providing summarized insights would make such tools practically useful. 

For example, P6 and P9 wanted to directly see the result of comparing user and model 

judgments and have recommendations that informed the product team. While P6 found it useful 

to see data specific to different communities and for different model attributes, they still wanted 

to view translated insights for each community. P6 felt if the conclusions drawn from the 

visualization are highly accurate, then they could be communicated directly. But for a higher 

level of uncertainty, the underlying data can be made available for further analysis. Though P5 

interacted with the visualization extensively, he wanted to see more actionable insights. 

 

I guess a summarized version of what type of insight is available with the data. The 

table is good for exploring around but I can't make any determinations...Provide what 

that actionable insight is rather than leave the - I would just say like, don't leave it up to 

designers to poke around and explore. Summarize it first. It's still good to see the raw 

data behind it, and just get a better understanding of it once you've tackled the bigger 

problems first. - P5 

 

Participants also thought providing summaries and translating the insights can support UX 

practitioners who may not be as familiar with interpreting such visualizations. Some 

participants expressed needs and features that can further push the analytical power of such a 

tool. P3 said, 

Access to the data is huge, right? And being able to analyze the data is even better. I 

mean if we can turn this into a Tableau sort of thing, where I can go a little deeper into 

the data itself, especially because I think this is a cross section of user research as well 

as the model’s accuracy. And so, I would like to slice the data a little bit more to see if 

we can learn more about how users are thinking about these types of comments. - P3 
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Other participants also wanted features to add and examine other impacting factors such as 

language, region/country, and how long the community has been active. In addition to 

communities, P5 wanted to analyze how alignment varied according to different reasons users 

attributed sexism (Behavioral Expectations, Denying Inequality, Endorsement of Inequality, 

Stereotypes and Comparative Opinions).  

Some participants (P3, P8, P10) also drew parallels to their own work and spoke about 

how they would test various factors. They also saw value in having such tools to conduct 

longitudinal evaluations. Participants P8 and P10 worked with open-source LLMs, which 

involved comparing human annotations to labels from LLMs and exploring how reliably the 

LLM could be used. Thus, they saw the direct applicability of such tools for their work.  

 

Could we swap in different versions of the dataset to run the analysis and see if 

anything changes. And if I wanted to evaluate this with a different LLM - could I plug 

that in and run? That would be super helpful. Like, add a new model. And you plug it 

in, use your API key and all of that, and it'll connect to the model. And there would be a 

screen where you could import a data set to analyze… Or if we were working with local 

models, you know, could we plug those in as well? - P8 

 

Participants also desired features that further enabled mixed-methods analysis, built on top of 

the existing Data Viewer (P2, P5, P10). They suggested features to filter and sort data, mark 

areas of the visualization, annotate, and share/ track insights through a digital whiteboard. Few 

also mentioned wanting flexibility with how they view and interact with the visualizations. P11 

wondered if it would be possible to map specific comments onto the visualization instead of 

going in the opposite direction. P10 wanted to switch views and see all model attributes in the 

same visualization for easier comparison.  
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This is a perfect graph for comparing users and the model. But I would like to compare  

between models and and users so like, which model is performing the closest to the user 

- having it in a single graph would be helpful. - P10 

5.3.5 Key Takeaways 

 Participants were able to get a sense of how aligned the model scores and user ratings of 

sexism were through closer inspection of data points and the analyzing the comments. But most 

of them established that a line of slope = 1 would represent perfect alignment between model 

and user judgments and used that as a rule of thumb to evaluate actual data. Upon closer 

analysis of the interview data, I realized that using such a heuristic did not point to a 

misunderstanding of what underlying statistical analysis was used (linear regression vs logistic 

regression). Rather it was their mental model of how model and user judgments should vary - 

linearly and 1:1. Similar to how we would use a model’s score to rank comments, set thresholds, 

and make moderation decisions, the probability of a comment being sexist was treated as a user 

score.  

 Given these expectations, the S-shaped curves were quite confusing for the participants. 

Participants who were not familiar with statistics or probability struggled more. Even when 

participants were making the right inferences, they were unsure of whether it was the right one. 

Since this study meant to use a probe to uncover UXP’s perspectives, I used the standard 

visualization for representing probabilities (Figures 5.2-5.4). However, given that they are more 

common in the discipline of statistics and the challenges in interpreting them, I wanted to 

redesign them to be more intuitive and comprehensible for practitioners.  

 

 The Data Viewer for viewing comments supported participants’ evaluation of model 

alignment, contextualization of sexism ratings, and reasoning of how the model was rating 

sexism. Some participants thought it was an important feature to have so that UXP can account 
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for the scale factor as well as empathize with individual user perspectives. Participants wished to 

have additional information such as the conversation surrounding the comment, disagreements 

in sexism ratings, and demographics of users who rated the comments. These visualizations are 

based on predicted probabilities and there might not be actual data for every possible value of x. 

But seeing a lower number of comments or no comments in narrowly selected boxes raised 

questions from participants.  

 

 Participants explored the design space of moderating sexist comments in tandem with 

analysis of the different models and attributes. They used the interactive visualizations to 

simulate different design concepts, anticipate adverse outcomes, and devise conditional designs 

that would play to the strengths of the model and limit its weaknesses. Upon prompting, they 

also brought up features that would make the tool more collaborative and features that could 

make it a better analysis tool. For example, participants asked if there were ways to add and test 

different variables, select facets of data to view in the visualization, view shifts over time, and 

make annotations over the visualization. Despite these outcomes, the barrier to entry with this 

kind of tool and visualizations was still quite high. My next step was to re-design these 

visualizations and evaluate them in an unmoderated, task-based setting. In this study’s probe, 

the visualizations did not include confidence intervals. I account for this limitation in the re-

design and evaluation study.  

5.4 Evaluative Study 

 In this subsection, I describe the follow-up study I conducted to evaluate the redesigned 

visualizations. This study was also an opportunity to use a scenario that involved a generative 

model, given the recent prevalence of large language models. 
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a. Visualization redesign 

 One of the challenges in the previous visualizations was that it encoded a lot of 

information in the space of a 2d graph. For each model score on the x-axis, there was a 

corresponding probability of users finding the comment as sexist. When subtracted from 1, it 

would give the probability of users not finding the comment sexist. If we used multinomial or 

ordinal data instead of binary data and additional variables/factors, it could get even more 

complex.  

One way to reduce the complexity might be to show the resulting predicted probabilities 

for one set of explanatory variable values at any given time. This might also eliminate the need 

to represent the probabilities as a continuous curve, which in turn led to the idea of using bar 

charts. If we have a set of covariates x1, x2, … xn , then for a set of values for each x, we can 

represent the probability of 0/1, for each category, or each Likert item as a bar and the 

associated confidence interval as an error bar or whisker at the top (Figure 5.12 for example).  

b. Evaluation Study Rationale 

In this study, I aimed to evaluate the redesigned visualization. I also wanted to account for a 

scenario that involves generative AI (e.g., summary generation or question-answering) rather 

than predictive or traditional AI (e.g., sexism detection). Hence, I decided to adopt an iterative 

design and testing approach to evaluate the visualizations, rather than use the visualizations 

from the formative, qualitative study as a baseline condition. The latter visualizations were 

particularly frustrating for UX practitioners who did not have a technical and/or statistics 

related background. Since the generative AI scenario was more complex, the resulting 

probability curve visualizations could also end up being quite complex. So, I chose to focus on 

evaluating the redesigned evaluations to ascertain whether they improved understanding 

through clear post-task measures.  
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That said, I believe there is still value in using visualizations of predicted probabilities used 

in the qualitative part (Figures 5.3-5.5). They show the shape of the underlying phenomenon in 

one shot. However, that visualization format might not be suitable for analyzing multiple factors 

(which would involve including multiple visualization facets) or for all UX practitioners. Thus, I 

provide a second set of designs and evaluate them in this study. I believe the visualizations put 

forward in this evaluative study might serve as a better way to introduce UX practitioners to 

MLE results and help them get familiar with its ideas before diving deeper (Section 5.5.3). 

 

For this study, I first describe the scenario and data used for the evaluative study and how I 

redesigned the visualizations. In the second subsection, I describe how I designed the evaluation 

task and questionnaires to collect data. In the last subsection, I present the results of the 

evaluation. 

5.4.1 Scenario, Data, and Visualization Construction 

 I selected the use case of summarizing news articles, where UX practitioners would be 

asked to imagine that they work as part of a cross-functional team focusing on reimagining 

digital news consumption. The team has to consider the value in pushing AI-generated news 

summaries to support engaging with broader topics, receiving updates on stories of interest, 

providing entry points for a news article, and avoiding feelings of fatigue. Such a use case would 

require evaluations to ensure that the summaries do not contain factual or false information. 

Human evaluation will not only complement automatic metrics of evaluation (ROGUE, 

BertScore, BLEU) but also provide contextual feedback on these summaries. 

 As part of the scenario, participants were provided the following information about data 

collection:  
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Figure 5.13: The data collection procedure provided to UX practitioners as part of the hypothetical use. 

 

The post-task survey collected Likert ratings (Strongly Disagree, Disagree, Neutral, Agree, 

Strongly Agree) for the following attributes of the news summary: 

1. [INF] Informative: The summary covered the key points of the news article. 

2. [SURR] Surrogate: The summary captured the article well enough to act as a surrogate 

or stand-in. 

3. [ADD] Additional Context: While the summary provided an overview, engaging with the 

original source offered valuable additional context. 

 

The scenario is hypothetical but inspired from [28,94,157]. The following explanatory variables 

were provided: 

1. Article Length 

2. Article Type  

a. Primary Reports: Objective accounts from first hand investigation 

b. Secondary Reports: Opinion based news, features, commentary etc.  

3. Summary Length 

4. News Reading Behavior  

The scenario description details that a UX researcher had coded the open-ended 
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questions in the pre-task survey to identify three news reading behaviors, which is 

included as the final explanatory variable. 

a. Tracker: Likes to stay updated; Spends 5-10 mins per day; Uses skimming or 

scanning techniques to catch up on news 

b. Conversationalist: Likes to read news and read the comments section; Often 

comments and engages in discussion 

c. Reviewer: Likes to read in-depth and thoroughly; Spends considerable time 

reading articles of interest, allocates time for it by possibly saving articles for later 

 

Participants will get to analyze results of running ordinal logistic regression on the three 

attributes (INF, SURR , ADD). Since the objective of the study was not to understand the 

effectiveness of news summaries, the data was generated synthetically by reverse engineering 

from a desired probability distribution. Three different models were fitted using ordinal logistic 

regression in R. 

 

     INF ~ Article_Length + Article_Type + Summary_Length + News_Reading_Behavior (4) 

 

    SURR ~ Article_Length + Article_Type + Summary_Length + News_Reading_Behavior (5) 

 

     ADD ~ Article_Length + Article_Type + Summary_Length + News_Reading_Behavior (6) 

 

I generated the synthetic data such that only article type and length would significantly 

impact ratings of INF and only news reading behaviors would significantly impact ratings of 

SURR and ADD. For INF, UXP would have to analyze the effect of a continuous variable (article 

length) and a categorical variable (article type). SURR and ADD are inversely related. The 

higher a news reader rates the summary as a stand-in, the less they might rate the value of 
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reading the original article. In this case, UXP would examine the effect of news reading 

behaviors (Conversationalist, Reviewer, Tracker) on ratings of SURR and ADD.  

 

 

Figure 5.14: Interactive visualization to view probabilities of rating summary informativeness 

 

For INF, I used predicted probabilities (e.g., What is the probability of a reader 

agreeing/strongly agreeing that the summary is informative if article length = x and article 

type = primary report) and visualized the same using bar charts (Figure 5.14). For SURR, I also 

use predicted probabilities (e.g., What is the probability of a Conversationalist disagreeing that 

the summary serves as a surrogate?) (Figure 5.15). If we have the probabilities for a particular 
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attribute rating for Conversationalist and Tracker, we can make pairwise comparisons by 

calculating the absolute and relative differences in probabilities for the two groups.  

For ADD, I present these differences directly instead of showing the actual, underlying 

probability values (e.g., How much more likely is it for a Tracker to rate Agree for the given 

statement, compared to a Conversationalist?). To visualize absolute and relative differences, I 

adapt a forest plot which is an established method to visualize effect sizes. Participants can 

select two behaviors - a reference and a comparator and generate the visualizations seen in 

Figure 5.16. 

 

 

Figure 5.15: Interactive visualization to view probabilities of rating SURR by the three News Reading 

Behaviors 

 

These three different attributes make up a realistic and sensible use case. They also help test 

various measures and formats of the visualization. The redesigned visualizations better 

emphasize an important aspect of analyzing this data - counterfactual and what-if thinking (e.g., 
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What if article type was secondary reports instead of primary reports? How did the 

probability of ratings change for Reviewers vs Trackers?) [101,113,174].  

After running the models in R and generating the quantities of interest (predicted 

probabilities, absolute differences, relative risks), I designed the visualizations and generated 

them using plotly/Dash.  

 

 

Figure 5.16: Visualization for viewing absolute and relative differences in how different news readers rate the 

ADD attribute. Immediately we can see that there is a positive absolute difference and a relative difference > 1 for the 

Likert rating Strongly Agree/Agree. 

5.4.2 Study Details 

a. Designing the Questionnaire 

Friel et al. [53] present three levels of questions that can be asked to test comprehension of a 

graph: elementary, intermediate, and overall. Elementary level involves extracting basic 

information from the graph. The intermediate level involves finding relationships between the 

data in the graph. The final level involves reading beyond the data to extend, assess, predict or 

make inferences. I adapt these levels to design questions that test comprehension of these 

probability-based visualizations.  

 



127 

 

Level 1: Basic Comprehension - Are participants able to extract information from the 

visualization? 

Level 2: Interpretation - Are participants able to interpret the data and understand trends or 

relationships? 

Level 3: Application - Are participants able to apply the insights to reason about a problem or to 

evaluate solutions? 

 

Attribute Level 1 Level 2 Level 3 

INF 6 2 1 

SURR 3 1 1 

ADD 4 2 1 

Table 5.1 Number of questions of each level for each visualization evaluated 

 

I designed Level 1 questions in a way that participants do not always have to find the 

probability of an event, but also deduce counterfactual data or outcomes that correspond to 

certain probabilities. For example, for INF, participants will have to find the probability of a 

news reader rating Strongly Agree for an article length of 950 words and of type Primary Report 

(Row 1, Table 5.2). But they also need to report which Likert rating has the highest probability of 

being selected if the article length was 1200 words and of type Primary Report (Row 3, Table 

5.2). 
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Attribute Article Length Article Type Likert Rating Probability 

INF 950 Primary Strongly Agree ? 

INF 1100 Primary Agree ? 

INF 1200 Primary ? Highest 

INF 950 Secondary Strongly Agree ? 

INF 1050 Secondary ? Highest 

INF 1200 Secondary Strongly 

Disagree 

? 

Table 5.2 Design of Questions for Level 1 (INF) 

 

Level 2 questions for INF examined if participants understood how article type and 

article length affected ratings of AI summary informativeness. Finally, for Level 3, they were 

presented a case where the team is rolling out AI-generated summaries as push notifications to 

increase engagement on features and opinion articles (secondary reports) and asked how they 

would respond.  

Attribute News Reading 

Behavior 

Likert Rating Probability 

SURR Tracker Strongly Agree ? 

SURR ? Neutral Highest 

SURR Reviewer ? Highest 

Table 5.3: Design of Questions for Level 1 (SURR) 
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Level 2 questions for SURR aimed to understand if the participants are able to rank the 

three behaviors in the order of who is most likely to use the AI-generated summary as a stand-in 

/ surrogate. Again, for Level 3, an open-ended question was posed, asking how the participant 

might respond if there were plans to introduce a summary feed in the home page. 

 

Attribute News 

Reading 

Behavior 

(reference) 

News Reading 

Behavior 

(comparison) 

Likert 

Rating 

Absolute 

Differences 

Relative 

Differences 

ADD Tracker Conversationalist Strongly 

Agree/Agree 

? ? 

ADD Tracker Reviewer Strongly 

Agree/Agree 

? ? 

Table 5.4: Design of Questions for Level 1 (ADD) 

 

 Similar to the SURR attribute, Level 2 questions for ADD aimed to understand if the 

participants are able to rank the three behaviors in the order of who is most likely to find 

additional value in engaging with the original news article. For Level 3, the idea of using 

adaptive designs to better adapt the design based on who is using it, is proposed. Participants 

were asked to determine if they would design for three behaviors separately or cluster any of the 

existing behaviors, or not follow adaptive design at all, and their associated reasoning.   
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These questions aim to get at how participants understand probabilities of certain events 

through visualizations of MLE methods and how they are able to apply it in a specific human-AI 

interaction scenario. Thus, it measures their conceptual understanding. The final page collected 

more subjective feedback on whether UX practitioners considered the tool to be useful for their 

practice, what specific design and UX activities they would use it towards, and how this tool, if 

available, should support them in evaluations of AI systems. I also collected data on their 

experience working in UX, experience working with AI, major of study, and experience with 

quantitative methods. The questionnaire was presented using Qualtrics and links to the 

interactive visualizations (developed using Dash) are available from within Qualtrics. 

b. Study Deployment 

 

After obtaining IRB approval, I circulated the call for participation in relevant mailing 

lists, UX-focused Slack channels, and on professional platforms such as LinkedIn. The inclusion 

criteria did not change between the prior qualitative study and this one. However, I screened 

participants to ensure that they had worked with some kind of UX metrics, any quantitative 

method, and data visualizations before. This prior work experience was defined broadly and the 

participant could have either conducted analyses themselves or interpreted and talked through 

the results with other UX practitioners or collaborators. Instead of raffling for a gift card, all 

participants were provided with a coffee gift card (15 USD).  

28 UX practitioners completed the study, out of which 13 were mixed methods UX 

researchers, 5 were qualitative researchers, 2 were quantitative researchers, 5 were UX 

Designers, 2 were Product Managers, and 1 was a UX engineer. Considering only the 

participants who completed the study in a single setting (22), the average time taken to complete 

was 34.1 minutes. 
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5.4.3 Results 

a. Visualization Evaluation 

INF:  

For INF, most of the participants got all questions correct. For questions testing basic 

comprehension (Level 1), 24 out of 28 participants got all answers correct. Based on the answers 

provided and the fact that they got the Level 2 questions right, it seems likely that the other 4 

participants misread the question (2 participants got the same question wrong because they 

answered with the probability of rating Strongly Agree instead of Agree. 2 other participants 

also got a different question wrong because they answered with the probability of rating 

Strongly Agree instead of Strongly Disagree.)  

 However, 26 out of 28 participants answered Level 2 questions correctly. 2 participants 

stated that the article type (primary and secondary reports) has no effect on ratings of summary 

effectiveness which was not the case. For the Level 3 question, participants recommended that 

the ‘push notifications with AI-generated summaries’ features focus initially on articles that we 

know have a higher probability of being informative, based on the data. They discussed how they 

would use insights from the visualization to convince the team to constrain the feature, collect 

additional analysis on why the AI summaries might fall short, or update the original design.  

 

I might recommend this feature should only be used if the secondary reporting is under 

a certain word count (say, <1000 words), as most users feel the summaries aren't very 

informative as the article grows in length. - P11 

 

Since AI-generated summaries scored as less informative for secondary reports, I 

wouldn't want the reader to walk away with only the AI-generated summary, so I 

would at least want a link to the full article to be included in the push notification. 
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There could also be cues to the reader that the summary should be taken with a grain of 

salt, so to say. Ideally, we would source the primary report as well. - P24 

 

Conversely, a participant wondered if less ratings of informativeness of the summary work well 

for a push notification because it would prompt the user to find out more.   

  

I would recommend a trial period or A/B test of this feature. While AI generated 

summaries are considered uninformative for secondary reports, this does not mean 

that users will not respond to the push notifications. For example, the lack of 

informativeness may prompt them to click on the notification and read more. - P14 

 

SURR:  

 For SURR, 26 out of 28 participants got the Level 1 questions right. (One participant got 

the behavior type wrong when asked which behavior segments had the highest probability of 

staying neutral about this attribute. Another participant got the value wrong when asked for the 

probability of a Tracker rating Strongly Agree.) However, all participants got the Level 2 

question (rank the three behaviors in order of agreement) right.  

 The Level 3 question asked participants to think about the implications of a summary 

feed in the news app. Participants responded with i) questions about the design objective of the 

AI summaries, ii) questions about the size of each reader behavior segment to better inform next 

steps, ii) how to better cater the design to each of the three behavior segments, and iii) more 

fine-grained data on how these ratings change for different genres of news article (global news, 

sports, business). 

  

If the summary feed is designed as the "last stop" - e.g. the reader consuming the 

summary itself is the goal, then focus on trackers, then conversationalists, and avoid 
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reviewers. If it's designed to pique reader interest and act as a funnel entry point, then 

further testing is necessary to see what each group does after seeing the summary. In 

this case reviewers might be an ideal target if it encourages them to click through to the 

full article.  - P26 

 

We should consider triggering (making summary appear) more frequently based on 

user segment (e.g., news reading behavior).  - P5 

 

[We should] only push it for users whose reading behavior matches that of the Tracker-

--doing more of a personalized intervention instead of ruining the experience of 

Reviewer readers through one size fits all intervention. - P18 

 

ADD:  

 For ADD, 20 out of 28 participants got all Level 1 and Level 2 questions right. 3 

participants did not get any of the answers right. The others answered ¾ questions correctly. 

Overall, the number of correct responses was lower for ADD than for INF and SURR. 

Participants noted that it was their first time seeing this kind of visualization and hence was 

more unfamiliar and non-intuitive. To understand what was being compared, the direction of 

comparisons, and the corresponding absolute or relative differences took time and involved a 

higher task load compared to prior visualizations.  

 Given the absolute and relative differences between how readers of different behavior 

segments rate this attribute, the Level 3 question probed how they might leverage adaptive 

designs. Since both Conversationalists and Reviewers would strongly agree that the original 

article provides valuable additional information, it would be reasonable to suggest adaptive 

designs for each of the behaviors, or to cluster Conversationalists and Reviewers together and 
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treat Trackers separately. Out of the 20 participants who correctly answered Level 1 and Level 2, 

7 chose the former, and 13 chose the latter.  

 

Conversationalists and Reviewers show similar behavior to a certain extent. Clubbing 

would allow for an adaptive design for two clusters. - P17 

 

Each of the behaviors place value on different things, and report different levels of 

value for the AI summaries. It would make the most sense, given that there are only 3 

different behaviors, to create adaptive designs catered to each of the behaviors. - P28 

 

The deltas appeared to be significantly more prominent between "trackers" versus the 

other two, and much less so when comparing "conversationalists" and "reviewers" 

directly. - P16 

 

Overall, participants provided the following feedback on the visualizations: 

 Visualizations 

were easy to 

interpret  

Visualizations were an 

engaging way to 

understand the data 

I am confident in my 

responses to the 

questions 

Strongly 

Agree/Agree 

22 25 18 

Neutral  2 2 6 

Strongly 

Disagree/Disagree 

4 1 4 

Table 5.5: Overall feedback from UX practitioners  
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When asked to select visualizations that were easiest to work with, 17 participants selected both 

INF and SURR, 5 selected INF, 4 selected SURR, and only 1 selected all three.  

b. Application for UX and Design Practice of AI 

I also collected participant perspectives on why they thought such MLE-based 

visualizations were helpful at all, how they might use insights derived from them towards 

different UX activities, and what parts of the data collection and analysis process they would like 

to be actively involved in. As shown in Figure 5.17, almost all participants thought the 

visualizations helped simplify complex information about regression results. For this specific 

use case, 18 of them considered it useful to relate user feedback on AI outputs to their behaviors. 

14 of them found value in simulating different scenarios and doing ‘what-if’ analyses. 14 of them 

also thought it was helpful to consider and analyze the effect of multiple factors.  

 

 Figure 5.17: Participant perspectives on why the visualizations were helpful 

 



136 

 

I also wanted to understand how they might use insights from the visualizations towards 

different design/UX activities when working with AI, if such visualization-based tools were 

available. For this question, slicing by role (designer vs researcher) did not lead to meaningful 

differences, but slicing by experience working with AI (beginners vs experts) revealed some 

differences. Experienced UX practitioners thought such visualizations would be most helpful for 

research read-outs, decision-making, followed by triangulating with data from other methods 

and getting stakeholder buy-in (Figure 5.18). More novice UX practitioners thought such 

visualizations would be most helpful for triangulating other methods and improving 

collaborations with technical stakeholders, followed by getting stakeholder buy-in and 

informing decisions (Figure 5.19). It is possible that more experienced UX practitioners were 

familiar with AI and/or established collaborations with AI practitioners, in comparison to 

novice UX practitioners. 
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Figures 5.18, 5.19: Participants’ perspectives on which UX/Design activities would be supported by the visualizations 
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Apart from stating that they would like to test different factors (e.g., news genre), 

participants thought it was important to be part of the data collection process. As Figure 5.20 

shows, not all participants wanted to be involved in running MLE methods themselves. 

However, they found value in understanding the results of these methods. They also wanted to 

play an active role in deciding what outcomes are measured, what factors are analyzed, and 

making decisions based on the results. As P3 said from the prior study, “it’s intuiting what to 

look for”. 

 

 

 Figure 5.20: Participant perspectives on what aspects of the tool’s features they should have access to as the 

UX Practitioner   

 

16 participants said they would recommend such an interactive, visualization-based tool 

to other UX practitioners, and 12 participants selected ‘Maybe’. In a follow-up, open-ended 

question, participants provided feedback on improving the interactions with the visualizations 
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and how to scaffold interpretations of the visualization. Some participants wanted the tool to 

include tutorials and examples to ensure that their interpretations of absolute and relative 

differences were correct. This was important for making the tool as accessible as possible which 

in turn can support collaborations. Participants also thought tutorials and examples would help 

for engaging with non-technical stakeholders or stakeholders who were not as familiar with 

statistics. Others mentioned creating static versions of the visualizations for sharing with non-

UX practitioners. 

Some asked about adding other variables and easy ways to (re-)generate visualizations. 

Another participant mentioned that the questions served as a way of guiding and scaffolding 

them through the different visualizations. A few participants suggested making the visualization 

more reactive to changing the article length on the slider and including options to bucket the 

word length by 10 or 50 words or manually enter an input.  

5.5 Discussion 

Through both studies, I demonstrate how prevalent ways of visualizing predicted 

probabilities can be re-designed to make it easier for non-statisticians to interpret the data 

(Figures 5.12-5/14) and how to fuse smaller, more qualitative analyses alongside analyses at 

scale (Data Viewer - Figure 5.6). The redesigned visualizations were easier to interpret 

compared to what was reported in the formative study (5.4.3). In this section, I discuss how 

visualizing MLE results inform UX practice of AI and design implications for building 

practitioner-oriented toolkits. 
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5.5.1 Utility of Visualizing MLE Results 

 The findings of the qualitative and the quantitative study demonstrate the value of 

visualizing results of MLE methods for human-centered AI evaluations. There are two aspects to 

visualizing results of MLE methods - i) explanations and ii) predictions.  

 

Explanations. Beyond checking p-values to see which factors/independent variables were 

significant, these visualizations show how the outcome/dependent variable is related to them 

[80]. In the first study, participants were able to understand how the model and user 

judgements align with each other. Even if we do not compare user and model judgements 

directly, these methods help understand how and why user judgements differ based on different 

demographic and/or sociotechnical factors. For example, how does user evaluation summaries 

vary based on reading behaviors or how do user judgements of toxicity vary based on personal 

identity? If there are tangible differences, these factors will continue to be in play when we 

introduce AI in these tasks. By running these methods and visualizing the results, UX 

practitioners are able to understand how different factors of interest affect outcomes. This 

understanding is further supported by  what-if and counterfactual thinking [113,174]. 

In the follow-up study, 25/28 participants agreed that this kind of insight would help 

triangulate findings from other methods. This explanatory power can also be leveraged in 

research read-outs (21/28), to get stakeholder buy-in (22/28), while decision-making (25/28), 

and collaborating with technical stakeholders (24/28). 

 

Predictions. The second aspect is predictions (What is the probability of a user-related outcome 

for a particular set of factors?), which helps with simulating future scenarios, evaluating design 

concepts and exploring the design space, and minimizing risk of adverse outcomes. Design 

evaluation would also be possible to some extent by just using varied inputs and corresponding 
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outputs but it can be random and unsystematic [94]. In the interviews, designers were able to 

more systematically explore consequences for low/high probabilities of user ratings or low/high 

model scores. They were able to determine conditions that would make a design concept 

effective or unsuitable. 

 In the follow-up study, there was agreement that these insights would inform decision-

making (25/28), design ideation (21/28), and support stakeholder buy-in (22/28). The number 

of participants who thought it would help during the convergent design phase and with 

evaluating prototypes was comparatively lower (14 and 17 respectively). One possible 

explanation could be that the participants did not do related tasks of selecting between two 

design concepts or evaluating a design idea after interacting with the visualizations. Only 

participants in the qualitative study engaged in thinking about these aspects (5.3.3).  

5.5.2 Judging Effects Between Outcomes and Factors 

The study results also raise interesting implications for interpreting expected values / 

predicted probabilities, absolute differences, and relative differences. Commonly used effect 

sizes such as Cohen's d have associated guidelines for interpreting it and what values constitute 

a small, medium, or large effect [26]. But what thresholds might we set for predicted 

probabilities when making decisions? For absolute differences, a positive difference shows 

higher probability, while a negative difference shows lower probability. With absolute and 

relative differences, the confidence interval should not include the 0 and 1 respectively, for the 

effect to be significant. But there are no precise guidelines for comparing between two 

significant values of absolute or relative differences. 

Ortloff et al. 's [111] study presents an interesting relationship between the scenario and 

judgement of effect sizes. They presented scenarios related to Security/Privacy and a scenario 

related to Work/Productivity improvements. Though the authors hypothesized that for the same 

numerical value, researchers might estimate the effect to be qualitatively larger if the context is 
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related to Security/Privacy than when it is related to Work/Productivity. However, only some of 

their participants did so, while others set similar thresholds for effect sizes despite the very 

different implications of both scenarios. Participants of the study (HCI researchers) leaned more 

on the study context to judge effect sizes if they were not experts in statistics. For others, judging 

effects in more areas like medicine or clinical decision making was more critical than the 

presented contexts. For my own study, if participants had been provided both use cases (sexism 

detection and AI-generated news summaries) and similar types of effects (actual probabilities or 

differences), then we could have observed differences in interpretation. The use cases presented 

can vary on the ‘UX’ spectrum and/or on the ‘Responsible AI’ spectrum. Apart from the use 

case, sample size, confidence intervals, and statistical experience of the practitioner can also 

influence interpretations and judgements [111]. Future work can help explore these aspects 

(especially confidence intervals) further and more widely among practitioners working in the AI 

space. It is also important to focus on how these judgements feature in and support 

collaborative discussions, negotiations, and decision making in a cross-functional team setting. 

In the studies I conducted, I did observe that making comparisons helped participants 

judge implications of these effects to some extent. For example, Conversationalists and 

Reviewers are 2 and 3 times more likely than Trackers to find more value in the original news 

article. But a few participants made comparisons between Conversationalists and Reviewers 

(1.25 times) and decided to cluster them. However, others who did not report making that 

comparison also happened to treat them as distinct behaviors. The Data Viewer in the 

qualitative study also helped to an extent (5.3.3.b). Participants decided on an arbitrary 

threshold for user probability of finding comments sexist. Then on examination of actual 

comments that fall under that region in the visualization, they adjusted the thresholds. Sexism 

can be viewed along many dimensions - profane, hostile, subtle, sarcasm and so on. Based on 

the design idea they were working with and the kind of sexism they were seeing in the 

comments, participants refined probability thresholds.  
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5.5.3 Designing Practitioner-Oriented Toolkits 

 UX practitioners come from diverse backgrounds and have varying skillsets. In the 

formative study, UXP displayed varying levels of ease in working with the visualizations (5.3.3), 

In the evaluative study, though 26/28 participants got interpretation of INF and SURR 

visualizations correct, 8 participants did not find the ADD visualization (representing absolute 

and relative differences in a forest plot) as intuitive. Thus, when designing tools for UXPs and 

other stakeholders, two design principles are important: designing for different fidelities and 

progressive disclosure. Practitioners who are not as familiar with statistics or probabilities 

should be able to get high level insights with minimal friction. We cannot eliminate difficulty 

altogether because this analysis does require them to question, understand, and critique what 

they are seeing. But we should remove unnecessary challenges in this process. Instead of 

overwhelming or increasing the workload for practitioners, progressive disclosure will help ease 

them into the task and support learnability as well. As one participant rightly pointed out, the 

questions in the evaluative study served to scaffold participants’ explorations and enabled them 

to arrive at key takeaways (direction of the effect between a factor and an outcome). For a 

practitioner-oriented toolkit, similar approaches can be used for scaffolding and progressing 

through the analysis, and verification of interpretations.  

  Once UXP were exposed to visualizations from running certain models, they got curious 

about other factors and expressed interest in testing them as well. Using open-source packages 

provides options for computing expected values / predicted probabilities, absolute differences, 

and relative differences. Thus, the practitioner-oriented toolkit should provide a front-end for 

triggering new analyses and viewing the results as visualizations (similar to [78]). It might be 

easier to decide what visualization to use based on a set of if-then rules, which will depend on 

the number of independent variables and their data types. However, robust evaluation of the fit 
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of the model (goodness of fit) can be trickier. MLE methods require larger sample sizes and 

most measures of goodness of fit are relative [139]. 
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Chapter 6: Discussion 

 Through this dissertation, I make both empirical and design contributions. In my first 

study, I interviewed 14 UX practitioners to uncover challenges of designing with AI and 

collaborating as part of cross-functional teams that involved AI researchers and practitioners. 

This study raised several directions for future investigations and thus was formative in 

informing this dissertation work. One of these directions was analyzing the practitioner tools 

designed by academic and industry researchers to better tackle the challenges of developing 

human-centered and responsible AI systems. Specifically, I analyze who the intended users of 

these tools are, what aspects of AI work they seek to inform, and how the tool supports 

interdisciplinary collaborations often required to develop AI systems. This inquiry led to the 

construction of a design space that captures the important dimensions of tool design and the 

spirit of the tool in promoting collaborations. Through this work, I argue that tools that better 

account for and enable interdisciplinary communication and collaborations (such as UX-AI 

collaborations), when and as needed, can help its users (i.e., the practitioners) build human-

centered and responsible AI systems. For example, some model training details can be 

extraneous to a UX professional (example: learning rates, epochs) but some are vital to 

approaching the design of the product incorporating the model. Information silos through team 

structures or tool features introduces challenges to downstream processes of designing and 

developing the AI application.  

   The second direction of inquiry was related to evaluation approaches that bridge HCI 

and AI. My objective was to adapt the Maximum Likelihood Estimation methods which proved 

to be useful for comparing user judgements and model outputs in the case of a politeness and a 

toxicity-detecting classifier [67,106]. To make these methods transfer easily for UX practice, I 

created interactive, visualization-based tools and tested it to see how UX practitioners 
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conducted analyses and made inferences (Chapter 5). These visualizations make it easier to 

understand inferences about how user and model judgements align, which in turn helps the 

UXP gain insights at scale.  

In this discussion section, I connect the threads between the three studies, offer 

implications for designing collaborative tools based on MLE methods, and conclude with 

directions for future work. 

6.1 How do MLE toolkits help address challenges raised by UX 

Practitioners in the interview study? 

In Chapter 3, we saw UX practitioners bringing up the challenge of reinforcing a user-centered 

lens when evaluating AI products and tackling output and scale complexities.  

 

“One of the challenges I see regularly in my space is we don’t have the tools to test the 

algorithm, the output of the algorithms. Now I can see it has 95% confidence. Right? It 

is working, but I don’t know what people are being shown. I am generalizing it a lot - 

but we don't always have the tools to see how our model is performing in prod. Because 

if you are shipping a model that you know, you are affecting 1000, 3000, 10000 people 

on a daily basis - It’s harder to see what the impact is. You either need tools that are 

going to do it, automated tools which - I don’t know how that will be done. Or you have 

to take the qualitative approach as someone spot checking it.” - P3 (Chapter 3) 

 

P3 also raises an important point about mixing smaller scale qualitative methods with larger 

scale quantitative methods. For her own case of evaluating chatbot transcripts, she added, “And 

there was one of me looking at 100 transcripts a day. And we were doing tens of thousands of 

them a day. That is what I mean by scale''. P11 also highlighted the importance of validating 
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feedback and perspectives at scale (“How do you more quickly test or get qualitative and 

quantitative feedback at scale?”) (Chapter 3). Researchers have also raised the need for mixed-

methods tools to bridge RAI evaluation efforts across different cross-functional partners [37] 

and to conduct end-user algorithmic audits [36,37]. Qualitative analyses are also increasingly 

recognized as vital for AI practitioners to conduct LLM evaluations [7]. 

 The research done in Chapter 5 is a response to these needs and challenges. I designed 

for communicating MLE results through visualizations in such a way that it would still retain 

and combine the qualitative aspect (through the Data Viewer - 5.3.2, 5.3.3). Qualitative methods 

are instrumental to gain a deeper understanding, but UX practitioners also need ways to test 

insights at scale and get stakeholder buy-in. Future evaluation tools should similarly incorporate 

features for conducting mixed-method analyses.  

 

Another UX practitioner said the following when asked about what model information she 

would like to receive,  

 

“Maybe just a simple demo, of how the model works if we put in this, this is what we're 

getting from the model, and then this is the limitation. Also, when we're testing, is there 

anything that we should be aware of? Sometimes the model doesn't work for all our 

users. So that is also a constraint that I would want to know, because that would affect 

the users that I'm recruiting and talking to, and maybe it works better for certain 

groups of users in this area. So that is something that will be helpful.” – P9 (Chapter 3) 

 

P9 was concerned about differential impact for end-users and wanted to account for that 

in her user research sessions. Liao et al. ‘s work [94] also shows that UX practitioners need to be 

able to discover and test impacting factors that can potentially affect the user experience of an 

AI system. Only then can they engage in divergent and convergent design stages. That is, the 



148 

 

capabilities of the model can help with ideating different concepts [94]. However, understanding 

how different factors impact the UX can help select between different concepts or explore 

conditional designs [94]. The MLE toolkits can help UX practitioners analyze how user 

judgments of model outputs vary, or how user and model judgements align. They can also 

inspect how these judgments vary with respect to different sociotechnical factors. In Chapter 5, 

the formative and evaluation study support Liao et al. ‘s [94] findings on model information 

needs for UX practitioners by situating the use of MLE visualizations in design-related tasks. 

 Similarly, prior work has raised the need to involve end-users in algorithmic auditing 

efforts as external auditors may be smaller in number and may not share the same background 

or experiences as the end-users [36]. But a key challenge for UX practitioner is to play the 

numbers game as most organizations place an emphasis on quantified results. UX practitioners 

in the interview study also noted challenges in reconciling user-centric outcomes with metrics of 

model performance. Deng et al. [36] propose leveraging strategies of “tactical quantification” 

(originally proposed by Irani et al. [72], when presenting Turkopticon) to advocate on behalf of 

the end-user and get stakeholder buy-in. Though I have not empirically verified it, I believe MLE 

toolkits have the potential to be used for tactical quantification – a tool through which UX 

practitioners can advocate for end-users by leveraging numbers (specifically probabilities). 

 In the formative and qualitative study, I observed that a few practitioners struggled with 

the visualizations shown. My initial hypothesis was that UX designers struggled more than UX 

researchers. However, that was not the case. It was rather familiarity with statistics, probability, 

and whether they came from a technical background. Participants who did not check these 

boxes requested summaries or takeaways from the visualization before drilling down. Another 

designer however wanted to be able to direct what they were looking at.  
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Challenge 
 

Reference 
 

MLE Toolkit 

Reinforcing a human-

centered lens on AI 

evaluation 

Interview study, Chapter 3 
 
  

User judgments on AI 

outputs are the object of 

analysis. 

Tackling scale, while still 

leveraging qualitative 

methods 

Interview study, Chapter 3 
 
Deng et al. [37] 

Supported by the design of 

the Data Viewer, where UX 

practitioners could see 

comments alongside 

probability curves.  

Conducting user-centered 

algorithmic audits 

Deng et al. [36] When the right factors are 

selected, the MLE 

visualizations can also be 

useful in conducting user-

centered algorithmic audits. 

Uncovering and testing 

factors that impact UX 

Interview study, Chapter 3 
 
Liao et al. [94] 
 

With MLE methods, factors 

of interest can be tested by 

UX practitioners by adding 

them as explanatory 

variables. 

Understand risks and 

benefits of different design 

alternatives 

Interview study, Chapter 3 
 
Liao et al. [153] 
 
Yildirim et al. [153]9/5/25 
11:38:00 AM 

UX practitioners simulated 

design concepts by using 

probabilities of a user 

outcome, gleaned from the 

visualization. 

 
Table 6.1: A summary of how the MLE toolkit helps address different UX/Design challenges raised in Chapter 3 and 

other prior work. 
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“If it’s just about answering questions, yeah, I would be happy with a report. But it's 

not just answering the questions - It's also intuiting what to look for. It is UX that will 

have perspectives that other functions don't have. So that makes me want to be 

involved in this process so that we are thinking about it holistically and not just focused 

on metrics that other functions are focused on.” – P3 (Chapter 5) 

 

However, leveraging progressive disclosure and including sensitizing examples and rubrics, can 

go a long way in helping UX practitioners from different backgrounds find value in the MLE 

toolkit.  

  

6.2 Revisiting UX-AI Collaborations and The Design Space - The 

Case of MLE Toolkits 

 
Let us consider the hypothetical use case of AI-generated news summaries to deliberate 

how practitioner-oriented toolkits can support interdisciplinary collaborations, specifically 

between UX and AI practitioners.  

The first step involves constructing a dataset of news articles, generating AI summaries, 

and collecting automation and human metrics of the summary’s effectiveness. AI practitioners 

may use human feedback on AI-generated news summaries as a ground truth and measure how 

correlated these are to automatic metrics (ROGUE, BLEU, BERTScore). Additionally, they 

might run tests for evaluating performances across different summarization techniques 

(extractive vs abstractive) and different language models, and for verifying if the summaries are 

factually grounded. While the underlying data collected can be useful and important for UXP to 

know, UXP will focus on different questions to inform human-centered design of the 
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application. The scenario used in the study (5.4) provides examples of questions that UXP will 

primarily be interested in (What factors influence differences in how AI-generated summaries 

are rated?). How can we provide access to the same data but enable analysis of how various 

factors impact user feedback? This can be made possible by adopting a groupware design which 

ensures access to shared information objects. However, because the nature of inquiry is 

different, we should tailor the interface, interactions, and functionality accordingly [60]. This 

tailoring should involve a knowledge recontextualization, rather than simple, UI-level changes 

[2,60]. A groupware system that fails to account for an individual or a group’s role and skill 

based requirements and provide commensurate components may also fail to achieve critical 

mass [60–62]. The other design spirits for collaboration (core practice & communication, 

community of practice, or visibility & bridging) do not fit here because they do not have 

provisions for tailoring and personalization in ways that groupware systems have traditionally 

provided. An interesting line of inquiry here would be to evaluate whether the availability of 

such MLE methods (and visualizations) addresses communication challenges between UX and 

AI practitioners and helps build a shared understanding (Chapter 3).    

6.3 Conclusion and Future Work 

In summary, my dissertation has contributed a qualitative formative study on the different 

challenges UX practitioners face when designing with AI, a design space of how practitioner 

tools support different forms of collaboration, and evaluation approaches that bridge HCI and 

AI. In future work, I hope to continue this line of research. An important limitation of this work 

is that I focused only on UX practitioners to describe collaborative and organizational challenges 

from their perspective.  I also draw implications for designing collaborative tools but have not 

included the perspectives of AI practitioners. Doing so is important to uncover their 

perspectives and any barriers they may face for collaborating with product/UX functions but 

will be covered in future work. I would also like to expand my focus to study other collaborations 
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(e.g., domain experts, UX practitioners, AI practitioners / UX practitioners, AI practitioners, 

policy experts). Such an inquiry would provide more insight into how multiple stakeholders 

collaborate over AI design and development and help expand the design space.  

 In this work, I also contributed empirical insights into how UX practitioners interpret, 

understand, and apply insights from interactive visualizations of MLE results. I hope to design 

and evaluate other tools that can help UX practitioners adapt foundation models for specific 

downstream use cases in my future work. In future work, I plan to split my focus between UX 

designers and researchers. For example, UX researchers might be more interested in how 

Reinforcement Learning from Human Feedback (RLHF) is increasingly used as technique to 

ensure human-AI alignment by training the base model on responses selected by the human. Is 

RLHF the new UX for conversational AI experiences? How might we enable UX practitioners 

and other domain experts to participate in RLHF and inspect improvements in model behaviors 

and alignment? These are some questions I hope to tackle as part of future work.   
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