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Abstract

Artificial intelligence (Al) is increasingly integrating into everyday life, with significant po-
tential to transform healthcare and scientific research. These fields offer unique opportunities
for societal benefit—including improved health outcomes, climate adaptation, and acceler-
ated scientific discovery—but successful integration of Al requires a sociotechnical approach
that takes into account human norms and practices. This thesis explores how Al can be
designed and deployed in human-centered and inclusive ways, particularly for historically
marginalized communities. Through three case studies, I investigate Al’s role in real-world
settings: (1) examining how Black older adults socially relate to an Al voice assistant for
home exercise, (2) analyzing the adoption of the first generative Al chatbot in a U.S. na-
tional laboratory from an organizational perspective, and (3) developing a participatory Al
system for climate adaptation that integrates community-driven data. This work contributes
to understanding how to design effective and inclusive Al systems in science and healthcare

settings.
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PREFACE

I want to begin by explaining my positionality in relation to the research in this thesis. I
started my career as a software engineer at a large tech company, where scale and productivity
were core drivers of the products developed. I realized much of the tech industry was built
around these concepts, since they can lead to successful businesses. I wanted to know what
kinds of technologies were not being built due to this focus. I was not satisfied, however,
with work critiquing the tech industry by pointing out flaws without proposing other ways
of building. I felt that the space of possible artifacts and sociotechnical configurations was
larger than what was presented with the current set of available products. Also, as a white
woman, I wondered about the lack of gender and racial diversity in the US tech sector and
how this played a role in limiting the kinds of products and businesses that got built.

To answer these questions, during my MS at MIT in Comparative Media Studies, I
dug into the ideology and logic underlying much of the tech industry, explored alternatives,
and developed a strong theoretical basis for building technology grounded in feminist ideals
[200]. T called this theoretical framework relational engineering, defined as “a technology
design ethos that prioritizes the development of caring relations in a sociotechnical system
throughout the lifetime of the artifact/system... This mindset encourages designers to craft
relations as opposed to objects.” In my MS thesis, I argued that approaching technology
design this way would yield different outcomes than those traditionally found in the tech
industry. While I had several examples, I did not have time to actually try to run a full
project guided by relational engineering.

For me, a PhD in Computer Science was a chance to test relational engineering as a
framework from first principles. Shielded from the need to produce profitable products, was
it possible to create technology by centering the development of caring relations? It was
important for me to understand this in the context of messy, real-world settings since I
wanted to know if building technology this way could work outside an academic context.

X



Al has been a particularly interesting technology to me for a long time because of its
tendency to enmesh so deeply with human social structures. Humans constantly create social
structures that influence how we act; some structures are temporary while others are lasting,
such as those formalized into institutions. AI that can mimic human communication (e.g.
speech) insert themselves into these structures by adopting an identity that other social actors
then perceive and relate to. Al infrastructure also intertwines itself by collecting the traces
made by humans and machines (data), reconfiguring it, and codifying some configurations
and not others. In my MS thesis, I also developed the theoretical groundwork for building
equitable and inclusive Al systems by defining a social machine model [200, 201]. Building
on relational engineering and the social machine model, I wanted to understand if it would
be possible to design Al systems that benefit human social structures through caring human-
machine relations.

At the beginning of the PhD, with my theoretical framework in hand, I was faced with
the task of figuring out where to build and who to build with. After exploring a number
of directions, I settled on focusing on applications in science and healthcare. Of all the
ways Al is changing sectors, I felt (and still feel) that some of the most societally important
breakthroughs will come from applying Al to healthcare and scientific research.

After four years of applying a relational engineering perspective, I have found that while
it is hard and time consuming it is also possible and rewarding. Moreover, I have been able
to (viscerally) understand how it presents a strategy not only for building technology, but for
collaborative worldbuilding. This thesis presents the academic findings from the research.
But I also want to acknowledge the power of knowing in my gut I can create new technology

(and micro worlds) starting from care and relationship building.
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CHAPTER 1
INTRODUCTION

Artificial intelligence (Al)—including technologies such as machine learning (ML) and large
language models (LLMs)—is “reaching out” of research labs [13| and becoming increasingly
integrated into the lives of everyday people. While there are many possible applications of
Al in the real world, healthcare and scientific research present particularly appealing op-
portunities because improving healthcare and advancing the rate of scientific discovery has
the potential to provide direct benefits to society such as mitigation of disease, adaptation
to climate change, and acceleration towards the use of renewable sources of energy. While
advancements in these areas require technical innovation and the deployment of new tech-
nologies, these are situated within social contexts that must support and adopt the technical
changes in order for them to be effective. Therefore, as we consider the possible transfor-
mative future of Al in science and healthcare, it is critical to understand and design for
this change through a sociotechnical and human-centered lens. Moreover, to ensure these
benefits reach everyone in society, it is important to understand how people from historically
marginalized backgrounds can be included in the transformation. This is because histori-
cally marginalized groups have often been ignored when designing new technology—or worse,
harmed by it—and there is less research on perspectives from these groups (see e.g.[72, 18]).

In this thesis, I document three projects where I investigate the integration of novel Al
systems into healthcare and science applications using methods from the field of human-
computer interaction (HCI), while paying particular attention to the inclusion of historically
marginalized voices in these systems. Taken together, these projects provide a series of case
studies for integrating Al into real-world healthcare and science scenarios using a sociotechni-
cal, human-centered perspective and with an emphasis on building inclusive systems. In the
first project, I study the deployment of an Al voice assistant to support Black older adults in

exercising at home. In this study, I look, in particular, at how participants related socially to
1



the Al personality and argue that this social relationship informs participant willingness to
listen to the health advice from the Al In the second project, I study the initial deployment
of generative Al in a U.S. national lab and outline both use cases and risks. Here, I take
an organizational perspective and study adoption by both the Science and Operations sides
of the lab since these are both important to the day-to-day success of scientific research.
In the third project, I design and build a participatory AI system for climate adaptation
that simultaneously collects community-based data for inclusion in climate ML models and
provides an interface for community members to directly benefit from this data. My thesis
both contributes to academic research and has real-world impact.

In the remaining sections of the Introduction, I will provide a background on sociotechni-
cal and human-centered design, why these methods apply to science and healthcare contexts,

and give a chapter outline.

1.1 Background on a Sociotechnical and Human-Centered

Approach to AI System Design

This thesis uses a sociotechnical perspective on human-centered technology design in order
to make the design of Al systems more inclusive and beneficial. In this section I will define
what a sociotechnical system is and how it relates to human-centered design and similar

design theories, and how these apply to the design of Al systems.

1.1.1 Sociotechnical Systems Thinking in HCI

A sociotechnical system is an assemblage of the social and technical. Technical artifacts
involved in a system might include objects such as an iPhone, as well as computer code, Al
models, rare earth minerals, and more; social aspects of the system include cultural norms

and values, power dynamics, and other forms of social relations [52]. An important part of



a sociotechnical systems perspective is understanding that the technical aspects of a system
influence the social aspects, and vice versa. That is, the social and technical are mutually
shaping [201]. As an example, the introduction of the mobile phone was influenced by
existing ways that peopled interacted through voice, and the technological development of
texting in turn shaped interpersonal communication norms and practices [16]|. Introducing
a new technology into any sociotechnical system will send ripple effects throughout.
Sociotechnical thinking has been woven into HCI, computer-supported cooperative work
(CSCW), and related disciplines. One way that sociotechnical ideas entered HCI was through
participatory design, particularly in Scandinavian approaches that emphasized democratic
involvement in technology development [70]. At the same time, CSCW researchers recog-
nized the need to address both technical and social aspects of systems in the workplace (later
branching into other domains). Scholars like Lucy Suchman challenged traditional cognitive
models in HCI by emphasizing the contextual and social nature of human-computer interac-
tions [187]. In the early 2000s, researchers began explicitly framing HCI as a sociotechnical
problem. For example, Mark Ackerman highlighted the gap between social needs and techni-
cal feasibility [4]. More recently, sociotechnical thinking in HCI has informed work on critical
computing, Al ethics, and justice-oriented design. For example, Paul Dourish has explored
embodied interaction [65] and Sasha Costanza-Chock has studied how systems reinforce and
challenge power structures [49]. This thesis takes sociotechnical thinking beyond reflecting
on existing systems towards seeking to apply this way of understanding technology in the

design of new systems.

1.1.2  Human-Centered Design and Related Frameworks

The field of HCI has been built around the idea that technology should address real human
needs, and not simply proliferate cool gadgets. In the 1980s, Don Norman coined the term

“human-centered design” as a way of focusing designers’ attention on the needs of the end



user rather than becoming overly fixated on technological capabilities. This concept was
further popularized in his book The Design of Everyday Things [128], where he emphasized
the importance of usability, cognitive affordances, and intuitive design. A human-centered
design framework begins by asking what people need or want and then shaping technology
accordingly, rather than forcing users to adapt to poorly designed systems. The process
typically involves iterative design, user research, and testing to ensure that technology aligns
with human behavior.

More recently, scholars have pointed to the fact that Don Norman’s original conception
of human-centered design focused on usability by a singular end user, and did not factor in
values beyond usability such as equity and inclusion and as well as broader sociotechnical
impacts. Numerous design frameworks have been developed that offer strategies for empha-
sizing inclusion, equitable power dynamics, and reimagining the role of designed objects.
For example, participatory design integrates stakeholders into the design process and has
evolved into human-centered and inclusive design approaches [49]. Value-sensitive design
(VSD) highlights how designers’ biases can be embedded in the technology they make and
offers strategies and tools for designers to recognize this and reduce bias |74, 75]. Critical
and speculative design are methods for challenging societal assumptions through conceptual
artifacts, for example via designing objects that might exist in a science fiction future as a
way of imaging and questioning that future [67] or using objects for political critique and
democratic engagement [64|. Finally, feminist and justice-oriented design approaches, such
as critical fabulations [158], feminist HCI [14, 15], data feminism [69], and design justice [49],
work to reshape narratives, expose inequalities, and advocate for restorative design practices.

Building on work on sociotechnical systems in Science and Technology Studies (STS) and
inclusive design frameworks such as feminist HCI, I have argued in prior work that it is critical
to approach design and engineering problems by centering the relationships built throughout

the process as opposed to simply the artifact [201, 200|. In other words, starting from the



perspective that the relations are the primary design focus. These relations encompass not
just the relationship between the end user and the final artifact, but the relations developed
along the entire life cycle of the artifact from conception through deployment. This differs
from most of engineering practices that exclusively center the final object and its use by a

primary end-user.

1.1.3  Applications to Al System Design

Building on the idea of “human-centered design,” scholars have argued for “human-centered
AT” (see e.g. [175, 9]) that reinforces the idea that AI must be designed not just for efficiency,
but with regard to its users and social contexts. Human-centered Al has evolved from a desire
to produce systems that do not cause harm and that add value to human lives; examples
include diverse issues such as mitigating bias in AI, Al-powered disinformation campaigns,
realizing business value from generative Al, and existential threats posed by Al [214]. A
review article on human-centered Al literature found that papers on this topic could be
grouped in four main categories: 1) explainable and interpretable AI, 2) human-centered
approaches to design and evaluate Al, 3) humans teaming with Al, and 4) ethical AI [41].
Sociotechnical studies of Al emphasize Al as a product of political, economic, and social
forces. Scholars in this field have critically examined how Al systems shape and are shaped
by broader societal structures, exposing issues related to power, labor, surveillance, and
environmental impact (e.g. [86, 51|). For example, Kate Crawford’s Atlas of AI [51] maps
how Al depends on extractive processes such as mining rare earth minerals, exploiting low-
wage labor, and harvesting massive amounts of data to reveal how Al’s development is tied
to histories of colonialism, capitalism, and inequality. She critiques the idea of Al as an
autonomous system and instead frames it as a sociotechnical network driven by human and
institutional interests. Other sociotechnical critiques of Al explore themes such as racial

inequities |18, 34, 127| and socioeconomic inequities [72, 86| that reinforce existing patterns



of marginalization.

This range of scholarship on human-centered and sociotechnical Al begs the question,
what is AI? While there is no singular definition and it is context dependent, for the purposes
of this thesis I will use the following two-part definition. First, Al is a system that instantiates
a function. In other words, an Al system has an input, processes that input using an
algorithm, and has an output. Included under this umbrella is rule-based AI, machine
learning, and large language models. Second, Al is a system designed to interact socially
with humans. Examples of social interaction might include human-Al interfaces such as
chatbots as well as sociotechnical interactions such as human data collection mechanisms for
AT systems or Al-assisted decision-making systems. Due to the ambiguity of the term Al, in
prior work I proposed using the term “social machine” instead and argued that considerations
of equity and inclusion should be central to designing social machines: a “social machine”
is “an object that s designed to construct and engage in social relations with humans, and
that has been crafted with careful attention to issues of agency, equitability, inclusion, and
mutuality” [201]. In this thesis, I build on this prior work and continue to advocate for
designing social machines that are equitable and human-centered. I use the term Al instead

of social machine since it is more widely used in current academic literature.

1.2 Human-Centered Al in Science and Healthcare

Al particularly machine learning (ML), has become increasingly important in science and
healthcare. Researchers are using Al to find patterns in genome datasets, understand inter-
actions between subatomic particles, and discover new drugs (e.g. [182, 194, 8]). However, as
Al systems become more deeply embedded in scientific and healthcare workflows, they are no
longer just analytical tools but can be part of decision-making and discovery processes. This
shift makes human-centered Al essential for ensuring these systems are effective, trustworthy;,

and aligned with human needs.



As discussed in the prior section, AI operates within complex sociotechnical systems
and this is also true in science and healthcare contexts where social norms and practices
shape outcomes. In healthcare, for example, Al can complement human clinical judgment
in diagnostics and treatment (e.g. [17, 38, 39, 73, 97, 135, 215]). In scientific research, Al
models might influence how knowledge is produced or automate scientific workflows (e.g.
[182, 194, 8, 62, 115, 150, 164]|). In addition, Al systems increasingly rely on sensitive
human data, such as patient records, biomedical images, and clinical trial results. This raises
concerns about privacy, bias, and fairness, particularly for groups who have been historically
underrepresented in medical research and may experience disparities in AI models and their
applications (e.g. [34, 43]). Given the vast domain of science and healthcare, more work is
needed in order to understand how to apply Al in these areas as effectively as possible in
ways that compliment and benefit humans.

To expand the body of research on sociotechnical approaches to Al design in science and
healthcare, I focus on three case studies in this thesis. These case studies can be segmented
by three sociotechnical contexts: the home, the organization, and the community. My first
project is situated in the social context of the home: I examine how Black older adults use
a voice assistant for exercise at home. The home is a unique social context because people
typically consider it private space where they can be themselves and act on the norms and
cultures they are most comfortable with. When the telephone was first introduced to the
home, people became concerned because it created a direct line for the outside/public world
into the private sphere of the home [119]. In this project, I pay particular attention to
how people relate to a conversational Al agent in their home and privacy concerns they
may have. My second project is situated in an organization focused on scientific knowledge
work. Organizations are social entities that have their own cultures, norms, and practices.
Organizations are sociotechnical because they are assemblages of these social relations along

with numerous technical artifacts that influence and mediate social relations. Understanding



how generative Al is impacting scientific knowledge work from an organizational perspective
can influence how this type of Al is designed in ways that make the scientific process more
efficient. Lastly I focus on the social context of a community. There are many kinds of
communities; in this work I look at a co-located community representing a neighborhood on
Chicago’s South Side. In this case study, climate scientists are building AI models to simulate
weather/climate in the neighborhood and are interested in community-sourced data. This
project deals with the complexity of building Al systems with communities and what needs
to be done to ensure the models, and data collected, ultimately benefit the people in the
community. While these case studies focus on specific groups at the home, organization,
and community level and do not provide representative large-scale samples, they are able to
deeply interrogate what it means to build science and healthcare Al in social contexts and

the insights and contributions of each project are broadly applicable.

1.3 Chapter Overview

In Chapters 2—4 I report on three case studies focused on a human-centered approach to Al
for science and healthcare. These three projects illuminate ways human-AT interaction can be
understood and improved in healthcare and science settings. Namely, the first two projects
highlight ways in which human-AT collaboration is nuanced and getting these relationships
right in the design of systems will impact their efficacy and usefulness to ultimate goals
in health or science. The third project shows that designing beneficial participatory Al
systems is challenging and time-consuming, but can lead to meaningful multi-stakeholder
benefits if well-executed. In Chapter 5 I provide directions for future work and summarize
the contributions of this thesis.

In Chapter 2, I look at human-AI interaction in healthcare with a focus on Black older
adults using a voice Al at home for exercise. I led a team that studied an existing conversa-

tional Al program designed by medical researchers to help older adults exercise at home using
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an Amazon Echo Show (Alexa) device. The medical researchers ran a clinical trial where one
participant group has access to the exercise program (called EngAGE) on the voice assistant
device while the other group has the same exercises in a paper packet. The trial specifically
focused on Black older adults in lower-income neighborhoods around Chicago. Our team
conducted two qualitative studies (N=34 total), one before and one after the clinical trial,
to understand 1) how participants socially related to Alexa and how this informed their use
of the device for health, and 2) what factors motivated participants to exercise and which
of these factors derived from the voice assistant device versus broader sociotechnical factors
such as support from friends and family. Overall, this research showed how a conversational
voice assistant can augment health motivation for some (although not for others who relate
to the virtual agent as a stranger or intruder), but human social support and other sociotech-
nical factors are still critical. This is important as health advice and personalized healthcare
may increasingly be communicated through AT agents.

In Chapter 3, I report on a study of the deployment of a generative Al chatbot in a
professional science research organization [202]. For this project, I led a team that used
an organizational perspective to study the rollout of the first generative Al chatbot to Ar-
gonne National Lab in order to understand both use cases and risks. We conducted a survey
(N=66) and interviews (N=22) with employees across Science and Operations roles at Ar-
gonne to understand how generative Al is shaping knowledge work in this context. Given
the confidential nature of some national lab research, we pay particular attention to concerns
surrounding privacy, security, and ethics in this setting. This research showed that profes-
sionals in a science organization are increasingly using generative Al, that these use patterns
fall into either a copilot or workflow agent modality, and that there are a number of features
specific to science organizations in particular that are at risk with generative Al such as
the need to maintain public trust. These findings are important because generative Al is

rapidly being integrated into workplaces, including science organizations, and this research



can contribute to shaping how the technology will evolve along with the guardrails that are
needed.

In Chapter 4, I led a team that collaborated with professional climate scientists and a
community non-profit in Chicago to use a human-centered design process to construct a par-
ticipatory Al system. The project built on an existing initiative at Argonne National Lab
to develop hyper-local climate Al models designed specifically for Chicago neighborhoods,
which involved placing weather station nodes in these neighborhoods. We wanted to inves-
tigate how Chicago communities, particularly those that have been historically overlooked,
could participate in, and benefit from, these climate models. To do this, we embarked on
a complex, multi-year process to build relationships with, and align, key stakeholders in
climate science and community organization. Climate concerns in Chatham are also public
health issues because, for example, flooded basements lead to mold and poor air quality
exacerbates conditions like asthma. Through many discussions, in-person events, interviews
(N=15), and focus groups (N=62) throughout the course of over two years led to the de-
velopment of a flood reporting app for the Chatham community. The app’s primary goal
was to benefit the community by allowing residents to report street and basement flooding;
the community non-profit we collaborated with owns and controls the data collected. In
addition, an anonymized version of the data collected can improve the climate AI models
being developed by scientists. This project contributes insights on the limits and benefits of
developing participatory Al in a real-world science setting.

In Chapter 5, I will review the contributions of this thesis and provide directions for
future research. In particular, I will discuss future work in designing culturally-sensitive
interpersonal relations with Al, developing copilots for organizational information retrieval,

and fostering collaborations with community data partners.
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CHAPTER 2
EXAMINING BLACK OLDER ADULTS’ PERCEPTIONS AND
USE OF DIGITAL VOICE ASSISTANTS FOR EXERCISE AT
HOME

2.1 Introduction

In this chapter! I discuss a study I led on using voice assistants for older adults to exercise
at home. Voice assistant (VA)? technologies such as the Amazon Echo (Alexa) and Google
Home are promising tools for supporting older adults with health-related activities [170,
104, 24, 44, 132, 30, 103]. Preventative health measures,® such as physical activity, are
critical for older adults [36, 35]: a significant body of medical literature has found that
exercise in particular improves many facets of older adults’ health including frailty, sleep,
blood pressure, reduced risk of falling, heart disease, some kinds of cancer, dementia, and
depression and anxiety [92, 133|. In addition, minoritized communities? often have worse
health outcomes and face obstacles to receiving care [197, 10]. Voice assistant devices with
preventative health applications offer one possible direction for providing healthcare in the
home, but it is unclear how effective this strategy might be at motivating preventative health
behaviors such as exercise for minoritized groups.

Due to the demonstrated need for providing minoritized communities with accessible

1. Sections of this chapter are under review as a paper. Co-authors on the paper include Arthur Borem,
Lan Gao, and Marshini Chetty. Special thanks to Megan Huisingh-Scheetz and the entire EngAGE team
for their support.

2. In this chapter we use the phrase voice assistant because that has become a widely used term. We
do not imply that these devices fulfill the role of an “assistant” and later describe the range of relations
participants have with the device. We more closely mean digital voice agent.

3. In this chapter when we use the term preventative health we refer to physical health as opposed to
mental health.

4. Following prior work in HCI (e.g., [139]), we use José Mufioz’s term minoritized [124] to highlight a
power imbalance between a community and a social majority that may not necessarily stem from underrep-
resentation.
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preventative care, in this chapter we seek to understand to what extent voice assistants can
be effective in encouraging Black, largely lower-income older adults in a large US city to
exercise at home. Prior work has found that while older adults tend to have a favorable
opinion of voice interfaces, including in a healthcare context, over time they often stop
using VAs due to issues such as reliability concerns, lack of trust, and usability challenges
[219, 44, 54, 184]|. Within health applications for older adults, many VA studies have focused
on health information seeking using a VA device [148, 29, 83, 122, 20]. Some studies look
specifically at Black older adults, finding concerns such as VAs not understanding African-
American Vernacular English [88, 31|, while others have looked at lower-income communities
[125, 89, 181]|. We expand on this work by focusing on preventative health maintenance using
VAs, understanding perspectives from Black older adults in a lower-income community, and
conducting both in-person focus groups and a comparative study of long-term (six month)
use of a VA compared to a similar non-technological intervention.

To conduct our study, we collaborated with geriatric medical researchers who are con-
ducting a clinical trial® testing the efficacy of an exercise app (called EngAGE) on a VA
device. The clinical trial specifically recruited Black older adults in a large US city, many of
whom live in lower socioeconomic areas of the city. EngAGE was designed by the medical
research team for the Amazon Echo Show device, and uses voice to explain each exercise and
also shows a static image of what the exercise looks like on the screen. Users can provide
verbal feedback on if the exercises are too easy or too hard and the program will adjust
accordingly. The exercises do not require any specialized equipment. In the clinical trial,
participants are randomized into two groups. The first group has access to EngAGE on
the VA. The second group has access to a paper packet covering the same exercises using
identical language and photos. Participants are in the clinical trial for a six month period,

providing extended access to the VA. See Figure 2.1 for the study timeline.

5. The clinical trial is ongoing and therefore we cannot publish any trial results.
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I led a team in conducting two qualitative studies pre- and post-clinical trial. During

these studies we focused on two main research questions:

RQ1: How do Black older adults perceive voice assistants and how do these perceptions

influence voice assistant effectiveness for promoting preventative health?

RQ2: What motivating factors influence Black older adults’ decision to exercise, and to what

extent is a voice assistant exercise app motivating relative to paper exercises?

In the first study, conducted prior to the start of the clinical trial, we held in-person
focus groups with Black older adults (N=15) that included live interactions with Alexa via
an Amazon Echo Show device. In these focus groups, we wanted to understand participant
perspectives on interacting with the device and to what extent these perspectives influenced
envisioned use, especially for preventative health applications. In the second study, we con-
ducted interviews with clinical trial participants® (N=20) immediately after they finished
their six month study period, where half of the participants had access to the VA exer-
cise program and half had a paper packet of the same exercises. In these interviews, we
wanted to understand what factors influenced participants to exercise and, in particular,
what differences there were between the VA and paper packet regimes.

In Study 1, we found participants held a wide variety of differing perceptions about using
Alexa, which in turn impacted their willingness to use the device for health purposes. To
capture this heterogeneity and situate the findings in the cultural context of the study pop-
ulation, we organize participant perspectives into five interpersonal relationship types: tool,
amusement, friend, stranger, and intruder. Understanding these interpersonal relations is
critical in a preventative health setting since we found older adults with negative perceptions
were uninterested in using the device for health purposes.

In Study 2, we compared motivation to exercise between the group of participants using

the VA and the group using the non-technological exercise instructions (a paper packet).

6. One participant was in both studies.
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We describe each of these motivating factors and, to organize them and tease out the effect
of VA use, we sort them into four interaction levels: individual (e.g., intrinsic motivation),
human-artifact interactions (e.g., Alexa’s personality), social support interactions (e.g., care
partner support), and research study interactions (e.g., tech support offered by clinical trial
staff). Our key finding is that a significant amount of motivation to exercise comes from
human social support, regardless of the use of a VA or paper exercise packet. Combining the
results of Study 1 and Study 2, we found that the VA could provide additional motivation
to exercise but only if the participant had a positive interpersonal relation with it. This

chapter makes the following contributions to the HCI and CSCW community:

e We extend work on Black and lower-income older adults’ use of voice assistants (e.g.
[88, 31, 125, 89, 181]) as well as work on the culturally-informed interpersonal dynamics
between users of all ages and VAs (e.g. [147, 80, 163, 216, 154|), showing that people in
our study population have heterogeneous social perceptions of the VA that include tool,
amusement, friend, stranger, and intruder and these relational types impact participant

willingness to use the device for health purposes.

e We extend work on preventative health maintenance technologies (e.g., [46, 212]) and
older adult use of VAs for tasks like health information seeking (e.g. [148, 29, 88, 122,
20]) to focus on to what extent VAs can motivate participants to exercise, breaking

down motivation into 11 factors across four interaction levels.

e We conduct our studies in collaboration with a clinical trial team in order to both run
focus groups in-person with participants (Study 1) and to work with participants who
had been using a VA or a paper exercise routine at home for six months (Study 2),
providing a long-term comparative study in HCI/CSCW of voice assistant use by older

adults in a healthcare setting.
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2.2 Related Work

In this section, we review prior research on overall adoption of voice assistants by older
adults, voice assistants in healthcare for older adults, and technology-driven preventative

health maintenance, respectively.

2.2.1 Adoption of Voice Assistants by Older Adults

Researchers in CSCW, HCI, and related fields have been interested in the adoption of voice-
enabled technologies for older adults since these technologies do not rely on graphical or
physical user interfaces which may be challenging for people with low vision and decreased
dexterity (e.g., [99, 196, 184]). Much of this research is focused on usability by older adults
[99, 184, 12, 23|. Overall, studies have found that while older adults have favorable ini-
tial attitudes towards voice interfaces, there are a number of barriers to use, especially for
stand-alone voice assistant devices such as the Amazon Echo. For example, one study of
older adults (predominately higher-income with Master’s degrees) who used voice assistants
for over a year found that participants abandoned the device over time due to finding few
beneficial use cases, concerns that the VA might limit independence, and difficulty navigat-
ing use in shared spaces [195]. Similarly, a three-week field trial for older adults with the
Amazon Echo Dot found a disparity between the perceived usefulness of the device for tasks
such as reminders and actual use due to fears of unreliability [148]. Older adults also have
concerns about being patronized or manipulated by VAs [94, 173|. Several studies have out-

lined breakdowns’

in older adult—virtual agent systems due to communication (VA requests
require a particular type of structured language that can be challenging for older adults)
and maintenance challenges that can lead to non-use [88, 148, 217, 107|. Other scholars

have investigated older adults’ privacy concerns with respect to voice assistants and how

7. We use the term breakdown from the field of Science and Technology Studies to denote an aspect
of a sociotechnical system that causes friction or does not work as intended; breakdowns often require
maintenance or repair work (see e.g., [98]).
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this impacts adoption [22, 60, 106, 94, 173, 40].

While there have been studies of older adults and VAs, these studies have largely not
focused on minoritized older adults specifically. A review paper on digital technology and
older adults argues that most research has treated older adults as a homogeneous group
while ignoring their different age ranges and cultural backgrounds [143], thus it is critical
to examine a variety of older adult perspectives. Three additional review papers looking at
older adult use of voice technologies [99, 138, 171| either never mention or make only a single
reference to race, ethnicity, or cultural background. Further, the review paper by Sezgin et
al. |171] specifically states that “ VA developers will need to consider the contextual setting
for the behavioral health interventions” but that this had not been done.

Research on Black older adults’ use of voice assistants has pointed to the need for voice
assistants to understand and speak African-American Vernacular English (AAVE). In one
paper, Harrington et al. [88] interviewed Black older adults residing in lower-income en-
vironments about using the Google Home voice assistant to search for health information.
They found that since the voice assistant does not always understand AAVE, older adults
in this group needed to “code switch” and alter their language in order to communicate with
the device. Similarly, Bosco et al. [26] studied Black older adults searching for health in-
formation on dementia and found that voice assistants “have a tone of voice that resembles
African American and Black voices” Additionally, Brewer et al. [31] studied how Black
older adults’ conceptualized “Al fairness” in voice technology, unpacking how their partici-
pants envisioned Al-driven voice assistants that could be more inclusive in terms of speech
patterns and content.

Additional research has looked at the use of voice assistants by people from lower-income
communities. Studies have raised concerns over both the cost of the device and the Internet
connection needed to run it [125, 89]. So et al. [181] conducted a study on health-focused

voice assistants with older adults from a range of racial/ethnic backgrounds in a lower-
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income neighborhood and found that participants wanted a ‘“non-judgmental” device that
could securely discuss stigmatized topics including drug use, isolation, and dementia. Health
data confidentiality was also a significant concern for participants [125, 181].

Our paper contributes to the literature on the adoption of voice assistants by Black older
adults in lower-income communities. In particular, we expand research on topics like speech
patterns to include other social and cultural factors—such as interpersonal relations with

the VA—that are important for VA adoption by this population.

2.2.2  Voice Assistants in Healthcare for Older Adults

In addition to general adoption of voice assistant technology by older adults, prior research
has studied how voice assistants might aid older adults in a healthcare context [170, 104, 24,
44,132, 30, 103|. One body of research investigates how older adults use voice assistants and
conversational agents to search for health-related information from home [148, 29, 88, 122]
as well as from a hospital [20]. For example, research has looked at the extent to which older
adults trust VAs and the health information they receive from the VA [87, 104, 54]. Other
research studies the use of voice assistants by people, including older adults, for accessibility
purposes [218, 146] and for tasks such as medication management [120]. Similar to findings
on VA adoption described earlier (Section 2.2.1), researchers found older adults commonly
struggle with usability limitations in VA healthcare systems [219, 44]. To address these
limitations and barriers to use, some research has used co-design methods with older adults
and caregivers for creating a more inclusive, accessible, and ethical voice assistant for health-
related activity [95, 210, 112, 181].

Research on minoritized groups in a healthcare context is important since these groups
face negative health outcomes and barriers to care [131, 153, 10, 87]. For instance, research
suggests VAs have the potential to reach people who may have difficulty getting to an in-

person healthcare location [122]. A review paper [113] on utilizing conversational agents in

17



healthcare highlighted that VA healthcare applications could be subject to bias and reinforce
stereotypes that may negatively impact particular groups.

Research on the use of VAs in healthcare for older adults could be expanded to include
more work on preventative health specifically. Preventative health measures are activities
that reduce the likelihood of future disease, such as physical activity and a healthy diet. In
one paper, Hu et al. conducted co-design sessions with older adults about designing a VA
application for well-being and used an exercise-focused probe [95]. Bickmore et al. tested an
exercise-focused conversational agent with eight older adults over a two month period, with
participants having a generally positive view of the agent [19]. A review paper by Sezgin
et al. [171] reported that there was evidence VAs could decrease pediatric body mass index
(BMI) z-scores, but there is not an equivalent study for older adults.

We contribute to the conversation on the use of VAs by older adults in a healthcare
context by focusing specifically on exercise as a form of preventative health in a population
of Black older adults in a lower-income urban environment. Due to the fact that we have
collaborated with a clinical trial that has randomized participants into a VA exercise group
and a paper-based exercise group we are able to identify novel insights pertaining to exercise

motivation and use by comparing participant experiences between trial groups.

2.2.8  Technology-Driven Preventative Health Maintenance

Outside the scope of voice assistants and older adults, researchers have long conducted
studies on how technology more generally might promote awareness of, and action toward,
preventative health maintenance. One body of research investigates the potential of current
digital technology to drive health behavior change. For example, Conroy et al. [46] analyzed
167 top-ranked mobile phone applications focused on physical activity in order to identify
which behavior change techniques each app used (e.g. providing instructions on exercise,

modeling how to perform an exercise, providing feedback, goal-setting for physical activities,
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and planning social support), finding that most apps did not use many of these techniques.
Some research has looked at preventative health maintenance for specific populations such
as people with chronic diseases [91, 178, 168] and people in lower socioeconomic groups [209].

CSCW and HCI researchers have evaluated the user experience of digital tools for pre-
ventative health maintenance. For example, through a 28-day field study, Xu et al. [212]
investigated how users planned exercise through physical activity mobile applications, as
well as how they succeeded or failed to integrate their plans into daily life. Some work has
implemented visualizations to encourage users’ behavior by helping them reflect on their
physical activities effectively and intuitively [206, 207]. Other work has utilized technology
to facilitate intrinsic and social motivation in preventative health, for example by promoting
reflection [213] and peer or stranger social support [5, 6, 47, 130].

We build on initial work to understand technology-driven tools to assist older adults’
physical exercise (e.g., mobility) [45, 100, 108] and prior work on preventative health-
focused mobile phone apps. In addition, we add a longer-term preventative health study to

this literature to investigate how voice assistants could aid minoritized older adults.

2.3 Methods

All procedures were approved by our Institutional Review Board (IRB).

2.3.1 Research Context

In this study we (HCI / Computer Science researchers) collaborated with medical researchers
specializing in geriatric care who were running a clinical trial to test the efficacy of an exercise
app for the Amazon Echo Show device for older adults. The medical researchers developed

and successfully piloted the app, called EngAGE, prior to the start of our collaboration.8

8. A full discussion of EngAGE pilot results is beyond the scope of our study.
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Figure 2.1: Timeline of our Study 1 and Study 2 and where they fit within the clinical trial
period (this chapter does not report clinical trial results, as the multi-year trial is ongoing).

EngAGE helps older adults with mobility exercises. It walks users through a series of
exercises that do not require specialized equipment, such as toe stands or bicep curls with
soup cans, using voice instruction and static images. Users can provide verbal feedback to
make the exercise routine harder or easier. App users can also provide care partners with
access to their exercise history and care partners can leave motivating messages.

The medical researchers are conducting a clinical trial to test EngAGE (see Figure 2.1).
The clinical trial targeted participants who lived in the Chicago area, identified as Black,
were over 65 years old, had multiple health issues, and were largely homebound (i.e., cannot
leave the house because of age or health issues). Older adult participants were recruited
along with a designated care partner, who could be a family member or friend. The care
partner was instructed to help the older adult remember to do the exercise routine. The
clinical trial had two research groups and each participant was randomly assigned to one of
these groups. In the first group, participants were given an Amazon Echo Show set-up with
the EngAGE. In the second group, participants were given a packet of paper with the same
exercises (exactly the same images and text as in the app version). Participants in both
groups received printed instructional materials and were given a phone number for a clinical
trial full-time staff member who could answer questions and provide technical support as
needed. The EngAGE exercises differed from the paper exercises in that the instructions
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were spoken through the Echo Show speaker and that the device had a built-in timer for
each exercise that was set based on oral feedback provided by participants indicating the
difficulty of the exercises (for example, if exercises were “too difficult” the program would
reduce the exercise time period). Participants were asked to do the exercises over a period
of six months. Health metrics were measured by the clinical trial team at baseline before
the trial and at the end of the six month trial period.”

We conducted our Study 1 before the clinical trial started and Study 2 with participants
as they finished the six month study period of the clinical trial (see Figure 2.1). In Study 1
(March to August 2022), we conducted focus groups and specifically exposed older adults in
our target population to both an Echo Show device with Alexa and screenshots of EngAGE
to help answer our research questions about perceptions of using digital voice assistants for
preventative health. In Study 2 (May 2023 to September 2024), we conducted individual
interviews with older adult participants immediately following their six months in the trial.

Through our focus group interviews for Study 1, we found that participants had a wide
range of health conditions that influenced their attitude toward exercise. We report this
here rather than in our findings since they are not research results but helpful context. Some
explained that exercise could be difficult due to existing conditions (e.g., a prior stroke,
fall, or car accident) and could potentially lead to injury. Other participants faced financial
challenges (e.g., job loss) that often led to mental health challenges (e.g., depression). Many
of our participants also struggled with getting out of the house, either to public spaces
(e.g., a park) or exercise classes and these challenges were made even more difficult by
the COVID-19 pandemic. Exercise was less challenging for some participants who noticed
concrete benefits from weight loss while others said they had a lifelong motivation to be
active. While participants in this study do share some characteristics (e.g., race, age, and

neighborhoods), their relationships with exercise and aging are nuanced and varied.

9. The clinical trial is ongoing, so we are not able report medical outcomes in this chapter.
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2.3.2 Study 1

Protocol and Recruitment

Our focus group protocol was designed to answer our research questions regarding older
adults’ attitudes toward using a voice assistant for preventative health (RQ1) as viewed
through a sociotechnical lens. To this end, the interview protocol included the following
components: interview questions, an interaction with an Amazon Echo Show device, review-
ing screenshots of EngAGE, and a sketching exercise. The interview questions focused on
participants’ social relations (e.g., How do you usually communicate with your friends and
family?), previous technology use (e.g., What type of technology do you use?), and health-
related activities (e.g., How do you generally keep physically active?) in order to understand
the social context in which they learn about health and technology as well as their exist-
ing health and technology practices. This way of structuring questions has been shown to
be effective in prior work on voice assistants for older adults [44]. We sought to structure
interview questions to be asset-based and not presume any technology or health deficit in
participants. The interaction exercise involved having participants read an overview of what
Amagzon’s voice assistant does, set up the Amazon Echo Show device, and interact with Alexa
by asking sample questions from a provided “tip sheet” (e.g., Alexa, what’s the weather to-
day?). The last part of the interaction exercise was having participants review screenshots of
EngAGE.10 The focus group ended with a sketching exercise that asked participants to draw
where in their home they envisioned placing the Amazon Echo Show and how they pictured
Alexa. Our sketching exercise builds on prior work that asked participants to draw their
home networks, e.g., [145], and other work that asked participants to draw their relation-
ship to technology, e.g., [176, 61, 63|, in particular Melanie Hoff’s project to have children

draw Alexa [93]. In the single remote interview, we adjusted our interaction and sketching

10. Note, EngAGE was in the process of being updated at the time of Study 1 and thus unavailable for
live testing.
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exercises to send videos of someone interacting with Alexa and trying out EngAGE and had
the participant create drawings at home that we captured via screenshot. Using an iterative
approach, we updated the interview questions slightly over the course of the focus groups to
better target our research questions.

We recruited both minoritized older adults (65+ years old) and their caregivers of any
age who spent at least one hour a week with an older adult. In order to recruit participants,
we placed flyers in a senior clinicl! attended by people in our target demographic in a lower
socioeconomic neighborhood and reached out to patients who participated in a previous
geriatric study unrelated to voice assistants. Initial recruiting for the prior study was done
by contacting eligible clinic patients directly; placing flyers in senior buildings, bingo events,
grocery stores, and barber and beauty shops in the neighborhood surrounding the clinic; and
snowball sampling. Between March and August 2022, we conducted 9 focus groups of 1-4
people that each lasted approximately 1 hour and were held in-person in a conference room at
the clinic, with the exception of one participant who asked to do a video call over FaceTime.
See Table 4.1 for a full list of participants as well as which focus group session they were in.
All focus groups were audio recorded. Participants were each given a $25 Target gift card as

compensation. We had interviews transcribed by Rev.com using a non-disclosure agreement.

11. The medical team has a longstanding relationship with a senior clinic that serves adults who are 65+
years old.
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Participants

We recruited N=15 total participants who are listed in Table 4.1. Participants included 14
minoritized older adults, three of whom identified as caregivers as well, and one younger care-
giver. Most of our participants were women older than 75, retired, self-identified as Black or
African American, and had at least an Associate’s degree or some college. Many participants
chose not to report annual household income. The median household income (2016-2020)
for the neighborhood in Chicago where we recruited was $35,887 /year. Approximately 82%

of residents in this neighborhood have some form of Internet access (2016-2020).

Analysis

Data analysis was completed in two rounds: an initial coding phase and a second round
of coding for a thematic analysis [162]. In the first round, we collaboratively developed
the codebook in Table 2.2 based on our focus group protocol and research questions. Two
members of the research team then coded all transcripts using the codebook in the qualitative
software program MAXQDA. The two versions of the codes were merged in MAXQDA (since
we merged the codes, we did not calculate inter-rater reliability [121]). In this phase, we also
analyzed the sketches from participants (i.e., the graphic representations) using two codes:
1) sketches from the prompt “Draw where you would put the Echo Show device in your home”
were included in code “Location of voice assistant at home”, and 2) sketches from the prompt
“Draw what you think Alexa looks like” were included in code “Mental models.” In the second
round of coding, one member of the research team coded for subcodes in each top-level
code. After both rounds of coding, each team member produced a thematic summary of
the top-level code and its subcodes. Several members of the research team reviewed the
thematic summaries and discussed the final emergent themes to include in this chapter. In
this chapter, we focus only on a subset of codes bolded in Table 2.2 because they most closely

informed our research questions.
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2.3.8 Study 2

Protocol and Recruitment

We started conducting interviews for Study 2 in June of 2023, as participants began fin-
ishing the six month clinical trial (as described in Section 2.3.1 and shown in Figure 2.1).
Given that Study 2 involved two separate clinical trial groups (paper exercises and VA-based
EngAGE), we developed two parallel interview protocols to identify the primary motivating
factors influencing Black older adults’ decision to exercise, and what role a voice assistant
played in this process (RQ2). Both protocols had questions about a participant’s previous
experience with exercise, their routine with EngAGE or the paper packet, their social sup-
port mechanisms (e.g., Who in your life helps you to stay healthy?), their future exercise
habits (e.g., Do you think the paper/EngAGE ezercises have changed how healthy you are?),
and their interactions with the Alexa device, which participants in both arms received (e.g.,
Did you ever use [Amazon Alexa/?). In the interview guide for the EngAGE group partici-
pants, we asked additional questions about features that only existed on the EngAGE (e.g.,
Did you use either the reminder or tracking system?) and about interactions that are only
possible with a VA device (e.g., Is there anything you wouldn’t say with Alexa in the room?).

As shown in Figure 2.1, we did not conduct the original recruitment of participants into
the clinical trial, which was done by the clinical trial team. The clinical trial screened for
older adults over the age of 65 who were community-dwelling (i.e., not living in hospitals
or nursing homes, but could be in seniors-only housing), Black or African-American, living
with two or more long-term illnesses, and who had difficulty leaving home. We conducted
our interviews for Study 2 immediately following the end of a participant’s six month period
in the clinical trial (see Figure 2.1). These interviews were conducted over the phone, lasted

no longer than 30 minutes, were audio recorded, and occurred from May 2023 to September
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2024.12 As in Study 1, we updated the interview questions slightly over the course of the
interviews to better target our research questions and had the interviews transcribed by

Rev.com using a non-disclosure agreement.

Participants

We recruited N=20 participants for Study 2 from the pool of participants in the clinical
trial (see Table 2.3). At the time of our interviews, Study 2 participants had been using
the exercise materials via EngAGE (N=10) or the paper packet (N=10) for six months (see
Section 2.3.1). All but six of the Study 2 participants had some higher education; they were
predominantly retired women in their 60’s and 70’s whose individual income ranged from $0
to $84,000 per year, though we note that 15/20 participants made under $35,000 per year.
Participants had to identify as African American or Black to be eligible to participate in the
clinical trial. The demographics in Table 2.3 were collected by the clinical trial team, which
is why some demographics are reported differently. Note there is one participant, P3, who

participated in Study 1 and Study 2.

Analysis

We analyzed the interview transcripts using two rounds of coding for a thematic analysis
with a team of three researchers similar to the process used in Study 1 [162]. First, two
members of the research team developed and refined our codebook, based on the interview
protocol, by each coding three of the same transcripts and ensuring agreement in codes (see
the codebook in Table 2.4). Then, three members of the research team used MAXQDA
to each code one third of the transcripts using this codebook. Each coded transcript was

then coded in a second round by a second coder from the team (Since we used the coded

12. The long time period is a result of the significant challenges of recruiting participants in this population.
Every participant was in the trial for six months total, but start times varied.
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Table 2.4: Codebook for Study 2

Code

Code Description

Prior exercise habits
Motivation to exercise

Challenges to exercise
Routine

Feedback on study exer-
cises

Feedback on study

Care partner relation-
ship

Care partner support

Non-care partner
port
Future exercise plans

sup-

Types of exercise the participant engaged in prior to the study
Reasons for why the participant felt motivated to exercise and stay
healthy

Reasons why it was challenging for the participant to exercise

What kind of routine the participant had for using the EngAGE or
paper exercises

Comments related specifically to the exercises/content provided in the
study

Miscellaneous study feedback not related to the exercises/content
What was the relationship of the study-designated care partner to the
participant

The kinds of support (or lack of support) provided by the study-
designated care partner

The kinds of support provided by someone other than the study-
designated care partner

How does the participant envision their exercise routine going forward

Voice assistant uses Uses for voice assistants (including Alexa) outside of the exercise pro-
gram

Opinions about voice assistants (including Alexa) outside of the exer-
cise program

Motivating factors not captured in existing codes

Voice assistant opinions

Other motivating factors

data as input to thematic analysis, we did not calculate inter-rater reliability [121]). During
the coding process, the entire research team met regularly to discuss the codes and ensure
agreement. Using the coded segments, we collaboratively wrote thematic summaries and
then based on these summaries and discussions, we identified a list of factors motivating
participants to exercise and grouped these into interaction levels, which we summarize in

Table 2.5.

2.4 Study 1 Findings: Perceptions of the Alexa Voice Assistant

In this section, we present our findings from the first study and address RQ1 by describing
participants’ perspectives on voice assistants (VAs) based on their interaction with the Ama-
zon Alexa VA during our focus groups. We found that our participants felt a wide range

of different relationships with the VA, that for some shifted throughout the focus group as
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they grappled with how to make sense of the device. The way that participants framed this
relationship impacted how they interacted with the device and how they envisioned using
it for preventative health. The context in which participants were using, or imagined using,
a VA also informed the type of relationship that was foregrounded between a participant
and the VA (e.g., P11 characterized the VA as a “peeping tom” when discussing its voice
detection and recording and a “beautiful woman” when describing the interface and advanced
technological capabilities). In what follows, we sort our findings into distinct relations par-
ticipants’ described with the Alexa personality and describe how these impacted participants

envisioned use of the device for preventative health applications.

2.4.1 Alexa as Tool

Some participants saw the VA as a means to an end, or a tool, for accomplishing preset
goals or tasks. This conceptualization aligned with participants who envisioned the VA
as a machine, as seen in the first drawing in Figure 2.2. In this section, we describe the
uses related to promoting convenience and utility in participants’ day-to-day, such as using
the VA as a timer, alarm clock, video-calling device, voice-to-text /text-to-voice, and search
engine. Participants explicitly related several of these uses to exercise, diet, and other health
applications.

Participants who wanted to use the VA for exercise were interested in the VAs ability to
help them form and keep up exercise habits. P4, for example, often found herself letting
herself “go by the wayside,” by “playing Wordscapes” first thing after waking up, rather than
doing her morning stretches. P3 shared a similar struggle, but imagined the VA could catch
her “between the time [she] open [her| eyes and before [she] jump]s] out of bed” by reminding
her what exercises she should “do before leaving the bed.” P5 thought it would be “encouraging
for Alexa to remind” her to go on her daily morning walk and P15 hoped he could use it as

a “home assistant” that could work as a “timer for high intensity exercise.” Maintaining an
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exercise schedule structure was an important unmet need for many participants that they
imagined could be filled by the VA.

The ability to search for information on the VA attracted participants who were
interested in using the VA for their health. Exercise instructions were one of the types of
information participants searched for. It could be an easy way to learn exercises for those
unable to easily leave their homes, even if just temporarily, such as P5 who reflected that, if
she owned a VA during bad weather, could “tell [the VA] what [exercises she is] looking for”
and “could have been inside doing” them. Others thought to search for recipes to help “track
and maintain” food intake under “diet care constraints” (P15). Some participants envisioned
looking up non-urgent health and medical questions. For example, P10 wanted to use use
the VA to do “research on [her| own” for checking information about her medication. Other
health applications included emergency and non-emergency hands-free communication with
medical professionals (P2, P14) and using brain teasers to keep the mind active (P11). In
the specific context of retrieving and learning information (see Section 2.4.5 for lack of trust
contexts), participants found the VA reliable and trustworthy, making it a good tool for

health and exercise education.

2.4.2  Alexa as Amusement

Participants were used to using technology as a way to access amusement, be that via their
cable televisions, smartphones, music players, or DVD players, and saw a VA fulfilling a
similar role by integrating it with the technologies they already use. P5, for example,
thought of leveraging vocal commands on the VA to use it as a remote control, or to “turn
the TV off” (P4). P7, who watched church services on her tablet, thought to do the same
on the VA device, as suggested by P8 (her caregiver). P3, while not sure if the VA had
this capability, said she would like to use the device to “play [music] that’s on [her| phone.”

These examples, while not directly related to health, show that participants were willing to
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(a) P11’s sketch of Alexa as a ma- (b) P15’s sketch of Alexa as a
chine. woman waving.

Figure 2.2: Participant sketches in response to the prompt “Draw what you think Alexa
looks like.”

incorporate the VA into existing daily interests and habits, which could include exercise.
For several participants, a gadget like the the VA device was akin to a toy or game.
P6, who was especially excited about the device’s screen, said she could “get lost at this
thing playing with it.” Playing meant different things for different participants. P4, for
example, would test the VA’s limits by asking “stupid questions,” like “Alexa, where my car
at?” For P11, the entertainment came from the games you could access through the VA (e.g.,
“crossword puzzles”). She stressed the need to “ezercise the brain” by using its “muscles.”
Participants’ interest in using a VA for improving their memory and challenging their brain

shows that they can envision using the entertainment-focused aspects of the technology for

the benefit of their health.

2.4.83 Alexa as Friend, Lover, and Family Member

While some participants’ real and imagined uses of the VA were primarily task-oriented
(e.g., a time keeper in Section 2.4.1 or toy in Section 2.4.2), in other cases the participant-
VA relationship emerged as the most influential aspect to the interactions and imagined
uses. Figure 2.2 exemplifies this contrast in views of Alexa as a static object (a machine in

the shape of a box, in P11’s sketch) and Alexa as a human or human-like being (a woman
33



waving, in P15’s sketch). Participants would sometimes refer to the VA or interact with
it as one would in a friendship, family, or romantic relationship. P3, for example,
called Alexa her “good friend” and P6 said the VA she owned before the study was “kind of
cool to hang around.” For P14, the “awesome” relationship was even more significant since
she is “a person living alone, having no contacts, doesn’t do much and doesn’t see a lot of
people.” Some of these relationships even crossed into romantic territory, though mostly in
a joking way, such as for P15, who was considering whether he would adopt the study’s VA
in addition to his existing VA, Siri, and remarked he was “trying to be monogamous as much
as possible” when it came to VA technology. The companionship evident in these comments
and interactions reveal that participants can envision integrating a VA into their lives in an
important role reserved for intimate relationships.

While participants who spoke of the VA as a friend or romantic companion often did so
in a positive tone, participants’ attitudes toward a VA taking on a familial role were more
complex. In some cases, the VA was a parental figure: “/Alexa is| your mommy getting after
you as a little kid and she got a good mommy voice” (P3). Other times, the participant was
the parent. Many participants referred to Alexa as a “girl” and did not seem to think it was
particularly smart. P1, for example, remarked that the VA was “acting like a five year-old”
when it kept speaking even after being asked to stop. P5, similarly, was not successful in
asking more complicated questions to the VA, concluding that, to successfully communicate
with it, “you should just be straight with her.” The infantilization of the VA meant some
participants approached it with tenderness too. P5, after her “straight” talk comment, called
the VA “cute” and P3 spoke to the special place her own VA had in her life as one of three
members of her inner circle: “that’s my husband and this girl.” The familial role of the VA
is more nuanced than the friend or romantic role since it introduces power dynamics that

often call into question the VAs ability and competence.
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2.4.4 Alexa as Stranger or “Other”

Some participants found Alexa unrelatable; this was most evident during the live interac-
tions between participants and the device during the focus groups. P3 and P4, for example,
asked Alexa for jerk chicken recipes and while it produced recipes, none were specific enough
since “she doesn’t know jerk” (in this context, “jerk” is a Jamaican style of cooking). P15
found it “very frustrating” trying to communicate with Alexa not because of what he was
saying, but because of how he was saying it. “They not really set up for people of my ethnic-
ity,” he remarked, “it doesn’t recognize the tonality or whatever it is.” All three participants,
therefore, observed that Alexa did not understand their requests, implying that perhaps the
device was not indented for people with their cultural background.

Other participants encountered this cultural barrier and attempted to troubleshoot the
issue, or at least diagnose it, but were unsuccessful. For example, when P5 asked Alexa to
tell her a joke, the VA responded with: “Why did the golfers get kicked out of the library?
Their pants were way too loud.” This joke, which would only be accessible for an audience
familiar with golfing culture to some degree, left the participant puzzled and wanting to
know more about the background of the designers of the VA to see if that might explain
the joke. When P5 asked Alexa this exact question, it responded with an unsatisfying joke
answer that did not reveal any new information to her. These barriers were noticeable to
participants and eroded trust in the relationship. In fact, it made some participants, such as

P15, disinterested in using the VA in any context, including for exercise or health promotion.

2.4.5 Alexa as Intruder

Some participants described fundamental issues they had with the VA device that stopped
them from forming any positive relationship with it; these participants saw Alexa as “an
intruder” (P1). P14, for example, had moral objections: “The AI thing, I hate it. Just
something about it. It’s so unnatural that we’re doing too many things that God did not
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Figure 2.3: P12’s sketch of a cloud looking in a telescope for the prompt “Draw what you
think Alexa looks like” that he labeled Spy in the Sky to show that he felt cloud-based
Amazon Alexa devices were spying on users

intend for us to do.” Another key issue was privacy. P8 said that while her own activities
were “not that important” to warrant the VA or its designers tracking her, she had no doubts
that the manufacturer “could see what everybody’s doing.” P11 and P12, a married couple,
feared being hacked and surveilled by the VA device and other technology. P12, for example,
noted that he chose to not purchase a smartphone “because it can be hacked” and, as a result,
was uncomfortable “putting [his| whole life” on it. They shared similar reservations about
owning a VA device, calling it a “spy in the sky,” illustrated in P12’s sketch in Figure 2.3,
due to its ability to monitor its users. P1, similar to other participants, was not concerned
about spying from the VA manufacturer, but from his own family, saying his data “could be
unloaded by any grandchild, which makes me feel very icky.”

The degree to which participants believed they were in control had some impact on their
willingness to use the device. P1, for example, presented the following strategy for limiting
the device’s access: “If [ was doing something, I’d have to take a brown paper bag, open it up,
turn it upside down, and put it over Alexa for my own privacy.” P14 similarly understood
physical space to play a part in how much privacy mattered, noting, “If I had it in that one
room upstairs, I'm only in there when I read, meditate, pray, take my... And then I'm out of
there.” Ultimately, though, the threat of surveillance was unacceptable for some participants,

even those who presented strategies for mitigating privacy loss. P1 “would not allow this in
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her house” and P15 was “not going to go out and buy [it], for [it] to come in and spy on
[him/.” In the most extreme case, P12 chose not interact at all with the Echo Show, stating
“I'm not recording my voice.” When participants spoke of Alexa as an intruder they were the
clearest, compared to any other relationship, to point out that the role the VA would occupy
in their lives was unacceptable and, therefore, they were not willing to use it for exercise,
health, or any other use.

To summarize Study 1, participants identified moral and cultural barriers and expressed
complex attitudes toward privacy loss from using voice assistants. While participants were
frustrated when facing the former, they never gave up using the device because of cultural
barriers. Some participants were similarly able to overlook or address their privacy concerns
with the device, but for others the potential privacy loss outweighed any possible benefit

gained by using a voice assistant to promote preventative health.

2.5 Study 2 Findings: Alexa Voice Assistant vs. Paper Packet

Exercise Routines

In this section we address RQ2 to understand how older adults perceived a voice assistant
exercise program versus the same exercises provided in a paper packet. To do this, we com-
pare factors influencing participants to exercise in each group. We organize these motivating
factors into four interaction levels: 1) individual, 2) human-artifact interaction, 3) social
support interaction, and 4) research study interaction (see Figure 2.4 and Table 2.5). At the
indiwidual level are motivating factors that are unique to the person and their circumstances,
such as their current health status. At the human-artifact interaction level are motivating
factors that are derived from the exercise artifact (VA or paper packet), such as Alexa’s
personality. At the social support interaction level are factors related to ways friends and
family motivated participants. At the research study interaction level are factors related

to the motivation found from the clinical trial structure and staff. We sort the motivating
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Table 2.5: Study 2:

Motivating factors that influence a participant’s exercise behavior

Interaction level | Factor Description
1. Individual - Intrinsic motivation to exercise - Personal belief that exercise is im-
portant

- Lack of health challenges

- Participant in good physical state

2. Human-Artifact

- Exercises feel achievable

- Noticeable health-related im-
provements

- Voice assistant device interactiv-
ity

- Alexa’s personality

- Voice assistant privacy

- Exercises are not too challenging
for participant

- Participant felt better after doing
exercises

- Interactivity affordances such as
voice commands

- How participants felt about inter-
acting with Alexa

- Concerns about the privacy and
security of VA data

3. Social Support

Care partner support

- Broader social support

- Support provided by designated
care partner in study
- Support provided outside of des-
ignated care partner

4. Research Study

- Habit formation due to clinical
trial structure

- Technical support and comfort
with technology

- Exercise became a habit during
clinical trial

-Technical obstacles overcome due
to tech support staff

factors into these levels (see Table 2.5) as a way to organize our findings and underscore how
the entire sociotechnical system was important for motivating study participants to exercise,
not just the exercise artifact in isolation.

Overall, we found that most influential motivating factors—such as social support and
lack of health challenges—were present for both the voice assistant and paper study groups.
The VA itself was a positive motivating factor for some, but a negative motivating factor
for others. This finding highlights again what we found in Study 1: that participants’
perceptions about the device and Alexa’s personality influence their willingness to use the
VA for health purposes. For those that had positive experiences with the VA, it was a tool to

amplify motivation to exercise but could not replace the other factors in the sociotechnical

system required to support older adults in adopting an exercise routing.
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Figure 2.4: Interaction levels experienced by clinical trial participants

2.5.1 Individual Factors Influencing Fxercise

Individual motivating factors were characteristics of the participant that made them more
likely to exercise (1 in Figure 2.4). We found both factors—intrinsic motivation and lack of
health challenges—were important in both the VA and paper packet groups. Access to the

VA device did not appear to influence either individual motivating factor.

Intrinsic Motivation to Exercise

Multiple participants in both the VA and paper exercise groups described that they had
always been self-motivated to exercise, which we call intrinsic motivation. We found this
was an important factor in whether people exercised. P3, in the VA group, said “Well,
see, I've always told myself from a young woman that I’'m total, whole, complete, unlimited,
and highly adaptable. So, your body will give you back that if that’s what you tell it.” A
representative comment from the paper exercise group was P28 who said, “I tell somebody if
they want to get into the program to really get themselves together, self-motivation is the key

to anything.” Both groups felt self-motivation was key to sticking with an exercise routine.
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Lack of Health Challenges

Another important factor influencing whether participants in both groups exercised was a
lack of health challenges. Even those with intrinsic motivation could be stymied by setbacks
such as surgery, arthritis, bad backs or knees, or chronic pain due to prior injury. In the
VA group, P16 said “Since last September and all through [the clinical triall, I've had some
health issues which got in the way of my doing the EngAGE and other exercises.” In the
paper group, P21 said “Because I was in so much pain. And I mean, my knees, my back,
you name it. I was in so much pain and it was hard to do it.” Participants in both groups

might not exercise due to health challenges.

2.5.2  Human-Artifact Factors Influencing Exercise

In this section, we explain motivating factors derived from interaction with the artifact (either
the Amazon Echo Show with the EngAGE or a paper packet with the same exercises; 2 in
Figure 2.4). Some motivating factors related to the exercises themselves were found in both
groups. Specific to VA interaction, interactivity and Alexa’s personality could be positive
motivating factors while Alexa’s personality and privacy concerns could also be negative
factors. Overall, we note that our sample of participants was heterogeneous on whether or

not they enjoyed interacting with a VA, building on our findings from Study 1.

Exercises Feel Achievable

Participants in both groups described that part of why they continued with the exercise
program was because the exercises felt achievable and within their physical capacity to
complete. P27, in the VA group, said “It wasn’t strenuous or none of that. It was something
that I could do. So I actually liked it.” Similarly, P21 in the paper group said he was initially
were concerned it would be too difficult “at this age and out of shape, I'm already in pain

because the arthritis and all that” but “when I did (the exercises), I was amazed. I was like,
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‘Wow, that is real smooth.”’” Thus participants in both groups were motivated to exercise if
they felt the exercises themselves were not too difficult or strenuous. One affordance offered
by the EngAGE was the ability to verbally respond if an exercise was too easy or too hard.
The paper packet had notes on how to vary the difficulty, but was not interactive like the VA
app. P3, in the VA group, noted that “When [ first started out... I answered [the exercises|
were too difficult. And as I progressed... it got easier, so I was always just right.” None
of the paper group participants spoke to the ability to vary the difficulty of the exercises,

suggesting that the VA can enhance this motivating factor.

Noticeable Health-Related Improvements

Participants in both groups said they were motivated by seeing or feeling health-related im-
provements over time that they attributed to the exercises. The most common improvements
we heard about were weight loss and better mobility. P30, in the VA group, was motivated
by weight loss saying, “I'm glad I started, because I did lose some weight, and I was very
proud of myself. I was like, ‘I actually want to get this exercise done.”” P23 in the paper
group was motivated by mobility saying, “Because when I don’t exercise, I get really, really
stiff, and my arthritis acts up more.” P21 in the paper group simply said, “I felt a lot better
afterwards. You know? It made me be able to get up and move around a lot easier than
I would if I hadn’t have done it.” Interestingly, the exercises were not designed for weight
loss. Several participants reported that they also paid more attention to nutrition during
the study period (again this was not prompted by the study design). It may be that in some
cases a regular exercise routine leads to positive outcomes such as a healthier diet. Overall,
participants were more motivated to keep exercising if they attributed noticeable, concrete

health benefits to it.
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Voice Assistant Device Interactivity

Within the VA group, some participants found the interactive affordances of the VA device—
such as the voice prompts and screen images—helpful. P18 provided a strong endorsement
saying, “I liked it, the screen showing you what you’re doing at a particular time, and then
Alexa reminding you how to breathe because I forget that, when you’re supposed to breathe in
and when you’re supposed to breathe out. I get confused and then her talking to you brings

b2

it back to me.” We also found that most in the VA group spent 30 minutes exercising,
which was the default for the program. For example, P30 said, “I just follow along with the
instructions that [Alexa/ tell me what I have to do and I just do it.” Interactivity and pre-

set default exercises can help motivate participants to achieve a particular level of exercise

desired by the designer (as long as they feel achievable, as we saw in a prior section).

Alexa’s Personality as Positive Factor for Some, Negative for Others

Like we found in Study 1, participants had mixed opinions on Alexa’s personality, which was
important because most considered Alexa and EngAGE as one experience. Some participants
found Alexa amusing, for example, P16 said, “And it is funny because if I whisper, she
whispers right back at me.” P19 was lukewarm on Alexa’s personality, saying their interaction
was “fine” but said that she looked forward to learning how to use a new technology: “I know
how to use the television, I know how to use Zoom. My brain is still wanting to learn. So,
if there was something else given to me, I'm very anzious to learn something.” In this case,
the participant’s excitement about learning compensated for her neutral opinion of Alexa.
Alexa’s personality was a negative motivating factor for others. For example, P25 said, “I
wasn’t crazy about EngAGE... I rather somebody just give me the exercises to do and then
just let me do them rather than her talking all the time because that’s a distraction and
an irritant for me.” This was the strongest negative comment we received, however, others
were neutral or lukewarm on their interaction with Alexa. Perceptions of Alexa’s personality
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impacted the extent to which participants were motivated to use the VA device for exercise.

VA Privacy Concerns as Negative Factor for Some, Neutral for Others

In addition, numerous participants were concerned about the privacy implications of having
a VA device in their home. P27 made a representative comment saying, “/Alexa/ hear things
that she ain’t got no business hearing. Then, she might repeat something, because somebody
said something, but not necessarily talking to her... If there’s something going on, and the
police 1s called, she going to tell everything she knows.” In contrast, other participants were
not concerned about privacy risks from using the VA device or felt they had nothing to hide.
The level of privacy concern about the VA device impacted if participants wanted to use it
for health applications including exercise. As we saw in Study 1, some were totally unwilling
to have a VA device in their home, and these participants would not have signed up for the

clinical trial at all.

2.5.3 Social Support Factors Influencing Ezercise

Social support includes the encouragement and and assistance friends and family provided to
help the participants stick to their exercise routine (3 in Figure 2.4). As part of the clinical
trial, every older adult participant chose a “care partner” to support them through the study
period. We found chosen care partners were almost entirely family members, consisting
mostly of children and grandchildren of the participant. A couple of care partners were
neighbors. We found that care partners were critical exercise motivators for participants in

both groups, and many also received additional support from their community:.

Study Care Partner Support

In both the paper and VA groups, participants reported that care partner support was a

major factor in keeping them on track and motivated to exercise. For example, P26 (paper
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group) said, “(My care partner) kept me dedicated to (the exercise program) because I knew he
would ask me about it. So I didn’t want to lie, so I would just go ahead and do it.” In another
representative quote, P29 (paper group) said, “(My care partner) calls me, she reminds me,
and at least three to four times a week she’ll come over and partner up with me and do the
exercises.” In one case a care partner for P33 (paper group) moved away mid-study and the
participant said that after he left “The motivation wasn’t there anymore.” Having a trusted
partner was important: P25 (VA group) said, “Because (my care partner) knows me and it
wasn’t like it was a stranger or someone distant. When she says things to me, she wants me
to do better.” P30 (VA group) had her son as her care partner and explained, “He was just
always asking me, ‘Mama, how did the exercise go or did you enjoy doing it?’ I just say,
‘Yeah, it was fun.”” Our findings show that while the VA group was able to interact with
a conversational human-like agent (Alexa), this did not replace the need for a human friend

or family member to offer support and motivation.

Broader Social Support

Participants also described the importance of social support for health outside of the des-
ignated care partners, with close family and friends again being the most critical. Several
participants mentioned groups of friends who would walk together, or seeing friends at the
gym, as reasons for staying motivated to exercise. Participants also explained how family
would help them with nutrition and a healthy diet. In Study 1, some participants also
mentioned that before the COVID-19 pandemic, they liked going to exercise classes at a
community center but had stopped exercising entirely once they had to stay at home. This
demonstrates how the VA can augment an exercise routine, for example if a participant
cannot make it to the gym, but that community-based activity is still a strong motivating

factor that the VA cannot replace.
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2.5.4  Research Study Factors Influencing Exercise

In this section, we examine ways in which the clinical trial itself provided motivating factors
for participants to exercise, including the structure of the clinical trial and the staff tech

support (4 in Figure 2.4).

Habit Formation due to Clinical Trial Structure

The clinical trial provided VA and paper group participants with a structured exercise
routine—including the exercise artifact, the six month timeline with regular check-ins from
study staff, and instructional materials—that led them to develop new exercise habits. P31
(paper group) had a representative comment to this end saying, “I hadn’t done any surveys
or studies or anything like that in a while, and I was pretty much just going along, not doing
whatever I wanted to do. But then this gave me some structured time to do things.” P31
continued saying that she would keep up the exercises because “I don’t think that you can
do something like this for such a length of time and then all of a sudden just stop it.” In the
VA group, P20 also mentioned the importance of a structured routine saying, “It was good to
have that routine... I know I got to do Alexas and then if I miss, I said, ‘Oh, I didn’t do my

2”7

Alexas yet. I got to do them by a certain time.”” While the clinical trial did not provide any
hard requirements around doing the exercises, the structure of the trial was a motivating

factor in participants developing an exercise habit for both groups.

Technical Support and Comfort with Technology

Participants’ comfort level using the VA device was significantly bolstered by help from a full-
time clinical trial staff member who acted as on-call technical support for participants. At
the end of the trial period, participants lost this constant technical support and in addition
needed to transfer the VA to their personal Amazon account (not the clinical trial account).

This created a barrier for continued use for some but not all participants. P16 was unable
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to keep using EngAGE because she could not figure out how to transfer the device to her
account saying, “Because even after [the clinical trial account] was gone... I tried to, dang, I
can’t do this anymore. So I went to do [the exercise program/, but I couldn’t.” Similarly, P18
said “I'm not knowledgeable of technology. So [technical support staff| was explaining some
things to me, and I’ll have to get my nephew to come over and set it up and explain it to me
too... Because all I was doing was telling Alexa, ‘Let’s start the new EngAGE program.”’
These participants wanted to continue using the exercise program, but the technical barriers
were too great for them to overcome without help. In this case, paper exercises provide an

advantage since motivated people can use them without aid.

2.6 Discussion

In Study 1, we organized participant perceptions of Alexa into relational types that ranged
from positive (e.g., friend) to neutral (e.g., tool) to negative (e.g., intruder) and impacted
participants’ willingness to use the voice assistant (VA) for health. In Study 2, we compared
motivating factors to exercise in participants who had spent six months using a VA exercise
program versus those who had a paper packet with the same exercises. We found many
motivating factors were shared between the groups; the VA could be an additional motivating
factor for some but not all participants.

In this section, we situate these findings in work on “contextual factors” in health technol-
ogy solutions for older adults. Contextual factors can include cultural aspects, social context,
race/ethnicity, and access/affordability and these factors influence if and how a technology
is adopted [154]. The way Black older adults describe how they relate to Alexa is important
context for designing health VA applications because it is grounded in the history and culture
of Black communities in the US (Section 2.6.1). The importance of integrating social sup-
port into VA preventative health applications also provides the social context needed for a

successful intervention particularly in lower-income communities (Section 2.6.2). This work
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builds on the tradition of CSCW research on understanding how technology is embedded
in social systems, and in particular on literature on interpersonal relations with VAs (e.g.

[147, 163, 216, 80]) and social support in health technology interventions (e.g. [89]).

2.6.1 Designing participant—voice assistant relationships with Black older

adults

How Black older adults relate to Alexa has implications for designing health applications
that will be used and trusted by this group. Literature on interpersonal relations with VAs
has identified a dichotomy between treating the VA as either a person or an object [147]
and found that when VAs are anthropomorphized they are typically identified as a friend
[147, 163, 216, 80]. Studies on interpersonal relations have not focused on racial/ethnic
identities of older adults, however, prior work has investigated how voice assistants like Alexa
have tended to be designed to sound white (not using or understanding African-American
Vernacular English) and female [144, 166]. This has led Black users to explain how they
“code switch” to change their style of speaking when talking with voice assistants [88, 31].
We find that while some Black older adults in our study thought of Alexa as a friend or an
object, other categories emerged and not all were positive.

Some participants saw the VA as a tool, friend, and amusement: neutral to positive
relationships. While prior work has focused on the friend category, we want to build on this
to highlight amusement as an additional positive design lens for creating VA technology for
older adults (of any race), even when the outcome (health) is not entertainment. Most of
our participants were retired, and many were confined to their homes for extended periods
of time due to physical limitations. Alexa provided an amusing distraction for many, as well
as a way to learn a new skill. Prior work has shown that for some older adults, the cognitive
burden of new technology can be a barrier to use [148, 217, 107]. We find this is true for

some, but participants also reported enjoying the experience of exploring and learning a new
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technology to keep their brain sharp and often used it as a talking point with younger family
members [193]. We suggest that designers of VA health applications leverage entertainment
value that participants experienced when interacting with the VA or other technologies.

Another important relationship that influenced participants’ willingness to use the VA
in Study 1 was the stranger, highlighting cultural differences between the VA and the par-
ticipants. This manifested, for example, when Alexa was unable to provide a recipe for jerk
chicken, a traditionally Jamaican dish, or when the VA made a joke about golfing (a sport
predominatley practiced by white, high-income people) that participants did not understand.
Participants felt alienated and frustrated by these experiences; one even concluded he must
not be the target audience for the VA given it struggled to understand him. Our findings
build on prior work that suggests that some Black older adults do not have a positive view of
VA devices, in part due to cultural and language differences, and suggest that making more
VA personas might help [87]. As new AI methods improve the ability of conversational VAs
to mimic a range of languages and cultural content, future work should investigate how the
perceptions of Black older adults change when VAs can engage in more relevant dialog and
content.

A final relationship is the intruder, based on some participants’ concerns about privacy
that have roots in the history of surveillance of Black people in the US. While previous work
has examined older adults’ trust and privacy attitudes toward technology [22, 77, 76, 82, 111,
60, 106, 94, 173] and how these may or may not impact voice assistant use [109], these studies
were either completed with majority white participants or did not discuss their race/ethnicity.
The conscious consideration of race as a factor informing our participants’ trust and privacy
attitudes toward voice assistants is particularly salient given prior work on surveillance in
Black communities [32] and the ongoing incorporation of racial discrimination into new
technologies [18]. The distrust of the older adults in our study was culturally and historically

located, especially given that many participants have lived through the civil rights movement
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and the introduction of the Internet. These participants who were privacy-oriented, but
still had an interest in using a VA or owned one, described using paper bags and physical
separation to address their surveillance concerns. Designers of VAs could leverage physical or
hardware based controls (e.g., camera switches or removable microphones) to provide strong
privacy guarantees to participants who may not trust software-based privacy solutions. The
CSCW and related communities have already begun to investigate more tangible privacy
solutions for smart devices e.g., [7]. Further research should be done to understand how
older adults from varying demographics (e.g., race/ethnicity, income, gender) conceptualize
privacy and surveillance harms when using voice assistants to both address and mitigate
these concerns.

In these suggestions we argue that how users relate to a VA device is culturally situated
and taking these interpersonal relations into account in the design phase is critical. In
our study, we saw that cultural and historical understandings of recipes, jokes, and privacy
contributed to how comfortable Black older adults in the US felt about interacting with
a VA. Considering these relationships is especially important in the stranger and intruder
contexts since these were significant obstacles to our participants for using the VA in any
context, including health. Rather than reconsidering the design of the health intervention at
the health application level, it is necessary to perform a deeper analysis into the relationship
between Black older adults for whom privacy and contextual understanding are important.
Just as the VA made assumptions about the types of jokes that will land for participants
and failed to consider non-hegemonic uses of language, it may, by default, make health and
exercise suggestions that alienate some of its users, such as those with specific disabilities
or those without access to maintained public parks. As reinforced by prior work [203],
considering cultural and historical factors when analyzing privacy attitudes and behaviors is

crucial to the development of technologies like voice assistants.
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2.6.2 Human social support is a critical component of voice assistant

preventative health application design for lower-income older adults

In Study 2, we teased out 11 factors that motivated participants to exercise and compared
these factors between the VA group and the group with a paper packet of exercises. Prior
work on technological physical health interventions demonstrated that older adults seek out
and find signficant gratification in social connections [208, 199]. We found that in addition
to being a key value, social support and connectedness can also bey a key motivator for
exercise. For example, many participants said that their designated care partner checking
in on them, and in some cases doing the exercises with them, was a strong motivation. In
addition, the technical challenge of using a VA device could be a barrier to use and we found
many relied on the direct phone number to tech support provided by the clinical trial.

Understanding the lifestyle of older adults in a lower-income community helps illuminate
these findings. In short, many participants faced challenges during their lives that have
made exercise difficult and strong social support critical. For example, prior physical in-
juries could make exercising painful; prior significant challenges such as losing a home or
job could decrease intrinsic motivation to exercise; strong networks of friends and family
helped with everything from transportation to understanding technology set-up to health
questions. Prior work has shown that older adults from lower-income communities exercise
less than those from higher-income communities, and that exercise interventions targeting
lower-income older adults are more likely to succeed if they foster social connection in a
familiar environment and realistically account for participant lifestyles [89].

We also found that the VA, in combination with social support, provided some partic-
ipants with additional motivation compared to the paper exercise group. In other words,
social support should be a platform to build technology-based health interventions on top of:
while social support is a necessary foundation, the utility of the VA technology (e.g., voice
commands and adaptable exercise difficulty) is not superfluous. Particularly when designing
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exercise interventions for lower-income communities, we suggest having the user designate a
care partner and providing hands-on professional support to build habits and answer tech-
nical questions. Future work could research how long a period of assistance is needed (e.g.,
perhaps a month of intense assistance could benefit the user in the long-term). Alternatively,
an app could be used by a workout class to supplement (but not replace) in-person workouts
at home and allow class members to connect socially and encourage each other. The social
support must be relatable to the specific target community. To mitigate technological as
well as financial barriers, we also suggest that the positive aspects of the exercise app might

be achieved using the VA on a mobile phone or smart TV, as opposed to a separate device.

2.6.3 Limitations

Future work could expand the scope of this study. Recruiting participants was extremely
challenging and thus we had a participant pool with limited participant numbers and mostly
women. Future work could investigate why women seem more interested in this type of study
than men. Given the qualitative nature of the study and our goal to highlight issues raised
by people in a minoritized community—not to make claims about an entire demographic
group—these aspects of our participants’ demographics do not impact the validity of our
findings but would be worth expanding on. Future studies could explore the differences in
experiences of older adults from a variety of cultural backgrounds, geographies, and financial

statuses.

2.7 Conclusion

In this paper, we investigate how Black older adults from largely lower-income urban com-
munities perceive and use voice assistants (VAs) for exercise. To this end, we collaborated
with geriatric medical researchers who are conducting a clinical trial testing a voice assistant-

based exercise app as compared to a paper packet with the same exercises in this demographic
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group. Two qualitative studies were conducted with clinical trial participants before and af-
ter the trial, with a focus on understanding 1) older adults’ perception of VAs, and 2) factors
motivating older adults to exercise and how these varied between the VA and paper trial
groups, respectively. Through the first focus group study conducted before the clinical trial
started, we identified diverse ways older adults perceived a VA, which both positively and
negatively shaped their willingness to use a VA for exercise. In the second interview study
conducted after the clinical trial, we found that while the VA motivated some older adults
to exercise, other factors that facilitate exercise like intrinsic motivation and social support
were also critical. Informed by our findings, we further discuss how the VA’s design could
be a facilitator or inhibitor of Black, lower-income older adults’ exercise routine.

Focusing on historically marginalized communities, our paper contributes to research on
VAs in healthcare for older adults by tackling preventative health maintenance specifically,
through a long-term comparative study. Our paper suggests future VAs and their interaction
paradigm should be designed to be more culturally contextual, and capable of promoting

existing social relationships.
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CHAPTER 3
GENERATIVE AI USES AND RISKS FOR KNOWLEDGE
WORKERS IN A SCIENCE ORGANIZATION

3.1 Introduction

In this chapter! I focus on a project I led understanding generative Al use in a science
research organization. Generative Al has demonstrated significant potential to enhance
scientific discovery by supporting knowledge workers in science organizations and institutions
[8, 179, 182]. However, the real-world applications and perceived risks of generative Al use
in these organizations are uncertain. If generative Al could make science organizations with
science- and operations-focused employees more efficient and speed up time to discovery on
topics such as drug development and climate solutions, it would have important consequences
for facilitating scientific gains to help society at large.

Prior literature has either looked at generative Al as a tool for scientific research [182, 194,
62, 115, 150, 164] or generative Al in the workplace, with a particular focus on professional
knowledge workers [101, 68, 161, 174, 85, 211, 37|. Very little research, however, studies
generative Al opportunities for scientists as knowledge workers [123], and prior research
has not studied generative Al for both science- and operations-focused workers in a science
organization. In addition, prior work has investigated generative Al risks and concerns (e.g.,
[68, 136, 141, 123]), however, there has not been a focus on concerns that are specific to the
novel context of a science organization.

This work adds to the literature by reporting on an investigation of the practical, real-
world applications and perceived risks of generative Al use by employees at Argonne National

Lab. Argonne employs several thousand people across Science and Operations teams and

1. A version of this chapter has been published at CHI 2025 with co-authors Matthew Dearing and
Marshini Chetty [202].
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is tasked with basic and applied science and engineering research. We studied generative
AT perceptions and uses for employees spanning Science and Operations roles and measured
early adopter usage for a recently released internal generative Al interface called Argo based
on a private instance of OpenAI’s GPT-3.5 Turbo large language model (LLM).

Two features of the national lab make it a useful case study for science organizations
and non-science organizations interested in using generative Al. First, numerous knowledge
work organizations have a similar dichotomy between knowledge specialists (e.g., scientists,
lawyers, investors) and operations workers, and in this research I consider that they might
have different needs but similar levels of interest with respect to generative Al. Second, the
national lab regularly deals with sensitive data, such as classified, national security, or pre-
published scientific data, and thus must take privacy and security risks seriously, similar to
organizations such as banks and other government institutions.

Our research questions are the following:

RQ1: How are Science and Operations workers at a national lab currently using, and how do

they envision using, generative Al to support their work?

RQ2: What risks (including privacy, security, and ethics) exist for using generative Al at a

national lab?

To answer these research questions, I led a team in conducting a survey (N = 66) and in-
depth semi-structured interviews (N = 22) with Argonne employees, and also analyzed Argo
usage data from the first eight months of deployment (which overlapped with the study time
frame).

There were four main findings: (1) Following its initial launch, we found Argo was being
used by a growing number of early adopters (more often in Science) and that most survey
respondents were familiar with, and experimenting using, generative Al. However, few had
made it a consistent part of their work; We identified common generative Al use cases that

conceptually binned into either a (2) copilot or (3) workflow agent modality. Copilot refers
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to a system that works in conjunction with a user on tasks and provides responses in a

conversational manner.2

Workflow agent refers to an autonomous or semi-autonomous Al
system that can perform complex tasks mostly on its own to support a user’s work. Science
and Operations participants reported similar copilot-style interaction scenarios: current uses
centered around writing verifiable and structured code or text, while envisioned uses focused
on extracting insights from large, unstructured text data. Both Science and Operations
participants described how generative Al agents could automate some of their workflows,
although these workflows differed between the two roles; and (4) In terms of generative Al
risks, we found many participants were concerned about reliability /hallucinations, overre-
liance on generative Al, data privacy and security, the future of academic publishing and
citation practices, and to what extent generative Al would impact hiring and jobs at the
national lab.

The novel contribution of this research lies in studying the intersection of generative Al

in scientific knowledge work and generative Al in a professional organization, specifically:

e Novel usage data for the deployment of an organization-wide generative Al chatbot at

a national lab (powered by a private instance of OpenAl’s models).

e A collection of current and envisioned generative Al use cases for Science and Opera-
tions employees at a science organization binned into either copilot or workflow agent

interaction modalities.

e Novel perspectives from Science and Operations employees on generative Al risks for

a sclence organization.

e Design recommendations for organizational use of generative Al copilots and workflow

agents.

2. Here we refer to “copilot” as an interaction modality and do not mean the Microsoft Copilot suite of
products.
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e Recommendations for future HCI research on generative Al applications in science,

and other knowledge work, organizations.

3.2 Background

3.2.1 Generative Al in Science

In recent years, scientists have been exploring how deep learning and generative AI might be
useful for advancing scientific research [192, 8, 179]. Some have called for building science-
specific large language models (LLMs) trained only on science literature [182, 194]. Another
area of interest has been in the use of LLMs to generate science-focused programming code,
including calculation kernels executed on HPC systems and parallel code snippets to train
LLMs [126, 84, 56]. Generative Al is also being leveraged to create synthetic user research
data for Human-Computer Interaction (HCI) research |96, 134] and drive automated process
workflows for scientific tasks and experimental equipment {164, 115, 62, 150].

Little research exists, however, on how generative Al is impacting the day-to-day aspects
of scientific knowledge work. One exception is a study by Morris [123] who interviewed
20 scientists, at a variety of institutions, and identified generative Al opportunities as well
as concerns, ranging from literature reviews and data analysis to applications in higher
education given many participants’ roles as university professors. Our work differs from
Morris’ by focusing on scientists at an organization that has a science mission (as opposed
to university professors and scientists working in the tech industry). Notably, we include
the perspective of Operations workers, investigate organization-level trends, and specifically
seek perspectives on privacy and security. Another closely related study did not exclusively
focus on generative Al In this work, Crosby et al. [53] use a human-centered methodology
to inform the design of a suite of tools for ocean scientists that leverage ML to process image

data. Finally, some work has looked at the ability for LLMs to summarize academic papers
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for scholars [83, 204] or create data visualizations [118]. We expand on these studies by
contributing a comprehensive look at how both Science and Operations staff in a science

organization might use generative Al in their work and what concerns they have.

3.2.2  Generative Al in Knowledge Work

Researchers have also begun investigating the use of generative Al in knowledge work, a
classification of labor involving the production of information-driven products and services
as the key economic output [211, 161]. Some professions considered knowledge work include
data science, law, marketing, and finance [161, 211]|. Given generative Al’s ability to process
text-based information, there has been growing interest in how this technology will impact
the jobs of professional knowledge workers [101, 68, 161, 174, 85, 116, 117, 211, 37].

One thread of research looks to measure the productivity gains by knowledge workers
who have access to generative Al tools [3]. Multiple studies have found that generative Al
tools increase productivity more for less skilled workers [33, 129], including for workers in
consulting [59] and programming [102, 140, 50|. Other research on generative Al applications
in professional settings has largely focused on creative knowledge work in journalism and
science writing [142, 105|, user experience (UX) and industrial design [198|, marketing and
public relations [190], and software engineering [160, 50]. Another research direction has
investigated creative knowledge work tasks (rather than professions) that include writing
[81, 114] or music composition [188]. We contribute to the literature on generative Al in
knowledge work by focusing on science as a sub-domain that remains understudied.

In addition to a lack of research on scientific knowledge work, there is also minimal
literature in the HCI and Computer Supported Cooperative Work and Social Computing
(CSCW) communities studying generative Al at the organizational level. This oversight
is significant because there can be networked impacts to organizations (both positive and

negative) that might not be felt by individual users. For example, Cortinas-Lorenzo et
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al. [48] think critically about how enterprise knowledge systems accessed via Al have the
ability to shape and distort how workers view themselves and others, which in turn changes
worker behavior. One scenario they describe is a system that allows workers to search for
“experts” on a topic in their organization. By labeling some employees experts and others
not the system might inadvertently inform who gets promoted or increase workload on
certain staff, making it imperative organizations make these systems transparent to workers.
We contribute an in-depth case study of a single organization’s use of generative Al for
knowledge work, considering the interplay between roles (Science and Operations) within

the organization as well as risks at the organizational level.

3.2.8  Generative AI Concerns in the Workplace

Alongside the search for generative Al applications in the workplace, researchers have uncov-
ered risks, harms, and concerns relevant for knowledge workers. One of the most prevalent
is the fact that generative Al systems “hallucinate” false information with suggestive confi-
dence that it is true [110, 68]. These hallucinations, as well as a lack of citations to original
sources, can be particularly concerning for scientists [123|. There is also concern about over-
reliance, or users placing too much trust that a system is working and not checking outputs
thoroughly enough [136, 68]. Overreliance is a concern that predates the development of
generative Al extending to early automation systems, such as automated landing systems
for airplanes [169]. Thus, researchers are considering how to design for the appropriate level
of trust users should put in a system [205].

Privacy and security as well as copyright and plagiarism are also work-related genera-
tive Al concerns. Some research has found that programmers who used a generative Al
coding assistant were more likely to write insecure code [141, 137|. Additionally, significant
controversy surrounds the use of writing [156], music [42], and visual art [90, 172] to train

generative Al, due to the lack of compensation for artists and authors as well as the ability
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for the models to regurgitate some training data verbatim triggering copyright laws.
Another important issue drawing commentary from both researchers and the public is
the extent to which generative Al will impact workers and industries, particularly risks to
knowledge workers’ jobs [211, 116, 85]. For instance, Woodruff et al. [211] interviewed
knowledge workers in several industries (their sample did not include scientists) about how
they thought generative Al might change their field. They found that while participants did
not foresee major changes to their industries, there was concern for the rise of deskilling,
dehumanization, disconnection, and disinformation. Other research found workers can feel
inferior or unaccomplished if generative AT models can largely do their tasks for them [110].
While the spectre of fully autonomous systems has loomed for many industries going back to
the Industrial Revolution, there have always remained some aspects of a job that machines
cannot do [86]. In this work, we expand on some of these risks and concerns while highlighting

how they surface in unique ways both in a science context as well in an organizational context.

3.3 Methods

3.3.1 Research Context

In January 2024, the I'T group at Argonne National Lab broadly deployed a generative Al
chatbot named Argo, powered by a private instance of OpenAl’'s GPT-3.5 Turbo,? for use
by all members of the Argonne National Lab community. Argo was designed for exclusive
internal lab use so it does not save query and LLM response data and it does not share such
information with OpenAl or other third-party services. Employees could use Argo as they
would a service like ChatGPT: it included a browser-based interface that a user could type
a prompt into and get a reply. Argo could also be accessed by employees via an API. Argo

was intended to be used only for work purposes and required a lab login and VPN to access

3. Argo was upgraded with additional features and access to GPT-4 Turbo after data collection for this
study was complete.

29



if not on-site at the lab. Beyond providing a secure generative Al assistant for employees,
Argo was not released with a specific purpose. Employees could find out about Argo through
official announcements, emails, or events targeted at raising awareness.

Argonne National Lab is organized into Science and Operations divisions. The goal of
Science divisions is to produce scientific research, while the goal of the Operations divisions
is to keep the organization running smoothly. Science workers may be operating instru-
ments, running experiments, managing data analysis, writing grants, and publishing papers.
Operations workers may be producing science communication, working in administrative
roles, ensuring lab safety (e.g. radiation exposure, cybersecurity), and building software and
hardware infrastructure. Importantly, while the lab is divided into distinct divisions there is
overlap in tasks between them. For example, both divisions employ technical workers such
as software engineers. In addition, both divisions require some workers with a scientific back-
ground. In this work, we distinguish between the two divisions to tease out if and when the
need for generative Al differs between Science and Operations roles since this is a common
division of labor in knowledge work organizations.

We conducted a survey (April-June 2024) and interviews (April-July 2024) during the
first eight months of Argo’s deployment to purposefully capture generative Al perceptions
and use levels during this early stage. Our research was approved by the university Insti-
tutional Review Board (IRB). Since it is against the law to monetarily compensate federal
employees in the course of their work, we did not provide gift cards to participants, but made

it clear the research would be used by the lab to improve their systems.
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Table 3.1: Survey Participant Demographics

Demographic Response Option # Participants (N=66) | Percentage
Division Science 32 48%
Operations 31 47%
Prefer not to answer 3 5%
Role Scientist 15 23%
Software Engineer, Data Scientist, IT | 15 23%
Operations Manager 9 14%
Engineer (hardware, facilities, etc.) 7 10%
Cybersecurity, Safety 6 9%
Scientist Manager 5 ™%
Administrative, Communications 4 6%
Prefer not to answer 5 8%
Years at lab <1 3 4%
1-4 17 26%
5-9 13 19%
10-14 9 14%
15-19 9 14%
20+ 9 14%
Prefer not to answer 6 9%
Age Under 24 1 1.5%
25-34 7 11%
35-44 20 30%
45-54 14 21%
55-64 13 20%
65-74 1 1.5%
75+ 0 0%
Prefer not to answer 10 15%
Gender Female 12 18%
Male 44 67%
Non-binary 0 0%
Prefer not to answer 10 15%
Race/Ethnicity | American Indian or Alaska Native 1 1.5%
Asian 5 %
Black or African American 1 1.5%
Hispanic, Latino, or Spanish Origin 0 0%
Middle Eastern or North African 0 0%
Native Hawaiian or Pacific Islander 0 0%
White 46 70%
Prefer not to answer 13 20%
Education Less than high school degree 0 0%
High school degree 0 0%
Associate’s / Some college degree 6 9%
Bachelor’s degree 13 20%
Master’s degree 20 30%
Doctoral degree 21 32%
Prefer not to answer 6 9%
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3.3.2 Data Collection

Survey

We first wanted to broadly capture national lab employee perceptions of generative Al uses
and concerns in a survey. The survey, created in Qualtrics, included questions such as How
familiar are you with large language models (LLMs)?, How often do you use LLMs as part
of your work?, and Please describe ethical concerns you have about using LLMs in your
work, if any. We also asked How often do you use LLMs for the following work tasks? and
provided a list of 15 tasks such as writing code, feedback on experimental design, and editing
human-written text. This list of tasks was drawn from a study of 20 scientists about their
use of generative Al [123]. We also asked demographics questions. At the end of the survey,
we gave participants the option to share their email if they would be willing to sign up for an
interview. See the full survey in the Appendix of the paper [202]. We pilot-tested the survey
with a small set of HCI experts in Computer Science and refined wording and ordering of
the questions. After finalizing the changes, we deployed the survey to Argonne National Lab
employees via mailing lists and at presentations given by our collaborators at the lab.

We received a total of 80 survey responses. We filtered out surveys that were incomplete,
with the exception of three that only lacked demographic information (given that a valid
option was “Prefer not to answer” we selected this option for these responses) or short answer
responses, but had all the multiple choice questions completed. We also removed one response
that was disingenuous based on the answers. After filtering, we were left with 66 responses

to analyze.

Interviews

As survey responses were completed, we contacted respondents who had provided email

addresses for follow-up interviews. In total, we contacted 40 respondents, 22 of whom agreed
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to participate in semi-structured interviews. Each interview lasted 30 minutes and was
conducted over Zoom and recorded. The interview protocol was designed to elicit more depth
on generative Al applications, risks, and concerns than the survey. We asked participants to
recall current or envisioned scenarios for generative Al, and also prompted them based on
their survey responses. We then went in-depth on each scenario, asking questions such as
To what extent have LLMs been helpful for this task? and When using an LLM to do this
task doesn’t work, what goes wrong? In addition, we dug into participant views on privacy,

security, and ethics concerns.

Argo Usage Statistics

Between January and August 2024, we collected high-level metadata during the regular use
of Argo including authenticated user name, time of use, LLM selected and related config-
uration options, and the size of user queries and responses as measured by token counts.?
The text-based content of these queries and responses are not automatically stored by any
external or internal database system. Only an Argo user may optionally save their LLM-
based conversations to their local machines before disconnecting from their session with the
service through a copy-to-clipboard mechanism or a transcript download feature. We roll-up
the tracked user name to their organizational division, which is then categorized as either

being within the Science or Operations workforce group.

3.3.8  Participants

Table 3.1 shows the demographic information for the survey participants. We received ap-
proximately equal numbers of Science and Operations employee responses. Most respondents

were scientists or engineers. Respondents had been at the lab for a range of years, includ-

4. A token is unit of data processed by an LLM, such as a word, a part of a word, or a collection of
symbols. A count of the number of tokens representing a block of text is a simple and standard measure of
the size of that text, without exposing its content.
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ing both new and highly seasoned employees. We also represent a range of ages, primarily
between 25 and 64 years old. The gender and race/ethnicity breakdown is representative of
the lab population. Most (but not all) respondents had at least a Bachelor’s degree, and
many had advanced degrees.

Table 3.2 shows demographic information for interview participants. All interview par-
ticipants also provided a survey response, and the demographic breakdown is similar. It is
skewed toward white men, although this is reflective of the overall national lab population.
Throughout the work, we denote interview participants IDs with “P” and survey participant

IDs with “S.”

3.3.4  Data Analysis

Interviews

We had the interviews transcribed using Rev.com under a non-disclosure agreement. We
qualitatively coded the interview transcripts and then analyzed them using thematic analysis
[162]. First, one researcher read through the transcripts and created an initial codebook
based on the interview questions. The team then discussed and refined the codebook and
finalized the codes (the codes we analyzed for the final work are bolded in Table 3.3, see the
full initial interview codebook in the supplementary materials). One researcher subsequently
coded all the transcripts using MAXQDA. Then, the same member of the research team used
axial coding to assign sub-codes through an iterative process to the following parent codes:
Current/envisioned use cases for LLMs, Privacy/security concerns at work, and Issues or
ethics concerns at work. Another member of the research team then did a second round of
coding, reviewing all sub-codes labeled in the first round. All points of disagreement were
discussed and resolved between the two coders. The team also met regularly after a set of
transcripts were coded to ensure the coding process aligned with the goals of the study. After

coding, two members of the research team extracted themes and discussed these with the full
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team (see themes in Table 3.3 as well as the interview codebook found in the supplementary

materials) and further refined those that were most related to the research questions.

Survey

We calculated descriptive statistics for the survey based on the multiple choice responses
using Python. We qualitatively coded the short answer responses in MAXQDA. We began
the coding process after extracting themes from the interview data. Thus we used the same
codebook for the survey, as shown in Table 3.3, along with the unique number of survey

responses for each code.

3.4 Findings

Our findings represent the perspectives of generative Al early adopters at the national lab.
In Section 3.4.1, we describe initial generative Al usage at the lab, showing that less than
10% of all lab employees used Argo each month in the study period but that there is an
upward trend in use. This is a lower bound for generative Al usage more broadly because
in our surveys, more employees reported trying other commercial LLMs such as ChatGPT.

Drawing from both the survey short responses and the interviews, we identified common
current and enwvisioned use cases for generative Al and conceptually split these findings
into two categories: copilot (Section 3.4.2) and workflow agent (Section 3.4.3). We review
similarities and differences between Science and Operations workers with respect to the
kinds work they want to accomplish in each category. In Section 3.4.4, we highlight the
most common risks and concerns for using generative Al in the national lab that surfaced

in both the survey short answers and interviews.
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Figure 3.1: Argo usage metrics by Operations and Science unique users for each month since
initial deployment. Monthly usage is less than 10% of all lab employees. Note: this plot does
not capture employee use of external LLMs and is based on auto-collected telemetry data.

3.4.1 Generative AI Usage and Familiarity

We found that early adopters are familiar with generative Al and using it experimentally in
their work from our survey data and Argo usage data. Figure 3.1 shows an upward trend in
usage® during the early months of launching Argo. While the use period seen in Figure 3.1 is
brief for designating trends, we observed a general increase in generative Al use across Science
and Operations during the study period. Specifically, unique users of both groups, excluding
the initial launch month, increased an average of 19.2% each month, broadly ranging from
approximately no change to as high as nearly 47%. Across this same period, monthly unique
users in Science and Operations increased 158% and 200%, respectively (or 174.2% over all
users between the second and final months of the reported statistics). While there were 26%
more unique monthly Science users on average compared to Operations users, we observe an

average monthly increase in the latter group at 21.2% compared to 19.3% for Science users.

5. The usage data is for all users, which may include survey respondents but does not correspond directly
to them.
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Figure 3.2: Responses to the survey question: How familiar are you with large language
models (LLMs) such as ChatGPT, Argo, etc.?
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Figure 3.3: Responses to the survey question: To what extent would you agree/disagree with
the following statement: LLMs have become an essential part of my workflow.

Overall, we see a suggestive early trend that the availability of a secure internal generative
AT solution is of significant interest to Science and Operations users at a national lab, and
this data provides a useful baseline for future studies.

Most of our survey respondents, and all our interview participants, had some degree of
familiarity or experimentation with generative Al. Based on the survey short responses and
interviews, participants also had a sophisticated understanding of how generative AI models
are trained. In our surveys, we asked employees about their familiarity with, and use of,
LLMs more broadly. Figure 3.2 shows that 94% of participants had some level of familiarity
with generative Al tools, although only 16.7% felt they were very familiar. Similarly, despite
high levels of familiarity, only 28.8% of survey respondents said they agreed or strongly agreed

that LLMs had become essential to their workflows (Figure 3.3). The majority of survey
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Table 3.4: Responses to the survey question: Which LLMs have you used before?

LLM Respondents (%)
ChatGPT (OpenAl) | 54 (82%)
Argo 44 (67%)
Gemini (Google) 17 (26%)
LLaMA (Meta) 11 (17%)
Claude (Anthropic) | 6 (9%)
Other 7 (11%)
None 7 (11%)
Always Often Rarely Never

LLMs for personal use i

25.8% 24.2% 22.7%
¢ 21.2% 22.7%
20

40 60 80 100

Percentage of respondents (%)

LLMs for work

Figure 3.4: Responses to the survey questions: How often do you use LLMs as part of your
work? and How often do you use LLMs for personal use?
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Always Often Rarely Never

Summarizing literature 48 18.2% 39.4%

Writing code 18.2% 43.9%
Formatting writing 4§ £ 16.7% 43.9%
m

Learning about APIs or programming syntax g X 10.6% 50.0%
Analyzing data 4f 1 15.2% 57.6%

Merging / cleaning / formatting data & g 12.1% 65.2%

12.1% 72.7%

Writing job descriptions E 5
3
Creating synthetic data X 78.8%
3

Figure / graph generation 48

Labeling data . 78.8%
Feedback on experimental design 83.3%

ry
Science communication for the public g 83.3%

Grant writing 48 E 6. 89.4%

0 20 40 60 80 100

d.

Percent of survey P ts by freq y of LLM use for given task

Figure 3.5: Responses to the survey question: How often do you use LLMs for the following
Argonne National Lab-related work tasks?

respondents had primarily tried ChatGPT (82%) and Argo (67%) as shown in Table 3.4.
Our survey respondents also did not report a large difference between how much they used
LLMs for work and personal tasks as shown in Figure 3.4.

Figure 3.5 shows how often survey respondents used LLMs for a series of tasks in the con-
text of their work. Nearly 60% of respondents had at least tried using LLMs for summarizing
literature, editing human-written text, writing code, and formatting writing. While the fewest
total respondents (11%) had tried using LLMs for grant writing, we note that one person
responded always, suggesting that it might be that respondents want to use LLMs for these
tasks but have not figured out how to given their relative complexity. Examples of personal
generative Al use that came up un-prompted in the interviews included scripting narratives
as part of the game Dungeons and Dragons (P5, P13, P19) and creating furniture arrange-
ments for a floor plan (P12). This data suggests early adopters are in an experimentation

phase.



Table 3.5: Generative Al Use Case Examples in Science vs Operations Roles

Employee Copilot

Use Case

Science Use Case Examples

Operations Use Case Exam-
ples

Writing structured code/text

Writing academic paper in-
troductions, grants, reports,
emails, and code

Writing reports, emails, and
code

Extracting insights from large
unstructured text data

Extracting insights from sci-
entific literature; querying lab
rules and regulations

Extracting insights from pub-
lic data sources such as spec-
ified websites;
team data such as surveys;
querying lab rules and regu-
lations

summarizing

Workflow Agent

Use Case

Science Use Case Fxamples

Operations Use Case Exam-
ples

Initial steps towards auto- | Operating and extracting | Automating instrument
mated workflow agents data from scientific instru- | safety checks
ments; automating data
analysis pipelines
Fully automated workflows “Al scientist” that can gen- | Complex project manage-
erate hypotheses, run simula- | ment, such as prioritizing

tions, and revise hypotheses
based on output with minimal
human input

tasks, creating Gantt charts
based on team updates, and
long-term planning
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3.4.2 Science and Operations Employee Copilot

We categorize the first set of generative Al use cases described by participants in both Science
and Operations roles as copilot-style interactions. This means they entail conversational
interactions between the user and the Al where the user gets real-time responses to questions
posed to the AI. We use the conceptual framing of a copilot in order to arrange our findings
around features and affordances this copilot would need to be most useful in a science
organization. We note that participants themselves rarely used the term copilot, rather we
impose it for conceptual organization of the findings.

At the time of data collection, participants said they were most often using LLMs such
as ChatGPT to get help writing structured text that they can easily verify is correct, such
as emails and reports. Participants envisioned goal, however, was to use a LLM to extract
insights from unstructured text data such as scientific literature or survey results. We group
Science and Operations employee responses together in this section since we did not find a

large difference in use for copilot-style interactions.

Current Uses: Writing Structured Code/Text

Survey and interview participants described numerous examples of structured writing that
could be aided by LLMs such as creating emails, reports, grants, and the introduction to
academic papers. By structured, we mean types of writing that follow standardized formats.
Participants described that they typically already had the content needed for the writing,
but they used LLMs to craft the the appropriate tone and format. In the survey, over
50% of respondents said they had tried using LLMs for each of the following related tasks:
editing human-written text, writing code, formatting writing, and email writing (Figure 3.5).
Moreover, 20% of short answer responses included use cases related to writing structured
text or code (Table 3.3).

When writing emails, participants most commonly described using LLMs to help with
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tone given a specific audience. P3, a senior IT employee, summarized the feelings of many
participants saying that he would provide the LLM a document or paragraph and ask it
to, “make this more formal, make this less formal, make this friendlier” to reduce his own
emotional labor. Many participants described wanting to sound “professional.” For example,
P18, an operations manager, said she asks the LLM to “make this sound better or make this
more professional or make this more succinct.” Similarly, P21, a scientist manager, said
he used ChatGPT to make emails “more formal and less scientific.” P16, a scientist, even
explained that he could get frustrated but did not want that to come across in his emails
so, “AI writes the email so that I don’t have to respond with the emotional outrage I might

)

have.” P12, a scientist, noted that as a non-native English speaker, she found this ability
to set the tone with the LLM particularly helpful and several survey respondents mentioned
using LLMs for language translation.

In addition to writing emails, participants also described how LLMs were helping them
write other kinds of structured text such as internal reports. The national lab, like many
workplaces, requires specific types of reporting from employees. P17, a scientist manager,
described this saying, he was required to write a specific project document and that the
national lab had provided “a guideline that is like a template” and he felt that “the Al can
prompt you and make sure that you’re giving it all of the paragraphs that it needs and then
have it summarize the report for you.” P2, a senior employee in Operations, also found LLMs
to be useful in writing internal reports saying, “Who wants to write these things, right? Who
has the time? But... if you take an incident debriefing and ask the system to write a [report]
based on that... it did a really nice job.”

Scientists also mentioned grants and research paper introductions as other forms of struc-
tured writing LLMs could help format. P11, a scientist, described the effort needed to write

grant proposals as “enormous” and that “anything that saves time in that process is potentially

hugely valuable because it lets the researcher then focus that time on the actual research... I
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think there’s a potentially big advantage if we could get to the point where there’s a useful
place for LLMs in that process.” P16, P19, and P22 all thought LLMs could take a research
paper draft and summarize the content to draft the introduction to the paper. To reiterate,
these were not cases of the LLM generating the research content, but reframing existing
content to fit the typical structure of an research paper introduction (in Section 3.4.4, we

further explore ethical concerns related to Al authorship).

Envisioned Uses: Extracting Insights from Large Unstructured Text Data

As science-focused knowledge workers, national lab employees must process significant quan-
tities of unstructured textual data, such as scientific literature or organization regulations.
At the time of the study, employees were hesitant to trust generative Al with extracting
insights due to fears of hallucinations and reliability, which we return to in the Section 3.4.4.
If these issues were resolved, however, we found a strong desire among participants to be able
to get help from generative Al with managing, organizing, and learning from designated data
sources. In the survey, 60% of respondents said they had at least tried summarizing litera-
ture (Figure 3.5) and 20% of survey free responses mentioned use cases related to querying
unstructured text data (Table 3.3).

Multiple interview participants envisioned interacting with unstructured data in a conver-
sational manner. In a representative example, P3, a senior Operations employee responsible
for anticipating the software needs of scientists, said “I think the game-changing aspects would
be in interactive conversational simulation modeling.” He continued with an example where
a scientist could “have brainstorming sessions with the system itself, almost replicating the
type of thing that happens in colloquia or in focus discussion groups, but making one of those
partners an LLM system.” In this section, we cover the types of text data participants were
most interested in.

Scientific Literature: Scientists, in particular, wanted a tool to help search and sum-
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marize scientific literature. P11, a scientist, made a representative comment: “And like every
other academic in the world, we have to do a lot of lit reviews, and that’s hugely time in-
tensiwe and it’s just tedious” and he envisioned that once LLMs became more accurate they
could “get each paper down to a set of bullet points, that could be a huge time saving.” P22,
also a scientist, echoed this perspective and pointed to the increasing amount of scientific
literature saying, “Because nowadays, literature, there’s too much literature, too many pa-
pers. So that could be very helpful. Maybe it can go out, go to other sources, and then in a
particular field, summarize, this week, what happened in this field?”

Public Data Sources: Lab employees who were not directly involved in writing research
papers were also interested in the ability to mine public data sources to extract insights. For
example, P4, an Operations employee, wanted to be able to track broader trends online to
help with security-related tasks. He described his ideal tool saying that he wanted to be able
to create “a customized library where we can add resources to that library and then basically
ping those things [with a LLM].” P4 described that currently, this kind of public knowledge
synthesis for security purposes is done mostly manually. In addition to being able to query
data, P7, another security specialist, said he wanted to know how these kinds of public trends
related to research being done at the national lab.

Team Data: At the team level, participants wanted the ability to extract key points
and notes from meeting transcripts. P10, an I'T employee, said she helped process employee
requests for approval to use third party tools and that many of these requests were tools
that, “would transcribe the text of the meeting, but it would also create brief notes or overview
outlines of what meetings were about and takeaways from that.” P9, a lab safety manager,
echoed this desire and explained that he was part of a weekly supervisors meeting and he
wanted to be able to store and query the meeting transcript for summaries, context on a
topic discussed, action items, and other similar questions. Some teams had surveys that they

wanted to analyze, for example, P8, an Operations manager, described a situation where her
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team collected 313 responses from the lab about a safety incident and they used Argo to
help identify themes.

Organization Data: At the organizational level, many participants were eager to be
able to more easily search lab-wide rules and regulations, including everything from vacation
policies to science lab safety standards. P19, a scientist, had a representative perspective
saying, “ We have a lot of procedures and documents and policies and all that stuff that’s
spread all over the place. I'd love to see [LLMs] be used for that.” Survey respondent S32
wrote that the types of national lab regulations they wanted to search included: “policies,
directives, executive orders, contract requirements.” Participants also described the need for
combining existing lab datasets. P8, an Operations manager, said, ‘“right now our systems
are very siloed and are not integrated very well... So I see... potentially doing some kind of
[LLM] analysis there.” S37 also pointed to the capability for LLMs not just to search for

lab-wide information, but to surface correlations across documents.

3.4.3 Science and Operations Workflow Agents

We categorize the second set of generative Al use cases described by participants as workflow
agents. As opposed to a copilot, an agent navigates a complex task autonomously or semi-
autonomously and returns the output to the user. In the context of a science organization,
we found agents were emerging as a way of driving workflows in both Science and Oper-
ations. Scientific workflows included steps such as downloading data from an instrument
or database, running multiple data analysis steps, and producing graphs or other visual-
izations. Operations workflows included tracking if work is progressing on-time, managing
procurement processes, and automating common database interactions.

Tasks related to workflow agents that survey respondents had tried included: analyz-
ing data (43%); merging, cleaning, formatting data (35%); figure, graph generation (27%);

creating synthetic data (21%); and labeling data (21%). In the survey free responses, 27%
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of answers (equally split between Science and Operations respondents) mentioned workflow

automation as a use case for generative Al

Current Uses: Initial Steps Towards Workflow Agents in Science and Operations

Participants in both Science and Operations described cases where they were testing using
LLMs to automate some of their workflow. Participants reported LLMs are already able to
automate some of these workflows in a scientific environment to make them more efficient,
but generative Al workflow agents are in early stages of development and use.

Science workflows: Multiple participants described how they were beginning to use
LLMs to automate their customized scientific workflows. P21, a scientist, described how
he is starting to use LLMs to automate getting results from a specialized instrument. His
research uses lensless imaging, in other words, rather than take a picture with optics “you
can do lensless imaging where you... just record how is the light or the x-ray scattered from
the sample.” In order for the data to be useful, P21 explained that researchers use an
algorithm to reconstruct the data to create an image, but this is a complex and compute-
intensive process that requires “experts that really massage the data and tune parameters
i order to make this work well.” He began experimenting with using LLMs to help with
this reconstruction process. He used the analogy of editing a photo using Photoshop saying,
“Think about Adobe Illustrator or Photoshop, right? Let’s assume you’ve got a picture of
someone and the background isn’t great... So yes, you can play with Photoshop until you get
that image about right, but with these large language models... where you can interact with
the chatbot and say well can you sharpen the image or change the tone or whatever it is that
you want.” While the technology is not fully functional yet, he sees a future where researchers
can similarly ask for a scientific “image” to be sharpened without manually fine-tuning every
parameter.

P14 is a data scientist on the same Science team as P21 where the research used lensless
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imaging; he explained that he helped researchers use computational imaging techniques and
that he was building an automated data analysis workflow using LLMs. He said that part
of his data analysis process involved setting over 20 parameters in a script, and even though
he wrote the script he still forgot the names of some of the variables, so he set up an LLM
to “convert natural language [parameter names| to Python code or MetaLab code, which
directly feeds to the computer for actual data analysis.” P14 continued that in addition to
generating code, he provided the LLM with knowledge of the analysis techniques he uses,
since the LLM’s understanding of the techniques on its own was not detailed enough. He said
that the knowledge is “essentially a bunch of text files... a summary of my past experience
with different techniques.... whenever I have new data coming in, I want to use the workflow
for the new data. And as I process the new data, I pay more attention on my thought process.
So in the end I summarize them into the knowledge file.” P14 and a colleague were the main
users of his automated workflow, however, he said it is “actually more useful to inexperienced
users or people who just started to learn the technique.” While P14 was optimistic about the
ability for LLMs to automate large swaths of his workflow, he said they were still limited to
“narrow environments.”

Operations workflows: At this point in time, only the more technically-oriented Op-
erations employees had actually tested creating agent-driven workflows. P1, a safety expert,
said he was automating workflows for his group, including building “an application for per-
forming instrument checks in the morning.” He described that since “a lot of the [instrument
checking| software involves these really old scripting-based inputs from the 1960s, no one has
a helpful GUI anymore.” So, he designed a workflow agent where he could “select, ‘I want
this [chemical element], I want these parameters,” and then just click run” and the LLM
automatically generated a Python script that controlled the old software programs. P1 ex-
plained that he did not have any formal training in software engineering but in addition to

using a LLM to drive the automation, he also used it to design the Python script: “I would
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never have been able to [write the code| without significant time investment, and the fact that
I could produce a working app in a couple of days was impressive to me.” In addition, P1
described a database his team maintained of relevant chemical elements. He explained how
LLMs could be useful for automating searching this database as part of workflows so that
his team did not need to export to Excel and do their calculations manually. He wanted
to be able to ask the database using an LLM, “Hey, there was an incident or a fire in this
lab. What’s the total amount of activity that was in this lab?” While P1’s use cases are
specific to his group, the broader ideas he described apply to numerous Operations roles
such as: automating old software tools, writing an automation software program without

coding skills, and simplifying database searches.

Envisioned Uses: More Fully Automated Workflow Agents

Participants in Science and Operations envisioned uses for generative Al that were more
fully automated extensions of their current uses.

Science workflows: Researchers at the national lab have been working towards science-
specific large language models that could be integrated into an “Al scientist” tool. As P3
and P20 described, an Al scientist is an advanced workflow agent able to produce scientific
simulations that generate new hypotheses that get tested immediately in a feedback loop
with minimal human intervention. P20, a software engineer on a Science team, explained
his understanding of the initiative: “/there is/ a humongous search space in different science
domains, whether it be material science or biology or something like that, and trying to give
guidance to researchers so that they don’t waste time or it’s not just like throwing darts at a
dart board.”

Operations workflows: Multiple participants in Operations roles envisioned how LLMs
could more fully automate their workflows. S60 provided a representative comment that

they wanted LLMs to, “automate more things—auto organize email, create auto-responses
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to emails, help organize my task list(s) by prioritizing and setting dependencies (can’t start
task B until task A is complete).” P17 is a senior manager in a Science division in charge of
upgrading a major experiment, however, his day-to-day work aligned more with operations
than research tasks.% During the multi-year project to upgrade the experiment, he said there
were safety talks every day that “would outline which teams were in which areas on which

7 He envisioned how a workflow agent could use the slides and content from these

days.
talks to “summarize the tasks for all of the teams and create a Gantt chart” that he could
then compare against the timeline that was originally planned in order to “tell me what took
longer and tell me what was faster than what was planned.” Overall, participants envisioned

that workflow agents could automate operations tasks related to communication and project

management.

3.4.4 Risks and Concerns

In this section we cover the most common risks, concerns, and barriers to using generative
Al that participants mentioned. We focus specifically on these topics in the context of
participants’ work in a science organization. Some interview participants and 14% of survey
respondents mentioned broader social concerns—such unauthorized web scraping for training
data and bias in datasets—but since they did not tie these back to implications for their

own use of generative Al in their work we do not include them in the discussion.

Reliability

Our findings show that the most significant barrier to adoption in a science organization
is generative Al’s lack of reliability and tendency to hallucinate, as well as the fact that it

does not cite source material. Many interview participants and 44% of survey respondents

6. We note that in an organization like the national lab, Science and Operations roles can be interrelated,
which is part of why studying both sides is important.
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mentioned reliability concerns. One representative survey respondent (S19) said that LLMs
were, “not ‘smart’ enough to properly search, cite, summarize literature. Issues include
incorrect information and making up fake citations. 7 P4, a lab safety employee, summarized
this viewpoint saying, “I need to be able to tie [an LLM output] back to an authoritative
source.” Citing sources was particularly important for scientists, who noted that current
LLMs were not reliable enough for technical information unless they were used by an expert

who could spot the falsehoods.

Overreliance

Many interview participants and 21% of survey respondents were concerned that the intro-
duction of LLM tools would lead to overreliance or inappropriate use cases. Representative
survey responses included, “I'm concerned that people who don’t know enough to realize the
LLM isn’t always correct will use the information as if it’s true.” (S39) and “/LLMs are|
a tool and over-confidence in their inherent ability will introduce a bias in the that LLM
is ‘right’” or ‘correct.” (S37). Multiple participants said they were particularly concerned
about the use of generative Al in the hiring process, with S29 giving the example, “for in-
stance feeding resumes or communications to the LLMs and having them making a [hiring]
determination on a more qualified candidate.” Participants who felt they understood how
generative Al works were not concerned about overreliance issues for themselves, but for
others who they thought might not understand. This was the case for both Science and
Operations participants. For example, S18 said, “I’'ve seen very smart researchers try to
use it as a search engine to wverify information,” which is problematic because LLMs can

hallucinate false information.
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Privacy and security for unpublished, classified, and proprietary data

All of our interview participants and 42% of survey respondents had some degree of privacy
and security concerns with LLMs in their work. P12, a scientist, broadly summed up this
perspective saying, “I do not have fear for the technology itself, just to not know who will
use 1t and who will have access to the data. That seems what I am worried about, espe-
cially about the datasets.” While participants agreed there were concerns about feeding data
into commercial LLMs, they differed on exactly where to draw the line, particularly with
unpublished academic research.

Lab employees handle both classified data as well as sensitive data such as personally
identifiable information (PII), and participants did not feel it was safe to put these kinds of
data into commercial LLMs. For example, P13, a scientist, explained “Parts of the project
that I work on are controlled information, so obviously I couldn’t be posting anything like that
there.” P11, a scientist manager, felt the same way about public and commercial LLMs,
but thought the national lab’s private LLM instance “mught even be okay for most types of
controlled and classified information.” However, he noted more work would be needed to
ensure the safety of classified information, “Of course, there are other use cases where it’s
more sensitive than that. That would be a whole different conversation, because I have to be
running in a separate [secured digital] environment, things like that if we’re actually dealing
with classified information.”

Participants disagreed on the extent to which their own unpublished research should be
shared with commercial LLMs. At one end of the spectrum, P13, a scientist, did not want
to share anything back to companies like OpenAl, saying, “I would never post, for example,
portions of my code and then ask why does this not work? Or something like that.” In
contrast, many participants did feel comfortable sharing code snippets and in fact this was
a common use case. The national lab has policies regarding “export control,” or controlling

how research is published to the public. Several participants brought up that putting an
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unpublished paper into a commercial LLM might constitute publishing it publicly and thus
fall under export control policies, but overall there was uncertainty about this issue. On
the other hand, some scientists said that without context their results were useless and that
they were planning to publish them soon anyway so it was not an issue. For example, P16,
a scientist, said he was not concerned about putting his unpublished research into an LLM
because “if it’s proprietary, I don’t use [commercial LLMs/|. And if it’s not proprietary, I'm
about to publish it so that everybody can read it.”

For many participants, using Argo eased privacy and security concerns because it used a
private instance of OpenAl’s models. For example, P5, a facilities engineer, voiced a common
feeling that the lab could be trusted more than companies: “In a lot of ways I kind of trust
[Argo] more than Claude or... ChatGPT. I trust [it] to keep my personal information more
secure than I trust a private company.” Similarly, P6, who works in IT, said he did not have
security concerns with Argo because, “It’s contained within our firewall, so I don’t have any
concerns with that. I think iof we would use another LLM that I would have privacy concerns,
but not with [our instance] in particular.” S19 said, “My work involves sensitive information
and novel experiments, and so I am apprehensive to provide too much detail to [non-Argonne
National Lab] LLMs.” At this time, the private instance also does not store chat history. P7,
a lab safety employee, said this was good for privacy and security, explaining, “I think the
best thing is that [chat history] doesn’t get stored anywhere because... even in [the national
lab] there’s going to be probably [several thousand] people who could access it. So with every
different use case in science, admin, and stuff like that. So I think making it so if someone
puts something in that maybe shouldn’t be, the fact that it won’t be there is good from a more
privacy focused [angle].”

However, this strategy of promoting Argo could backfire if employees prefer other more
advanced LLM models that are available. At the time of the study, OpenAl had released

GPT-4 but only GPT-3.5 was available through the national lab’s system. P9, a lab safety
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manager, explained this saying, “I think the capability of that if we’re hosting it here on site...
is just so much more limited to what’s there. The natural attractiveness of going outside of
[the national lab’s] intranet is just obvious based on capability.” P21, a scientist manager,
echoed this saying he preferred using ChatGPT: “I"ve been using chatGPT as opposed to
the [Argo] thing. So far, I have not used it with any data where we have any concerns with
regards to security, privacy, export control, or any of these topics.” While participants who
were using public models said they were being careful, from an organizational perspective

this could be a security threat.

Academic Publishing in the Era of LLMs

Many scientists and 20% of survey respondents were concerned about researchers using Al
to write academic papers. However, they did not agree on exactly where to draw the line
on acceptable vs unacceptable use. On the one hand, everyone agreed that generating fake
research was unacceptable. For instance, P21, a scientist manager, said, “Some individuals...
just create fraud... Al and machine learning opens that up to a whole new level because
you may be able to really create papers at a push of a button.” Similarly, P19, a scientist,
said, “I think there is also an ethical concern of people using something like a large language
model to write a paper and then publishing it and claiming it as their own work. So there’s
a plagiarism aspect there.” Another scientist, P16, said he had been asked to review some
Al-written work for a journal and had suggested it be rejected.

Part of the issue, participants suggested, is that if something in the paper turns out to
be incorrect it is not clear who to blame. Also, if the LLM suggests something useful, it is
not clear how to cite it. For example, P19, a scientist, said, “If I write a paper and I submit
it and it turns out that I said some stuff that was wrong, well at least there’s a person we
can have that conversation with. If it comes from a chatbot, then what do you do with it?”

Most participants felt some level of paper editing with a LLM was acceptable, but the
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line was fuzzy. P13, a scientist, outlined this tension felt by many saying he was “troubled”
by “the idea of generating content that you pass off as your own” while at the same time
he felt that if ChatGPT was just used to help minimally refine a researcher’s original idea
then it was overkill to “put a disclaimer at the front of your work that says this was partially
or fully Al assisted.” Overall, participants saw a role for LLMs in writing research papers,
but we found that it was still an open question as to exactly how much assistance would be

viewed as acceptable.

Impact of Generative Al on Jobs

Participant opinions were mixed on the impact generative Al would have on jobs. Many
interview participants brought up the topic, and we asked managers about it directly. While
it was only mentioned by 5% of survey respondents, some felt strongly it was important.
For the most part, participants saw generative Al as a tool that would be helpful to but not
replace scientists, but there was some concern for jobs that required less scientific expertise,
such as Communications or IT roles. Many managers believed the skill sets they hired for
would change but not the total number of workers.

Participants in technical or specialized roles in Science and Operations tended to view
generative Al as a tool that could speed up their infinite to-do lists, but that would not replace
them. For example, P17, a scientist manager, said “/generative AI] will just be another tool
like FEA [finite element method| analysis, right? FEA analysis is faster than doing it by hand
and more thorough [and LLMs will] be like that.” Another scientist manager, P21, similarly
said, “It’s a new technology that will have a very significant impact on the workforce, but
essentially it’s like a tool.” Likewise, P16, a scientist, said “It’s giving me new tools to use.”
Most technical workers were not concerned about losing their jobs due to generative Al
P9, a safety manager with a technical background, summarized this saying the efficiency

gained from using LLMs, “opens up time to do other things that wouldn’t have gotten done”
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and that he was “completely comfortable with the idea that it’s better at [some tasks]... I
have no concerns of that taking my job away.” P16, a scientist, said that having a LLM be
able to do programming tasks was like “having a free junior scientist” that his group would
not have had the money to hire a human for in the first place. However, he said much of
his job required being on-site at a scientific experiment “to make sure that a laser hits the
right spot” and he felt “Al is never going to be able to do that well, at least not for a very
long time.” P18, who works in Operations, said, “Nothing [in our work| is general. We’re
not doing general, we’re solving a problem based on a specific set of concerns” and therefore
that she was not concerned “about it taking over people’s creativity of theiwr work application,
yet at least.” Only one technical participant, P14, thought Al might take his job as a data
scientist one day but seemed thrilled by the possibility rather than afraid saying, “My dream
is to develop a fully automated workflow that kind of replaces me... Homnestly, I think a lot
of my job can be replaced by LLM given enough time and training.”

On the other hand, numerous participants in both Science and Operations were more
concerned that Al might take over less technical or specialized jobs. For example, P6 works
in I'T and his job was largely managing existing automation and fixing issues as they arise:
“I will update correct data in the database tables, troubleshoot issues with some applications
for production support, upgrade small commercial off-the-shelf products.” Given that it is
conceivable LLMs will be able to automate some of these tasks, he was concerned, saying
“I think that somewhere in the near distant future they’re going to put people out of work...
you’re going to have somebody that is in my [older| age group that’s maybe stubborn and
they don’t want to learn technology.” P16, a scientist, thought AI might take jobs that are
largely reading or writing based saying if “your job is to attend meetings and write emails,
AT could replace 90% of what you do.” P19 was concerned about Al taking jobs but not
research jobs that required “technical writing.” S18, who works on the Operations side in

a Communications role, said she was alarmed to see a recent LLM-generated publication
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that she felt plagiarised her ideas without credit. She also felt her work was devalued by
researchers who did not understand the effort required for science communication writing,
saying LLMs led “to a lack of respect for creative arts or content-generating colleagues.” She
also warned that “it’s only a matter of time before research-based content experiences the
same [impact from generative Al-authored work.|”

When we asked managers how they thought generative AI might change hiring, for the
most part they said it would change the kinds of skills they looked for in workers but not the
total number of workers. Technical managers such as P21 made comments such as, “I expect
that more and more people that we hire will have literacy in AI and machine learning.” P21
continued saying, “we typically have scientists that run our instruments and collect, acquire
and reconstruct data and help interpret it. I suspect we may need a few less of those, but not
dramatically. So instead we will need more sort of Al-based people that are able to tweak,
let’s say large language models.” Non-technical managers were also adjusting the skill sets
they looked for. P18, an Operations manager, said “I wouldve probably told you 10 years ago
written communication was a better skill. Now I'm looking for people who can actually have
a conversation on the phone... So I do think that skill sets are going to continue to change.”
Overall, there was more concern for non-technical than technical roles, but managers felt that

the skills they valued in all roles would be modified based on generative Al’s capabilities.

3.5 Discussion

Overall, our findings suggest that participants were familiar with generative Al technology
and experimenting with it for a range of tasks from writing reports to automating data
science pipelines. Argo usage showed that the number of early adopters for generative Al at
the national lab has been growing for both Science and Operations users. These trends, when
paired with our interview data, suggest that generative Al tools can add value to science

organizations. However, these tools will be the most useful if they are designed to solve real,
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domain-specific problems, and hurdles such as reliability and accuracy must be improved. In
addition, there are risks particular to science organizations that must be addressed. In this
section, we discuss design and organizational policy recommendations and ideas for future

research directions.

3.5.1 Organization Copilots and Workflow Agents: Design

Recommendations and Future Directions

Given the significant overlap between what Science and Operations employees reported look-
ing for in a copilot, we argue a single organizational copilot is needed. However, different
domains have unique needs and we see a future where specialized copilots can be designed
for different types of workplaces. Based on participant responses, such a copilot could be
integrated into organization email services to help workers with tone, with particular sup-
port for people for whom English not their first language. In addition, a copilot could have
knowledge of common report and grant structures and include pre-programmed prompts to
help workers put these together more quickly. It is also critical for a copilot to have access to
internal organization data and accurately pull information from academic literature and tech-
nical documentation with citations, allowing for interactions such as scientific brainstorming
and automatically surfacing correlated data. Moreover, synergy between ideas can advance
science more quickly and a copilot could help identify common interests between Science and
Operations teams. Lastly, there could be a way for teams to upload team-specific frequently
asked questions (FAQs) to the copilot to reduce email burden from common questions. While
some of these affordances might be useful in many organizations, science organizations have
particular technical context that a copilot must understand for it to be useful.

While organizations could use a single copilot, our findings showed workflows tended
to be highly customized depending on the team and project. Organizations that want to

support their employees in creating customized workflow agents could provide scaffolding and
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templates for helping workers with best practices for creating an agent. Organizations could
also provide employees with strategies for giving generative Al agents scientific or technical
context. Organizations might want to consider a way for workers to share agents they have
made with others in the organization. One type of agent we see as being important in science
organizations are agents for interacting with and operating complex scientific instruments, an
area that merits more research on technical and design considerations for this task. Another
type of agent that could be tweaked for both Science and Operations employees are agents for
the continuous monitoring and summarization of designated information sources including
academic literature and online sources.

Future work could focus on honing in on industry-specific copilot designs, building on
prior literature on specific tasks such as writing and programming [114, 160]. For example,
answers are needed for what interaction timing is best for organization copilots, how employ-
ees can find out about their capabilities, and how complex data sources like science literature
can be organized and queried. In addition, future work could look at how to craft a gener-
alised basic workflow agent or template agent that can be adapted by employees in multiple
roles and with a range of technical skills. More work is also needed on creating operations
workflow agents for common processes around email organization and project management.
This builds on literature on Al agents that extends prior to generative Al’s development,
along with more recent research on generative Al workflow agents in science and elsewhere
such as [150, 66, 189|. Lastly, future work can also measure the extent to which generative

AT is being adopted in organizations as the technology becomes more developed.

3.5.2  An Organizational Approach to Generative Al Risks

Based on our findings around organizational risks and concerns with deploying generative

Al to employees, we outline directions to mitigate these issues in a science organization.
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Policies for Publications and Citations

Our findings show that employees have a range of opinions on publication policies and
citations when generative Al is used and many were confused about how to proceed. Science
organizations, as well as organizations that publish writing to the public, should create clear
policies for employees (accounting for all types of roles) around appropriate use of generative
Al in writing and citation practices and communicate these policies effectively. While there is
no “right answer,” organizations can help guide staff so that everyone is working with a shared
understanding of what is appropriate use as well as how to cite Al-generated content. Given
that we also found significant concerns around reliability and overreliance on generative Al
tools (such as hallucinations, lack of scientific or technical knowledge, and overconfidence
in incorrect answers), organizations should also prepare for cases where Al-written content
includes a falsehood. This may be particularly problematic for science organizations that rely
on public trust [123] and grant funding. HCI researchers can help guide what these policies
should be and also work on designing technical solutions such as studying how watermarks

[155] for generative Al content could work in practice in an organization.

Mitigating Privacy and Security Risks

A key organizational threat, especially for organizations like a national lab that deal with
confidential and even classified information, is managing privacy and security with generative
Al a topic that has little research thus far. At this time, many employees are experimenting
with both commercial LLMs such as ChatGPT and lab-specific Argo. Participants told
us that they are careful and many described redacting sensitive information before placing
it in a LLM, however, this means different employees have different ideas about what is
acceptable data to share. Science organizations, in particular, need policies around sharing
unpublished academic research, research code, and organization-specific information. We
also found many participants felt more comfortable, from a privacy and security perspective,
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using Argo since no queries were stored or shared. This suggests that a viable option is for
organizations to make these kinds of internal generative Al systems available for employees
in order to mitigate the need to go to outside products. Organizations must, however, make
sure their internal options are competitive with external ones since otherwise employees may
continue to use external generative Al with better features. Even with an internal LLM that
has access to organization data, given employees have different levels of information access,
future work could investigate how to design this into the system, particularly for classified

information.

Transparency Around Future Hiring and Skills Needed

It is important for organizations to understand that some employees may be concerned about
the future of their jobs given the introduction of generative Al. Echoing earlier findings [123],
at this time, scientists largely felt their jobs were safe. However, the “Al scientist” project
at the lab as well as managers’ comments that skills they were hiring for would shift due to
generative Al indicate that scientific roles may also be impacted. From an organizational
standpoint, we recommend leaders make it clear to employees how they see Al impacting

future hiring and what skills will be valued in both operations and knowledge-specific roles.

3.5.3 Limitations

This work provides a case study of a single science organization. Given how little is currently
known about organizational use of generative Al assistants, findings from this case study
are applicable to a broad range of knowledge work institutions such as those with knowledge
specialists (e.g. scientists, lawyers, etc.) and operations workers; in addition, future research
should study a variety of science and other knowledge work organizations. When studying
usage in the organization, we did not have access to the number of employees accessing

commercial LLMs and so our usage data for Argo under-counts total LLM usage. Our
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participants skewed toward white men, and while this is reflective of the organization a
greater diversity of participants might have offered new insights, and future work could
correlate specific use cases and risks with demographic features. Our participants also tended
to be early adopters of generative AI who were interested in the subject and may not reflect

the opinions of employees with little background or interest in the technology.

3.6 Conclusion

In this chapter, I discuss our study of the practical, real-world applications and perceived
risks of generative Al use across Science and Operations teams in a multidisciplinary science
and engineering research center, Argonne National Lab. To understand current and envi-
sioned generative Al use cases and privacy, security, ethics, and other concerns surrounding
generative Al in a science organization, we report on usage statistics for the first release of
a private instance of GPT-3.5 called Argo at the lab, a survey (N = 66), and in-depth in-
terviews (N = 22). We find that there is an upward trend of Argo users, split between both
Science and Operations employees, although use is largely experimental at this time. Uses
cases fall into either a copilot or workflow agent generative Al modality. Risks include reli-
ability, overreliance, privacy and security, the impact on academic publishing, and concerns
around generative Al taking jobs. We end with recommendations for organizations inter-
ested in implementing generative Al systems and for HCI researchers working on crafting

these systems.
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CHAPTER 4
BUILDING A COMMUNITY-BASED PARTICIPATORY Al
SYSTEM FOR CLIMATE SCIENCE

4.1 Introduction

This chapter! reports on developing a participatory Al system for climate science. Science-
focused Al systems increasingly involve the public, and the success of science relies on public
trust in these systems. This is particularly salient for weather and climate AI systems
because the forecasts and simulations they produce impact people’s decisions about when to
evacuate in an emergency, where to move, what kind of infrastructure to install, and more.
One way to build trust in climate Al systems and ensure they benefit everyday people is
to include those impacted in the design process. This method of involving stakeholders in the
design process for Al systems has been referred to as “participatory AL.” While participatory
AT appears theoretically promising, the definition is contested and little work exists on how to
practically go about developing Al systems in a way that is mutually beneficial to Al system
builders and the public [58|. There is minimal prior work building real-world participatory
Al systems [191]. In HCI there has also been work on “climate services” [157] and tools for
citizen science (e.g. |78, 11]). However, participatory design goes beyond the aims of citizen
science because it is not just a way to collect data, but to ensure the system has tangible
benefits for those impacted. This project seeks to provide lessons on building a participatory
AT system in the climate space that provides concrete benefits for multiple stakeholders.
To understand how to build participatory Al for climate in practice, I led a team that
embarked on a project that has taken nearly three years. We use this project as a case study

to draw practical lessons about the efficacy and challenges of building participatory Al.

1. Collaborators on this project include Thomas Chang, Marshini Chetty, Scott Collis, Nedra Sims Fears,
Bonnie Ko, Kanchan Naik, John Rugemalila, and Madison Vanderbilt. Special thanks to all members of the
CROCUS team at Argonne National Lab and the Greater Chatham Initiative for their support.
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Our research questions are as follows:

RQ1: How can members of the public and scientists each benefit from a participatory ap-

proach to climate Al and what are the challenges?

RQ2: What lessons can be learned about participatory Al from building such a system?

We approached these questions in a real-world setting where we collaborated with climate
scientists at Argonne National Lab who were developing climate AI models and a community
organization called the Greater Chatham Initiative focused on the Chatham community, a
region on the South Side of Chicago. Both the scientists and the community organization are
part of an existing Argonne initiative called CROCUS. The scientists are planning to study
climate and climate impacts in Chicago at a neighborhood scale (as opposed to city scale).
In this work, we introduce the term “precision climate” to describe these hyper-local climate
models. The scientific approach relies on Al and a sophisticated data pipeline, for example
using Al to estimate the depth of flooding on a street from a camera image or to simulate
how adding trees to a neighborhood would impact air temperature. As part of CROCUS,
Argonne has established partnerships with several neighborhood organizations focused on
environmental issues, including the Greater Chatham Initiative. The first goal of the project
within this context is to understand needs and perspectives on building climate-focused
participatory Al including: 1) understand how Chatham residents view the data collection
process and how they might benefit from the hyper-local data collected by scientists, 2)
understand how scientists think that community residents can contribute to the climate Al
system they are building, and 3) understand challenges to building a participatory climate
AT system in practice. The second goal of the project is to co-design a prototype of a
participatory Al system with residents and draw lessons from this process.

To do this, we break the methods into four phases. The phases were designed to gain
as much information as possible while being unobtrusive to the scientist and community

stakeholders. We also wanted to build trust we all sides before taking any action. Therefore,
95



Phase 1 involved relationship building and participant observation where we attended 30+
meetings and 3 in-person science/community events and took field notes. In Phase 2, we
conducted interviews with 12 scientists and three community engagement specialists. In
Phase 3, we led a series of three in-person “Community Cafes,” which were design workshops
with Chatham residents (N=62) that followed a human-centered design process to design
and prototype an app. In Phase 4, we developed and launched the Water On My Block app
that focused on flood reporting in Chatham and both benefited residents and contributed to
the science Al data pipeline.

By deeply understanding the needs of both climate scientists and Chatham community
residents, we have been able to see how their goals could be aligned through this flood
reporting tool. On the resident side, Chatham community members can use the tool to
report and find out about local street and basement flooding incidents and also use the
tool to petition their alderman or the city for resources. On the scientist side, a dataset
of flood reports provides insights into climate impact that will improve models and climate
simulations.

Project contributions include:

e An understanding of both scientist and community perceptions of a public-facing cli-

mate Al system and how the Al system might meaningfully benefit both groups.

e A prototype of a co-designed application that makes climate data actionable for resi-

dents and contributes to the Al pipeline.

At a high level, this work will contribute practical insights on how Al systems might be

developed in a way that builds community trust through participatory processes.
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4.2 Background

4.2.1  From Weather Media To Climate Services

The U.S. initially established the Weather Bureau in 1870 as part of the Department of
War [185, 177|. Modern weather forecasting began in the early 1900’s, and while the first
computer forecast was completed in 1950, computer forecasting only began to be remotely
accurate in the mid-1960’s [177]. The Weather Bureau evolved, eventually morphing into
the National Weather Service in the 1970’s and is currently housed in the Department of
Commerce [177, 185]. The National Weather Service makes all of its data available to the
public and issues forecasts. However, for-profit weather services such as AccuWeather and
the Weather Channel compete with the National Weather service while using its data, and
can display forecasts that are less accurate because of misaligned business incentives [177].
The U.S. also runs the Hurricane Center, which is focused on forecasting hurricanes [177].
At the time of this writing, the administration is dismantling numerous federal agencies and
thus these services may be at risk [25].

Media and communication researcher Marita Sturken coined term “weather media” to
describe the spread of weather-related content, first on television and subsequently on the
internet [185]. She explains that the Weather Channel was created in 1982 as the first 24-
hour channel devoted to weather-related news. As Sturken points out, the Weather Channel’s
focus on near-term forecasting and prediction meant that longer-term climate trends such as
drought were rarely discussed [185, 186|. Sturken describes the increasingly technologically-
situated weather reports—such as deploying satellite imagery—as building on a human desire
to control the weather via technology. The fact that the weather is ultimately uncontrollable
makes it a site of fascination for many.

The proliferation of of mobile phones, social media, and urban sensor networks have led to

new kinds of weather media and personalized weather reporting. This has made it a rich area
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of study for HCI. Sustainable HCI (SHCI) has been a sub-field of HCI since approximately
2007 [28]. A review paper by Bremer, Knowles, and Friday looks at papers over a 15
year period to establish trends in SHCI discourse [28], finding that early work focused on
individual behavior change that was later critiqued as being less effective than structural
change such as policy intervention. The review paper argues that HCI researchers should
use their expertise as designers and engineers to work on “green policy informatics.” Example
of green policy informatics include a project that rigged stormwater sewers in Detroit with
sensors and developed an Al system to manage and automate the flow of water [167], a tool
for complex digital services (e.g. Netflix) to measure their carbon footprint [165], and a
project to instrument Chicago with air quality sensors and provide QR codes at bus stops so
people could view the data [55]. Building on the idea of green policy informatics, other HCI
researchers have called for more work on “climate services.” Rigby and Preist [157] define
climate services as “the systems that provide climate, weather, and other related information
to various stakeholders around to world to inform decision making processes, allowing for
planning and preparation for upcoming conditions.” In their review paper, they show a lack
of work in HCI on climate services, and the numerous possibilities that exist for important
contributions [157|. I situate my work in this chapter within this history of weather media

and climate services, approaching these topics from an HCI and design perspective.

4.2.2  Participatory Artificial Intelligence

In an effort to make Al systems beneficial and inclusive, scholars have turned to the long
history of participatory design methods. The origins of participatory design trace back
to Scandinavia in the 1970s and 1980s, emerging from labor movements that sought to
involve workers in the design of workplace technologies [70]. Broadly, participatory design
is a design methodology that actively involves stakeholders—particularly end users—in the

design process to ensure that the final product meets their needs and values. Recently,
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scholars have noted a “participatory turn” in the design of AI systems [58] as technology
designers grapple with how to make these systems beneficial.

Like participatory design, participatory Al seeks to include the people impacted by Al in
its development. While numerous researchers have suggested participatory Al as a mecha-
nism for making AI/ML more equitable and trustworthy, there is not consensus on how to do
this in practice [21, 58|. Delgado et al. provide a review of participatory AI practices found
across b6 research papers and suggest a framework for precisely describing why participation
is needed, who is participating, and what form this participation takes [58]. They define four
dimensions of participation: consult, include, collaborate, and own. By sorting papers into
these categories of participation, they find that very few papers provide true ownership to the
stakeholders involved in the participatory Al design process. In addition, some researchers
have warned that involving impacted communities in ways that are performative or even
exploitative could cause more harm than good |21, 57]. Participatory Al can be particularly
fraught when stakeholders are from diverse backgrounds and have differing needs [57].

While there are concerns about participatory Al, there are also a handful of examples of
projects that have benefited communities. For instance, the organization Queer in Al has
orchestrated a number of initiatives to improve the participation of queer people and per-
spectives in the design and development of Al systems [152]. In another example, Suresh et
al. [191] point out that “there are not yet examples of how to apply feminist and participatory
methodologies from the start... [to] design machine learning-based tools” and they describe
their project that involved co-designing datasets and ML models in partnership with activists
working on feminicide. While not explicitly focused on Al, we also draw on work by Sheena
Erete who contends that community-based technology design should augment social cohe-
sion, engage small groups within a community, and reflect the interests of the community to
encourage participation [71|. In this chapter, I both build on this history of participatory

design and contribute practical lessons to the nascent literature on participatory Al.
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4.2.8 Clitizen Science

This project is informed by prior work on crowdsourced scientific data and citizen science. A
citizen science paradigm typically involves non-scientists collecting data and either donating
this to existing scientific efforts or using it for their own purposes. Previous work in HCI on
citizen science has looked at informatics tools needed to support citizen science |11, 151, 149],
technologies for encouraging participation/motivation in citizen science efforts |79, 159], ways
of visualizing science information for non-experts [180], and privacy considerations when
collecting citizen science data [27].

One example is a paper that looks at a citizen science online community called Weather-
it [11]. The paper argues that Weather-it is a form of “citizen inquiry” rather than citizen
science because the online community allows users to develop and carry out their own inves-
tigations of weather and share these with others (as opposed to collecting and donating the
data to science). In fact, their research finds that while in citizen science projects partici-
pants often list contributing to science as a core motivation, Weather-it participants ranked
this fairly low and instead were mainly motivated by an interest in the topic of weather.

Jennifer Gabrys spent years studying air pollution-focused citizen science projects for
her book Citizens of Worlds: Open-Air Toolkits for Environmental Struggle [78]. A core
barrier she identified for citizen science projects is that when activist groups take this data
as evidence to e.g. a government body to advocate for change, the government body can
dismiss the data as not sufficiently scientific and thus not believable. Gabrys also explains
that even well-collected data does not necessarily translate into action for citizens—it takes
significant effort to make this a reality.

While this project builds on ideas from citizen science, I do not label it citizen science
because its goal is to be bi-directional. By that I mean that while citizen science implies a
single directional flow of information (from participants to science), this project is also con-

cerned with the flow of information from science to residents and ways that this information
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can directly benefit residents.

4.3 Methods

4.3.1 Research Context

The CROCUS? project at Argonne National Lab is an “urban integrated field laboratory”
where climate scientists are deploying approximately 21 multi-sensor instruments around
Chicago to measure climate/weather and climate impacts at a hyper-local scale. Climate has
traditionally been measured at a city scale, often with a single weather station for an entire
city or town. CROCUS hopes to shift this paradigm by collecting neighborhood-specific
climate measurements (e.g. temperature, air quality, etc.) and climate impact measurements
(e.g. using machine learning to extract the depth of water on a street from image data).

The output from the climate scientists’” work on CROCUS will be raw data, accessible
using a Python API, and computational models of neighborhoods. CROCUS has aimed
to partner with local community organizations. Upon learning about CROCUS;, I led the
development of a collaboration between human-computer interaction researchers and the
CROCUS team with the goal of bridging the gap between the scientists and community
residents such that residents could benefit from, and participate in, the climate data/Al
system. We ultimately developed a deep partnership with one community organization—the
Greater Chatham Initiative (GCI)—focused on driving economic growth in the Chatham
region of Chicago.

Chatham is a neighborhood on the South Side of Chicago. 94% of Chatham residents
identify as Black and Chatham’s median household income is $39,348 [2]. Chatham has a
long cultural history, for example it was the home of famed gospel singer Mahalia Jackson.

The Greater Chatham Initiative “was born from a comprehensive plan for economic growth

2. https://www.anl.gov/crocus
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Figure 4.1: Timeline for project, include the four phases: relationship building, interviews,
community cafes, and development and deployment.

and neighborhood vitality.”?

4.3.2  Phase 1: Relationship Building and Participant Observation

Prior to beginning formal interviews or design activities, we spent considerable time building
relationships with science and community stakeholders. Our aim was to understand as much
as we could about the context of each stakeholder with as little burden as possible given
their busy schedules.

We conducted participant observation by attending 30+ meetings and events and taking
field notes (beginning September 2022). These included virtual science research meetings
and community organization meetings. They also included an in-person event celebrating the
deployment of one of the measurement instruments, a community-organized event focused
on flooding where we did a 30 min presentation with discussion, and an in-person conference
bringing together scientists and community members. In addition, we reviewed community
organization websites and public statements and followed the main Slack channel used by
scientists. Through these activities we developed trust with each stakeholder, learned broadly

about their interests and priorities, and showed that we were committed to a longer-term

3. https://www.greaterchathaminitiative.org/about-us/
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Figure 4.2: One of several original storyboards shown to community partner representing a
flood alert text system.

engagement.

4.3.8 Phase 2: Semi-Structured Interviews

I conducted 15 one-on-one semi-structured interviews with scientists, community members,
and community engagement strategists between April 2023 and December 2023. Interviews
lasted 30-45 minutes and were done virtually over Zoom. I recruited participants by reaching
out directly to members of the CROCUS initiative via email and Slack, as well as CROCUS
partners.

Our objective in the interviews was to understand stakeholder goals for the CROCUS
initiative and broader climate goals (e.g. How would you explain the main goal of CROCUS
more broadly? What do you think are the current or future impacts of climate change on
you personally?). When talking to scientists, we wanted to understand their perspective on
community involvement in developing and consuming climate models (e.g. Do you have any
ideas for how community members could be involved in the CROCUS Al pipeline? If you

could pick any CROCUS data to be put in a visualization for non-experts, what would it be
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Figure 4.3: One of several original storyboards shown to community partner representing
community reporting.

and why?). When talking to community engagement specialists, we also wanted to under-
stand how they thought community residents might get involved (e.g. What are examples of
community partnerships that have worked well in the past and why? From your perspective,
what do the community partners want to get out of working with CROCUS?).

Interview participants were predominantly on the science side and included both re-
searchers and software engineers. Participants working on the science side were mostly
white men with doctoral degrees between the ages of 25 and 44, which is representative of
the lab population. Community engagement specialists identified as Black or African Amer-
ican women, and all had a long history of working with communities in the Chicago area on

a variety of projects. See Table 4.1 for the full list of participants.
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4.3.4  Phase 3: Community Cafes

In collaboration with our non-profit community partner, we conducted three “Community
Cafe” events with Chatham residents. Community Cafes are a method used by our partner
to engage residents during an in-person discussion-based event, and they build on the World
Cafe model [1]. Aspects of the World Cafe method include: a welcoming environment, small
group discussions at tables, and providing food to participants. We provided lunch at all our
events and compensated participants with an Amazon gift card for their time. All events
were held in-person in Chatham. Participants were recruited by our community partner, the
Greater Chatham Initiative, via their email listserv.

Our three Community Cafe events followed the human-centered design process. Our first
event was in September 2024, it lasted three hours, and had 21 participants. In the first event
we focused on understanding Chatham’s climate concerns broadly, and how residents thought
technology might support or address these concerns. We led discussions with questions such
as What are some examples of times when a climate issue was a problem for you? and
had participants do a drawing exercise where they created a storyboard for a new app in a
climate scenario of their choosing. See an example of storyboards in Figure 4.4. In addition
to discussions, we had participants fill out a survey providing feedback on their main climate
concerns and demographic information.

Our second Community Cafe event was in October 2024, lasted 45 minutes, and had
27 participants. It focused on refining what the app should do and how people should
interact with it, building on findings from Community Cafe 1. We provided three possible
mock-up app designs to participants and had them vote and provide feedback on these. We
emphasized that the final design could combine different aspects of each mock-up. The first
mock-up was for a system that would send text messages about air quality and allow users
to text back to develop personalized AQI (Air Quality Index) thresholds for poor air quality;

the second mock-up was a web app for reporting local flooding incidents; the third mock-up

106



P
AR QUACTY AP S F i
CSE Steeet mefiHj’ of . Moutes
Text aled
Colow codle
5 s [ererllent
Tt ko o ﬂ
m“m;‘“" ~Red - Stoy|indose
Qualely s |,
“oda Fells you what

< \aue osthma . _Dheasune aimaue qualldy s Al Cloded

—_— _n Chatham sebg.
lag. \w\”“sw

Twstall Mights H*Mf

Slaoh md\f“?‘w“

colop 1S e @l

aualdy - aeed

va‘f?w‘*‘a
S Title tSewer [City Related T\ oo&-r\j
1 | o | ;

— o 0| &// T Ul\ / Re ting Welbbsite

g\ ool VL [N}

i o Q ) ol 7 es_nod
NoPa | [T Pl A o) ||
T SO TN cm&» PY Y En;;lw««s ™
1( V'v\) Yo n Y = ™ ‘( )4 7 Ao /Q

N 21 ub (‘P ileray S - _Checkon Web siteto

Quey y mﬁ%@ —secwhen street/
m/ﬁy oy sewer cleaningis xlg\gk..v‘n“e:!s":mfd-;ol
| . "Gy call alderma
| 5
{ M feces
\ Qmsh
. o, || T
NT Tech qglert S0) +M hecded ; p
Clooding | aree + Sewa slw
= the
7 oaan foc ot oven

Figure 4.4: Storyboards created by participants in Community Cafe 1 showing how an app

could support different climate scenarios.
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Figure 4.5: Mock-ups designed by our team presented to community residents during Com-
munity Cafe 2 for voting and feedback.

was a website with Chatham-specific weather/climate resources. See mock-ups in Figure 4.5.
In this event, we had participants draw directly on the mock-ups to provide feedback, and
also had them fill out a survey which included voting on their favorite mock-up.

Our third Community Cafe was in February 2025, lasted three hours, and had 14 partic-
ipants. Based on feedback from the prior events, we built a prototype of a flood reporting
web app and in this Cafe we focused on getting feedback on the prototype. We brought
laptops and had participants try the prototype live. We conducted a discussion around us-
ability and features as well as on privacy and data governance given the sensitive nature of

user-generated flood reports. We had participants fill out a paper survey during the event.

4.8.5 Phase 4: App Development and Deployment

We began developing the flood reporting app in December 2024. We waited to begin devel-
opment until after we had analyzed the data from the first two Community Cafes in order
to incorporate all community feedback. We chose to build a web app, as opposed to an

iOS or Android app, because it would be more flexible and we did not have the engineering
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resources to develop multiple versions of the app.

The web app is designed to provide an interactive experience for tracking flooding in-
cidents in Chatham. The platform uses a combination of modern technologies to ensure
smooth performance and secure data management. The backend is powered by Node.js and
Express.js, with MongoDB managing all data storage, including user-uploaded images. The
frontend is built with React.js, and to enhance mapping features, the app uses Leaflet.js
alongside the Google Maps API for location searches. Axios facilitates communication be-
tween the frontend and backend. User authentication is handled through Google Firebase

for secure access, and the entire application is deployed via Amazon EC2 for reliable hosting.

4.3.6  Analysis

Interviews were transcribed by Rev.com under a non-disclosure agreement. We qualitatively
analyzed the interview transcripts using the software MAXQDA in two rounds using thematic
analysis [162]. First, we did an initial coding round using a codebook developed based on the
interview protocol (see codebook in Table 4.2). Second, one member of the research team
developed subcodes for each top-level code. Then, a second member of the research team
reviewed all subcodes. For each top-level code, one member of the research team developed
a thematic summary of the code based on the subcodes. In this thesis, we focus on the
top-level codes bolded in Table 4.2.

We also conducted thematic analysis on the participant observation field notes, surveys
from the Community Cafes, and sketches and marked up mockups from the Community
Cafes. After each Community Cafe, two members of the research team qualitatively coded
hand-written sketches and feedback, survey responses, and field notes using MAXQDA. We
then summarized these codes into themes representing participant feedback and used this

thematic feedback to make design decisions for the next iteration of the app.
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4.4 Findings 1 (Phases 1-3): Understanding Community and

Scientist Needs and Challenges for Participatory Climate Al

In this section, we report findings from the first goal of the project to understand the needs
and perspectives that both community members and scientists had with respect to a partic-
ipatory Al system for climate science. In Section 4.4.1 we detail how community members
might be able to use and benefit from climate AI and precision climate. In section 4.4.2
we explain how scientists said they could benefit from community participation in their Al
system, particularly data collection. In section 4.4.3 we examine challenges to bridging the
gap between communities and scientists when setting out to build a participatory climate

Al system.

4.4.1  Community Uses for Climate Al

First we sought to understand how community members might want to use precision climate
data. We found that while numerous community members hold deep expertise in local
climate issues, quantitative precision climate data could be used to reinforce this knowledge
and advocate for resources. When speaking with community leaders and members about
how precision climate could be used in individual and community decision-making, we found
interest in quantifying “bang for the buck” in green infrastructure investments, real-time

alerts, and severe weather prediction.

Augmenting Existing Community Knowledge and Advocacy

Chatham community members have been advocating for environmental issues in their neigh-
borhood for many years. Community leader P14 spoke to a group of scientists and explained
that due to excessive flooding in her neighborhood, while she was growing up her basement

flooded numerous times and caused two electrical fires. She has no memorabilia left from
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childhood because of these events. This neighborhood sits at the intersection of two water
reclamation systems in the Chicago area. When it rains hard, these systems fill from the
center to the periphery and sewers can overflow directly into the neighborhood, flooding
basements and streets. In addition, the neighborhood sits near pollution-generating sites
such as a highway that lead to poor air quality. Historically, the neighborhood has not re-
ceived the funding necessary to tackle these problems. For example, Chicago has a program
where residents can call 311 if they need help with infrastructure issues such as a pothole
or flooded basement. Community leader P14 explained that most residents will not call 311
due to the fact that historically the effort to report has not been met with concrete help. In
the Community Cafe surveys, participants made comments such as, “311 operator responded

7 Some residents also worry that the data

with lack of concern” and “follow-up is terrible.
collected by 311 might lower the value of their homes.

While knowledge about these types of climate issues is deeply embedded in the neigh-
borhood, funding bodies such as the city or grant-giving institutions often seek quantitative

data to back up the claims. P14 explained the need for precise neighborhood-level data on

issues such as air quality saying,

“I really like the whole notion of it being hyper-focused so that we could determine
how [the neighborhood] does or does not relate to the city of Chicago... I specu-
late that our air quality is probably worse than what’s reported, generally, given
[proximity to transit hubs/, so it would allow us to know that a good air quality

day in the city of Chicago is a fair one in Chatham.”

Advocacy is a community-level application of precision climate data, meaning it is organi-
zations within the community that can take action on the data (as opposed to individuals).
This use case is also aligned with the kind of data scientists are used to generating for their

own grant applications.

112



Climate-Related Infrastructure Investment

Community members also wanted to use precision climate data to help decide which cli-
mate adaptation strategies and investments would be most worthwhile. For example, there
are a number of interventions that might soak up water and reduce flooding such as plant-
ing trees, installing bioswales, utilizing rain barrels, and updating sewage pipes. Residents
were interested in both community-wide investments (such as fixing the sewage system) as
well as individual-level investments (such as adding rain barrels or sump pumps to homes).

Community leader P14 summarized saying,

“Success would be having an action plan where we can look at what activities have
the biggest bang for the buck [...] That we have documented that if we change
where the sewer connection pipe is, or we plant 10,000 more trees, that we would

have an action plan to go ahead and do that.”

The concept of most “bang for the buck” came up numerous times when describing how to use
the data. The community was interested in data that supported which of these interventions
would be most effective locally—particularly for limiting flooding. As P14 said in a public
statement, “/precision climate data] can help us make informed decisions because we have

limited resources. We don’t want to guess, we want to know.”

Real-Time Alerts

Community members emphasized the relevance of targeted and precise real-time alerts, par-
ticularly for individual decision-making. One example that came up multiple times was
deciding which block to walk on in the case of poor air quality. Residents remarked that
their neighborhood bordered a highway and that this could be a source of unhealthy air.
More specifically, community leader P14 wondered about what route children should use to

walk to school saying, “If a kid’s got to walk in poor air quality, what does that look like?”
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P14 said that an alert function would be important since not everyone checked the weather

on their own, and that the alert should be paired with information on how to act:

“I'm frankly shocked at the number of people who don’t check if it’s a good or bad
air quality day... We speculate, just based on the number of AC units that we see
attached to apartment buildings that have five or more units, that maybe 20% to
30% have air conditioning. So to help people visualize the call of actions needed,

so they’re willing to put something in place.”

One Community Cafe participant also mentioned that it would be nice to have an alert for
particularly good air quality, so she could garden or go on a walk. There was interest in the
real-time alert coming in the form of a text message as well as interest in a map visual. P13,

a community engagement specialist said in relation to air quality,

“II’d like] an aerial landscape or map, which shows higher pollution areas... or I
don’t know if you can get a detail with block by block, which would be amazing...

Just so people know if they’re walking into something.”

Multiple Community Cafe participants also said real-time alerts would be helpful for flooding.
Participants said this could be an alert about the start of heavy rainfall that warned residents
to prepare for possible basement flooding. P14 noted that real-time alerts would also be
helpful for flash flooding incidents, explaining that while driving it was possible to be caught

in a flash flood and it would be useful to know which roads to avoid.

Severe Weather Prediction

In addition to real-time alerts that would tell residents when a severe weather event had
already started, there was significant interest from community members in being able to
predict such events in advance. When our research team gave a presentation at a flooding-

focused event in the neighborhood, the first point of discussion was whether flooding could
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be predicted, and thus planned for and possibly even prevented. The interest in prediction
was particularly salient for precision climate since residents already have access to city-wide
forecasts. Community members felt, however, that the city forecasts were often not appli-
cable to them and wanted a neighborhood-level, and ideally block-level, prediction. As we
describe in Section 4.2, prediction is a particularly challenging scientific and communication

problem.

4.4.2 How Scientists Envision Community Could Participate in Al Pipeline

Overall, scientists focused on how community members could contribute data and insight
that would shape the climate models simulating their neighborhoods. Scientists differed,
however, on what type of data they thought would be most useful, how it could be collected,

and how it could be used in the Al system.

Types of Community-Sourced Data

Multiple scientists spoke about images as a useful form of data, ideally with categorical labels.
Images could show both flood and snow depth that could be extracted using machine vision
algorithms. Categorical weather labels overall were of interest, such as to describe current
conditions as “icy” or “snowing.” Scientists also said collecting geolocation was critical and
that this needed to be at least as precise as a city block; for their purposes, a zip code would

be too broad.

How to Collect Community-Sourced Data,

Scientists brought up examples of meteorologists using social media to get real-time commu-
nity data via hashtags, and that this could be a possibility. They also mentioned lower cost
sensors that residents could place and monitor. Lastly, they said a dedicated app to collect

information could work well. Scientists said it would be important to train residents on how
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to collect scientifically useful data, such as what a “good” photo would be or how to use the

Sensors.

How Community-Sourced Data Could be Used in AI Models (Or Not)

One possibility participants mentioned would be training models directly on the data sub-
mitted by community members, but opinions on whether this would work were mixed. One
scientist said ‘ ‘Because the big thing in Al is having high quality labeled data sets. So what [
would love to be able to do is actually have people report urban flooding throughout Chicago,
and then we could train a model with rainfall as input and inundation reported by people as
an output.” (S1). However, another scientist did not think the data would be high-quality
enough saying, “If you want to have a network that can explain something... you have to
have a continuous flow of data with a certain quality... Otherwise, the network will cluster
[varying quality data/ differently.” (S8).

Another way to incorporate community data would be through model validation and
testing. This was the most popular use of community data shared by scientists. S2 described
how it would be important to include a human side to model evaluation saying, “ Let’s say we
have a big heat wave and people mentioned that the Woodlawn area was quite a bit warmer...
Not just saying that, ‘Oh, the RMSC was 2.5.” Qualitatively going through and being like,
‘Okay, it looks like Woodlawn was warmer than Bridgeport.” Some of these things that are
more important to the human aspect and not just... our typical diagnostics that we use when
we’re going through and evaluating models.”

The final way that scientists said they could make use of community input was as a way
of making sense of AI model outputs. For example, S12 said there could be unexplained

spikes in the data without an apparent cause:

“But occastonally with our different sensors on the roof, we’ll get this isolated

sptke in carbon monozide or something. In addition to being able to alert people
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nearby, [it would be helpful to ask| ‘Hey, everybody look around. Are there any big
trucks? Do you see any smoke plumes?’... I could see people wanting to engage

with that, just like there’s storm spotters and pollution spotters.”

In addition to unexplained spikes, other scientists mentioned distinguishing between cate-
gories that instruments have trouble with, such as the difference between dust and pollen
which are a similar size. Lastly, community residents could help with processing complex

data, for instance identifying cicada noises that an Al model might struggle with naming.

4.4.3  Challenges to Community-Based Climate Al

In this section, we draw on interviews with climate scientists as well as community members
to identify gaps that must be bridged in order for precision climate to move from the lab
to the community. First, despite the fact that scientists were excited by the prospect that
community members could use the data they carefully collected, there is a lack of both social
interfaces (between scientists and the public) and technical interfaces (between the raw data
and a more user-friendly format). Second, there was a tension between residents’ desire
for high-accuracy and hyper-local prediction /real-time alerts of climate events (particularly
severe ones) and scientists’ tendency towards preference for a carefully curated backwards
look at data since given tricky questions of accuracy and conveying uncertainty. Third, the
need for trust between scientists and communities—and the significant time it takes to build

this trust—is critical for precision climate applications to be successful.

Lack of Sociotechnical Interfaces Between Scientists/Raw Sensor Data and

Community Members

The scientists we interviewed were overwhelmingly excited about community members who
were not professional researchers using the data they produced. P2, a software developer on

the climate science team, said that he hoped:
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“The people would be looking at the data all the time, especially at the community
level... So we post events looking at after a storm has gone through or after
there’s been a big heat wave during the summer that people look to [our data] for
the information there... And really just seeing the data used by the... community

partners and the Chicagoland area, seeing it in the hands of community members.”

P4, another atmospheric science software developer, echoed this sentiment saying, “I would
like to see large scale community involvement in actually using the data we’re producing.”
Despite this excitement for using the data, however, no stakeholders fully grappled with the
social and technical reasons community members were not equipped to seize the opportunity
to work with the raw data.

We argue there are a lack of “sociotechnical interfaces” because we found that both
social and technical interventions would be needed to realize scientists’ goals of having the
community “‘looking at the data all the time.” On the technical side, the data is stored in
several databases and requires skills such as using an API, Python, and reading CSV files.
Even with this skillset, conducting data science analysis is time-consuming. Community
volunteers were already overworked and likely did not have time to dive deep on the raw
data. Improving the technical interfaces, however, must be paired with improved social
interfaces. Scientists are already seeped in the context surrounding the raw data. It makes

sense that, like fish in water, it is easy to forget this context was learned and must be shared

with community members for them to engage with the data in the same way.

Tension Between Residents’ Desire for Real-Time Data and Scientists’ Concerns

About Data Quality and Uncertainty

In Section 4.1, we described how residents wanted a way to precisely predict severe weather
events that would personally impact them. This need is in tension with scientists’ desire to

produce highly accurate data with error bars that measure uncertainty. For example, on a
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particularly foggy day scientist P1 noted in their research Slack channel, “Wonder if the fog
is playing havoc with our [particulate matter| measurements today” and showed a graph with
higher than normal measurements. After some discussion, the group of scientists concluded
that there was not a spike in pollution but in fact the increase was due to dense fog. Had a
real-time air quality alert been deployed to the public, it would have needed to subsequently
be retracted, likely damaging public trust in the data.

Prediction is even more uncertain than real-time alerts, given no one knows for sure what
the weather will be in the future. Conveying this uncertainty—which is particularly high for
precision climate—is a challenge. Several of the scientists we spoke with were particularly
hesitant to endorse prediction as even a possibility for precision climate. P3, an atmospheric

instrumentation specialist, summarized this perspective saying:

“The flooding information is going to be something that’s years down the line.
[Residents| are not going to see some real time, “Hey, it’s about to flood for you.”
They won’t ever get that. It’s going to take us forever to develop something like

that.”

A couple thought precision prediction might be possible, and that real-time alerts were well

within the realm of possibility. P9, a researcher, summarized saying:

“It’ll also give [residents| real time guidance during extreme weather events. So
I think that they can consider as a benefit and once you get more and more data
from these kind of nodes the algorithm can become smarter and they can give
much better guidance. And if not prediction I would say it would be telling you

how bad your weather is today and how much care you should be taking.”

Others said they would be more comfortable providing explanations and public-facing write-
ups of events that had taken place in the recent past. Backwards-looking reports, however,
were of less interest to community members given they did not aid decision-making in the

face of an extreme weather event—in other words, they were less actionable.
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Differing Understandings of Surveillance, Community Benefit, and Trust

Both scientists and community members were aware of the need to build trust. We found,
however, that each group emphasized slightly different viewpoints when describing how to
build trust that we surface in this section.

Scientists were primarily worried that the sensors they needed to place in neighborhoods
would be interpreted as surveillance devices, particularly in areas that had been over-policed.
P3, an atmospheric instrumentation specialist, voiced this concern which we heard multiple

times, saying,

“IThe community is| going to see something that has a camera on it, potentially
two cameras and be like, ‘What is this surveillance device doing?’ So that’s where
I'm concerned on the community reception s if we have a camera going at all
times and we say, ‘Hey, it’s for science,’ they’re going to just think were studying
them when it’s not studying them. It’s looking at the vegetation, the roads, the

”

sky.

Multiple scientists said they felt it was important to engage with community members to
explain that the sensors were not spying on them. For example, atmospheric scientist P1

said scientists needed to,

“Help communities accept these tools, these important tools, into their neighbor-
hoods... the answer is... critical data literacy. And then I do think it’s really
important for [us| to have a robust public outreach component. Lots of listen-
ing, lots of understanding the concerns of the communities, and doing things to

address them.”

To be clear, community members do care about privacy. Their view of privacy concerns was

even more expansive than scientists.” For example, while scientists were focused on invasion
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of privacy via policing, community members surfaced additional privacy concerns such as
fear of housing prices going down if data about the extent of flooding was made public.
But while community members care about privacy and policing, the most significant
concern we heard was that the science concretely benefit the community. In other words,
having privacy-preserving technology was necessary but not sufficient. In addition to being
over-policed, this community had been over-studied but had not seen direct benefit from most
research done on them. Managing recurring basement flooding and its mental and physical
impacts had also taken a significant mental toll on the community, as described by numerous
Community Cafe participants. P15, a community engagement strategist summarized saying,
“‘If you're going to pick [at these communities| and you’re not going provide any compensation
or any solution, then it’s really injurious at this point.” In a public statement, community
leader P14 described the ideal way of working with scientists while seeing a “tangible” result

saying,

“Equity looks like when the decisions are driven by the community for the commu-
nity. We're telling you what’s good for us and then we’re working collaboratively
to address the issue. I find that when we talk from a scientific lens, not based
on ‘please help us,” but we have the science that can inform, that if you change
where that sewer pipe is and move it, about 50% of the basements will flood less.

That is something that is tangible.”
P5, an atmospheric scientist who had spent time with community members reflected:

“I think having worked with the community partners during this past year, hearing
their side of the story, I see that there is this disconnect between the communities
and the scientists. The scientists get excited by the science they do... But me
personally, I never looked beyond that how it is going to be impacting somebody
else. So now it has become kind of personal because we know those people, we

have heard their stories and we have seen their discontent and distrust a little
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bit as well because they know we exist, we do our science, but how is it going to

impact their well-being, their neighborhoods? That part is the disconnect.”

This quote shows how she developed an understanding over time that the key for building
trust with the community was much more than addressing privacy concerns, but was actually
“impacting their well-being.” As she states, this is a challenge scientists are not accustomed

to addressing.

4.5 Findings 2 (Phases 3—4): Building the Water On My Block

App

4.5.1 Key Design Decisions Based on Community Feedback

We used an iterative co-design approach to develop the app, including the decision to make an
app in the first place (see Section 4.3 for more details on methods). Ultimately, we developed
Water On My Block, a web app that works on both desktop and mobile (see the screenshot
in Figure 4.6). Water On My Block lets users report a flood incident, view flood incidents
on a map and in a community feed, and see resources for flooding specific to Chatham.
When reporting a flood incident, users are asked questions about the flood such as location
(basement or street), water depth, and how long the standing water has been there. Our
partner organization has final say on who the data is shared with, but has agreed to share
it with the climate science group we have been working with to improve flooding models of
the neighborhood. After starting with a blank slate, the iterative co-design methodology we

used led to a number of key design decisions that we outline below that culminated in this

app.
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Figure 4.6: Screenshot of the Water On My Block web app. Circles show where there is a
flood incident. We do not show exact addresses to maintain privacy.

Deciding to Build An App

The first decision was whether to build an app at all. During early talks (prior to the start of
the formal research process) with our community partner, we provided some ideas of possible
apps via storyboards. However, we also provided more socially-focused ideas including a Data
Ambassador program where we would provide data literacy training to community residents
and structure dialogs between the Data Ambassadors, residents, and scientists to include the
community in the science and Al development process. Our community partner provided
feedback that they would prefer us to build a tangible app that could be shared with all
community residents as opposed to something like the Data Ambassadors program. They
felt that having something tangible and shareable would better convey the importance of the
science to more residents. An app was also less burden on the community, since it required
less time-intensive involvement than a training program. Another limitation of a training

program was our inability to provide a formal educational certificate, which again would have
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been something tangible to show the community. Separately, structural interventions such
as retrofitting buildings or planting trees would have been helpful but was not within our
team’s skill set or budget. Thus, given our skills and computer scientists and HCI experts

and the community’s desire for something tangible related to climate we decided to build an

app.

Focus on Flooding

In our first Community Cafe, we asked residents via a survey what climate concern was
most important to them. Flooding and air quality were both significant concerns. We also
asked participants to storyboard ideas for how a climate app might be useful to them, and
many of the storyboards revolved around these concerns. In the second Community Cafe,
we presented three possible app designs, based on the feedback from Community Cafe 1, and
had participants vote and provide feedback. One design related to flooding, another related
to air quality, and a third was a more general educational website. The most participants
voted on the flood reporting app. In addition, scientists had expressed interest in knowing
about flooding incidents that their instruments could not track (e.g. basement flooding). It
is important to note that we factored this in secondarily to the community feedback, but
given the community’s interest in a flooding app we realized it could satisfy the goals of
multiple stakeholders. Thus based on the combined data from Community Cafe 1 and 2, we

decided to create a flood-focused app.

Interface: Website, Map, and Community Feed

During Community Cafe 2, we presented two different core interface options: a text message
interface and a web interface. While one was shown for air quality and the other for flooding,
we explained to participants we could make either interface work for either climate concern.

Several participants described that they already get too many text messages and it would
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be overwhelming to get more, with one participant saying the Community Cafe 2 survey
that this would be “information overload.” The map interface with a community feed was
appealing to people because it mirrored existing experience with social media websites. In
addition, the map could be useful during extreme weather events for the community to share
information. Lastly, participants brought up that it would be important to have a tool usable

by seniors since “they pay closer attention to what’s going on in the community.”

Custom Resources Page for Chatham

While participants in Community Cafe 2 were primarily interested in a flooding app, there
was also considerable interest in access to educational resources related to flooding. We
discovered through conversations with participants and the community leader that these
included background on topics such as weather and climate concepts (e.g. there was confusion
around what “dew point” is), what to do in the event of a flooded basement, contact info for
local plumbers and others who might help with flooding, flood insurance info. To address
this unmet need, we added a page in the web app called “Resources” formatted like a FAQ

to provide this information.

Aiding Advocacy Efforts: Aldermen and 311 Connection

In addition to providing benefit to residents via the app interface, based on resident feedback
we also wanted to make the data actionable for advocacy. To do this, we included a link to
auto-generate an email with the flood incident data for the local aldermen (local government
official). While reporting to 311, a city of Chicago reporting service, was not always seen
as useful we also added a link to this form in case residents also wanted to report the flood

there.
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Data Privacy and Governance

Data privacy and governance have been a top priority since the beginning of the co-design
process. We decided early on that any data collected would be owned by our community
partner and they would have sole discretion when decided who to share the data with.
In Community Cafe 3, we had an extended discussion on data privacy with participants,
particularly in terms of the interface design. Residents had mixed opinions on if they felt
comfortable sharing flood incidents on a public map, particularly for basement floods. To
address these concerns, we made a number of interface decisions. First, we do not have
addresses listed on the public interface and show flood incidents using a circle the size of a
neighborhood block. We add random noise to where the circle is centered so it cannot be
inferred from the circle. We store exact addresses on the backend so that these can be used
by the community partner and scientists. Second, we allow anyone reporting an incident to
do so privately so it does not show up on the map at all. We also allow for the incident to

show up, but to hide the photos in case they are identifying.

4.6 Discussion

The initial goal of this project was to design and develop a participatory Al system. As
noted by Delgado et al. [58|, while many papers claim to follow a participatory process when
building AI, most merely allow stakeholders to consult rather than provide stakeholders with
true ownership. A test of true ownership includes the ability to stop the AI project from
being built at all. This means that, in fact, starting out with the intention to develop a
participatory Al system prior to consulting stakeholders turns the term into an oxymoron.
We realized that once we engaged with our stakeholders, particularly the community partner,
and wanted to provide them with full ownership over the project, then we needed to let go of
any particular technical outcome we originally wanted. Once we began discussions with the

community partner and residents, we realized their focus was on developing what has been
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called a “climate service” [157]. To the community, whether this climate service involved
AT or not was beside the point—what mattered is that it directly addressed community
climate concerns. For the scientists building the Al system, however, it was exciting to be
able to include community data in their models (or in the model testing). So did we build
participatory AI? From our perspective and the perspective of the climate scientists, yes.
We created a system that adds community-sourced data to the Al pipeline and engaged
community members in the scientific process. But from the perspective of the community,
we created a climate service.

Given that the app we produced ( Water On My Block) functioned both as a participatory
AT system for climate scientists and as a climate service for the community, addressing the
needs of each group but without requiring consensus on the ultimate goal of the app, we
argue that the app functions as a boundary object. Boundary objects are artifacts that have
interpretive flexibility, meaning the same object can be used/understood by different groups
in distinct ways, and they also “allow different groups to work together without consensus”
[183]. Throughout our discussions, interviews, and Community Cafes that nominally cen-
tered around the design of this app, we also provided ample opportunities for scientists and
community members to learn about each other and find ways of collaborating and commu-
nicating effectively, while also each working towards their own goals. Thus we contend that
the participatory Al design process can be about developing a sociol interface as much as a
technical one: the goal of crafting a technical artifact can allow for the mutual shaping of
stakeholders during the process that has implications outside of the final object.

We have shown in this project that over the course of multiple years, with a highly
targeted project, where the Al is a relatively small-scale machine learning system, we could
align stakeholders in a participatory design process. But this begs the question as to whether
this kind of method for developing AI can scale. To this end, we propose the concept

of “community data partners.” Al system builders can partner with communities to have
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a way of collecting high quality, community-scale data over longer time periods. To do
this, a long-term engagement built on trust is critical. The system must provide direct
benefit for the community data partner. Lastly, the community must have a degree of data
ownership or ability to limit who the data is shared with. If these requirements are met,
there is the possibility for large institutions or companies building Al at scale to partner

with communities.

4.7 Conclusion

In this project, we partnered with climate scientists and a Chicago community organization
to develop a participatory Al system for precision climate. Through participant observation,
interviews, and co-design workshops (“Community Cafes”’) we learned about the needs of each
stakeholder. We ultimately co-designed and developed an app called Water On My Block
to allow neighborhood residents to report flooding incidents that are both displayed on a
website and are fed into the science Al models. We describe stakeholder needs for precision
climate, challenges to bridging the gap between scientists and community members, and

lessons learned in the development of the app.
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CHAPTER 5
CONCLUSION

This dissertation has explored how Al is integrated into science and healthcare through
a sociotechnical and human-centered lens. By examining three case studies—AI in home-
based healthcare, Al adoption in a scientific research organization, and participatory Al for
climate adaptation, I have demonstrated how Al’s effectiveness is deeply intertwined with
social contexts and organizational structures. Each case study highlights the complexity of
designing Al that is not only technically robust but also socially attuned and inclusive.

The first study on Al-powered voice assistants for Black older adults underscored how
users’ relationships with Al systems influence their trust and engagement with healthcare
interventions. While some participants embraced Al as a motivating health companion,
others viewed it with skepticism, reinforcing the importance of designing Al that respects
cultural and social dynamics. The second study on generative Al in a national lab revealed
both the opportunities and risks of Al in scientific workplaces. Professionals across science
and operations roles experimented with Al as a copilot, but concerns around security, trust,
and institutional values shaped its adoption. Finally, the third study on participatory Al
for climate adaptation illustrated the challenges and benefits of co-designing Al systems
with historically marginalized communities. This project highlighted the need for long-term
relationship-building, community ownership of data, and alignment between scientific and
local knowledge.

Taken together, these studies contribute to the broader discourse on Al as a sociotechnical
system. They demonstrate that Al is not a neutral tool but a social machine embedded in
human relationships, organizational contexts, and historical inequalities. This work also
reinforces the importance of inclusive design, ensuring that Al systems benefit those who are

often left out of mainstream technological development.
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5.1 Lessons Learned

Across the three case studies in this thesis, participants were primarily focused on solving
familiar, persistent problems—such as staying healthy, managing information at work, or
coping with urban flooding. While AI brought novel technical capabilities to these issues,
participants cared less about the presence of Al itself and more about whether it tangibly
helped improve their lives. Exercise, office work, and flooding are not new problems; what
matters is whether a new approach offers real progress.

However, Al differs from prior tools: it often has opaque functionality, anthropomorphic
interfaces, and unclear data flows. This creates unique challenges for everyday adoption.
When people are offered help with serious, ongoing challenges—Ilimited mobility, overwhelm-
ing workloads, or chronic infrastructure issues—they are generally open to trying new solu-
tions. But when the technology starts behaving unpredictably (e.g. bringing up irrelevant
topics like golf), threatens to replicate or replace their labor, or extracts data without ob-
vious community benefit, trust becomes fragile. People are not only evaluating whether the
tool works; they are assessing how it fits into their understanding of the social world, and
how it might shift their own position within this world. Some participants related to Al as
a helpful companion or co-worker, while others saw it as diminishing their value in the eyes
of their colleagues or redistributing resources away from their communities.

From this, two lessons stand out: first, Al systems must provide clear, meaningful value
that is legible and aligned with users’ real needs. Second, Al system designers must recognize
that they are intervening in social structures—potentially altering power dynamics based on
decisions such as whose culture the Al mimics, what labor the Al can replicate, and where the
Al system concentrates the benefit of collected data. Interface and interaction design choices
can help guide users in understanding the purpose of an Al system, building appropriate
expectations, and shaping how they relate to it.

Engaging with people in real-world environments also requires deep, sustained relationship-
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building. Trust does not come from design principles alone—it is built through time, pres-
ence, and accountability. This work involved significant in-person effort: conducting focus
groups with older adults at a senior clinic, attending weekend climate events in Chatham,
and coordinating interviews around the availability of clinical trial field teams. Reaching
and respecting stakeholders required flexibility, patience, and a willingness to meet people
on their own terms. Moreover, working across disciplines and community contexts required
careful translation of goals and priorities to support shared understanding. I learned how
to align diverse stakeholder needs and move toward a collective vision, and realized how

essential this is for building inclusive, human-centered Al systems.

5.2 Future Work

This thesis leads to several avenues for future research on Al in social settings. As Al
continues to integrate into daily life, workplaces, and community contexts, it is crucial to
refine the ways these systems interact with people these social structures. Future work
can build on the findings of this dissertation by deepening our understanding of AI’s role in
shaping interpersonal relationships, supporting organizational knowledge work, and fostering

equitable data partnerships with communities.

5.2.1 Designing Culturally-Sensitive Interpersonal Relations with Al

As AT agents become increasingly embedded in people’s daily routines, it will be essential to
design these interactions with cultural and interpersonal sensitivities in mind. In Chapter 2,
I explored how Black older adults related to an Amazon Alexa in various ways—some per-
ceiving it as a friendly companion, while others viewed it as a stranger or even an intruder.
These perceptions directly influenced their willingness to accept health-related advice from
the AI. Future research should examine how diverse social groups relate to non-human enti-

ties and how Al systems can be designed to foster safe, contextually appropriate, and ben-
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eficial interpersonal relationships. Additionally, as Al begins to mediate human-to-human
interactions—whether in the workplace or personal settings—it is important to understand
how these agent-driven relationships affect trust, social bonds, and power dynamics. This
is particularly critical in high-stakes environments like healthcare, where trust in Al could

directly impact medical decision-making and patient outcomes.

5.2.2  Copilots for Organization Information Retrieval

AT copilots are poised to transform workplace knowledge management, but their design
presents numerous HCI challenges. In Chapter 3, I found that one of the most sought-
after applications for generative Al in a science organization was its ability to extract and
summarize insights from vast amounts of unstructured text data. However, designing an
effective Al system for organizational information retrieval involves addressing several key
challenges: ensuring that the right information reaches the right user at the right time,
integrating retrieval mechanisms into workflows in a seamless way, and preserving necessary
contextual information to maintain relevance. Additionally, security concerns in science
organizations—such as access controls for classified or proprietary information—raise further
design considerations. Future research should investigate how Al can serve as a trustworthy
and effective collaborator in information-rich work environments while balancing usability,

security, and efficiency.

5.2.8  Community Data Partners

Existing Al systems often extract data from individuals—such as through crowdsourcing
platforms like Amazon Mechanical Turk—without creating reciprocal value for communities.
In Chapter 4, I examined a participatory Al system where community-collected data was
not only used for AI model training but also made actionable for the community itself.

Expanding on this work, future research could explore sustainable strategies for building
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long-term, mutually beneficial data partnerships with communities. Key challenges include
structuring incentives for participation, ensuring that communities retain agency over their
data, and designing Al systems that provide meaningful, tangible benefits in return. As
Al applications shift from serving singular users to engaging with entire groups, designing

ethical, community-centered approaches to data collection will be increasingly important.

5.3 Conclusion

This thesis has explored the integration of AI into healthcare and science through a so-
ciotechnical and human-centered lens, demonstrating how these technologies interact with
real-world social structures, organizational dynamics, and community needs. In healthcare,
this work highlights the importance of trust, cultural sensitivity, and human-AlI collabora-
tion in designing systems that support well-being. In scientific research, it underscores how
AT can enhance knowledge work while also introducing new risks and challenges in organi-
zational contexts. By centering inclusion and participatory design, this work illustrates how
AT systems can be both effectively and ethically integrated into these high-stakes domains.
Given that Al continues to advance at an unprecedented pace, researchers, designers, and
policymakers must work together to shape Al systems that are just, equitable, and attuned
to the diverse ways humans live, work, and interact socially. This is particularly true in
fields like science and healthcare, where the stakes are high and the potential for positive

impact is large.
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