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Abstract

Creating accurate hyper-local climate Artificial Intelligence (AI)
models requires neighborhood-level weather measurements and
community partnerships. In this paper, we describe a three year case
study of using a participatory approach to support the creation of
hyper-local climate Al models, or what we term “precision weather.”
Using participatory design to involve stakeholders in the climate Al
pipeline design process i.e., “participatory Al we collaborated with
a national laboratory and a community organization in a major
metropolitan area in the United States, working with community
members and scientists. We held interviews, co-design workshops
(“Community Cafes”), and created an app for the community to
collect flood reports in their neighborhood for advocacy and to
contribute data to the AI model pipeline. We discuss our findings,
lessons learned, and implications for future participatory projects
to support hyper-local climate AL

CCS Concepts

+ Human-centered computing — Empirical studies in HCIL.

Keywords

urban, sustainability, weather, community, participatory Al, preci-
sion weather, hyper-local climate Al, climate AI

This work is licensed under a Creative Commons Attribution 4.0 International License.
CHI ’26, Barcelona, Spain

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2278-3/26/04

https://doi.org/10.1145/3772318.3790503

ACM Reference Format:

Kelly B. Wagman, Kanchan Uday Naik, Madison Vanderbilt, Naeun Ko, John
Rugemalila, Thomas Chang, and Marshini Chetty. 2026. Water On My Block:
Reflections on Building A Participatory Artificial Intelligence System For
Precision Weather With Scientists and An Urban Community. In Proceedings
of the 2026 CHI Conference on Human Factors in Computing Systems (CHI
’26), April 13—17, 2026, Barcelona, Spain. ACM, New York, NY, USA, 30 pages.
https://doi.org/10.1145/3772318.3790503

1 Introduction

Climate Artificial Intelligence (AI) systems for cities often rely on
coarse measurements to model weather at a city-scale, which makes
it difficult to support neighborhood-level decision making in urban
environments [16]. To better understand the impacts of microcli-
mates in urban neighborhoods, climate scientists need hyper-local
measurements of air quality, cloud coverage, precipitation, and heat
levels. They can then use machine learning (ML) models with this
data to fine-tune predictions and estimates to street level. These
hyper-local climate Al models can serve urban communities, par-
ticularly those that are low-resourced, who often suffer the most
severe consequences of extreme weather events such as flooding
and heat islands. Providing data about climate impacts at the neigh-
borhood level—as opposed to at a city level—can support efforts to
secure resources for green infrastructure and minimize harms from
extreme weather by clarifying who is affected and how. This data
can also inform efforts to educate residents on precautions against
flooding, extreme heat, snow, and poor air quality [47, 56, 75]. To
support a mutually beneficial climate Al system, scientists and com-
munities must work together to deploy measurement instruments,
collect data, and make that data actionable for all stakeholders [18].
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Using participatory approaches with local communities and scien-
tists could create hyper-local climate Al models with community
input and provide mutual benefit.

One approach to create a hyper-local climate Al pipeline that
depends on neighborhood data is through “participatory AL” This
approach refers to the process of using participatory design [9, 30],
or involving people impacted by a system in the design process,
for creating Al systems [7, 29, 48]. While participatory Al appears
theoretically promising to support climate Al systems that benefit
the communities they involve for measurements and observations,
the definition is contested and little work exists on how to prac-
tically go about developing Al systems in a way that is mutually
beneficial to Al system builders and the public [24]. Science-focused
Al systems, in particular, increasingly involve the public, and the
success of science relies on public trust in these systems. This is
especially salient for weather Al 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 infras-
tructure to install, and more. Participatory Al could build trust in
hyper-local climate Al systems by including those impacted by ex-
treme weather events where weather measurement instruments are
deployed in the design process. Some researchers do, however, cau-
tion that participation is not a panacea for improving ML and other
Al systems and can also be potentially exploitative and extractive
[68].

Yet, there is minimal prior work building real-world participa-
tory Al systems in urban settings to see how and what forms of
participation work well [10, 19, 33, 49, 74, 76] even though some
have explored this concept theoretically in relation to climate data
[54, 70]. In the Human-Computer Interaction (HCI) community,
there has also been work on “climate services” [57] and tools for
citizen science (e.g. [2, 35]) and a large body of work on sustainable
HCI more generally (e.g., [5, 14, 28, 37, 59]). However, participatory
design goes beyond the aims of citizen science or participatory
urban sensing [18] because it is not just a way to collect data, but to
ensure the system has tangible benefits for those impacted and that
it centers those voices [19, 51]. Participatory design that “matters”,
i.e., design which shapes technology for a better society overall,
needs to form strong engaged partnerships, build prototypes, focus
on changes that avoid negative consequences for those impacted by
technology, be rooted in technology, strive for democratic control
of technology, and aim for long lasting impact [9]. This is a tall
order for hyper-local climate Al projects, particularly since there
are only a small number of research projects that have engaged in
such processes.

In fact, most closely related to our own work is a project that
created a participatory approach to deploying an air quality sensor
network in Chicago to support hyper-local climate Al models in col-
laboration with the city, community stakeholders, and researchers
[22]. They achieved success in enacting participatory design that
“matters” [9] and developed a “three-legged” stool framework to
describe how to do participatory design with the city, communities,
and researchers. Our deeper dive into how one urban community
and a set of climate scientists worked together over a period of
three years to create a hyper-local climate Al partnership on flood-
ing offers complimentary viewpoints to Daepp et al’s [22] work
around air quality. While we did not focus on local government
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in our target city (Chicago) as a stakeholder, we use this project
as a case study to draw practical lessons about the efficacy and
challenges of using a participatory approach to support hyper-local
climate Al systems that make data actionable [21] in a real-world
setting for one urban community.

Our research questions are as follows:

RQ1: How can community members in an urban neighborhood
and scientists each benefit from a participatory approach
to create hyper-local climate AI models and what are the
challenges?

RQ2: What lessons can be learned about participatory Al and
sustained community engagement to support hyper-local
climate AI systems?

We approached these questions in a real-world setting where
we collaborated with scientists at Argonne National Laboratory
(ANL) in the United States (U.S.) who were developing hyper-local
climate Al models and a community organization called the Greater
Chatham Initiative (GCI). Both the scientists and the community
organization were part of an existing initiative at ANL. The scien-
tists have been studying climate and weather impacts in Chicago at
a neighborhood scale (as opposed to city scale) which requires the
deployment of weather measurement instruments in urban neigh-
borhoods and partnering with communities to ensure the work is
mutually beneficial. In this paper, we introduce the term “precision
weather” to mean hyper-local climate Al models that leverage data
from neighborhood weather measurement nodes and data about
on the ground impacts. Precision weather requires a scientific ap-
proach that relies on localized data and machine learning to model
weather conditions in a specific geographic area, 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. While models can go far with these estimates, they
also require labeled ground truth data on hyper-local, real-world
weather impacts to fine-tune the models. This requires “bringing
the people back in” in a more literal sense for dataset creation [25].

Our project had two goals: (1) to understand residents’ and scien-
tists” perspectives on building hyper-local climate Al models with
community partners including how residents view data collection
and its benefits, how scientists see community contributions, and
what challenges arise in practice; and (2) to co-design a prototype
app to support the partnership for precision weather with both
groups and derive lessons from the process. In this paper, we focus
on how we used participatory Al to engage and further develop
the scientist-community partnership rather than the hyper-local
climate Al models themselves. In particular, we sought to explore
questions around the four parameters of participation in partici-
patory Al outlined by Delgado et al. [24] including (1) why partic-
ipation is needed from a community and scientists in hyper-local
climate Al modeling, (2) what is on the table or determine what roles
a community and scientists can play in hyper-local climate Al mod-
eling, (3) who should be involved in these participatory processes,
and (4) what forms participation can take. We were also interested
in exploring Delgado et al’s [24] four modes of participation, that is
whether to merely consult, include, collaborate with, or provide true
ownership over the hyper-local climate Al pipeline design process
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September 2022 - April 2023 -
throughout December 2023
Phase 1: Phase 2:

Begin relationship Interviews and
building secondary research

September 2024 - December 2024 -
January 2025 April 2025
Phase 3: Phase 4:

Community Cafes App development

and transfer

Figure 1: Timeline for project, include the four phases: relationship building, interviews, Community Cafes, and development

and transfer.

for stakeholders, given that only few participatory Al projects they
reviewed achieve the last mode of participation.

To achieve our goals on these lines of inquiry, we conducted
four phases of research as shown in Figure 1. Phase 1 focused on
relationship building and participant observation, including 30+
meetings and 3 in-person science and community events. Phase 2 in-
volved interviews with 12 scientists and 3 community engagement
specialists. Phase 3 consisted of three “Community Cafes” (N=62)
where Chatham residents participated in co-design workshops to
prototype an app to support hyper-local climate Al modeling and
community data gathering efforts on weather impacts to improve
decision-making around green infrastructure and responses to se-
vere weather events. In Phase 4, we developed the Water On My
Block prototype for flood reporting, designed to benefit residents
and feed into the hyper-local climate science Al data pipeline.! Our
paper focuses on the process of engaging in a participatory process
and the creation of an artifact that represents scientists and com-
munity members shared goals for precision weather that benefit
both groups rather than treating the tool as the sole outcome.

By centering both scientists’ and Chatham residents’ needs, our
case study illustrates how participatory Al goals can align through
the flood reporting tool. Residents use it to report flooding, access
local incident information, and petition the city for resources, while
scientists gain on the ground impact data to improve hyper-local
climate AI models and simulations.

We have four major findings. First, hyper-local climate Al models
for precision weather need to be actionable for impacted communi-
ties and achieving this impact is what communities find valuable
more so than the fact that Al was used. Second, gathering ground
truth data on weather impacts to input into hyper-local climate
models from communities necessitates a translation mechanism
that aligns the data requirements of scientists with what commu-
nities are able and willing to contribute—and vice versa. Third,
differing stakeholder viewpoints of hyper-local climate AI models
can impact what feasible artifacts can be created to enable a truly

The app was launched and used in the community subsequently but that evaluation
is beyond the scope of this paper.

participatory Al pipeline from communities to scientists and vice
versa. Finally, creating a shared artifact to represent scientists’ and
community members’ goals for precision weather emphasizes the
need for clarity around ongoing engagement, data ownership and
governance, and privacy-preserving collaboration.

Our work has two main contributions: First, we contribute lessons
learned for involving communities as data partners using a partici-
patory approach for infrastructure building to support precision
weather and hyper-local climate Al models, by centering their
voices using what we call a Community Cafe model. This model
is useful for engaging communities in participatory design for Al
systems as others have called for [19, 51] but does not address chal-
lenges around equalizing power asymmetries, addressing funding
challenges, or helping to determine which parts of an Al pipeline a
community should contribute to or how. Our work provides a useful
case study in the work and time it takes to get to equitable urban
solutions from co-design between HCI researchers and community
partners [22]. Second, we contribute practical insights from our case
study of sustained community engagement for HCI researchers,
scientists, companies, government, and non-profits to approach the
development of Al systems in a way that builds community trust
through participatory processes since so few case studies of this
nature exist as noted by prior researchers [24, 70].

2 Related Work

In this section, we discuss how weather services emerged in the
United States, as well as research on participatory Al and citizen
science more broadly.

2.1 From Weather Media To Climate Services

In the U.S., the Weather Bureau was initially established in 1870 as
part of the Department of War [67, 72]. 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 [67]. The Weather Bureau evolved, even-
tually morphing into the National Weather Service in the 1970’s and
is currently housed in the Department of Commerce [67, 72]. The
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National Weather Service makes all of its data available to the public services domains that is well aligned with using participatory ap-
and issues forecasts. However, for-pro t weather services such as proaches to support climate Al These co-production approaches
AccuWeather and the Weather Channel compete with the National focus on how the creation and shaping of science knowledge around
Weather service while using its data, and can display forecasts that climate issues is culturally and socially situated and necessitates in-
are less accurate because of misaligned business incen®dgs [  cluding stakeholders such as communities, non-pro ts, the private
For example, a company may exaggerate a chance of rain becausesector, and regulators to co-produce climate solutio§ 31 43.
people can become upset with the service if, when there is a low However, they are less focused on deeply understanding how and
chance of rain, they choose not to bring an umbrella, and then which participatory approaches can help support the design and
it rains. Instead, the company would prefer that people bring an evaluation of climate services or how communities perceive po-
umbrella and it turns out there is no rain. These companies are also tential hyper-local climate Al solutions. Our project compliments
not liable for being inaccurate unlike the federal government who these works and is situated within this history of weather media
will face backlash if disaster strikes owing to inaccurate national and climate services, approaching these topics from an HCI and
weather forecasts and warnings. The U.S. also runs the Hurricane design perspective.

Center, which is focused on forecasting hurrican&s]| At the time

of this writing, the administration is reworking numerous federal 2.2 Participatory Arti cial Intelligence

agencies and thus these services may not be available in the Same | - e ort to make Al systems bene cial and inclusive, scholars

caplz/lac(ljty [11](5 L her Marita Sturk ined have turned to the long history of participatory design methods.
edia an communlcatlon researcher arita Sturken coine The origins of participatory design trace back to Scandinavia in the
term weather medl&_\ _to describe the spread of we_ather-related 1970s and 1980s, emerging from labor movements that sought to
content, r;t on television and subsequently on the mternétéﬂ. involve workers in the design of workplace technologie30[ 45
ShezixElalnsrt]hat tk:zWeat:er Chanﬂel wals c:jeated |nA1932 aks the 50. Broadly, participatory design is a methodology that actively
rst_ -hour channel devoted to we'at er-related news. As SWUken ., o5 stakeholders particularly end users in the design process
points out, th.e Weather Channel's focus on near-term forecast- 1, angure that the nal product meets their needs and valug [
mgdand pt)1red|ct|on m:aa(rj]_t that Ioér;ge;-tersm Clllmactje tre_rk;ds SrL:Ch Participatory design began in a political context to improve power
as droug twere rarely discusse 4 73. Sturken describes the relations between workers and system creators and continues to
|ncrgasmgly t.echnologlcally-s[tugted weather report; such as de- have an activist bent. Central to the idea of participatory design
ploying satelll_te imagery as building on a human desm_a to c_ontrol is that people are design partners, rather than merely participants,
the weather via techno_logy._The fact t'hat_the weather is ultimately and that co-creation of prototypes is an important technique for
un_(lz_(;ntrollalgle m.akesflt a S[;t.le of I]ascmatlon f()lr magy. d urb facilitating this process§]. In HCI, participatory design is a widely

e proliferation of mobile phones, social media, and urban used technique§, 26 54 but many still debate questions around

sens?r néetwork; have 'e‘?' to r_wrehv_v krl]nds of(\j/ve_athe_r Lnedla a?d pgr- what participation means, who should participate and how, how
sonalized weather reporting. This has made it a rich area of study projects should be run, and how to deal with questions of the

for HCI. Sustainable HCI (SHCI) has been a sub- eld of HCI since scale around today's technologies reagh T7. Recently, scholars

apprommately 20074, 14 66. Bre”?e“ KnOWIGS_’ and Frlde_\y ex- building on the extensive participatory design literature have noted
amlned papers over a 15 year period to establlsh tr.epds in SHCI a participatory turn in the design of Al systemsd4 as technology
dlsc_ourse 14, nding that early_v_vork focuse_d on |nd|V|du§1I be- designers grapple with how to make these systems bene cial.
havior change that was later c_rlth_ued as b_elng Ie_ss € e,Ct'Ve than Like participatory design, participatory Al uses methodological
structural change such as policy |ntervent|pn. Th's. review paper techniques to include the people impacted by Al in its development
argues t_hat HClI researchers should use their expertlse as deS|gnersthe main di erence is that this is participatory design in service
and engineers t-o work on green policy |n'format|cs_. One example of Al systems. This is important because Al systems rely heavily
of green pol_lcy |nf0rr_nat|_cs includes a project that rigged stormwa- on data for ensuring fairness, robustness, improving performance,
ter sewers in Detroit with sensors and developed an Al system and achieving reliability and often this entails data work by hu-
_to manage and automate the ow of wateBﬁ._cher exgmples mans such as labeling data and contributing and creating datasets
|nclude_ atool that was crea_ted for complex d'g.'tal Services, Sl_JCh that is often overlooked or undervalue@®8 63. Moreover, Al sys-

as Net ix and other companies, to measure their carbon footprint tems ultimately can impact human livelihoods through applications

[64, and 'a project to instrument Chicago with air quality SENSOIS  tr4m science to healthcare and beyond. However, while numerous
and provide QR codes at bus stops so people could view the data researchers have suggested participatory Al as a mechanism for

[22. Building on the idea of green policy mf_ormatlcs, c_>ther H_CI making Al/ML more equitable, inclusive, robust, responsible, and
researchers have called for more work on climate services. Rigby trustworthy, there is no consensus on how to do this in practice

and Preist 7] de ne climate services aghe systems that provide [6, 19, 24 39, 51. Delgado et al. provide a review of participatory Al
climate, weather, and other related information to various stakehold- r’acticeé found across 56 research papers and suggest a framework

ers around to world to inform decision making processes, allowing fof

. . . e or precisely describing participation goals or why participation
planning and preparation for upcoming conditiofifiese authors is needed, who is participating and what they have in uence over
show a lack of work in HCI on climate services, and the numerous ’

or participation scope), and what form this participation takes (or
possibilities that exist for important contributionsy7]. We also orp P pe) P P (

note that there is a vast body of transdisciplinary literature on co-
production approaches from the climate information and climate  2A full discussion of these approaches is beyond the scope of this paper.
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participation form) [24. They also de ne four dimensions of partic-  take this data as evidence to e.g. a government body to advocate for
ipation: consult (where stakeholders rank preferences for policies change, the government body can dismiss the data as not su ciently
in a design in aranking), include (where stakeholders can deliberate scienti ¢ and thus not believable. Gabrys also explains that even
about policy/design options), collaborate (where stakeholders co- well-collected data does not necessarily translate into action for

create designs or policies), and own (where stakeholders own the citizens it takes signi cant e ort to make this a reality. Related to
design or policy processes). By sorting papers into these categories citizen science, some researchers have also explored trust in digital

of participation, they nd that very few papers provide true own-
ership to the stakeholders involved in the participatory Al design

civics more generally2d, ecologies of participation in generabg,
and how politics a ect HCI research in community-led research

process. In addition, some researchers have warned that involv- [27].

ing impacted communities in ways that are performative or even
exploitative could cause more harm than godg 19 23 51, 6§.
Participatory Al can be particularly fraught when stakeholders are
from diverse backgrounds and have di ering needs [23].

While there are concerns about participatory Al, there are also
a handful of examples of projects that have bene ted communities.
For instance, the organizatioQueer in Alhas orchestrated a num-
ber of initiatives to improve the participation of queer people and
perspectives in the design and development of Al systeB8§.[In
another example, Suresh et af4 point out that there are not yet

examples of how to apply feminist and participatory methodologies,

from the start... [to] design machine learning-based taold they
describe their project that involved co-designing datasets and ML
models in partnership with activists working on femicide. While
not all explicitly focused on Al, we also draw on work by Erete
and others who contend that community-based technology design

should augment social cohesion, engage small groups within a com-

munity, and re ect the interests of the community to encourage
participation [19 20 32 40, 51]. In this project, we build on this his-
tory of participatory design and contribute practical lessons from a

While our project builds on ideas from citizen science, our work
is not citizen science per se because its goal is to be bi-directional. By
that we mean that while citizen science implies a single directional
ow of information (from participants to science), this projectis also
concerned with the ow of information from science to residents
and ways that this information can directly bene t residents.

3 Methods - Phases 1-3

We partnered with ANL and GCI and undertook four phases of
research as summarized in Table 1 to answer our research ques-
tions. Our research team consisted of one graduate student, ve
undergraduate students, and one faculty member. All of our work
was Institutional Review Board (IRB) approved.

3.1 Research Context

Our work built upon a project that created an air quality sensor
network in a major city with city o cials, community stakeholders,
and residents who called for deeper set community engagements
such as co-design workshops to create equitable urban sensing

case study of using participatory approaches to engage scientists networks [18 22. Their project did not focus on Al and relied on

and an urban community to support hyper-local climate Al.

2.3 Citizen Science

Our project is informed by prior work on crowdsourced scienti ¢
data and citizen science. A citizen science paradigm typically in-
volves non-scientists collecting data and either donating this to
existing scienti ¢ e orts or using it for their own purposes. Pre-
vious work in HCI on citizen science has looked at informatics
tools needed to support citizen scienc® b2 53, technologies
for encouraging participation/motivation in citizen science e orts
[3, 36 37, 60, ways of visualizing science information for non-
experts B9, and privacy considerations when collecting citizen
science data [12].

One exemplary paper looks at a citizen science online commu-
nity called Weather-it[2]. The paper argues thatVeather-itis a
form of citizen inquiry rather than citizen science because the
online community allows users to develop and carry out their own
investigations of weather and share these outputs with others (as
opposed to collecting and donating the data to science). In fact, their
research nds that while in citizen science projects participants
often list contributing to science as a core motivatioieather-it
participants were mainly motivated by an interest in the topic of
weather.

In another example, Jennifer Gabrys spent years studying air
pollution-focused citizen science project3q. A core barrier she
identi ed for citizen science projects is that when activist groups

the city as a pillar for participation. In contrast, we focus on the
relationship between scientists and residents and how an Al system
can impact residents, beyond simply broadening access to sensors
and sensor data. In our work, we collaborated with an ANL initia-
tive, that is, an urban integrated eld laboratory where scientists
are deploying approximately 21 multi-sensor instruments around
Chicago to measure weather and weather impacts at a hyper-local
scale. Weather has traditionally been measured at a city scale, often
with a single weather station for an entire city or town. The initia-
tive aims to shift this paradigm by collecting neighborhood-speci c
weather measurements (e.g. temperature, air quality, cloud cover,
humidity, wind speed and direction, precipitation etc.) and weather
impactmeasurements (e.g., using machine learning to extract the
depth of water on a street from image data). To collect measure-
ments, climate scientists are deploying multi-sensor instruments
that use edge computing and Al to record weather conditions and
transmit data back to researchers at regular time intervals. The
data is then fed into climate Al models to provide hyper-local in-
formation that can allow speci ¢ neighborhoods to determine how
to understand the potential impacts of extreme weather events as
well as how to mitigate them. This is a di erent approach to tradi-
tional climate modeling which is constrained by not having enough
measurement instruments deployed at the neighborhood level to
accurately model or “"downscale' predictions to a level that is of
more direct use to speci ¢c urban communities, rather than at the
city or town level. The resulting hyper-local climate Al models can
reveal how atmospheric and terrestrial systems shape heat islands,
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Phase Type of Data Collected

Participants

Phase 1 - Relationship Building Observation, Field Notes
Phase 2 - Interviews Interviews

Phase 3 - Community Cafe 1
Phase 3 - Community Cafe 2
Phase 3 - Community Cafe 3
Phase 4 - App Development

Surveys, Storyboards, Field Notes
Surveys, Mockup Annotations, Field Noteg
Surveys, Prototype Evaluation, Field Notes 14 Community Members
No formal data collection about deploymentN/A

30+ Scientist/Community Org Meeting
15 Scientists and Community Member
21 Community Members
27 Community Members

[Z27)

Table 1: Summary of Data Collection

ooding and other stresses a ecting residents, businesses, and the
local environment.

The output from the scientists' work on the precision weather
initiative includes raw data, accessible using a Python API, and
computational models of neighborhoods. This initiative has part-
nered with local community organizations in Chicago including
GCl which is focused on driving economic growth in the Chatham

3.3 Phase 2: Semi-Structured Interviews

In Phase 2, we conducted 15 one-on-one semi-structured inter-
views with scientists, community members, and community en-
gagement strategists between April 2023 and December 2023. Inter-
views lasted 30-45 minutes and were conducted virtually over Zoom
and recorded. We recruited participants by reaching out directly
to members of the ANL initiative via email and Slack, as well as

neighborhood. 94% of Chatham residents identify as Black and apnL partners. Participants were compensated with $25 Amazon

Chatham's median household income is $39,334.[Chatham has
a long cultural history and GCI was born from a comprehensive
plan for neighborhood vitality.

We developed a collaboration with the ANL team and GCI to
bridge the gap between the scientists and community residents
such that residents could bene t from and participate in the preci-
sion weather system. Throughout the project the ANL team and
GCI were working towards deploying a weather measurement
instrument in Chatham and were regularly engaging to ensure
communities members could learn about hyper-local climate Al
modeling, the resulting data, and the measurement instruments.

3.2 Phase 1: Relationship Building and
Participant Observation

Prior to beginning formal data collection, we spent considerable
time building relationships with science and community stake-
holders. We conducted participant observation by attending 30+
virtual science research meetings as well as community organi-
zation events, documenting with eld notes (beginning Septem-

ber 2022). Events included an in-person event celebrating a sci-

enti c measurement instrument deployment, a ooding-focused
community-organized event where we did a 30-45 minute presenta-

gift cards. The full interview protocols are in Appendix A.1 and Ap-
pendix A.3. In addition, all participants completed a demographic
survey (see Appendix A.2).

We used interviews to understand stakeholder goals for the
ANL initiative and broader hyper-local climate Al goals. We asked
scientists about their perspective on community involvement in
developing and consuming climate Al models and we asked commu-
nity engagement specialists how they thought community residents
might get involved.

Interview participants were predominantly scientists and in-
cluded both researchers and software engineers. Participants work-
ing on the science side were mostly white men with doctoral degrees
between the ages of 25 and 44, which is representative of the ANL
population. Community engagement specialists identi ed as Black
or African American women, and all had a long history of working
with communities in the Chicago area on a variety of projects. See
Table 2 for the full list of participants.

3.4 Phase 3. Community Cafes

Once we analyzed our interviews, we conducted three Commu-
nity Cafe events with Chatham residents in collaboration with our
nonpro t community partner. Community Cafes are a method used
by GCI to engage residents during an in-person discussion-based
event, and they build on the World Cafe moddl7]. Aspects of the

tion and discussion, and an in-person conference bringing together World Cafe method include: a welcoming environment, small group
scientists and community members. We also held discussions with discussions at tables, and providing food to participants. We com-
community and science leaders and presented storyboards of var- pensated participants with a $25 Amazon gift card for the in-person

ious scenarios of what we could build for the community using
precision weather Al data. Examples include®ata Ambassador
program for people in the community to learn about scienti c data

event and $15 for completing any surveys sent prior to or completed
at each event. All events were held in-person in Chatham at either
the GCI headquarters or a community center. Participants were

and build apps for their communities, as well as apps to collectdata recruited by our community partner via their email listserv. We did
on ooding in the community (see Figures 2 and 3). Community not audio record the discussions and instead had each facilitator
and science leaders provided feedback and contributed envisioned in the research team take extensive eld notes and photos. Where
scenarios of uses for the scienti ¢ data. We also reviewed commu- possible, in-person participants and online survey participants com-
nity organization websites and followed the scientists' main Slack pleted a demographic survéyThe research team also engaged in
channel. Phase 1 allowed us to develop trust with each stakeholder
group, learn broadly about their interests and priorities, and show
our commitment to longer-term engagement.

3We note here that gathering demographic data at community events proved challeng-
ing. Some participants only wanted to complete a form online from their mobile phone
while some (especially the older adults) preferred to use paper surveys. We aimed to
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Figure 2: One of several original storyboards shown to community partner representing a ood alert text system.

Figure 3: One of several original storyboards shown to community partner representing community reporting and data advocacy

to local governments.

a team debrief after each Cafe for data collection and analysis pur-

poses. We note that we had good continuity in participation across
the three events with 11 participants attending at least two events
(e.g., most commonly Community Cafe 1 and Community Cafe 2,
or Community Cafe 1 and Community Cafe 3) and one attending

be accommodating of all preferred modalities but even so, not everyone turned in a
complete form in either modality.

all three event§. Overall, we had 48 unique participants across the
cafes.

Community Cafe lwas held in September 2024, lasted three
hours, and had 21 in-person participants. In this rst event, we
focused on understanding Chatham's weather concerns broadly,
and how residents thought technology might support or address
these concerns. We led discussions with questions suctWhat

4In Community Cafe 2, seven participants attended from a prior event. In Community
Cafe 3, seven participants attended from a prior event.
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Table 2: Interview Participant Demographics
*Number of years in research after terminal degree.
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ID Gender | Age Race/Ethnicity Education Occupation Years in research*
P1L | M 45-54 | White Doctoral degree | Atmospheric Scientist 25
P2 | M 25-34| White Master's degree | Research Software Developer 2
P3 | M 25-34 | White Master's degree | Atmospheric Scientist 35
P4 | M 25-34 | White Master's degree | Research Software Developer 7
P5 | F 35-44 | White Doctoral degree | Atmospheric Scientist 8
P6 | M 35-44 | Middle Eastern or North African Master's degree | Research Software Developer 7
P7 | F 35-44 | Asian Doctoral degree | Computer Scientist 5
P8 | M 35-44 | Hispanic, Latino, or Spanish origin Doctoral degree | Computer Scientist 3
P9 | M 35-44 | Asian Doctoral degree | Atmospheric Scientist 10
P10| M 35-44 | White Doctoral degree | Atmospheric Scientist 7
P11 | M 35-44 | Asian Doctoral degree | Computer Scientist 4
P12| M 55-64 | White Doctoral degree | Atmospheric Scientist 32
P13 | F 45-54 | Black or African American Master's degree | Community Engagement Specialigt N/A
P14 | F 65-74 | Black or African American Master's degree | Community Engagement Specialigt N/A
P15| F 55-64 | Black or African American Bachelor's degree  Community Engagement Specialigt N/A

are some examples of times when a weather issue was a problem for Community Cafe 2 Participant®f the completed demographic

you?and had participants draw a storyboard for a new app in a

forms we received for Community Cafe 2's attendees (15 using an

weather scenario of their choosing. See an example of storyboards online form, 12 on paper), all participants reported being Black/African

in Figure 4. The full facilitator guide is in Appendix A.6 In addition
to discussions, participants completed a survey about their main
weather concerns and demographic information (see Appendix
A.4).

Community Cafe 1 Participantéve only received 17 demographic
surveys for Community Cafe 1 from in-person survey participants.
14 participants were female and three were male. Two participants

American with 21 females, 4 males and 2 declining to report. The
majority of participants had bachelor's degrees (12), followed by
high school (3), master's (4) or associates/some college (3), and two
doctorates, one less than high school, and 2 declining to report. 18
owned their homes, six rented, and three did not specify. Ten partic-
ipants were between 65-74, seven were 45-54, three were 35-44, four
were 55-64, and one was over 75 (Two did not specify). Occupations
ranged from 11 retirees to social work, administration, comedy and

were 35-44, three were 45-54, two were 55-64 and nine were 65-74.consylting, and one unemployed participant. 17 participants had
One participant had a high school degree, seven had an associate experienced ooding in their home and 10 had also experienced

degreé or some colleg% four had a bachelor's, and ve had a
master's degree. Eight participants rented and nine owned their
homes. 13 had experienced ooding in their homes, 12 in the street,
and three reported ooding in an o ce, outside basement or on
commercial property.

Community Cafe 2was held in October 2024, lasted 45 minutes,
and had 27 in-person participants. It focused on re ning what a
precision weather app should do and how people should interact
with it, building on ndings from Community Cafe 1. We provided
three possible mock-up app designs to participants who voted and

ooding in the street with only 1 participant stating they had not
experienced ooding, and two declining to report. At least eleven
participants had contacted their local representative about ooding
(one declined to report) with nine feeling the result was somewhat
helpful or very helpful. 20 participants had used 311 to make a
report with 17 reporting it was very helpful or somewhat helpful.

Community Cafe 3was held in February 2025, lasted three hours,
and had 14 in-person participants. Based on feedback from the
prior events, we built a prototype of a ood reporting web app

provided feedback on these designs as shown in Figure 5 (see alsoand in this event, we focused on getting feedback on the prototype

Appendix A.7 and A.8). We emphasized that the nal design could
combine di erent aspects of each mock-up. The rst 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 ooding incidents; the third mock-up
was a website with neighborhood-speci ¢ weather resources. Par-
ticipants also annotated paper versions of the mock-ups to provide
feedback and lled out a survey which included voting on their
favorite mock-up. We also held a Zoom call with the scientists'
team to gather feedback on the mockups.

5An associate degree is an undergraduate degree lasting two to three years. It is
considered above a high school diploma but below a bachelor's degree in terms of
academic quali cations.

5Typically, this could mean a participant began an undergraduate or college degree
but did not complete it.

(see Figure 7). Participants tried the prototype live on our laptops

and discussed usability and features as well as on privacy and
data governance given the sensitive nature of user-generated ood
reports. Participants also completed a paper survey to evaluate the
prototype (see Appendix A.9).

Community Cafe 3 Participantall participants were Black/African
American, 10 were over the age of 55, two were between 35-44 and
2 were between 45-54. The majority of participants had an associate
or some college degree (5) or a bachelor's (5). Three had a master's
degree and one reported only having a high school diploma. Eight
owned their homes and six rented. Only one had not experienced
any issues with ooding, the majority experienced street ooding
(12) and/or in their homes (8). Participants had a range of occu-
pations from community health worker, school crossing guard, to
retiree, construction, and singer.
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Figure 4: Storyboards created by participants in Community Cafe 1 showing how an app could support di erent weather
scenarios.

Figure 5: Mock-ups designed by our team presented to community residents during Community Cafe 2 for voting and feedback.
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Figure 6: Schematic of Water On My Block showing how ood reporting data is submitted and seen by community members,
the Greater Chatham Initiative (GCI) and Argonne National Laboratory (ANL) climate scientists. Dotted lines indicate parts of

the system that were not yet implemented at the time of the study.

4 Methods - Phase 4

4.1 Phase 4: App Development and Transfer Of
Ownership

We began developing the ood reporting app in December 2024
after analyzing data from the rst two Community Cafes and the
meeting with the scientists about the mockups. We evaluated an
early prototype of the app in December-January 2025 with the GCI
leaders and ANL scientists in a zoom call and evaluated our nal
prototype in Community Cafe 3. As we worked through the initial
phases of our project, we also set an agreement with ANL and GCI
that our formal research would conclude with the ownership trans-
fer of the prototype to GCI after Community Cafe 3. We committed
to and made all bug xes and improvements based on Community
Cafe 3 to support the deployment of the prototype beyond Com-
munity Cafe 3 to support a ooding data collection campaign led
by ANL in collaboration with GCI in late March 2025. We were not
involved in this nal deployment as part of formal data collection
and as such, the results of that launch are beyond the scope of this
paper. We met with GCl in late June 2025 to complete the transfer
of ownership of theWater On My Blockrototype. This involved
walking sta members from GCI through the structure of the app,
talking through sustainability issues such as reviewing all costs
involved in technologies used to run the app (e.g., for web hosting
which we agreed to support through the end of the calendar year
along with providing technical support during that time period),
and how to download and use the data reports. We also talked

through how the data could be shared with scientists and how to
further incentivize use of the app. All partners and our team are also
still in contact regarding the larger ongoing partnership between
the lab and the nonpro t in Chatham.

4.2 Design Considerations For App to Support
Precision Weather Al

4.2.1 Deciding to Build A Tool For Precision Weaffte. rst de-
cision in our project was whether to build an app as part of the
participatory Al process. Scientists told us that precision weather
and the hyper-local climate Al models they were building required
ground truth data on neighborhood-level weather impacts which
could only be gathered from the community itself to supplement
the data collected from their hyper-local instruments. For instance,
they could get measurements on precipitation near their measure-
ment nodes as frequently as every hour but they did not know when
ooding occurred in the neighborhood. Knowing the impact data
could help ne-tune hyper-local climate Al models. They were also
supportive of an education program to help get community mem-
bers familiar with the scienti ¢ data to build their own reporting
mechanisms and apps out of this climate data. When we presented
storyboard ideas to the community partner, they felt that the more
socially-focused ideas such as the Data Ambassador program to
help residents learn how to use the scienti ¢ data would not pro-
vide an immediate tangible bene t to the community. Instead, they
felt an app would be a tangible and shareable way to convey the
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Figure 7: Water On My Block showing placement of map, community feed, and navigation to the Resources page (mock data

points to demonstrate functionality).

importance of the climate science to more residents. We note here
that in this case, we relied on the partner organization who had a
deep understanding of community needs to make this decision on
behalf of the community. Moreover, to avoid being exploitative and
contacting community members directly for consulting on every
decision, this form of participation was deemed the most favor-
able to safeguard and respect community members' time. Thus,
given our skills as HCI researchers and the community's desire for
a tangible product related to precision weather, that is gathering
hyper-local measurements and weather impact data, we decided to
build an app to bene t both scientists and community members to
support the hyper-local climate Al pipeline they envisioned.

Mockup 2, the interactive map-based ood reporting tool, received
the strongest support, with 55% of residents selecting it as their
rst-choice design. Residents also liked the educational resources in
Mockup 3 on ood insurance and tree infrastructure. We combined
these ideas intéWater On My Blockwhich also drew design inspira-
tion from a tool where users provide data on sidewalk accessibility
[6]]. At this point, our intention was also to integrate and visualize
ANL's hyper-local climate Al modeling data from Chatham but the
instrument was not deployed during the time of our project.

4.2.3 Reflecting On Data Privacy and Govern&rate. privacy
and governance were a top priority since the beginning of our

4.2.2  Focusing On Hyper-local Flood Reporting For Precision Weathgticipatory Al design process. In our initial feedback meeting with

Impacts.During the rst Community Cafe, it became clear that ur-
ban ooding was the community's most pressing climate concern.

scientists over Zoom, we discussed data sovereignty as scientists
felt that the non-pro t should own the data but that the data needed

Of the 19 storyboards created by participants, 14 focused on ood- 0 be in a format that was easy to share between stakeholder groups.
ing, reinforcing its urgency across households and age groups. Key This was echoed by GCI and the community engagement specialists
takeaways were that residents wanted to be able to track severe We interviewed. We collectively decided that any data collected
weather events and alert older adults or tech-averse neighbors Would be owned by our community partner and they would have
about ooding or adverse events. In addition, residents felt that ~Sole discretion when deciding who to share the data with.

existing tools they used such as GroupKAeere useful for block-
level updates on ooding, res, and climate events but still lacked
neighborhood-wide visibility. The second Community Cafe surveys 4.3 App Features

rea rmed ooding as the top climate concern (56% of participants), ~Our app focuses on collecting hyper-local ood impact reports from
followed by health-related impacts such as mold allergies (41%) and esidents to supplement data from neighborhood-deployed mea-

mental health challenges (16%). Of the three prototypes presented, Surement instruments. In future versions, the app could also display
outputs from hyper-local climate Al models. These reports help the

"https://groupme.com/ models better correlate measurements with on-the-ground impacts.
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Since the scientists had not yet deployed their Chatham measure-
ment instrument, the prototype could not be as tightly coupled
with the scienti ¢ precision weather data. Future versions of the
app could incorporate their Python libraries to include hyper-local
climate Al data and data from the measurement instruments. The
ow of information in the app is depicted in Figure 6. As seen in this
gure, (1) when a ooding event occurs in Chatham, it is also mea-
sured by ANL's weather instrument. Using the app, a community
member may decide to (2) create a ood report and this ood report
(if public) is (3) displayed on a map of the neighborhood along with
(optional) images and also in a community feed of recent ood
reports in the neighborhood. Viewers can navigate the map to view
current and recently past ooding incidents reported. Community
members can also send reports to their local government o cials
using the app and they can also view resources around ooding in
the app.

As shown in Figure 6, the raw ood report data that community

members have submitted can be (4) collated and (5) downloaded

by the neighborhood nonpro t who owns the data. They can then
(6) use this data for advocacy e orts and decision-making around
neighborhood improvements to mitigate ooding and/or (6) share
the data with climate scientists at ANL. The climate scientists can
view the data which is (1) sent back from their measurement in-
strument in Chatham at regular intervals after edge computing/Al
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the water clean or dirty? ) and includes | don't know or
Other options.

Resources PageThis is a static information hub with local
ood resources for Chatham including ood insurance, sump
pump maintenance, tree infrastructure laws, and local green
infrastructure e orts. A resident-facing FAQ explains how
map data is collected, anonymized, and used. These reports
can help hyper-local climate Al models better correlate mea-
surements with on the ground impacts community requests
for clarity around data privacy and access and links to our
IRB consent form. There is also a public feedback form for
bug reports and suggestions.

Advocacy: To make the data actionable for advocacy, we
included a link to auto-generate an email with the ood
incident data for the alderman. We also include an optional
link to report to 311 even though this was not always seen
as useful by residents.

4.3.1 Implementatiofhe web app backend is powered by Node.js
and Express.js (to be able to save data, check logins, and respond
to user requests, and handle what to do when someone visits the
website), with MongoDB, a database, managing all data storage
for the app, including storing user-uploaded images. The frontend,
or part of the app that users interact with, is built with React.js,

cleans and aggregates the data. They can (7) feed the instrument @1d t0 enhance mapping features, the app uses Lea et s, a library

data or the data from the app's ood reports into their climate Al
models to model hyper-local trends related to ooding. The app can
also (8) display the data from ANL's neighborhood instrument and
precision weather models. ANL had deployed measurement nodes
in two other neighborhoods over the rst two years we worked on
the project and they had hyper-local climate Al models from those
neighborhoods. During our project timeline, they were still work-
ing towards the Chatham deployment, which re ects the time and
resources required to set up a fully functional hyper-local climate
Al pipeline in each locale.

The mobile-optimized web app includes:

Map Interface: An interactive map (Google Maps API) lets
users click on a location to annotate it with a ood report.
A xed-radius marker appears with a form to describe the
ooding events. Users can also search by landmark, building
name, or general area to annotate their intended site.
Community Feed: A chronological view of ood reports
including timestamp, location category such as street or
home, a brief description, and an optional image per report.
Hovering over a report centers the map on its location and
entries can be upvoted to allow residents to draw greater
visibility to speci ¢ annotations, similar to what residents
told us they can do in GroupMe chats.

Annotation Form: Users are prompted to select the cate-
gory of the ooding incident (e.g., Street, Sidewalk, or

to display maps and markers in a web app, alongside the Google
Maps API (which can take a search query and display it on a map)
for location searches. Axios facilitates communication between
the frontend and backend parts of the web app. We use Google
Firebase for user authentication (including passwords and account
veri cation) for secure access and we deployed the app via Amazon
EC2 (the virtual machine where the app runs on the Internet) for
reliable hosting.

4.4 Data Analysis

All interviews were transcribed by Rev.com under a non-disclosure
agreement. We qualitatively analyzed the interview transcripts us-
ing the software MAXQDA in two rounds using thematic analysis
[13 62. First, we reviewed and familiarized ourselves with the
data and developed an initial codebook as a team based on this
review (inductively) and our interview protocol. Next, we did an
initial coding of the data using the codebook in Table 3 following

a deductive approach. After this stage, one member reviewed the
coded data to search for themes and as part of this process, they
developed subcodes for each top-level code. Then, a second member
of the research team reviewed all the data again to do another round
of subcoding, reviewing existing subcodes, and raising points of
disagreement for discussion. For each top-level code that we deter-
mined corresponded to the main themes of the data as a team, one
member of the research team developed a thematic summary of the
code based on the subcodes. This involved creating a summary of
each theme using extracts from the data to support the narrative.

Basement.) in a form that dynamically adjusts to ask only ~ The research team then discussed and reviewed all the thematic
context-relevant questions. The form also presents discrete, summaries to derive the nal themes in this paper. In this paper, we
labeled categories to capture structured data usable for sci- focus on the themes arising from the top-level codes bolded in Table
enti c analysis. The form questions, co-designed with GCI 3. These themes include what roles scientists envision for commu-
and ANL, avoid technical jargon and guesswork (e.g., Is nities in an Al pipeline, what precision weather Al means from a
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Table 3: Codebook for Interviews

Code Code Description

Individual goals Individual goals each interviewee has for their own work

Argonne National Laboratory goals Perspective on broader goals of Argonne National Laboratory

Weather concerns Interviewee's broad Weather concerns

How Argonne National Laboratory can contribute Views on Argonne National Laboratory contributions to community partners
How community can contribute Perspective on what communities can do to help with

Stakeholders Views on stakeholders interested in Argonne National Laboratory data
Perceived gaps Perceptions of gaps between scientists/communities

Weather actions outside work Weather actions interviewees have taken outside work

community perspective, and challenges to achieving community vision algorithms. Categorical weather labels overall were of in-
based weather Al. terest, such as to describe current conditions as icy or snowing.
We also conducted a similar process of thematic analysis on the Scientists also said collecting geolocation was critical and that this
participant observation eld notes, open-ended responses from the needed to be at least as precise as a city block; for their purposes, a
surveys from the Community Cafes, and sketches and annotated zip code would be too broad for precision weather and hyper-local
mockups from the Community Cafes. After each Community Cafe, climate Al models.
two members of the research team qualitatively coded hand-written Yet, the question of how to collect community-sourced data on
sketches, feedback in survey open-ended responses, and eld notesweather impacts was unclear. Scientists told us they had heard of
using MAXQDA. We then summarized these codes into themes to meteorologists using social media to get real-time community data
guide design decisions throughout the project through team discus- of weather impacts via hashtags. They also mentioned lower cost
sions to reach consensus. We also calculated descriptive statisticsweather sensors that residents could place and monitor to help
on the closed-ended survey responses. Finally, the entire team dis- collect data for hyper-local climate Al models. Lastly, they said
cussed these thematic summaries to derive the nal set of ndings a dedicated app to collect information on weather impacts could
reported in this paper. The main theme arising from this analysis work well for supplementing sensor data they could pick up and
was around the pros and cons of a precision weather Al artifact for improving their hyper-local climate Al models. Scientists said it
scientists and communities. Note, our data does not lend itself to would be important to train residents on how to collect scienti cally
deep comparisons based on age, gender, education, and race and asiseful data, such as whata good photo would be or how to use the
such, we do not touch on those issues until the discussion section. weather sensors if they were asked to place them at their homes.

5 Findings Phases 1 3: Understanding . _
5.1.2 How Community-Sourced Data Could be Used in Al Models

Community and SCI.emISt Needs and (Or Not). Scientists also had visions of how community data could
Challenges for Participatory Weather Al impact their hyper-local climate Al models. One possibility partici-
We rst report ndings from the rst goal of the project to under- pants mentioned would be training climate Al models directly on
stand the needs and perspectives that both scientists and commu- the weather related data submitted by community members, but
nity members had with respect to hyper-local climate Al systems  opinions on whether this would work were mixed. One scientist
for precision weather. 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
5.1 How Scientists Envision Community Could ur_ban _ooding Fhroughou_t Chicago, and then we could train a model
. . . . with rainfall as input and inundation reported by people as an output.
Participate in Al Pipeline (P1). However, another scientist did not think the data would be
First, we describe how scientists envisioned community members high-quality enough saying,If you want to have a network that
could contribute labeled ground truth data on weather impacts  can explain something... you have to have a continuous ow of data
(such as air quality and ooding) and insight that would shape the  with a certain quality... Otherwise, the network will cluster [varying
hyper-local climate Al models simulating their neighborhoods for  quality data] di erently. (P8).

precision weather. Scientists di ered, however, on what type of Another way to incorporate community data on weather im-
data they thought would be most useful, how it could be collected, pacts would be through model validation and testing. This was
and how it could be used in the Al system. the most popular use of community data on weather impacts we

heard from scientists. P2 described how it would be important to
5.1.1 Types of Community-Sourced Data and Collecting Weatheinclude a human side to Al model evaluation sayinget's say we
Impact Data For Precision Weather Al ModBlsltiple scientists have a big heat wave and people mentioned that the Woodlawn area
spoke about on-the-ground images of weather impacts as a useful was quite a bit warmer... Not just saying that, ‘Oh, the RMSC was
form of data, ideally with categorical labels. Community-provided 2.5 Qualitatively going through and being like, “Okay, it looks like
neighborhood images during weather events of interest could show Woodlawn was warmer than Bridgeport.! Some of these things that
both ood and snow depth that could be extracted using machine are more important to the human aspect and not just... our typical
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diagnostics that we use when we're going through and evaluatingoften seek quantitative data to back up the claims about damaging

models.

The nal way that scientists said they could make use of commu-
nity input was as a way of making sense of hyper-local climate Al
model outputs. For example, P12 said there could be unexplained
spikes in the sensor data for their instruments without an apparent
cause:

But occasionally with our di erent sensors on the roof,
we'll get this isolated spike in carbon monoxide or some-
thing. In addition to being able to alert people nearby,
[itwould be helpful to ask] "Hey, everybody look around.
Are there any big trucks? Do you see any smoke plumes?'...
| 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 distin-
guishing between categories that neighborhood sensor instruments
have trouble with, such as the di erence 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.

5.2 How Communities Envision Actionable
Uses for Precision Weather Al

Next, we sought to understand how community members might
want to use precision weather data. We found that while numerous
community members hold deep expertise in local weather issues,
guantitative precision weather data could be used to reinforce this
knowledge and advocate for resources. When speaking with com-
munity leaders and members about how precision weather 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.

5.2.1 Augmenting Existing Community Knowledge and Advocacy.

Chatham community members told us that they had been advocat-
ing for environmental issues in their neighborhood for many years.
Community members explained that Chatham sits at the intersec-
tion of two water reclamation systems that, during heavy rain, ||
from the center to the periphery and can over ow into the neigh-
borhood, ooding basements and streets. In addition, participants
reported that the neighborhood sits near pollution-generating sites
such as a highway that lead to poor air quality. Historically, com-
munity members felt that the neighborhood has not received the

weather impacts. P15 gave an example of a community organization
that was motivated to use neighborhood level data on heat islands
in their community to their advantage saying,

We know that what they're trying to do is create an
energy, almost economy within their community. And
they have heat island issues. And so, what does that
mean in terms of energy burden? They're going to want
to focus on creating, instead of having energy be a bur-
den to the community, have energy be a moneymaker
for the community.

This quote re ected what we heard from community participants in
the rst three Community Cafes. In fact, advocacy is a community-
level application of hyper-local climate Al data, meaning it is or-
ganizations rather than individual residents that can take action
on the data. This use case is also aligned with the kind of data
scientists we spoke to actively used to generate for their own grant
applications.

5.2.2 Weather-Related Infrastructure Investn@mmmunity mem-
bers also reported that they wanted to use precision weather and
data from hyper-local climate Al models to help decide which
weather adaptation strategies and investments would be most worth-
while. For example, there are a number of interventions that might
soak up water and reduce ooding such as planting trees, installing
bioswales, utilizing rain barrels, and updating sewage pipes to deal
with ooding impacts. Residents told us they were interested in both
community-wide investments (such as xing the sewage system) as
well as individual-level investments (such as adding rain barrels or
sump pumps to homes). Community leader P14 summarized these
community sentiments 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.

Community members were also interested in data that could
show which of the many ooding-related interventions would be
most e ective locally particularly for limiting ooding. Commu-
nity engagement specialists summarized this sentiment as being
able to make informed decisions because of limited resources as in
We don't want to guess, we want to know.

funding necessary to tackle these problems. For example, Chicago 5.2.3 Real-Time Precision Weather Al&tsnmunity members

has a program where residents can call 311 if they need help with
infrastructure issues such as a pothole or ooded basement. Com-
munity leader P14 explained that most residents do not call 311 due
to the fact that historically the e ort to report has not been met
with concrete help. In the Community Cafe surveys, participants
had varied responses to whether or not these services were helpful
and made comments such a811 operator responded with lack of
concernand follow-up is terrible Some residents also worried that
the data collected by 311 might lower the value of their homes.
While knowledge about these types of weather issues is deeply
embedded in the neighborhood, community members reported that
local funding bodies such as the city or grant-giving institutions

also emphasized the relevance of targeted real-time precision weather
alerts, particularly for individual decision-making. One example
residents spoke of was how their neighborhood bordered a high-
way and that this could be a source of unhealthy air. P14 felt 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. Several Community Cafe participants
also mentioned that it would be nice to have an alert for particularly
good air quality, so they could garden or go on a walk. Participants
wanted a real-time alert as a text message or presented on a visual
map. P13, a community engagement specialist said in relation to
air quality,
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[I'd like] an aerial landscape or map, which shows
higher pollution areas... or | 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 at the start of heavy rainfall that warned residents
to prepare for possible basement ooding. Some noted that real-
time alerts would also be helpful for ash ooding incidents and
warnings for which roads to avoid when driving. More importantly,
P13 mentioned that to ensure alerts have impact, the availability
of the alert system must be communicated to residents which is
not always easy since Chatham has many seniors without good
access to information. This is a nding similar to that of [22] who
mention that education and engagement are important factors for
making residents aware of sensor related information (in their case
for air quality sensors). P15 suggested that Chatham may have good
infrastructure for such communications because they had many
block clubs that operated to provide support and information at
the block level.

5.2.4 Severe Weather Prediction From Precision WeatheiaAt.
dition to real-time alerts that would tell residents when a severe
weather event had already started, community members were in-
terested in being able to predict such events in advance with hyper-
local climate Al models. Community members wondered whether
ooding could be predicted, and thus planned for, and possibly
even prevented. Residents told us that they already have access to
city-wide forecasts so precision weather could be valuable if it of-
fered prediction. They already felt the city forecasts were often not
applicable to them and wanted a neighborhood-level, and ideally
block-level, prediction. Yet, P15 mentioned that prediction even
for hyper-local climate Al models was hard to achieve in practice
becauseThe science is not going to allow for that level of mitigation
e ort. It is going to be longer term.

5.3 Challenges to Community-Based Weather
Al

We identi ed several gaps that must be bridged for precision weather
to move from the lab to the community. First, there was a ten-
sion between residents' desire for high-accuracy and hyper-local
prediction/real-time alerts of weather events (particularly severe
ones) and scientists' tendency towards preference for a carefully
curated backwards look at data since given tricky questions of ac-
curacy and conveying uncertainty. Second, despite the fact that
scientists were excited by the prospect that community members
could use the data they carefully collected, there was a lack of so-
ciotechnical interfaces to translate the data between the two groups.
On the social side, there were no existing ways to communicate
what data is being collected by the sensors, how it is being collected,
and why it is being collected. On the technical side, there was no
way to convert the raw weather data and hyper-local climate Al
model outputs to a more user-friendly format. Third, the need for
trust between scientists and communities and the signi cant time

it takes to build this trust would be critical for precision weather
applications to be successful.
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5.3.1 Tension Between Residents' Desire for Real-Time Data and
Scientists' Concerns About Data ality and UncertaintWe previ-
ously described how residents wanted a way to precisely predict
severe weather events in their neighborhoods that would person-
ally impact them. This need was in tension with scientists' desire
to produce highly accurate data with error bars that measure uncer-
tainty. For example, on a particularly foggy day scientist P1 noted in
their research lack channeMonder if the fog is playing havoc with
our [particulate matter] measurements todaypd 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
that nobody can know for sure what the weather will be in the fu-
ture. Scientists explained that conveying this uncertainty which is
particularly high for hyper-local climate Al models is a challenge
and several we spoke with were particularly hesitant to endorse
prediction as even a possibility for precision weather. P3, an at-
mospheric instrumentation specialist, summarized this perspective
saying:

The ooding 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 ood for you.
They won't ever get that. It's going to take us forever to
develop something like that.

Several scientists thought precision predictiamnight be possible,
and that real-time precision weather alerts were well within the
realm of possibility. Others said they would be more comfortable
providing explanations and public-facing write-ups of recently past
events. Community members were less interested in backwards-
looking reports because this does not aid decision-making in the
face of an extreme weather event in other words, these reports
were less actionable.

5.3.2 Lack of Sociotechnical Interfaces Between Scientists/Raw Sen-
sor Data and Community Membef&he 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 science team, said that he hoped:

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 Chicago area, seeing it in the hands of commu-
nity members.

P4, another atmospheric science software developer, echoed this
sentiment saying,| would like to see large scale community in-
volvement in actually using the data we're producibgspite this
excitement for using the data, however, no stakeholders fully grap-
pled with the social and technical reasons community members
were not equipped to seize the opportunity to work with the raw
data.
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leader P14 summarized the ideal way of working with scientists

interfaces, i.e., that both social and technical interventions would while seeing a tangible result saying,

be needed to realize scientists' goals of having the community
looking at the data all the timeOn the technical side, the data was
stored in several databases and required skills such as using an AP,
Python, and reading CSV les. Even with this skillset, conducting
data science analysis is time-consuming. Community volunteers
were already overworked and did not have time to dive deep on
the raw data. Improving the technical interfaces, however, had to
be paired with improved social interfaces. Scientists were already
steeped in theontexisurrounding the raw data. This made it easy to
forget the context was learned and must be shared with community
members for them to engage with the data in the same way.

5.3.3 Diering Understandings of Surveillance, Community Benefit,
and Trust.Both scientists and community members were aware of
the need to build trust but each group emphasized slightly di erent
viewpoints when describing how to build trust.

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,

[The 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 is if we have
a camera going at all times and we say, "Hey, it's for

science, they're going to just think we're studying them

when it's not studying them. It's looking at the vegeta-

tion, 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 neighborhoods... 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 listening, lots of understanding the concerns of
the communities, and doing things to address them.

To be clear, community members cared deeply about privacy,
raising broader concerns than scientists for example, fears that
public ood data could lower housing values. However, their pri-
mary concern was that science deliver tangible community bene ts.
In other words, having privacy-preserving technology was nec-
essary but not su cient. In addition to being over-policed, this
community had been over-studied but had not seen direct bene t
from most weather related research done on them. Managing re-
curring basement ooding and its mental and physical impacts had
also taken a signi cant mental toll on the community, as described
by numerous Community Cafe participants. P15, a community en-
gagement strategist summarized sayingdf you're going to pick [at

Equity looks like when the decisions are driven by the
community for the community. We're telling you what's
good for us and then we're working collaboratively to
address the issue. | nd that when we talk from a scien-

ti ¢ 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 ood less. That is something that is tangible.

P5, an atmospheric scientist who had spent time with community
members re ected:

Having worked with the community partners during
this past year, hearing their side of the story, | see that
there is this disconnect between the communities and
the scientists. The scientists get excited by the science
they do... But me personally, | 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 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 that participating scientists developed an un-
derstanding over time that the key for building trust with the com-
munity was more than addressing privacy concerns about collected
weather related data and weather impacts and about impacting
their well-being. This kind of challenge was not one scientists were
accustomed to addressing for hyper-local climate Al modeling and
precision weather applications.

6 Findings From Phases 3 4: Building the Water
On My Block App

Our rst three phases of research made it clear that (1) any artifacts
created as part of the participatory Al process had to make the data
collected actionable for both community members and scientists, (2)
that the artifact had to be a mechanism for building trust between
stakeholders, and that (3) the questions around data ownership,
and the outcomes of collecting the data need to be transparent for
hyper-local climate Al pipelines with communities and scientists.

6.1 Key Design Decisions Bringing Community
and Scientist Visions For Precision Weather
Al Together

We developedVater On My Bloclas part of the participatory pro-
cesses to support the hyper-local climate Al pipeline between com-
munity members and scientists. This web app works on both desk-
top and mobile (see the screenshot in FigureWater On My Block
lets users report a ood incident, view ood incidents on a map
and in a community feed, and see resources for ooding speci c to
Chatham. When reporting a ood incident, users are asked ques-

these communities] and you're not going provide any compensatioriions about the ood such as location (basement or street), water

or any solution, then it's really injurious at this poifEommunity

depth, and how long the standing water has been there. This data
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is important for understanding weather impacts and how that re-  as sharing information about what was happeniran my block.

lates to neighborhood sensor data collected by the scientists for the Some residents, on the other hand, expressed concern that insur-
hyper-local climate Al models. Our partner, GCI, has nal say on ance companies might access the dataMater On My Blocko

who the data from the web app is shared with, but as part of the devalue their properties or deny future claims. At the same time,
design, the community agreed to share relevant data with the sci- residents did not mind providing the national lab, GCI, and the

entists to improve precision weather and Al-based ooding models
of the neighborhood.

6.2 Water On My Block Prototype Evaluation

Several core themes emerged from the two evaluation stages of the
app (pilot testing with the scientists and community engagement
specialists, and Community Cafe 3). Generally, community partici-
pants and scientists felt the tool was useful. All but 1 participant in
Community Cafe 3 agreed or strongly agreed that the map inter-
face was easy to use and 13 participants agreed or strongly agreed
that the community feed was valuable. One participant satids
valuable information regarding tra c/travel plans and maintenance
for my property. | would like to interact with the reports if | want
more details.and Now the people who live on the block, they are
aware of what's going on in the neighborhooti3/14 residents in
Community Cafe 3 also said they would use the app to generate re-
quests to the city for ooding or emails to their local representative
and residents liked the resources page (e.g., the insurance informa-
tion was helpful). Scientists were excited about the possibility of
using the tool in all the neighborhoods where they are deploying
precision weather measurement instruments to collect hyper-local
reports on ooding impacts and in particular wanted to know more
about whether the app could be easily adapted for this purpose.

6.2.1 Balancing Usability and Data Integrity For Al Pipelifies.
evaluations surfaced resident concerns around privacy and security
and the tool design. For instance, we had created a Custom Radius
dialog that allowed users to either drop a precise pinpoint fora ood
report or submit a location within a user-de ned radius, adjustable
in miles. However, this customizable approach raised concerns
during the intermediate demos. GCI questioned whether residents
would fully understand how to size their radius, or whether the
annotations would lose meaning if residents submitted areas that
were too vague. ANL scientists, meanwhile, noted that accepting
variable radius sizes would create inconsistencies in data speci city,
complicating backend data normalization and geospatial analysis.
Both the community members and scientists preferred backend
access to the true latitude and longitude for consistency. In response,
we removed the customizable radius tool before Community Cafe
3, limiting annotation input to xed pinpoints for the prototype
shown at that event.

Federal Emergency Management Agency (FEMA) with access to
private ood reports including precise locations if this information
helped these organizations understand ooding trends in Chatham.
Based on these concerns, we changed the ability for community
members to choose whether ood reports they create on the app
are shown on the public map and feed or only shown to GCI to
contribute to data gathering without disclosing their report to the
wider community. We also made it optional to include images with
the ood reports. In this way, GCI and the scientists are also able to
gather a wider set of data without compromising any individual's
privacy. GCI can also use the app's aggregated data to share with
scientists to further protect individuals' privacy.

6.2.3 Refining Language and Flood Report Form D&jnvanted

to include questions in the ood reporting form to collect relevant
information on weather impact whereas scientists wanted the form
to clearly delineated reports so they could associate it with certain
areas on the map. At Community Cafe 3, residents found some
questions confusing (e.g., what is the di erence between a gutter
box and storm drain) and asked if photos could replace complet-
ing lengthy descriptions. Yet, images alone would not provide the
structured, analyzable inputs ANL researchers needed for their data
science initiatives. Residents as a group also valued being able to
connect the ood report to 311 to optimize attention and resources
for a given ooding incident at the city level. We revised the form

to be simpler so that it could be used in the planned launch in
Chatham. Throughout these phases, GCI asked for us to make it
easier to download and share with scientists and others to facilitate
advocacy e orts and the hyper-local climate Al pipeline. Scientists
similarly wanted to ensure they could feed the resulting data into
their hyper-local climate Al models but in this project, we did not
evaluate this from the scientists' perspective.

7 Discussion

7.1 Participatory Al as Sociotechnical Interface

The initial goal of this project was to design and develop a participa-
tory Al system. As noted by Delgado et aP4], while many papers
claim to follow a participatory process when building Al, most
merely allow stakeholders to consult rather than provide stake-
holders with true ownership. A test of true ownership includes the
ability to stop the Al project from being built at all. We realized that

6.2.2 Privacy, Security, and Location Obfuscation For Communience we engaged with our stakeholders, particularly our commu-

cation and Advocacyn Community Cafe 3 on the surveys, 12 of
the participants reported comfort sharing with neighbors but only
nine also being comfortable sharing the data with the nonpro' t,
and fewer wanted to share the data with scientists (6) and only
three being comfortable with the information to be public. Yetin
verbal statements, the feedback was more nuanced. On the one
hand, several participants emphasized that when a part of Chatham
ooded, they wanted to notify others not to park there and avoid
walking through it with children. Residents repeatedly framed this

nity 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 called a climate servidg7][ To the
community, whether this climate service involved Al or not was
beside the point what mattered is that it directly addressed commu-
nity weather concerns. For the scientists building the hyper-local
climate Al system, however, it was exciting to envision including
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community data in their models (or in the model testing). From  between scientists and community members. In the interim, con-
our perspective and the perspective of the scientists who need ducting intermediate demos with other relevant stakeholders as we
precise data (as others have noted about climate data for science did with Argonne National Laboratory proved useful. Moreover,

[1]), we created a system that adds community-sourced data to the
hyper-local climate Al pipeline and engaged community members
in the scienti ¢ process using a participatory process. Yet from the
perspective of the community, we created a climate service.

Given that the app we produced\(ater On My Blockfunctioned
both as a means for gathering ground truth data on ooding in
the neighborhood to feed into hyper-local climate Al models for
scientists and as a climate service for the community, addressing
the needs of each group but without requiring consensus on the ulti-
mate goal of the app, we argue that the app functions as a boundary
object. Boundary objects are artifacts that have interpretive exibil-
ity, meaning the same object can be used/understood by di erent
groups in distinct ways, and they alsallow di erent groups to
work together without consenspigl]. Throughout our discussions,
interviews, and Community Cafes that nominally centered around
the design of this app, we also provided ample opportunities for
scientists and community members to learn about each other and
nd ways of collaborating and communicating e ectively a central
goal of participatory Al. We learned that building a fully functional
hyper-local climate Al pipeline is inherently time-consuming, re-
quiring relationship building, neighborhood-level measurement
infrastructure, and attention to community bene t. Even after three
years, the precision weather system was still being deployed across
neighborhoods in phases. Notably, even in a completed system,
residents do not have direct control over the hyper-local Al mod-
els. Further work is needed to determine whether such control is
feasible or desirable for all parties.

Our case study demonstrates that the participatory Al design

having a community partner was the key to success, for instance,
GCl helped to mitigate when feedback from the community and
scientists diverged. As others have note2]], this does require
investing resources for stakeholders to meet. As Delgado e®d). |
suggest this model can enable community members and researchers
to consult with each other, for their voices to be included on design
decisions, and for collaborations around designs. The role of being
an owner in the Al pipeline however is not easy to achieve with
this model alone since the full pipeline requires scientists to also
actively engage in the Community Cafes which requires more work
on the part of planning and executing these cafes. Additionally,
ownership in this project was better achieved not at the individ-
ual level, but by the community partner organization itself which
could represent the community as a whole. Thus the Community
Cafe model is only one tool but not a panacea for participatory
approaches to community involvement in hyper-local climate Al
projects.

The Community Cafe discussions also revealed that community
residents are not a monolith; they bring diverse histories, risks,
and comfort levels to the table. This revealed how participatory
Al functions not merely as a means of gathering feedback but also
as a governance model: one that redistributes decision-making
authority to the community. Creating/Vater On My Bloclessen-
tially exposed data as relations as raised by Soden e8] gnd
how precision weather data and Al models could enable local com-
munities to advocate for themselves. In fact, residents and GCI
considered making ood reports wittWater On My Bloclks a form
of civic witnessing a collective record that could validate their ex-

process can be about developing a social interface as much as aperiences and demand future accountability. We therefore suggest

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 nal object. It also means specifying
exactly what true participation in the Al pipeline means for each
stakeholder group which requires additional discussions about the
pipeline, as Delgado et al2f] outline that means revisiting what
participation means, who should participate, and potential points of
inclusion, consultation, collaboration, and ownership throughout
the process of building this pipeline. This undertaking also requires
educating all stakeholders on the possibilities so they know what's
on the table or how they can be involved in hyper-local climate
Al systems, necessitating time, attention, and further resource in-
vestment.

7.2 Engaging Stakeholders with A Community
Cafe Model

Our ndings suggest that the Community Cafe model is a good
model for having stakeholders interact in a way that minimizes
harm to underserved communities and that it can be used in par-
ticipatory approaches to support hyper-local climate Al projects
[19 40 46 51. While these events require signi cant planning

to provide incentives for community members to attend and en-
gage, they can be scheduled regularly to ensure communication

that a Community Cafe model of working with communities for
participatory Al can be a thoughtful way to engage communities
in data as relations work. It does not, however, resolve all issues
in terms of power dynamics between scientists and community
members. By its very nature, there is some technical knowledge
and know-how that cannot be easily shared about the hyper-local
climate Al pipeline such as how the edge computing and Al models
analyze data from neighborhood measurement tools, or use the
data gathered from the community. Creating educational programs,
such as a data ambassador program, that enable community mem-
bers to more directly engage with, understand, and control the data
from neighborhood measurement instruments and create reports
and visualizations from the resulting hyper-local climate Al models
may help to even the playing eld in terms of knowledge building.
This kind of program requiring time, resources, and investment of
its own would compliment a Community Cafe model to improve
participation from community members in climate Al pipelines
that rely on accurate data about and from communities. Data am-
bassador programs can also help scientists better communicate, get
to know, and help train future scientists in the neighborhoods in
which their hyper-local climate Al models are meant to serve and
in which their instruments are embedded.
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7.3 Community Data Partners For Participatory
Al Pipelines

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 Al can scale. Some
researchers have noted that annotator diversity at the individual
level is crucial for inclusive Al systemdf. To this end, we propose
the concept of community data partners. at the community level,
i.e., where members of a community annotate or provide data as op-
posed to individuals. This may rely on a forming a relationship with

a community partner as it did in our project with GCI to avoid per-
formative or token participation or participation that is not really
inclusive [19 40 51]. Al system builders can partner with communi-
ties to have 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 bene t 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,
requiring careful consideration from the onset dfta governance.
This includes discussions around data ownership, data access, who
can contribute data, and what policies are in place to preserve pri-
vacy and security, at the very least. If these requirements are met,
there is the possibility for large institutions or companies building
Al at scale to partner with communities.

This is a design approach unlike those in existing Al systems
which often extract data from individuals such as through crowd-
sourcing platforms like Amazon Mechanical Turk without creating
reciprocal value for communities. In our work, we created an app
using a participatory approach where community-collected data
could potentially be used for Al model training but also made ac-
tionable for the community itself. Future research could explore
sustainable strategies for building long-term, mutually bene cial
data partnerships with communities. Of course, this also requires
careful consideration of those who are intending to partner with
communities and how that aligns with community interests (e.g.,
some note that commercial interests to turn a pro t, avoid backlash,
and not be seen as exploitative can hamper collaborations [39]).

Key challenges include structuring incentives for participation
and designing Al systems that provide meaningful, tangible bene-
ts in return. Working with community data partners also means
managing expectations arourmvnership transfer andsustain-
ability . From the outset, we had to engage our community partner
and the national laboratory in planning for ownership transfer,
revisiting these discussions throughout the project. Despite this
engagement, the transfer still posed challenges: most technical ex-
pertise resided within our research team, requiring us to design the
app to need minimal maintenance and avoid high monthly costs.
We also committed to limited post-project support. These factors
highlight how successful ownership transfer demands careful plan-
ning and imposes nancial and technical burdens on community
data partners seeking to remain a part of a hyper-local climate Al
pipeline. In essence, achieving genuine public participation in Al
requires substantial time investment, 76 and multi-year collab-
oration with community data partners. It also depends on partners'

CHI'26, April 13 17, 2026, Barcelona, Spain

willingness and capacity to maintain and manage the parts of the
Al pipeline that belong to them. This ties directly to sustainability
what happens after the researchers depart a longstanding concern
in participatory design #5, and in participatory Al where avoiding
parachute science is essential [68].

In our case study, sustaining the project and app beyond the
funded partnership between the community, our university-based
research team and the national laboratory was a major challenge
a concern that similarly applies to community partnerships with
government or even commercial entities. Although ANL funding
factored in the time and human resources required for each com-
munity partner to dedicate to the climate Al project, university
funding did not cover community partners' labor. This re ects a
broader pattern where funders overlook the human labor neces-
sary to power community-centered work. Such gaps are especially
consequential when working with marginalized user groups whose
time and labor may often be undervalued and who face height-
ened risks of exploitation. These limitations create a sustainability
paradox: participatory design may position communities for gen-
uine ownership over parts of an Al pipeline but prevailing funding
models rarely support the multi-year engagement needed [31] for
truly participatory Al systems. Achieving participatory design that
matters [9] requires institutional changes to funding structures to
support long term collaboration and recognize that projects of this
nature unfold over years not months, or weeks both to fully set
up the Al pipeline and to engage deeply and fully with communities.

Using participatory design with marginalized communities also
requires balancing democratic participation in the Al pipeline with
respect for community members time and labor. Throughout our
multi-year project, we were mindful of the burden placed on the
nonpro t organization and the community to engage in the par-
ticipatory process. Working closely with our community partner
was essential as they ensured that residents' time was used ap-
propriately. This also meant that some early decisions such as
building an app drew more heavily on input from the nonpro t
than individual residents initially. We did not make these decisions
lightly. Although we did not highlight race in our ndings, the cli-
mate scientists were primarily white and the community members
were predominately Black residents of a historically underserved
neighborhood with a long history of research engagement that did
not always yield long-lasting impact. We sought to avoid repeating
these harms. Participation patterns also showed that most repeat
Community Cafe attendees were retired indicating challenges in
engaging younger or full-time employed residents. Ultimately, de-
termining what meaningful participation looks like in marginal-
ized communities requires attention to historical relations, existing
power dynamics and the burdens of participation especially when
the outcomes shape Al pipelines that materially a ect communities.
As others have noted77], this raises important questions about
the scalability of participatory design in such contexts.

As Al applications increasingly engage entire communities rather
than individual users, ethical and community-centered approaches
to data collection become essential. This shift requires drawing
lessons from participatory design which has already demonstrated
how di cult it is to sustain continuous user engagement when
projects scale up77 and expanding participatory Al methods
to operate e ectively at the community level. In HCI today, few
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projects that use participatory design (even when not restricted to  work could include analysis of the post-app deployment stage and
involving Al) engage users at the community levé4. Thus, HCI study the deployment of the Chatham measurement instrument to
researchers have an important role to play to develop and docu- see how participatory Al relationships evolve after several years.
ment case studies of participatory approaches to support climate Al
and other Al applications that depend on community data partners. 8 Conclusion
CreatingWater On My Blocks an artifact also resulted in media |y this project, we partnered with climate scientists and a Chicago
attention being brought to ooding issues in Chatham, a positive  community organization to develop infrastructure to support hyper-
outcome from a research perspective. Future work can focus on |o¢| climate Al models using a participatory approach for sustained
developing participatory Al techniques tailored for community- community engagement. Through participant observation, inter-
level engagement and address power asymmetries cultural, racial, views, and co-design workshops ( Community Cafes ) we learned
gender, education, income, and knowledge that arise when diverse  5ph0ut the needs of each stakeholder. We ultimately co-designed
groups are expected to participate in shared Al infrastructures. Fu- 44 developed an app callatlater On My Blocko allow neighbor-
ture work in HCI can also focus on developing participatory Al 604 residents to report ooding incidents that are both displayed
artifacts as a means to call attention to deep infrastructural issues. g 5 website and can be used as input for hyper-local climate Al
models and to support community advocacy e orts for investments
7.4 Towards Participatory Al In Real-World in green infrastructure in their neighborhoods. We describe stake-
Settings More Generally holder needs for precision weather, challenges to bridging the gap
between scientists and community members, and lessons learned
in the development of the app. By centering inclusion and participa-
tory design, our case study illustrates how much work is involved
i to achieve truly participatory Al systems with community data
partners. Given that Al continues to advance at an unprecedented
pace, researchers, designers, and funders must work together to cre-
ate community-centered approaches and enable participation from
communities in Al systems that are just, equitable, and attuned to
the diverse ways humans live, work, and interact socially.

In our study, participants were primarily focused on solving fa-
miliar, persistent problems such as staying healthy with poor air
quality or coping with urban ooding. While Al brought novel
technical capabilities to these issues, participants cared less abou
the Al itself and more about whether it tangibly helped improve
their lives. Flooding is not a new problem; what matters is whether
a new approach o ers real progress. However, Al di ers from prior
tools: it often has opaque functionality and unclear data ows. This
creates unique challenges for everyday adoption. When people are
o ered help with serious, ongoing challenges such as chronic in-
frastructure issues they are generally open to trying new solutions. Acknowledgments
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A.2 Demographics Survey For Interviewees
Please Il out this brief demographics survey:

A Supplementary Materials

A.1 Scientist Interview Protocol

Work Background and Argonne National Laboratory Initia-

tive Goals Demographics

(Written survey)

(1) How would you describe the goal of your work to non-
expert friends or family?

(2) How would you describe the goal of your work to aca-
demics in your eld?

(3) How would you explain the main goal of the initiative at
Argonne National Laboratory more broadly? Could you
explain how your work is part of or relates to the Argonne
National Laboratory project?

(4) If the Argonne National Laboratory initiative were suc-
cessful, what would that look like to you?

Drawing Exercise

(1) Could you please draw the Argonne National Laboratory
initiative's data pipeline as you understand it.

(2) Could you please annotate your drawing with what your
research is contributing.

Communities + Argonne National Laboratory Initiative Data

(1) Did you grow up in the Chicago area?

(2) What neighborhood of Chicago do you live in?

(3) As a Chicago resident, do you feel you have the tools to
manage the impact of climate change / climate change
regulation on you personally?

(4) Can you tell me about any examples of climate-related
actions you have taken outside of work?

(5) Are there other Chicago neighborhoods you are very fa-
miliar with?

(6) Do you have some idea about where in Chicago the nodes
(Argonne National Laboratory climate sensor stations)
are going? How do you think these communities will feel
about the nodes? How do you think these communities
could bene t from the data?

(7) Now assume your community was getting an ANL node.
How do you think your community would feel about the
node? How do you think your community could use the
data? (Any di erences with other communities?)

(8) If you could pick any Argonne National Laboratory ini-
tiative's data to be put in a visualization for non-experts,
what would it be and why?

(9) Other than the academic community and Chicago neigh-
borhood organizations, what other stakeholders could
bene t from understanding Argonne National Laboratory

(1) What is your age?

(&) Under 24
(b) 25-34
(c) 35-44
(d) 45-54
(e) 55-64

(f) 65-74
(9) 75+

(2) What is your gender?
(a) Female identifying
(b) Male identifying
(c) Non-binary
(d) Prefer not to answer
(e) Prefer to self-describe:

(3) Which category best describes you?
(a) American Indian or Alaska Native
(b) Asian
(c) Black or African American
(d) Hispanic, Latino, or Spanish origin
(e) Middle Eastern or North African
(f) Native Hawaiian or Paci c Islander
(g) White
(h) Prefer not to answer
(i) Prefer to self-describe

(4) What is your highest level of education?
(a) Less than high school degree
(b) High school degree
(c) Associate's / Some college degree
(d) Bachelor's degree
(e) Master's degree
(f) Doctoral degree
(g) Prefer not to answer

(5) What is your occupation title?

(6) How many years have you worked in research?

(7) How many years/months have you worked in Argonne Na-

tional Laboratory?

A.3 Community Member Interview Protocol

Hello! Thank you for taking the time to chat about urban climate

(1) 1. Do you know how your work / Argonne National Lab- ~ ¢hange in Chicago. We really value hearing your perspective. This
oratory's initiative tin more broadly with the e ort to interview will last between 30 and 45 minutes. Here is the consent
address climate change in Chicago? Please explain. 2. To form. Please read it over and let me know if you have any questions.
what extent do you think Chicago is prepared for climate e will record the interview, but all transcripts will be anonymized
change? 3. What do you think are the main areas of con- @nd not shared outside the University of Chicago research team.
cern Chicago must address to be better prepared for cli- Great, I'm now going to start the recording.
mate change? 4. What are other things scientists could be
doing to prepare for climate change in urban areas like
Chicago?

initiative's data?
Chicago and Climate Change

Community Background and Climate Goals
(1) What community do you live in and how long have you
lived there?
(2) In what ways are you involved in your community?
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(3) What do you think are the current or future impacts of Thank you! We really appreciate hearing your thoughts. I'm
climate change on your community? going to stop the recording now. Could you please Il out this short

(4) Do you feel your community has the tools to manage the demographics form? If you know of anyone else who would be
impact of climate change and climate change regulation interested, please give them my contact information.
that you mentioned?

(5) Can you tell me about any examples of climate-related Thanks! We will keep you updated on what we learn as the

actions you have taken? project progresses. Have a good day!
(6) To what extent do you think Chicago is prepared for cli-
mate change? _ - A.4 Community Cafe 1 Survey
Communities and Argonne National Laboratory Initiative's

Chatham Climate Survey Help us get to know what the main climate
needs are in Chatham. This is a collaboration between Greater
Chatham Initiative and the University of Chicago. You can view
the University of Chicago research consent document here (you
will also be provided a copy at the <Date> meeting).

Data
(1) Have you heard about the Argonne National Laboratory
project? If so, can you tell me how you would describe it?
What do you think about it? <If not, describe.>
(2) How do you think your community would feel about the

node? (1) What is your biggest climate/weather concern? Mark only
(3) How do you think your community could use the data? one oval.
(4) What kind of climate data are you most interested in? Air quality
(5) Outside of your community, what other stakeholders could Flooding
bene t from understanding Argonne National Laboratory Drought
initiative's data? Why? Extreme heat
Technology Use Extreme cold
(1) What, if any, social media sites do you use regularly? Do Snow
you use Twitter? Instagram? Facebook? TikTok? Other:
(2) Where do you learn about the news? Where do you learn (2) Why is this your biggest weather/climate concern?
about news and events in your community? (3) Do you have any health concerns related to weather/climate?
(3) Do you mostly access these sites on a computer or cell Check all that apply.
phone? Asthma
(4) Have you ever engaged in a citizen science project? Mold allergy
(5) Have you used an app like iNaturalist? 311 app? <If part Heat stroke
of a community organization> How does <organization> Mental health
typically compile and share information? Other:
(6) Where is the information stored? Is your organization (4) How do you usually check the weather? Check all that apply.
collecting any climate data? Android weather app
Prototype iPhone weather app
(1) 1. To what extent do you think real-time alerts about air AccuWeather
quality, ooding, heat, or other climate events based on National Weather Service / NOAA
the Argonne National Laboratory node nearest to you The Weather Channel
would be useful? Would you prefer these via email? Social Weather Underground
media? Text? Other:
(2) To what extent do you think monthly summary reports (5) What device do you usually use to check the weather? Check
about the climate in your community would be useful? To all that apply.
you? To your organization? Would you prefer these via Phone
email? Computer
(3) Imagine there was a weather event like a snow storm or a TV
smokey day and you could send a quick message with a Radio
picture or description of this event in your speci c location Smart watch
to scientists, would you want to do that? Would you want Sensors / thermometer at home
to share these reports with your community? Would you | ask a friend or relative
prefer text, social media, website, app? Other:
(4) Are there other ways it would be useful to see the climate (6) How often do you check the weather? Mark only one oval.
data from Argonne National Laboratory? Multiple times a day
Interview End Once a day
(1) Is there anything else | didn't ask about that you'd like to A couple times a week
discuss? A couple times a month

When there is severe weather
| don't check the weather
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Other: Asian
(7) Do you receive 311 text alerts about the weather (a Chicago Black or African American
service)? Mark only one oval. Hispanic, Latino, or Spanish origin
Yes Middle Eastern or North African
No Native Hawaiian or Paci c Islander
(8) To what extent do you feel the weather report you use is White
accurate? Mark only one oval. Prefer not to answer
1 Very accurate Prefer to self-describe:
2 (7) What is your zip code?
3 (8) What is your occupation?
4
5 Not accurate A.6  Community Cafe 1 Facilitator Agenda
9) _How knowledgeable would you say you are about climate  acilitator Agenda <Date>
issues? Facilitator Name:
1 Very knowledgeable
g 11:00 11:15 Introduction
4 11:15 12:15 Discussion Session 1
5 Not knowledgeable Taple Climate Topics (may be duplicate tables of some
(10) Are there any climate/weather apps or programs you partic- tOp'.C S): .
ularly like? Air quality
Flooding
Extreme cold and snow
A.5 Community Cafe 1 Demographics Survey Eﬁtreme heat and drought
12:15 1:00 Lunc
@ D(é)z;)nu own or rent your home? 1:00 1:45 Discussion Session 2
Rent Storyboard session:
Other: Same tgble tppics as Discussion 1 . .
(2) Have you experienced ooding in the following places? The University of C_:hlcago research team will describe
Home storyboards and give examples
Street Participants will spend 5 min drawing their own
O ce Discussion will follow
Other: 1:45 2:00 Wrap up
(3) What is your age? Facilitator Notes - Session 1
18-24
25-34 What are some examples of times when [climate issue] was
35-44 a problem for you?
45-54 What happened?
55-64 Did you receive any alerts in advance?
65-74 What did you do after?
75+ Who in Chatham is impacted most by [climate issue]?
(4) What is your highest level of education? What are ways an app could provide information/education
Less than high school degree or allow for communication or reporting that would be useful
High school degree in addressing [climate issue]?

Associate's / Some college degree
Bachelor's degree
Master's degree

Facilitator Notes - Session 2

Doctoral degree 1. What are some of the scenarios you drew in your story-
Prefer not to answer board? )
(5) What is your gender? What are some of the common themes or ideas that people
Female identifying had when drawing the storyboards?
Male identifying .
Non-binary A.7 Community Cafe 2 Survey
Prefer not to answer Chatham Climate App Survey
Prefer to self-describe:
(6) Which category best describes you? We will email a $15 Amazon gift card to registered Flood Pre-

American Indian or Alaska Native vention Fair participants lling out this survey. To receive the gift
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card, you MUST provide the same email that you registered with
for the Flood Prevention Fair AND you must fill it out by the end
of the Flood Prevention Fair (2pm on <Date>). If you are filling out
the paper version you must return it to a University of Chicago
research team representative at the Flood Prevention Fair. If you
forgot what email address you registered with, you can see a Uni-
versity of Chicago research team representative.

Your Email Address:

(1) Please rank which mockup you prefer (1 to 3 where 1 is best):
e Mockup 1:
e Mockup 2:
e Mockup 3:

(2) Why did you select this ranking?

(3) What would you like to change about the mockups, if any-
thing?

(4) What is your biggest climate/weather concern? (Select one)
o Air quality

Flooding

Drought

Extreme heat

Extreme cold

Snow

Other:

(5) Do you have any health concerns related to weather/climate?
(Select all that apply)

Asthma

Mold allergy

Heat stroke

Mental health
e Other:

(6) How do you usually check the weather? (Select all that apply)
e Phone

Computer

TV

Radio

Smart watch

Voice assistant (e.g. Alexa device)

Sensors / thermometer at home

I ask a friend or relative
o Other:

(7) Do you receive 311 text alerts about the weather (a Chicago
service)?
e Yes
e No

(8) Have you ever used 311 to make a service request (a Chicago
service)?
e Yes
e No

(9) If yes, to what extent have you found 311 helpful in resolving
your concerns?

Very helpful

Somewhat helpful

Neither helpful nor unhelpful

Somewhat unhelpful

Kelly B. Wagman, Kanchan Uday Naik, Madison Vanderbilt, Naeun Ko, John Rugemalila, Thomas Chang, and Marshini Che [y]

e Very unhelpful
(10) If 311 was not helpful or you prefer not to use it, please
explain why:
(11) Have you ever contacted your alderman about a climate/weather
issue?
e Yes
e No
(12) If yes, to what extent have you found contacting your alder-
man helpful in resolving your concerns?
Very helpful
Somewhat helpful
Neither helpful nor unhelpful
Somewhat unhelpful
Very unhelpful
(13) If your alderman was not helpful, please explain why:
(14) Do you own or rent your home?
e Own
e Rent
e Other:
(15) Have you experienced flooding in the following places?
e Home
o Street
o Office
e Other:
(16) What is your age?
18-24
25-34
35-44
45-54
55-64
65-74
75+
hat is your highest level of education?
Less than high school degree
High school degree
Associate’s / Some college degree
Bachelor’s degree
Master’s degree
Doctoral degree
Prefer not to answer
hat is your gender?
Female identifying
Male identifying
Non-binary
Prefer not to answer
Prefer to self-describe:
hich category best describes you?
American Indian or Alaska Native
Asian
Black or African American
Hispanic, Latino, or Spanish origin
Middle Eastern or North African
Native Hawaiian or Pacific Islander
White
Prefer not to answer
o Prefer to self-describe:
(20) What is your zip code?
(21) What is your occupation?

17)

(18)

gooooogooooooogooooooo

(19)



Water On My Block: A Case Study Using A Participatory Approach For Engaging
Scientists and An Urban Community To Support Hyper-Local Climate Artificial Intelligence Systems CHI ’26, April 13-17, 2026, Barcelona, Spain

Figure 8






	Abstract
	1 Introduction
	2 Related Work
	2.1 From Weather Media To Climate Services
	2.2 Participatory Artificial Intelligence
	2.3 Citizen Science

	3 Methods - Phases 1-3
	3.1 Research Context
	3.2 Phase 1: Relationship Building and Participant Observation
	3.3 Phase 2: Semi-Structured Interviews
	3.4 Phase 3: Community Cafes

	4 Methods - Phase 4
	4.1 Phase 4: App Development and Transfer Of Ownership
	4.2 Design Considerations For App to Support Precision Weather AI
	4.3 App Features
	4.4 Data Analysis

	5 Findings Phases 1–3: Understanding Community and Scientist Needs and Challenges for Participatory Weather AI
	5.1 How Scientists Envision Community Could Participate in AI Pipeline
	5.2 How Communities Envision Actionable Uses for Precision Weather AI
	5.3 Challenges to Community-Based Weather AI

	6 Findings From Phases 3–4: Building the Water On My Block App
	6.1 Key Design Decisions Bringing Community and Scientist Visions For Precision Weather AI Together
	6.2 Water On My Block Prototype Evaluation

	7 Discussion
	7.1 Participatory AI as Sociotechnical Interface
	7.2 Engaging Stakeholders with A Community Cafe Model
	7.3 Community Data Partners For Participatory AI Pipelines
	7.4 Towards Participatory AI In Real-World Settings More Generally
	7.5 Limitations

	8 Conclusion
	Acknowledgments
	References
	A Supplementary Materials
	A.1 Scientist Interview Protocol
	A.2 Demographics Survey For Interviewees
	A.3 Community Member Interview Protocol
	A.4 Community Cafe 1 Survey
	A.5 Community Cafe 1 Demographics Survey
	A.6 Community Cafe 1 Facilitator Agenda
	A.7 Community Cafe 2 Survey
	A.8 Community Cafe 2 Mockup Annotation Survey
	A.9 Community Cafe 3 Survey


