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Abstract
Generative AI, such as image generation models and large language models, stands to provide tremen-
dous value to end-user programmers in creative and knowledge workflows. Current research methods
struggle to engage end-users in a realistic conversation that balances the actually existing capabilities of
generative AI with the open-ended nature of user workflows and the many opportunities for the applica-
tion of this technology. In this work-in-progress paper, we introduce participatory prompting, a method
for eliciting opportunities for generative AI in end-user workflows. The participatory prompting method
combines a contextual inquiry and a researcher-mediated interaction with a generative model, which
helps study participants interact with a generative model without having to develop prompting strategies
of their own. We discuss the ongoing development of a study whose aim will be to identify end-user
programming opportunities for generative AI in data analysis workflows.

1. Introduction and motivation
Generative AI presents many opportunities for assistance and automation for end-users and end-user
programmers. Our research team is interested in exploring how Large Language Model (LLM) assis-
tance can be used in data-driven sensemaking (Russell, Stefik, Pirolli, & Card, 1993; Pirolli & Card,
2005) in spreadsheets, to identify key areas of strength and weakness in LLM assistance and identify
opportunities for LLM assistance that address specific parts of the overall workflow. End-user data
analysis workflows are complex and range over many steps, including problem conceptualization, iden-
tifying relevant datasets, data cleaning and structuring, developing an analysis strategy, learning how to
use relevant features, open-ended exploration, and presenting results.

The effect of generative AI on knowledge work has been described as a shift “from material production
to critical integration” (Sarkar, 2023). Critical integration consists of “deciding where in the workflow
to use the productive power of AI, how to program it correctly [...], and how to process its output in order
to incorporate it”. Sarkar builds on the theory of double-loop learning in organizations (Argyris, 1977),
observing that there is both an inner-loop aspect to applying AI in knowledge workflows (incorporating
AI assistance in various steps of existing workflows) as well as an outer-loop aspect (reconfiguring
knowledge workflows to take better advantage of AI, and developing new ones which are only possible
with AI).

For example, in data-driven sensemaking, critical integration in the inner loop might consist of finding
applications for AI in data visualization, or data cleaning. Critical integration in the outer loop might



consist of applying AI towards identifying a suitable analysis strategy or automating large portions of
the sensemaking workflow (e.g., in the spirit of the “automatic statistician” (Steinruecken, Smith, Janz,
Lloyd, & Ghahramani, 2019)) and developing new tools for human overseers focusing on auditing and
quality control.

A key question for researchers and designers at this point in time is how to study the needs of users
involved in such workflows. We are concerned with the first phase of the design “double diamond”; we
first need to design the right thing, and only later can we attend to getting the design of the thing right
(Buxton, 2010). As generative AI technology is new and continuously evolving, its use in society is
limited and uneven. It may not be possible, for example, to simply observe participants working with
generative AI, or interview them about their work practices with generative AI, if generative AI is not
widely adopted within their workflows (which is the case for the vast majority of knowledge work at the
time of writing). For example, code completion in code editors for professional software developers has
been an early commercialization of generative AI, which gives researchers a wide pool of experienced
users with mature behaviours to study (Sarkar et al., 2022). Other work has discussed code assistants for
data analysis within computational notebooks (Mcnutt, Wang, Deline, & Drucker, 2023). Unfortunately,
for our end-user scenario of interest (data analysis workflows in spreadsheets), this is not yet the case.

Furthermore, it is not ideal for researchers to develop high-fidelity experiences for generative AI as a
way of testing its applicability to different workflow. It is time-consuming and expensive. Moreover,
it is also limiting; out of the wide variety of potential interventions at the inner and outer loops, only a
very small number can be feasibly explored using a functional prototype.

The traditional solution to this has been to use lower-fidelity methods such as Wizard-of-Oz (Gould,
Conti, & Hovanyecz, 1983; Landauer, 1986), paper prototyping (Snyder, 2003) and champagne proto-
typing (Blackwell, Burnett, & Jones, 2004), which allow researchers to rapidly simulate a wide variety
of user experiences with significantly lower engineering costs, while also enabling interaction with expe-
riences that may be extremely challenging or impossible to build due to technical limitations. However,
these methods have limitations as well; for a Wizard-of-Oz study to have direct implications for de-
sign, the Wizard protocol must correspond to the actually existing capabilities of the system(s) that are
eventually built.

In particular, the mythologizing of AI’s capabilities by the media, academia, and industry has led to
a warped public conception of what AI can do and how it works (Sarkar, 2022). Thus Siddharth et al.
(Siddarth et al., 2021) urge us to focus not on this collective mirage of what AI might be, but on “actually
existing AI (AEAI)”. There is a real risk that participant responses in low-fidelity studies will draw from
their own biased and inflated expectations of AI capabilities to fill in the “gaps” left by the incomplete
nature of the prototype. A poorly designed Wizard protocol, which allows too much improvisational
deviation from a script, can exacerbate this. This problem is even greater in generic “need-finding”
interviews where no prototypes are used.

There is thus a need for a research method that combines the advantages of low-fidelity methods such
as Wizard-of-Oz, and rapidly exploring a wide range of potential interactions at both the inner and outer
loops of a knowledge workflow, while still grounding conversations with participants in the capabilities
of actually existing AI. In response, we have been developing a method called participatory prompting.

The participatory prompting method takes the form of a researcher-mediated interaction between a study
participant and a working generative AI system. During the session, the researcher guides the participant
through a workflow, seeking to test the potential applications for AI at each step. The researcher plays
multiple roles in facilitating this interaction. Most importantly, they restructure user requests according
to pre-identified prompting strategies, and help the user continue the interaction and recover from errors.
The semi-structured interview is grounded in a specific real problem of interest to the user, drawing
on principles of contextual inquiry (Raven & Flanders, 1996). The name of the method is inspired by
participatory design (Spinuzzi, 2005), and we hope that in the spirit of participatory design, the method
of participatory prompting contributes to the design of AI systems that empower and enfranchise users



with their involvement from the outset. The next section describes the method in detail.

2. The participatory prompting method
2.1. Materials required
Choice of system. The participatory prompting method uses a real, functional generative AI system
as representative of the functionality of generative AI in general. It is therefore important to choose the
system carefully and consider multiple alternatives for their suitability to the particular study.

We compared the following four systems for their suitability for use in our study: OpenAI playground,
OpenAI ChatGPT, Google Bard, and Microsoft Bing Chat. We compared them by entering some ex-
ample queries that a user might have into each system, and attempting to elicit guidance and multiple
stages of the data analysis process, as we were intending to do during the study. We then discussed and
evaluated the comparative quality of the responses and how a participant might react to each response,
with a view to choosing the system which would help produce the most insightful interactions during
the study.

It is worth noting that of the four systems we tested, the latter three (ChatGPT, Bard, and Bing Chat)
are consumer-facing products: they are built upon one or more large language models and consist of UI
elements and other modules and heuristics which come together to create a coherent experience for the
non-expert consumer. They can be considered to be significantly “opinionated” in a number of ways.
One obvious user-facing manifestation of this is in the so-called “guardrails” which kick in whenever the
conversation topic approaches an area deemed inappropriate by the system designers (such as violent or
sexual content). Another example of opinionation is the turn limits imposed by Bing Chat: at the time of
writing, a conversation with Bing Chat cannot exceed 15 turns (after 15 turns, the conversation is erased,
and a new conversation is started).

In contrast, the OpenAI playground is intended for developers to interactively test different models, and
as such allows for the choice between multiple individual LLMs, and control over parameters such as
temperature (most of our testing on the OpenAI playground was using the default temperature of 0.7
and the text-davinci-003 model, a GPT-3 model which was the state of the art at the time of
testing). While there are still some heuristics and guardrails in place, using the OpenAI playground is
much closer to getting the “raw” output of a language model.

For many studies, using a highly opinionated experience may not be ideal; the heuristics and modules
used in these systems are proprietary, and researcher control and visibility into parameters such as tem-
perature is poor. For our purposes, however, this was not a dealbreaker.

For our study we have chosen to use Bing Chat for the primary reason that it is the only system (at the
time of writing) that is designed to seek and include information from the Web as part of its responses.
In our testing, we found that for many steps of the data analysis journey (ideating potential analysis
paths, identifying relevant datasets, learning to use relevant features), the ability to report information
from the Web resulted in much better and more actionable suggestions for users.

Due to the complexity of deploying these systems at scale, during our comparative evaluation we noticed
many outages, where the system was overloaded and did not respond to queries and/or displayed an error
message. For a user study to go smoothly, a system that is stable and consistent is key. While we did not
quantify the outages we experienced, our informal assessments of a particular system’s reliability and
uptime did influence our final decision.

Prompt strategies. Identifying performant and consistent strategies for prompting LLMs is a well-
documented challenge. In consumer-facing products, the user query is rarely sent directly to an LLM;
instead it is processed and augmented with additional instructions and prompts that have been deter-
mined by the system developers.

Thus, when non-experts directly interact with a “raw” LLM (e.g., via tools such as OpenAI playground),



or with a generic chat application that is not tuned towards particular knowledge workflows, they may
not be able to develop suitable prompting strategies to elicit good performance from the model. This is
a key reason that our method involves researcher-mediated interaction, and why we do not simply study
how end-users interact directly with the model.

A key strength of the participatory prompting method is that researchers familiar with the design of
prompting strategies can prepare these ahead of time.

For our study, a group of researchers collaboratively experimented with different prompting strategies
with Bing Chat over a period of several weeks, documenting screenshots of their interactions with Bing
Chat and successful prompts in a shared document. A provisional list of prompting strategies which we
developed through this process is given in Appendix B. For example, through this process we identified
that Bing Chat:

• did not consistently use data sources from the web even if they were available, and we could
bias it towards doing so by including a phrase in the prompt such as “use an online data source”,
“based on publicly available information”, “with data from the web”, and “use information from
the web”.

• did not consistently offer citations for sources, but could be biased to do so by including a phrase
in the prompt such as “prove your sources are real” or “cite your sources”.

• often provided multiple suggestions for types of data analysis the user could conduct, but the
answers did not support an end-user’s decision for what to do next. In this case we found that
adding “justify your answer” or “justify your criterion” improved the actionability of the model’s
responses.

• is capable of rendering tables inline within the chat, which is very helpful for exploring ideas
related to spreadsheet-based data analysis, but it does not consistently do so. We found that
we could bias it towards generating tables by specifying “with an example”, “make an example
spreadsheet”, or “make an example table”.

Our method for identifying prompts is largely a pragmatic craft practice, based on trial-and-error and
the intuitions of researchers. Due to the many sources of variability in LLM output, as well as variability
between researchers’ experience and the working examples they choose for testing different prompting
strategies, our resulting prompts are subjective and difficult to reproduce. Another team, or the same
team choosing different working examples, or a different model, may well have developed a different set
of prompts, which will have significant downstream effects on the user study. Improving the consistency
and systematicity of this step is a major challenge for user research with generative AI, as many libraries,
toolkits, and even prompt marketplaces have been created to assist in this endeavour.

Demographics and generative AI experience. Participants will complete a standard demographics
questionnaire which includes questions about spreadsheet experience, formula experience, and program-
ming experience (Sarkar et al., 2020). In future participatory prompting studies, this can be replaced with
another demographics questionnaire that gathers information relevant to those studies instead.

Based on the model of other questions in that questionnaire, we also developed a simple question-
naire item for assessing prior experience with generative AI, as follows: “Which of the following BEST
describes your experience with generative AI tools such as ChatGPT, DALL-E, Stable Diffusion, Mid-
journey, Google Bard, Bing Chat?”

In response, participants choose from the following options:

1. Never heard of them
2. Heard of them but haven’t tried any
3. Casually tried one or more
4. Occasionally use one or more
5. Regularly use one or more



As with other studies which use the aforementioned spreadsheet experience questionnaire, this item can
be used in one of two ways: first, it can be used as part of the qualitative interpretation of participant
interview data, to add context to their responses. Second, it can be used to group participants into rough
categories of high and low prior experience (e.g., response levels 1-3 can be considered “low” experience
and 4-5 can be considered “high” experience) for studying quantitative interactions between experience
and any dependent variables gathered during the study (e.g., cognitive load (Hart & Staveland, 1988)).

Unlike spreadsheet experience or programming experience, the landscape of end-user experience with
generative AI is shifting rapidly. The specific wording of this question and its response categories are
thus likely to require periodic revision and updates.

2.2. Main interview activity
The main phase of the participatory prompting study takes the form of a semi-structured interview run
concurrently with a researcher-mediated “conversation” between the participant and the model.

The interview consists of a number of “turns” consisting of 5 steps. (1) A turn begins by the participant
expressing a query (e.g., asking for assistance, posing a question, asking for clarification). (2) Next,
the researcher takes the user query, modifies and augments it according to the previously identified
prompting strategies and sends it to the model. (3) The participant reads the model’s response. (4)
Next, the researcher asks the participant to reflect on the response. (5) Finally, the researcher guides the
participant in continuing the conversation and choosing the next query.

We wish to explore the possibility for LLM assistance in the following scenarios:

• Problem conceptualization, decomposition, identifying parts of the problem that could be tackled
in a spreadsheet

• Identifying relevant datasets
• Figuring out how to clean and structure data
• Developing an analytical strategy, involving applying multiple features in sequence
• Learning how to use relevant features
• Exploration of alternative analyses
• Presenting and communicating results

The problem chosen is ideally seeded by the participant’s own problem domain. This can be elicited
using a question such as: “Can you share an example of a decision you had to make recently? The
decision should be reasonably complex, requiring an evaluation of multiple criteria or sources.”

If elicited ahead of the study (e.g., in a pre-study communication, or as part of the initial demographics
questionnaire), researchers could prepare a spreadsheet and problem that is familiar to the participant’s
own experience, or we can have the participant bring a shareable spreadsheet within their domain to
work on. Alternatively, a suitable problem can be determined at the start of the interview. In practice we
have found it is better to ask participants to think of such problems ahead of time, so that more time can
be spent on the interactive portion of the interview.

The problems users bring can further be divided into the following types:

1. A well-established spreadsheet workflow where the user is already using spreadsheets.
2. An open-ended problem where the user has not tried to apply spreadsheets before.

From a research perspective, both types of seed problem have advantages, as they correspond respec-
tively to the inner and outer loop of the double loop of AI assistance opportunities. In our study context,
we are not interested in one or the other type in particular, or in comparing between the two, so we will
not aim to control the distribution of types. However, future studies may be interested mainly in inner
loop opportunities, or outer loop opportunities, or a direct comparison between them. In such cases care
must be taken to ensure the seed problems used with participants are either predominantly of the type of
concern, or roughly evenly distributed between the types to facilitate comparison.



With a suitable seed problem, we walk through the participant’s problem step by step, entering their
requests into the LLM system (using pre-identified prompt strategies) and relaying their response back
to the user. We find that it is useful for participants themselves to also view the screen on which the
LLM interaction is taking place, as the study can progress faster when participants can read the output
directly themselves.

The user is then asked questions at each step such as:

• Is this useful? Why or why not?
• Are you confused or surprised? Why or why not?
• Does it contain anything that is factually incorrect or misleading?

To advance the conversation to the next turn, the experimenter may prompt the participant with a ques-
tion such as

• Does this give you any further ideas?
• What would you like to know next, to continue your analysis?
• What information is missing?

Participants may also leverage suggested follow-up questions provided by the model as inspiration.
However, since these suggestions may not adhere to experimenter prompting strategies, the suggestions
may need intervention by the experimenter to align them.

2.2.1. Post-activity interview
After the turn-taking phase of the study, the participant is interviewed and asked to reflect on the expe-
rience. For instance, they could be asked how such a tool would fit into their workflow, what features
they feel would improve the experience, and what were the strengths and weaknesses of the new modes
of working enabled with generative AI.

This phase may additionally involve eliciting participants’ responses to mock-ups of potential interface
designs in a design probe. Importantly, because the participant has just had the experience of interacting
with an actually existing AI system, they are more likely to have an accurate understanding of what a dif-
ferent interface design might actually achieve for their workflow in terms of usability. The participant’s
grounding in actual AI capabilities improves the validity of research insights over simply interviewing
participants about their response to mock-ups.

If the participant reported that they had experience with generative AI, experimenters could elicit the
participant to compare their previous workflows with what they experienced with participatory prompt-
ing. This might include the differences in solving similar or the same problems they saw in the study, or
even understanding how the participant might change their own prompting strategies after the study.

The structure of and questions asked during the post-activity interview depends on the aims of the
participatory prompting study. In our situation, we are interested in how generative AI can help non-
expert end-users in data analysis workflows, particularly within spreadsheets, and so we selected our
questions accordingly. Our full final script (incorporating revisions made after a pilot study detailed in
Section 2.3) is given in Appendix A.

2.3. Pilot
The first version of this study protocol was piloted on a convenience sample of two participants who are
familiar with spreadsheets and who use spreadsheets for their work. Each pilot took approximately 1
hour, as intended.

The pilots resulted in the following observations and adaptations:

It can be difficult for participants to settle on a suitable seed problem that is complex enough that it
requires generative AI (as opposed to a traditional web search) to solve, but simple enough that the
required context can be described to the system using a few sentences or a paragraph at most. We
introduced more questions in the problem elicitation phase of the study that the experimenter could use



to help the participant (e.g., “Can you share an example of a problem that required you to develop a new
workflow?”). However, our recommendation is that if possible, the participant should be asked to think
of a suitable problem ahead of the scheduled study session, to maximize the time available to engage
with the problem in the turn taking phase. We also noticed that participants were not familiar with some
jargon in our questions (e.g., “data-driven decision-making”) and we modified our questions to elaborate
and clarify these terms.

We noticed that the participants were able to go through 5-6 turns in the time allotted. This may seem
like a small number of turns, but it nonetheless produced a wide range of qualitative insights. The turn-
taking phase can be elongated in future studies if this is felt to be necessary, study duration targets and
participant fatigue notwithstanding.

The most time-consuming aspect of each turn is in the reflection step, where the participant is asked to
reflect on the system’s response, and the advancement step, where the researcher guides the participant to
decide what to do next. This observation helped us decide on setting Bing Chat to “creative” mode for the
study. Bing Chat has a single user-facing setting. The user can choose between creative mode (described
by the Bing Chat UI as “original and imaginative”), balanced mode (“informative and friendly”), and
precise mode (“concise and straightforward”). We initially used “precise” mode because we believed
that it would be the least likely to hallucinate misinformation, and because generating short responses
would allow the user to read through them more quickly and therefore enable more turns overall. Since
the number of turns is largely dominated by the time spent on the reflection and advancement phases, the
small time advantage gained in precise mode by having to read less text did not accumulate to allow an
increased number of turns overall. Moreover, in practice we observed that “creative” mode was no more
likely to generate hallucinations, and since it was far more verbose, often emitting several paragraphs
in response, it improved participants’ reflections (by giving them more to reflect on) and the ease with
which a suitable next query was selected.

We noticed that if the model’s response is completely generic or not useful, especially at an early stage
of the conversation, our pilot participants were not motivated to continue the interaction. In response to
this, we introduced a number of different advancement-oriented questions the researcher could use to
help suggest a way forward, such as: “What would you change in your query to make this more useful?
Would you ask this a different way?”.

We noticed participants’ preconceived notions about the system’s capabilities were heavily influenced
by their prior experience with search engines, and initially thought to use short queries of the kind used
with search engines. This is unsurprising given Bing Chat’s positioning within a more traditional search
interface. Previous studies have also noted that participants’ use of generative AI systems is influenced
by their experience with search engines (Liu et al., 2023; Sarkar et al., 2022). However, such short
queries cannot adequately capture the user’s context and intent. We introduced a guidance statement in
the protocol whereby the experimenter explains that the generative AI system permits longer and more
conversational interaction.

We also introduced a couple of strategies for the experimenter to gently suggest a way to continue the
conversation, if the participant was having difficulties ideating a next step. These include the experi-
menter directly suggesting an action (e.g. “Let’s see what happens if we try <some query>”) but also
suggesting an action as a baseline to help the participant conceive a contrastive alternative (e.g., “I pro-
pose to continue by <some query>, but what would you have done instead?”). However, it is important
that the experimenter’s suggestions do not bias or significantly change the course of the interaction, and
serve mainly to unblock the participant. Much as with regular interviewing, the ability to elicit rich
responses from the participant without introducing bias depends on the skill of the interviewer. To help
guard against such bias, we recommend in the protocol that these experimenter-led strategies should not
be employed in consecutive turns (i.e., if the experimenter led the query in the previous turn, they should
not do so in the current turn).

There were issues with understanding participant expectations of model output, where even after work-



ing with the experimenter to craft a prompt, the participant did not know they would need to specifically
request images. This led to needing to re-prompt the model to obtain the desired result. To prevent
needing to do multiple prompts to obtain desired output, which can take up study time, experimenters
should inquire on the expected results, including data types, from the participant to close this gap. Un-
derstanding what types of data could be useful for the participant, and explicitly requesting them in the
prompt, is a necessary strategy.

Participants noticed that content the model had previously shown in the output could be missing in
successive outputs. When the motivation of the participant was to build upon previous results, they
wanted to make sure the data was consistent throughout the conversation with Bing Chat. Therefore,
prompts crafted for the study need to include or refer to previous output in an attempt to have the model
consider this data for further prompts.

One participant was suspicious of the data the model produced as a column in a table and wanted to
verify this data by going to the websites the model referenced. This is a third workflow separate from
prompting and spreadsheeting that requires a tangent into navigating to the source and verifying the data.
This is a realistic strategy for users of chat based LLMs, but it is removed from prompting interactions.
While this is not explicitly part of the protocol, we will allow participants the freedom to explore and
verify the results returned by the model if desired.

In the post-activity interview, we noticed participants speculating on multiple occasions that “if it could
do <some action>, that would be helpful”. Since these types of questions can actually be put to the sys-
tem to test whether it can do it, we amended the protocol to permit the researcher to spot-test such partic-
ipant speculations and get feedback from the participant. We also introduced the following question to
specifically elicit perceived barriers to sensemaking with AI assistance: “What barriers or frustrations
did you have with this experience that prevented you from exploring the question to your satisfaction?”

Our full revised script after the pilot is given in Appendix A.

2.4. Effectiveness of protocol during pilot
While we do not claim these are usable findings due to currently running a pilot of n=2 and the protocol
was adapted live during these pilot runs, we believe there is evidence that this protocol was effective at
revealing valuable insights from participants. These include:

• After a few prompts, a participant noted they would start a spreadsheet to maintain the data they
were receiving from the model, but thought it would be difficult to switch between the spreadsheet
and further prompting. Getting the model to generate a table to help the participant visualize a
future spreadsheet was helpful in this situation.

• A participant was unsure the model considered the entire context of the prompt it was given, even
when this context was in the prompt, and felt there was no way to verify this with the model.

• Upon noticing a result of potentially summarized or hallucinated data was given by the model, a
participant noted that if they could not trust the results and had to manually search to verify the
data in the table. They said they felt it severely limited the benefits of Bing Chat.

We believe this protocol is an improved adaptation of the traditional Wizard-of-Oz approach for studies
of generative AI, since participants interact with a real AI model, but the implementation costs were
extremely low.

3. Discussion and limitations
The participatory prompting approach detailed in this paper raises the question of whether some activ-
ities carried out by the human experimenter could be supported with AI. One question that remains to
be answered is what affordances human prompt strategies have over an AI that is focused in helping the
participant best interact with the generative AI.

However, such a protocol might increase the turn time or number of turns taken as the participant has
to interact with this new AI prompting assistant while also performing their sensemaking task. Human-



driven participatory prompting also allows the experimenter to ask user experience questions and inquire
on participant motivations, which can provide valuable insights for researchers but may not be valuable
for the actual prompting and might not be asked by an AI assistant.

One clear extension of this protocol is for the experimenter to also draw upon the library of existing AI
plugins and recommend useful experiences that help the participant solve their problem. This could be
directly compared to the effectiveness of the existing plugin experience where the model chooses which
plugin to use, assuming the user has the installed plugins.

One limitation of this protocol is that because the experimenters will take a turn at helping craft prompts
with the participant, results following this protocol may not give a clear understanding of where and
when a user’s unsupported prompting would have had issues. We attempt to address this limitation by
having the participant reflect on how they would have modified a prompt (see Appendix A).

Similarly, because we are interested in how users might perform sensemaking in spreadsheets by lever-
aging AI, we have created an environment and crafted prompts that emphasize the use of spreadsheets
and organized data. This might mean that the choice to move from prompting to spreadsheeting may not
be as organic as it would if the user interacted with the model without experimenter assistance. There is
a multitude of data analysis experiences that might also be useful for users (e.g., OpenAI’s Code Inter-
preter, which performs data analysis tasks with Python code (OpenAI, 2023)). The freedom to choose
from available interactions would provide useful insights for user needs for end-user data analysis and
sensemaking tasks.

Some interactions were limited by the inability to re-trigger generation of a response with respect to a
specific query within the conversation in Bing Chat (re-generation and editing a query is possible for in-
stance, within ChatGPT and the OpenAI playground; this enables a kind of flexibility and fluidity that is
akin to being able to independently edit and run different code cells out-of-order in a Jupyter notebook).
For instance, if the participant changed their mind about a query, or if the system stopped generating
text partway through a response, which worried one participant about continuing to prompt the model.
In Bing Chat the only option is to submit a follow-up query within the same conversation, but which
will include the undesired or incomplete previous queries and responses as part of the “context”. The
alternative is to start a fresh conversation and then laboriously “replay” the conversation, building up the
same conversational state (or more likely, a similar state, since the system’s responses are nondetermin-
istic) through the same series of prompts until you arrive at the point in the conversation at which you
wish to try a different query. Neither of these options is practical or predictable in a time-limited study.

4. Conclusion
In this work-in-progress paper we have presented the ongoing development of participatory prompt-
ing: a lightweight user research method for eliciting opportunities for AI assistance in knowledge work-
flows. It uses a real, functional generative AI system, thus improving on traditional Wizard-of-Oz or
paper prototyping, where the user interaction can become unmoored from the technical reality of these
systems. On the other hand, it allows researchers to use an “off-the-shelf” AI model with no additional
engineering costs for fine-tuning, customization, or UI development, enabling rapid and broad-ranging
testing of user experiences.

We reported a pilot study (n=2) in which we tested the participatory prompting protocol. The pilots have
resulted in improvements to the protocol, changes to the script, and reflections on how to get the most
insight out of a participatory prompting session. The pilots have validated the feasibility of the protocol
as a method for understanding the user experience of generative AI in knowledge workflows. In future
work, we are planning to run a full-scale participatory prompting study to elicit opportunities for AI
assistance in the data analysis workflows of end-user programmers in spreadsheets.
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A. Study script
A.1. Materials/activities pre-interview
Ask to prepare spreadsheet / reflect on data-driven workflows.

A.2. [5 minutes] Opening
Introductions and pleasantries, consent form, demographics form.

A.3. [10 minutes] Discussion of current data decision practices.
• Can you briefly describe your role?
• Can you describe, with examples, what kinds of data-driven decision making you do as part of

your role?
• Can you describe, with examples, what tools you use?
• Can you describe, with examples, how you approach an unfamiliar data-driven decision making

problem? An unfamiliar problem where you had to make a decision based on some data. This
could be tabular data, lists, or text, etc.

• Can you describe an unfamiliar data decision problem, potentially fictional, you may encounter in
the future?

If this produces a satisfactory scenario, proceed to turn taking, else ask: Can you share an example of a
problem that required you to develop a new workflow?

A.4. [30 minutes] Participatory prompting, turn taking
Per turn:

• Is this useful? Why or why not?
• Are you confused, surprised, or indirectly inspired?

To progress, choose one or more of:

• What would you like to know next? What else would you need to know to follow these sugges-
tions?

• What would you change in your query to make this more useful? Would you ask this a different
way?

• (Experimenter driven, at most once in a row) Let’s see what happens if we try (X). Alternatively: I
propose to continue by X, what would you have done (e.g., continued by Y, different task, abandon
tool)?

• (If issue with result) I see that there is an issue here with (X), if we do this (new prompt) we can
get that data back for you (if participant wants this, continue, else 1st question).

• (If participant is stuck, only thinking in terms of “classical” search engines) Imagine you’re talking
to a colleague, and bouncing ideas off them.

A.5. [15 minutes] Post activity interview
How would a tool like this fit or not fit into your workflow? If the participant says something like “If it
could do X that would be helpful”, try it out, get feedback from the participant, but keep time in mind.

1. What benefits does this hybrid spreadsheet-chat workflow provide over your existing workflow?
2. When you were surprised/inspired by X (from turn taking), what features/capabilities would be

useful in exploring this inspiration further?
3. What features do you believe would increase the frequency and effectiveness of these inspiring

results/moments (e.g., visualizations, videos, suggested prompts)?
4. How do you audit data/decisions now and how would that change with these AI-powered features?
5. How would your decision making workflow change with a tool like this?
6. What barriers or frustrations did you have with this experience that prevented you from exploring

the question to your satisfaction?
7. What are the advantages or disadvantages of using a chat-based interface?



B. Pre-identified prompts
This section lists prompts that we have determined through trial and error for use during the study.

1. Problem conceptualization, decomposition, identifying parts of the problem that could be tackled
in a spreadsheet

(a) <Description of user problem>. Explain how to use a spreadsheet for this with an example.
(b) Explain a different way to use a spreadsheet for this with an example.
(c) I am trying to make a data-driven decision about <X>. Is this a good problem to use data

tools such as spreadsheets to solve? Explain why or why not. What sub-problems or related
problems are good candidates for spreadsheet solutions? Justify your answer.

2. Identifying relevant datasets
(a) What data is relevant to this problem. List sources.
(b) Use an online data source to add a useful column to this table. Prove your sources are real.
(c) Add a column to the table containing a score representing <X>. Invent a criterion for this

score based on publicly available information. Justify your criterion.
(d) Add more rows and columns to the table based on information you consider relevant to the

decision of <X>.
(e) Add columns to the table with data from the web such as <X>. Cite your sources.
(f) Use information from the web to populate the spreadsheet with more accurate figures. Cite

your sources.
(g) Make an example spreadsheet according to your suggestions above. Use information from

the web to populate the spreadsheet with accurate information. Cite your sources.
3. Figuring out how to clean and structure data

(a) Explain how to put this data in a spreadsheet with an example.
4. Developing an analytical strategy, involving application of multiple features in multiple steps

(a) Explain how to <user problem> in Excel with steps.
(b) Explain another way to <user problem> in Excel with steps.
(c) It is not possible to <suggestion>. Explain an alternative method with steps.
(d) What spreadsheet features can I use, such as charts, formulas, conditional formatting, pivot

tables, etc. Show examples.
(e) <Model suggestion> Explain how to do this with an example.

5. Learning how to use relevant features
(a) Explain how to use <feature> to solve this problem in Excel with an example.

6. Exploration of alternative analyses
7. Presenting and communicating results

Others (non-categorised)

• Make a spreadsheet example
• <Model mistake> is not correct. Provide an alternative answer and prove that your answer is

correct.
• Sometimes Bing Chat will refuse to make a spreadsheet. Try asking for a ‘table’ instead. Or ask

repeatedly.


