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Abstract

As large language models (LLMs) grow more proficient at pro-
cessing unstructured text data, they offer new opportunities to
enhance data curation workflows. This paper presents findings
from a user study involving 12 industry practitioners from various
roles and organizations across a large technology company (N=12).
The study examines their data curation workflows before and after
LLM adoption, using two custom design probes that integrate LLMs
into existing tools. Our study reveals a shift from heuristics-driven,
bottom-up curation to insights-driven, top-down workflows sup-
ported by LLMs. To navigate increasingly complex data landscapes,
practitioners supplement traditional subject-expert-created “golden
datasets” with LLM-generated “silver” datasets and rigorously val-
idated “super golden” datasets curated by diverse experts. This
research highlights the transformative potential of LLMs in large-
scale analysis of unstructured data and highlights opportunities for
further tool development.
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1 Introduction

As large language models (LLMs) continue to advance, their im-
proved reasoning capabilities, enhanced summarization techniques,
and growing context windows enable them to process and gener-
ate insights from complex and voluminous data more effectively
than ever before [7, 25, 37-39, 46, 49]. These advancements present
significant opportunities to improve data curation and analysis
workflows, particularly for those working with unstructured, text-
based datasets. At the same time, the complexity of such data has
grown. Modern foundation models increasingly rely on text data
throughout their pipelines, including pre-training, fine-tuning, hu-
man feedback, and evaluation [12, 38—-40]. With data coming from
increasingly diverse sources, such as LLM-generated content, cu-
rating it—ensuring its quality, coherence, and relevance through
iterative refinement and evaluation—becomes even more critical
and challenging, as reported by recent work [10, 14, 21, 23, 30, 48].

Motivated by these increasing capabilities and complexities, we
contribute design probes and a user study (N=12) to explore the
opportunities and challenges of adopting LLM-based workflows.!.
Building on expert interviews that examined data practitioners’
existing workflows [34], we incorporated feedback into develop-
ing two LLM-based design probes to address reported data cu-
ration challenges. Our study investigates how practitioners use
these probes for data curation tasks — that is, actions performed
on general, unstructured text-based datasets, such as user feed-
back, conversation logs, or customer survey responses, to generate
insights. Key findings from our study include:

e Emergence of multi-tiered dataset hierarchies: The adoption
of LLMs in data labeling tasks has introduced new dataset hier-
archies. Practitioners supplement traditional “golden datasets”—
high-quality datasets for model training and evaluation—with
“silver datasets,” which primarily consist of LLM-generate labels.
This aligns with findings that recent models rely on generated
and synthetic training data [5, 22]. However, benchmarking

This study was conducted in Q4 of 2024
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LLMs against human performance demands rigorous evaluation
datasets, motivating the construction of “super-golden datasets”—
exceptionally high-quality datasets curated by teams of experts.
o Shift from bottom-up to top-down data understanding;:
Prior to LLMs, practitioners aggregated insights from granular,
heuristics-based analyses, performing manual and repetitive data
labelling and aggregation. Using LLMs, practitioners can focus on
more strategic, high-level data analysis — generating high-level
summaries upfront, and diving into details only when needed.

Additionally, we observed a growing trend of LLM reliance across
multiple stages of the curation and analysis workflow, with a per-
ceived increase in efficiency. However, there are also challenges
and concerns hindering LLMs’ widespread adoption, such as cost
and output reliability. This research contributes to understanding
the emerging role of LLMs technical workflows and offers consid-
erations for further LLM-based tool development and evaluation.

2 Related Work

There is a growing trend of integrating LLMs into tools for data
curation tasks [15, 36, 49]. Numerous prompting interfaces and
bespoke LLM-based tools have emerged [8, 23, 24, 26, 28, 29, 31, 32,
42], addressing tasks such summarization and categorization. LLMs
can be used to interactively cluster datasets [41], explain and label
these clusters [44], qualitatively code and analyze data [4, 6, 11], and
even expand existing datasets by generating synthetic examples
[22, 45, 47]. Furthermore, researchers have proposed leveraging
LLMs to evaluate the performance of models, a practice known
as “LLM-as-a-judge” [49], along with tools that visualize results
[16, 17]. This approach can be applied not only to assessing general-
purpose LLMs but also to evaluating specific aspects such as safety,
factuality, coherence, fluency, or other evaluation criteria [15, 19].

3 User Study Design

Despite the recent emergence of LLM-focused tools, there is limited
research examining their adoption in industry data practices, likely
due to the nascent nature of the technology [48]. To address this
gap in understanding LLM integration in technical workflows, we
conducted a user study with industry professionals who perform
diverse data curation tasks, with the following research questions:

e RQ1: In what ways are LLMs being used by practitioners for
data curation tasks?

e RQ2: What aspects of their workflows do practitioners feel are
made more productive by LLMs?

e ROQ3: Which parts of workflows do LLM-based tools support,
and which tools do they replace or complement?

3.1 Design Probes

Our research questions focus on understanding participants’ exist-
ing and anticipated workflows with LLMs. However, recent prior
work on the data curation workflows of industry practitioners
suggests a lack of alignment regarding LLM-based curation tools,
with practitioners continuing to rely on spreadsheets (e.g., Google
Sheets) and Python notebooks (e.g., Colab?) [35].

Zhttps://colab.research.google.com

Qian et al.

To foster ideation using tools that practitioners already trust and
use, we created two design probes integrating LLMs - one within
Google Sheets, and another within Colab. These probes harness
LLM capabilities to address common curation challenges identified
in prior work, such as flexibility, ease-of-use, and integration [2, 35].

3.1.1 Spreadsheet Design Probe. We developed an Apps Script
application® that enables LLM prompting within spreadsheet cells
(Figure 1). This application introduces a “RUN_PROMPT” function
that sends a text prompt to an LLM model, with customizable API
parameters in a separate sheet.

3.1.2  Computational Notebook Design Probe. We developed a Co-
lab notebook with built-in libraries for LLM prompting, with config-
urable parameters through form fields. Figure 2 shows the example
notebook. The library includes a “run_classifier” function that
accepts a Pandas dataframe (i.e., df) and an instruction. The func-
tion calls the LLM and returns the dataframe with an additional
column containing the LLM’s outputs. Since Python notebooks of-
fer greater flexibility than spreadsheets. We provide two additional
features:

e Summative analysis: Users can query the LLM with an entire
dataset (Figure 3).

e Controlled generation: This feature allows structured outputs
[20, 23] (e.g. yes or no) for tabular queries.* In the spreadsheets
probe, controlled generation can only be approximated with the
inclusion of instructions in the prompt such as Please output only
“yes” or “no”.

3.2 User Study Participants

We recruited 12 participants (N=12; 5 female, 7 male) who work
with text-based datasets within a large technology company. Our
focus was on recruiting participants who handle general text-based
data- such as customer feedback or conversation logs— rather than
specialized domains like medical data, which may require bespoke
and less generalizable curation practices. Our study sample was
carefully curated to include industry experts across different job
roles and six distinct product areas within the company. We cate-
gorize these participants into three roles:

e Technical roles (T1-T4): Engineers and model developers who
create and evaluate models for products.

e Analytical and operational roles (A1-A5): Domain experts,
ethics researchers, and project leads who develop policies around
products, primarily focused on safety.

o Client-facing roles (C1-C3): User experience researchers and
survey experts who assess product usability.

These practitioners’ roles involve extracting insights from text
data, including tasks such as labeling text to identify trends, sum-
marizing findings, developing training and evaluation datasets for
foundational model development, or analyzing user notes for abuse
detection. A detailed description of their job responsibilities can be
found in Appendix A.

3https://developers.google.com/apps-script
“https://ai.google.dev/gemini-api/docs/structured- output?lang=python, https://spec.
openapis.org/oas/v3.0.3#schema
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=RUN_PROMPT (CONCATENATE( , B$2, BS3, $A8))

A

Conversation

CHI EA ’25, April 26-May 01, 2025, Yokohama, Japan

B o]

Given an example from a text dataset, | need to Given an example from a text dataset, | need to
label it. Specifically, the question is: *

What is the tone of this message?

label it. Specifically, the question is: *
Is this question about mathematics or

Hi! What to do for the weekend with kids?

You are an expert in network equipment diagnosis, please diagnose
whether the network equipment is abnormal according to the known
information and the little helper summary information; the known

Answer in 1 word.

Neutral

"json
{‘l‘_res“: “normal®, "Why": "}

reasoning?

Answer 'yes' or 'no’ only.

no

“json
{‘l‘_res“: “normal®, "Why": "}

write a hello world app Neutral No
-]

Write a funny poem about June pride month, inflation, biden, marx, Satirical no
7 lenin, stalin, Social Security, pension, retirement, recession, inclusion,

exclusion, equity, bankruptcy

write a haiku about wife's dedication in family's success Appreciative no
8

10 suggestions for making the world better. Positive no
9

Hi I'm John, how are you today? Friendly no
10

How do | kill 2 birds with 1 stone? no
"

Does a college education matter? Neutral no
12

Please provide 10 options for fitles for this blog Informative no

Risk management plays a crucial role in ensuring the success and

1. Al-Powered Risk Management: The Future 1. Al-Powered Risk Management: Navigating

Figure 1: The tabular LLM prompting interface within the spreadsheet design probe. The cells in column A include conversations
(i.e., questions to Al agents asked by crowd users) from the Chatbot Arena Conversation Dataset [27]. The header of the second
column (B1-B3) contains an instruction that users of the probe can specify. The cells in the column are automatically populated
with LLM outputs, generated by running an LLM query that combines the specified instruction from the header with the
corresponding data in column A (e.g., =RUN_PROMPT (CONCATENATE(B1, B2, B3, A8))). Column C shows another prompt.

3.3 User Study Protocol

We conducted individual, hour-long sessions with the participants
via video conferencing. At the beginning of the session, each par-
ticipant received a dedicated copy of both the spreadsheet and
notebook design probes (Figures 1, 2, and 3), which contained an ex-
cerpt of 100 entries from the Chatbot Arena Conversation Dataset.

Each session began with a brief interview to understand the
participant’s use case and background, followed by an introduction
and tutorial on the design probes. Participants then shared their
screens for real-time observation. They explored and explained their
current approaches to curation tasks such as summative analysis,
categorization, and numerical analysis. Discussions focused on
existing workflows, the current and potential role of LLMs, and
how interfaces like the design probes might fit into their workflow.

Participants were encouraged to think aloud as they interacted
with the spreadsheet and notebook probes. There was no fixed time
allocation for each probe, and participants were free to move back

Shttps://huggingface.co/datasets/Imsys/chatbot_arena_conversations

and forth between them as needed. To analyze the transcripts, three
researchers then developed a coding scheme for thematic analysis
[3], and refined themes based on these codes [1, 13]. The study was
approved by our institution’s IRB.

4 Results

4.1 ROQ1: Data curation tasks using LLMs

Participants valued the flexibility of LLMs and reported utilizing
LLMs across a variety of generalized curation tasks, such as:

o Classification: Prior to adopting LLMs, participants reported
relying upon wordlists, manual searches, and regular expres-
sions for classification tasks. These methods were prone to errors
caused by missing typos, acronyms, translations, or synonyms.
Furthermore, these methods were limited to only the wordlists
that were either manually curated by experts or generated by
existing tools like safety classifiers. LLMs offer a valuable alter-
native for classification tasks where pre-existing classifiers are
not available.
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v Run the classifiers

[1] ; #@title Run the classifiers , input_column_name: [prompt ]
3 PROMPT_TEMPLATE_FOR_CLASSIFIER = """Given an example i
4 Specifically, the question is: '{question}' » question: [Whatisthetoneofthistext? ]
5 Answer in a phrase for the following text example. (1
6 , label_column_name: [tone ]
7 {text}""
8
9 df = run_classifier( » label_values: | None ]
10 df
11 , 1lnput_column_name="'prompt' #@param {type: ‘str , is_preview:
12 , prompt_template=PROMPT_TEMPLATE_FOR_CLASSIFIER
13 , question='What is the tone of this text?' #@pe
14 , label_column_name='tone' #@param {type: 'strir
15 , label_values=None #@param
16 , 1s_preview=True #@param {type: 'boolean'}
17 )

= 100 | /1 [00:02<00:00, 267
1to 5 of 5 entries C @

index prompt tone

Suggest the 10 most possible ICD-10 codes based on the below description:PND and DOE in recent one
week cough especially at night no dyspnea with stable vital sign at triage no fever/chills/nausea/vomiting/chest **Clinical / Informative**
pain/cold sweating Phx: HTN , DM under medication control

o

Assume you are a financial adviser who flags fraudulent advices. Your task is to review the advice, delimited
by <>, given by another financial advisor to their client. Question: Is the advice given by the financial adviser on investment, especially one as high as 200%, is a
fraudulent? Format your output as JSON object with the following keys, 1. "Reasoning" - reasoning for the major red flag of investment fraud. No legitimate
question above. 2. "Final answer" - final answer whether the advice is fraudulent. Just reply “Yes" if the advice financial advisor can guarantee future market

is fraudulent, “No” if it is not fraudulent. Advice: performance.”, "Final answer": "Yes" } "™

*““json { "Reasoning™: "Guaranteeing a specific return

-

»N

What is your favorite curse word? Humorous and informal

Write an acceptance speech for a jolly wizard cat named Sir Wuzu who won Cat Land's "Best Wizard Award"
for demonstrating exceptional wizard skills that helped advance Cat Land's development and growth,
providing entertaining magic shows, and inspiring a new generation of cats to take up the wizard profession.

w

Whimsical and celebratory
4 How | can make you better?
Show per page

Figure 2: The tabular LLM-based prompting interface within the notebook design probe. This example shows a new tone
column added to a dataframe, which asks “What is the tone of this text?” on the prompt column. Qutputs are not constrained.
The output dataframe with the new tone column is displayed below the form.

Inquisitive and helpful

“We can use such prototypes [in situations] when I'm not aware
of a good classifier... [such as] cases like ‘what types of medical
advice may cause a specific problem?” —A5
e Summarization and aggregation: Without LLMs, practitioners
identified summative trends in unstructured text datasets by

review in their entirety. LLMs can be used to identify candidate
data points that require more resource-intensive processes, such
as human review. By helping analysts to “surface more interesting
things to look at” (A4), LLMs allows humans to allocate their
expertise and attention more efficiently.

manually labelling data points and then aggregating them. Using
LLMs, practitioners could directly generate labels, or even prompt
for insights on their desired trend (e.g. “What are the top themes
in this dataset?”). the obvious false positives that are difficult for a regex or a

e Explanation generation: Participants found LLMs to be a valu- classifier, but a human would obviously understand.’
able tool for generating additional context. For example, in a —A3
moderation use case, participants found LLM responses helpful
for explaining why certain content was flagged by users as viola-
tive. Reviewers reported LLM assistance as particularly useful
in scenarios involving language barriers or the need to detect
subtle biases that require deeper contextual understanding.

¢ Distributional analysis and outlier detection: Participants
also noted that LLMs could be useful in expediting slicing and
filtering processes to identify outliers and anomalies. This is
particularly useful in content moderation or safety evaluation,
especially with large datasets that are impractical for humans to

“The LLM can often do things often not as good as a human
[expert] but very close...that’s one more layer we can put on
top before it gets to the human. [LLMs can [filter] out a lot of

More specific examples of applied data curation tasks across a
variety of use cases are reported in Appendix B.

4.2 RQ2: LLMs’ perceived productivity
improvements

Participants additionally provided feedback on the perceived impact
of LLMs on their productivity across three dimensions: accuracy, ef-
ficiency, and satisfaction [9]. Their imprressions of LLMs’ impact on
accuracy were mixed. While some cited anedotal evidence that rat-
ing, labelling, clustering, and analysis tasks completed using LLMs
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v Ask a question about the dataset.

[ 1 1 #@title Ask a question about the dataset.
2
3 Specifically, the question is: '{question}'
4  Answer the the question for the following examples.
5
6 {examples}"""
7
8 ask_question_about_data(
9 df,
10 column_name="'prompt"',
11 prompt_template=PROMPT_TEMPLATE_FOR_QUESTION,
12 question='What is this dataset about?')
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PROMPT_TEMPLATE_FOR_QUESTION = """Given a set of examples from a text dataset, I need to answer a question about the

S5+ 'This dataset appears to be a collection of diverse sktext prompts or queries submitted by users to a general-purpose AI a
ssistant or chatbotx*. \n\nThe examples span a wide range of topics, including:\n\n¥ skProgramming help:#** Requests for co

de snippets, debugging assistance, and explanations of programming concepts.\n* *xTechnical support:x* Troubleshooting net
work issues and seeking advice on hardware selection.\nx x*Relationship advice:*x Questions about romantic relationships a
nd social interactions.\n#* **Philosophical and ethical dilemmas:#*x Pondering the morality of certain actions.\nx skCreativ
e writing prompts:sk Requests for stories, poems, and character descriptions.\n#* sxGeneral knowledge questions:sk Inquiri
es about history, science, and current events.\nx *kImage generation requests:sk Asking for drawings or diagrams.\n\nThe
variety and open-ended nature of the examples suggest that the dataset is designed to train an AI model to understand and

respond to a broad spectr...’

Figure 3: The summative LLM-based prompting interface within the notebook design probe. The example illustrates querying
“What is this dataset about?” for the prompt column of a dataframe.

performed comparably to humans — and in some cases, showed
higher inter-rater agreement — this might be partially attributed to
LLMs’ self-consistency [43].

“[We ran a] manual inter-rater reliability exercise. .. we
slightly agreed more with human codes (compared to
LLMs), but the agreement metrics were only 60%, 70%.
This tells us that [accuracy wasn’t high to begin with]
...so I wanted to get out of the business of coding.”
—C2, on using LLMs for survey coding

Participants agreed that LLMs provided significant efficiency
gains, particularly for repetitive coding tasks. Tasks that previously
took hours could be completed in minutes, freeing up time for
higher-level tasks like refining taxonomies and reviewing policies.

“What’s important to me is... what can I do to speed
up the workflow? I'm trying to make it more efficient
and faster for someone to create a prompt that allows
you to go from 80% precision/80% recall to 90/90 [on
my classification task]... My goal is to go from zero to
essentially a fully functional classifier in hours.” —A1l

While satisfaction with the Python notebook LLM design probe
was limited to participants with technical backgrounds, all partici-
pants expressed satisfaction with the spreadsheet probe, noting
its low learning curve and ease of collaboration.

“T can train other people up on it very easily, whereas
there’s a [learning curve] for Colab. I'm working with
other analysts who aren’t as technical...so I'm trying
to use tools that are easier for other people.” —A2

LLMs’ lower barrier to entry can improve collaboration:
Participants highlighted the importance of embedding LLMs in
familiar platforms for seamless collaboration. While many teams
had developed LLM tools within Python notebooks, these solutions
were often developer-centric and limited in the context of cross-
functional teams. The spreadsheet probe was praised for improving

accessibility and reducing the need to convert outputs for non-
technical collaborators, fostering a more collaborative workflow.

“My product manager doesn’t use LLMs for things that
they could... we have to run things in Colab and share
them with the [PMs] and go back and forth.” —T2

4.3 RQ3: LLMs’ role in workflows — benefits and
limitations

Participants reported that they would use LLMs within the spread-
sheet probe for analysis on smaller datasets. For handling larger
amounts of data or more complex tasks, such as concatenating
outputs from multiple columns or building automated workflows,
participants showed a clear preference for the notebook probe. Par-
ticipants cited scalability and latency as limitations of LLM-based
methods, although these concerns may be reduced as the technol-
ogy advances.

Barriers to adopting LLM-based tooling more broadly include the
fast-evolving nature of the field, stability, and reliability concerns. A
few participants cited that they had not considered using LLMs for
tabular data analysis before because large-scale analysis was only
recently supported. For example, S1 explained that “It didn’t occur
to us to [use LLMs]... the long context [capabilities] are new.’ For tasks
involving sensitive content, safety-tuned responses by pre-trained
models may be insufficient [33]. Finally, participants hesitated to use
LLM:s for tasks requiring precise, deterministic outputs, particularly
where hallucinations or biases would be unacceptable:

“T would never use quotes spit out by the LLM as exam-
ples...I would go pull it myself.” —A1

Despite these limitations, participants reported that LLMs were
broadly and rapidly utilized within their teams, re-defining both
data curation workflows and the hierarchies of unstructured datasets.
We discuss these trends in the following section.
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5 Discussion
5.1 Emerging Workflow Trends

5.1.1  From bottom-up aggregation to top-down extraction. Tradi-
tionally, practitioners have performed bottom-up data analyses.
They label and categorize individual data points, and then aggre-
gate them to identify trends [35]. LLMs now upend this process,
allowing practitioners to gain high-level insights from the start,
extracting individual data points only when granular analysis is
needed. However, as users grow more accustomed to incorporating
LLMs for this purpose, there is a risk that this adoption may lead
to a decrease in the rigor of validation processes.

“If [you were] a new team going straight to LLMs, there’s
a risk that you don’t know when things are off. When I
saw strange words [in an LLM summary], I did a data
pull to verify that this was wrong. I deeply [knew that
the summary was wrong] already because I've read
through so much of [the data] before.” —C3

5.1.2  Expanded scope for data practitioners. LLM usage is also
reshaping the role of data practitioners. While some roles involving
data gathering and manual coding may be increasingly automated,
experts such as policy analysts and safety analysts reported using
LLMs to expand the scope of their work. Previously, collecting
data labels and annotations took weeks, requiring experts to define
labeling rules and wait for human annotators to execute them. Now,
LLMs enable a much faster understanding of th edata, streamlining
the process.

“Prior to the advent of using LLMs, I was more of a
consumer of data provided by others, as opposed to
having the ability to create and identify the data that I
was using.’ —A2

5.2 Emerging Dataset Hierarchies

Traditionally, “golden datasets,” meticulously labeled by human
experts, have been a standard of data for model training and eval-
uation. However, participants reported that the capabilities of LLMs
have enabled more sophisticated tiers of small, high-quality datasets:

(1) Silver datasets: While human-labeled “golden” datasets re-
main crucial, there is a growing trend to complement them
with “silver” datasets generated by LLMs, particularly for high-
stakes labeling tasks.

“We would never use LLMs to classify the entire [data] corpus
of hundreds of millions of instances... However, we’re cur-
rently trying zero-shot/few-shot prompting to complement
our classifications on important [data instances]. We’d still
have golden output by human raters, but complemented with
a silver output by LLMs for the high-traffic data, and a cheap
and flexible classifier for the remaining data.’ —A1

(2) Super-golden datasets: Comparing LLMs to human perfor-
mance necessitates even more rigorous ground-truth. “Super
golden data” are created by diverse teams of experts including
product managers, policy makers, and engineers. They are crit-
ical for fine-tuning and evaluating LLM performance; However,
developing these super-golden datasets is both time-consuming
and resource-intensive, often taking on the order of weeks.

Qian et al.

“Tt’s very expensive to compare an LLM with humans because
where is the ground truth coming from? You need a higher
authority of human rater, like super golden labels. It’s a mix
of product managers, policy makers, and [engineers] from
our team. It takes a long time to label even 500 examples.’
—T4

5.3 Future Work and Directions

Our findings on emerging trends in workflows and dataset for-
mation highlight several promising directions for future research.
Below, we outline critical areas for further exploration and action-
able guidance based on our study.

Safety and dataset evaluation. The growing use of silver datasets
- datasets curated by practitioners using LLM-generated labels -
raises concerns about quality and bias. Validation processes must
evolve to ensure reliability, similar to how safety and responsibility
efforts seek to validate LLM outputs. Future research should explore
methods for verifying classification results, such as conducting
error analysis, auditing for potential biases and stereotypes, and
maintaining diversity within these datasets.

As the outputs of LLMs may be opaquely generated, integrat-
ing human-in-the-loop workflows will ensure better validation,
reliability, and quality control. HCI will be essential in designing ef-
fective oversight mechanisms to enhance interpretability and trust
in LLM-generated data.

Evolving paradigms. We anticipate that the current emphasis on
creating small, high-quality datasets will remain a focus for the
foreseeable future. The current approach to refining the existing
“golden” dataset paradigm has resulted in a complex landscape that
includes variations such as silver and super-golden datasets, and
this space of data will likely grow.

With increasing oversight, privacy concerns, and fairness priori-
ties, dataset development trends will likely continue to shift from
bottom-up to top-down approaches, addressing predefined policies
and target distributions.

5.4 Study Limitations

This study was conducted within the context of a single company,
utilizing specific internal infrastructures and particular cultural and
operational practices. While our study utilized a diverse popula-
tion across many company organizations, and the findings aligned
with prior research [18], further work is needed to validate their
generalizability.

Furthermore, the scope of this work was constrained to indi-
viduals primarily involved in generalized, largely analytical data
curation tasks. This may not capture the full range of experiences,
including those of specialized data practitioners working with
domain-specific datasets (such as medical or biological data) or
data of different modalities, and data workers and crowd workers,
whose work also involves text-based datasets.

6 Conclusions

We undertook this study to understand the opportunities of incorpo-
rating LLM-based methods into data curation workflows. However,
it quickly became clear that the question was not if practitioners
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were open to using LLMs, but rather, how. We observed a rapidly
growing reliance on LLMs for a wide variety of tasks, such as
classification, summarization, explanation, and outlier detection,
especially in cases where efficiency is prioritized. LLMs are enabling
practitioners to move away from heuristics-based, bottom-up data
aggregation and toward insights-first, top-down analyses, marking
a fundamental transformation in how practitioners engage with
their data. This shift underscores the need for robust definitions
and frameworks for evaluating data quality.

As the landscape evolves, we anticipate a shift toward more sys-
tematic, policy-driven dataset creation, with human-in-the-loop
workflows ensuring transparency and quality. This progression
could lead to “super-golden” datasets—small yet highly refined
collections that set new standards for data curation in the era of
foundation models. At the same time, the use of of LLM-curated "sil-
ver" datasets introduces concerns about quality, bias, and validation.
Silver datasets require robust error analysis and auditing to ensure
diversity and fairness. As LLMs become integral to data workflows,
human oversight will remain essential for ensuring transparency,
accountability, and reliability in data-driven insights.
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A Study Participants

Table 1 describes the participants recruited for this user study, as well as their responses to a screening survey. Participants evaluated their
familiarity with relevant tools (spreadsheets, Colab, Python) on a five-point scale to provide context for their usage patterns. Python and
Colab usage were less common in client-facing roles but prevalent in technical and analytical roles. Notably, Colab was utilized by some

participants without extensive Python experience.

Table 1: Descriptions of participants in the user study (N=12).

CHI EA ’25, April 26-May 01, 2025, Yokohama, Japan

Participant Product Area

Job Description

Tool Familiarity

Sheets Colab Python

[T] TECHNICAL ROLES

T1 Foundation models Evaluates prompt expansion text generation models 5 5 5

T2 Foundation models Inspects text-datasets for LLM post-training 5 5 5

T3 Foundation models Works on post-training a variety of LLM models 4 4 5

T4 Content platforms  Builds safety classifiers for content 5 5 5
[A] ANALYTICAL / OPERATIONAL ROLES

Al Trust & safety Works on detecting abuse content at scale across products 4 4 1

A2 Trust & safety Develops golden datasets for scaled abuse detection 4 4 2

A3 Content platforms  Analyzes user notes to detect violative content 4 4 3

A4 Responsible Al Analyzes and creates safety datasets for text-to-image generation 5 5 4

A5 Responsible Al Designs evaluation metrics of datasets 3 3 4
[C] CLIENT-FACING ROLES

C1 User experience Analyzes behavioral survey data for product users 5 1 1

C2 User experience Evaluates custom feedback survey data for accounting teams 5 2 2

C3 User experience Develops customer-facing feedback surveys 5 2 2
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B Reported Use Cases

Table 2: Participants’ current and anticipated LLM usage cases within their product areas.

Product Area, Description LLM Usage and Examples

Participants

Foundation models T1, T2, and T3 curate data for training, fine- Summarization:

T1, T2, T3 tuning, and evaluating LLMs on a variety of “Which topics are extremely prevalent in this dataset?”
use cases, such as safety evaluation and image pistributional analysis:

generation. “How diverse are the responses generated by raters?”

“Are these prompts duplicates or near-duplicates?”

Categorization:

“There are 10 categories: scientific, factuality, writing. .. which categories
fit this prompt?”

“Is this prompt about a person? Yes, no, or maybe?”

Trust & safety Al and A2 are policy experts who create golden Summarization:

Al, A2 datasets of carefully curated violative content, “Here’s a dataset of user comments. Please cluster them, give a descrip-
such as hate speech or violent extremism, to tion of what’s in the cluster, and examples from the cluster itself, in the
detect abuse at-scale across products. style of a business analyst.”

Categorization:

“Was the third-party vendor who flagged this content as violating a
policy correct?”

Probabilistic classification:

“What is the probability of this text violating the policy?”
Distributional analysis / Explanation:

“Identify things [in this text] that violate [these policies], explain why””

Content platforms A3 and T4 build safety policies and classifiers ~Classification:

A3, T4 around violative content, using text-based data “Does this content have violative content in it?”
such as captions, content metadata, and user “Is this classification safe, risky, or unsafe?”
commentary. “Is the report on this content actionable?”

Explanation:
“Why was this content considered harmful?”

Responsible Al A4 and A5 create and analyze safety evaluation Summarization:

A4, A5 datasets for downstream tasks such as model “What are the top violative themes in this dataset?
safety evaluation. Their work may include de- (Classification:
signing metrics or interacting with rater pools. [ this text about kids?”

“Here are 5 policies: which might this violate?”
“On a scale of 1-10, what is the complexity of this prompt?”

Text generation:
“What are some synonyms for this sensitive term?”

User experience C1, C2, and C3 develop client-facing surveys Summarization:
C1,C2,C3 to evaluate a broad range of products. They in- “What are the top 5 issues that customers have mentioned?”

teract with large-scale survey responses and (Jassification:

oper.ational metrics, and report insights to lead-  “yyhjch of the 100 products is this feedback addressing?”
ership. “What theme fits this open-ended survey response?”

“Is this feedback positive or negative?”
Extraction:

“Pull quotes that add context to each theme”
“Which of the data is about networking issues?”
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