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ABSTRACT
Data workers benefit from reusing existing datasets, but finding
candidate data and judging whether it fits a task remain difficult.
Because dataset fit depends on use, evaluation during discovery is
often provisional. Through a survey (N=41), interviews (N=10), and
a secondary analysis of an LLM-assisted discovery study (N=36),
we examine how data workers evaluate candidate datasets under
uncertainty. We find that evaluation is selective, task-conditioned,
and cost-sensitive: workers use accessible signals to screen candi-
dates, escalate effort when uncertainty becomes consequential, and
proceed when remaining limitations are acceptable for the task. In
the LLM-assisted setting, automation did not remove evaluation
work; it changed which checks were easiest to perform and where
evaluation effort was directed. These findings motivate discovery
interfaces that align the cost of checking with the evidence needed
to judge task-specific fit.
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1 INTRODUCTION
Dataset discovery helps organizations make use of existing data
for analysis, tools, and decision-making. Realizing these benefits
requires fast and flexible ways of searching for datasets and as-
sessing whether they meet a worker’s information need [33]. In
data management, an information need describes what a worker
is seeking during discovery: what the data should contain, how
it should be structured, and what conditions it must satisfy to be
useful for a particular purpose [14, 27, 31, 33].

Satisfying an information need is difficult for reasons that are
not only algorithmic. Data needs are hard to express through the
keyword and SQL-style interfaces that discovery tools commonly
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provide [26]. Documentation is often sparse, inconsistent, or too
generic to support task-specific judgments [20]. When search and
documentation fall short, workers may contact data providers, col-
leagues, or other users, which can answer situated questions but
introduces additional cost and delay [29]. These difficulties are com-
pounded by the fact that workers often do not know in advance
exactly what to ask for [9]. The requirements that make a dataset
suitable may become clear only after inspecting candidates, com-
paring alternatives, or attempting to use the data for the intended
purpose. Search and evaluation are therefore interleaved. Search
and discovery systems may return datasets relevant to a query and
provide documentation or previews for inspection, but workers
revise their judgments as they engage with candidates. As a result,
any evaluation during discovery remains provisional.

We interpret this provisional evaluation through a resource-
rationality lens. Because dataset fit is often settled only in use, the
evidence available during discovery is incomplete. Metadata, docu-
mentation, samples, social evidence, and LLM-generated summaries
can all inform judgment, but each remains a proxy for whether the
data will work for a specific task. Dataset evaluation can therefore
be understood as the cost-sensitive allocation of limited effort un-
der uncertainty: data seekers screen candidates with cheap signals,
escalate to deeper checks when a candidate becomes promising or
consequential, and proceed when remaining limitations are man-
ageable for the task.

Recent LLM-assisted systems have shown strong capabilities in
dataset discovery and data question answering [9]. These systems
offer a timely setting for examining how evaluation changes when
parts of discovery are automated. While such systems can lower the
cost of finding data and producing answers, they do not eliminate
the need for data seekers to judge whether the surfaced data and
generated artifacts are appropriate for use. This motivates studying
dataset evaluation both in current practice and in LLM-assisted
discovery, where the interface can change which evidence is sur-
faced, which checks are easy to perform, and how workers allocate
evaluation effort. Specifically, we ask:
• RQ1.Howdo dataworkers form and refine judgments of whether

a dataset will fit a task during discovery?
• RQ2.How does an LLM-assisted discovery interface change how

data workers evaluate dataset fit?
We address RQ1 through a survey of 41 data workers and in-depth
interviews with 10 of them reflecting on prior dataset discovery ex-
periences (Study 1). We address RQ2 through a secondary analysis
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of a user study of an inspectable interface built on top of Pneuma-
Seeker [9], an LLM-assisted system for data discovery and question
answering (Study 2). Rather than treating the studies as a con-
trolled comparison, we read them together to characterize dataset
evaluation as selective, task-conditioned, and cost-sensitive.

Study 1 showed that data seekers evaluated datasets through
a flexible, iterative process, beginning with accessible signals and
investing in deeper checks when a candidate appeared promising
enough to warrant further evaluation. Which criteria mattered de-
pended on the intended use: process-oriented work emphasized
whether the data could reliably support an automated workflow,
analytical work emphasized whether it provided sufficiently com-
plete and credible evidence for a conclusion, and communicative
work foregrounded whether the dataset could support a clear and
credible narrative for an audience. Dataset choice was therefore less
a search for the best dataset overall than a judgment about whether
the expected benefits justified the costs and whether remaining
limitations could be managed.

Study 2 showed that LLM assistance changed where evaluation
effort was directed. Participants worked from the datasets, interme-
diate artifacts, and answers surfaced by the interface, shifting effort
from open-ended search toward checking whether the system had
faithfully used the surfaced data to produce its answer. Dataset-
level properties that mattered in Study 1, such as data collection
methods and data completeness, were less consistently examined.
Evaluation therefore became more targeted but also more bounded:
effort concentrated on what the interface made easiest to check,
consistent with the tendency to treat what is visible as the whole
picture [28].

This paper makes two contributions. First, it offers a resource-
rational account of dataset evaluation as the operationalization of
information need under uncertainty. We describe how data seekers
apply relevance, usability, and quality criteria unevenly as they
allocate limited effort across imperfect signals of dataset fit. Second,
we use this account to examine LLM-assisted discovery and iden-
tify a design hazard: when system-fidelity checks become cheap
and visible, they can draw evaluation away from broader questions
of dataset fit. Together, these findings suggest design directions
for human-in-the-loop discovery systems: support evolving infor-
mation needs, condition evaluation on intended use, surface evi-
dence progressively, preserve traceability without narrowing fit
judgments, and enable situated comparison across candidates.

2 RELATEDWORK
Our study draws on research in data discovery systems, LLM-
assisted data tools, and data search and exploration behavior.

2.1 Data Discovery Systems
Data discovery systems help users identify datasets that satisfy
an information need [17, 18]. Much work in data management
addresses well-defined discovery tasks, such as finding tables for
union, join, augmentation, or downstream model improvement [19,
21, 30, 36, 46, 60]. These systems make dataset discovery computa-
tionally tractable by assuming that the user’s need can be expressed
through a known operation, objective function, or utility model.
Our findings suggest that this assumption does not always hold

in early-stage dataset search, where workers may still be learning
what the task requires and which dataset limitations matter.

A second class of systems supports more open-ended discovery
through keyword, metadata, or programmatic interfaces. Google
Dataset Search, Auctus, Aurum, and Ver allow users to search or
specify information needs in different ways [11, 12, 18, 21]. These
systems are useful when their interface abstractions match how
users can articulate their needs. However, prior work shows that
dataset search remains difficult because needs can be hard to ex-
press, documentation is uneven, and users often need information
beyond what search results expose [14, 26, 27, 33]. Our work com-
plements this literature by examining how workers evaluate candi-
dates once they are surfaced, and why they apply different criteria
selectively across tasks.

2.2 LLM-Assisted and Agentic Data Tools
A growing class of systems uses large language models to reduce
the cost of expressing and executing data tasks. Natural-language
discovery systems retrieve tables from free-form questions, LLM-
based preparation systems automate transformation and wrangling,
and table question-answering systems answer queries over indi-
vidual tables [16, 39, 55, 56, 59]. Pneuma-Seeker [9], the system
underlying Study 2, integrates discovery and preparation into an
agentic pipeline that returns a draft answer together with the tables,
operations, and scripts behind it.

These systems lower the cost of producing an answer, but they
also shift evaluation work. Users still need to judge whether the
surfaced data, intermediate operations, and final answer are appro-
priate for the task [13]. HCI and data system work has developed
interfaces for inspecting text-to-SQL output, grounding queries
with explanations, steering agentic analysis, and debugging query
errors [45, 47, 52, 57]. Most of this work focuses on verifying the
correctness of a query, operation, or answer. Our Study 2 asks how
users evaluate multi-step system-mediated discovery, where the
issue is not only whether one operation is correct, but whether the
surfaced evidence is an appropriate basis for trusting the result.

2.3 Data Exploration and Search Behavior
Visual data exploration systems support interactive inspection and
sensemaking once data has been loaded, from early systems such
as Polaris/Tableau to recommendation-driven tools such as SeeDB,
Voyager, and Draco [40, 43, 51]. These systems offer richer interac-
tion than most discovery interfaces, but they typically assume that
users have already selected data to inspect. Some systems blur this
boundary by embedding previews, profiling, or visual answers into
search workflows [25, 38, 54]. This line of work motivates discovery
interfaces that help users move more fluidly between search and
lightweight evaluation.

Empirical studies in HCI and data management characterize data
discovery and exploration as iterative sensemaking, where ana-
lysts refine their understanding through interaction with data and
contextual evidence around it [31, 41]. Prior work has also charac-
terized dataset search behaviors, search criteria, and the limits of
current discovery tools [14, 22, 26, 27, 32, 33]. We build on this work
with a resource-rational account of dataset evaluation. Drawing on
resource rationality [23] and information foraging [48], we examine
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Table 1: Participant backgrounds. Interviewees are in bold.

Background IDs

Data analysts, data scientists, consultants, and data
architects

P8 , P11 , P13 , P15 , P16 , P18 , P21 ,
P25 , P34 , P36 , P38

Software engineers P1 , P14

Research scientists (academia) P6 , P7 , P9 , P10 , P29 , P30 , P31 ,
P35 , P37 , P39 , P40 , P41

Research scientists (industry) P2 , P3 , P4 , P5 , P12

Entrepreneurs and business leaders P17 , P19 , P20 , P22 , P23 , P26
Data journalists, visualization designers, and media
professionals

P24 , P27 , P28 , P32 , P33

how workers allocate limited verification effort across available
signals of fit, including documentation, provenance, documented
use, preview, and other contextual cues. Rather than treating rele-
vance, usability, and quality as a fixed checklist, we analyze how
these criteria become active differently depending on intended use,
uncertainty, and the cost of checking.

3 METHODS
We draw on two qualitative analyses to understand how data work-
ers source and evaluate candidate datasets and how this evaluation
changes when discovery is mediated by an LLM-assisted interface.
Study 1 examines dataset discovery in current practice through a
survey and follow-up interviews. Study 2 reanalyzes qualitative
data from a separate user study of an LLM-assisted discovery inter-
face built on top of Pneuma-Seeker [9]. Codebooks and additional
study materials are available in the online supplemental materials.

3.1 Study 1: Current Dataset Discovery Practice
Study 1 examined current dataset discovery practice through a
platform review, a survey, and follow-up interviews. The platform
review grounded our prompts in current interface features. The
survey captured broader patterns across participants’ discovery ex-
periences, while the interviews elicited more open-ended accounts
of workers’ reasoning processes and interface needs.

3.1.1 Preliminary Review of Data Discovery Platforms. We reviewed
seven data platforms spanning three provider types: commercial
data marketplaces, open community platforms, and government
open-data portals. The platforms included Snowflake [7], AWS
Data Exchange [1], Datatrade [3], Kaggle [5], Hugging Face [4],
Data.gov [2], andNYCOpenData [6]. On each platform,we recorded
features that could support dataset evaluation, such as documen-
tation, samples, profiling tools, usage signals, reviews, ratings,
provider contact mechanisms, and example use cases. These fea-
tures grounded our survey questions and interview prompts about
how data workers assess candidate datasets using current tools.

3.1.2 Participants. We recruited 41 survey participants, each with
at least two years of data work experience. Participants came from
a range of roles, including data analysis, data science, consulting,
software engineering, research, journalism, visualization design,
and media work. Table 1 summarizes participant backgrounds, with
follow-up interview participants marked in bold.

3.1.3 Survey. The survey asked participants to describe concrete
dataset search experiences. Each participant reported one successful
case and one unsuccessful case.

For each experience, we asked about the participant’s objective,
where they obtained candidate datasets, how they assessed them,
and what information supported that assessment. We also asked
whether the available information was sufficient to judge task fit,
whether the data seemed adequate in quality, and whether the
dataset would have been worth paying for if it was not free.

3.1.4 Interviews and Co-Design Activity. The follow-up interviews
extended the survey by eliciting more detailed accounts of partici-
pants’ discovery processes, evaluation strategies, and expectations
for tool support. Each interview included a retrospective account, a
co-design activity, and a debriefing interview. Participants first de-
scribed a recent dataset search, including the process they followed,
the tools they used, and the information they relied on. In the co-
design activity, they imagined assessing several candidate datasets
for a data-driven task. We suggested common interface elements
from current discovery platforms, including documentation, sam-
ples, profiling tools, reviews, usage information, access information,
and contact channels. Participants selected elements theywould use,
explained how they would use them, suggested missing elements,
and walked through an imagined evaluation workflow. The debrief-
ing focused on how participants assess dataset usefulness, define
data quality, reason about dataset value, and use visualizations to
evaluate data.

3.1.5 Study 1 Analysis. We analyzed the survey responses and
interview transcripts separately through iterative qualitative coding.
For each source, the first author open-coded an initial subset and
discussed emerging codes and themes with the research team to
develop and refine a codebook. The first and second authors then
divided the remaining responses and transcripts for coding. After
coding was complete, the first author reviewed all coded materials,
discussed ambiguous or inconsistent code applications with the
second author, and revised the codebooks and coding as needed.
The first author also periodically discussed emerging findings and
supporting evidence with the research team.

The survey codebook covered task types, evaluation criteria,
information sources, and search practices. The interview codebook
focused on search strategies, discovery difficulties, information
access, interface elements, and participants’ rationales for deciding
whether a dataset was worth pursuing. We treated the two analyses
as complementary and synthesized their findings in Section 4.1.

3.2 Study 2: Dataset Discovery with an
LLM-Assisted Interface

Study 2 examines how dataset evaluation changes when discovery
is mediated by an LLM-assisted interface. We reanalyzed qualitative
data from a separate user study of an interface built on Pneuma-
Seeker [9]. The study included 36 participants with prior experience
using data, whom we refer to as U1–U36. Our analysis focuses on
how participants evaluated system-surfaced datasets, intermediate
artifacts, and draft answers.

3.2.1 Interface and Task Setting. Pneuma-Seeker is an LLM-assisted
interface for data discovery and question answering over relational
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data. Participants used Pneuma-Seeker in two conditions: in the
baseline condition, they interacted only through its conversational
interface. In the comparison condition, we added an interface layer
that displayed intermediate steps, code, tables, and source data in a
sidebar and linked the draft answer to these supporting artifacts.

The tasks came from KramaBench and concerned legal and en-
vironmental domains [34]. For example, one task asked partici-
pants to assess consistency across sources in FTC consumer fraud
data, where reported counts were aggregated from multiple report-
ing pipelines. Participants were asked to report both the system-
generated answer and their own answer, and they were free to
browse online or consult external resources. This open setting
allowed us to observe how they checked system outputs and candi-
date data in ways that more closely resembled real-world practice.

3.2.2 Study 2 Analysis. We conducted a qualitative reanalysis of
the think-aloud data collected as participants completed the Study 2
tasks. Our goal was to examine how participants evaluated system-
surfaced datasets, intermediate artifacts, and draft answers, and
how these practices differed from unassisted discovery in Study 1.

The first author reviewed an initial subset of the think-aloud
data to develop preliminary codes, which were refined through
discussion with the research team. The first author then coded all
think-aloud data and periodically discussed emerging findings and
supporting evidence with the team. The analysis focused on how
participants interacted with and checked the interface’s outputs,
as well as comments about LLM trust, including concerns about
fabrication and whether outputs could be checked against the data.
We then compared these patterns with the account developed in
Study 1 and report the resulting findings in Section 4.2.

4 FINDINGS
We organize the findings in two parts. First, we characterize how
data workers evaluate candidate datasets in current discovery prac-
tice. Second, we examine how these evaluation practices appear
in an LLM-assisted setting where candidate datasets, intermediate
artifacts, and draft answers are surfaced by the system. Reading the
two studies together, we find a stable pattern across settings: data
seekers ration limited effort under uncertainty. Interface mediation
changes this pattern by making some checks easier than others,
shaping where evaluation effort concentrates.

4.1 Study 1: Current Dataset Discovery Practice
Within Study 1, five patterns recurred. Discovery was iterative
because workers often had to clarify both what they needed and
what candidate datasets could support. Task context shaped which
evaluation criteria became active. Cheap signals gated costlier ver-
ification. Social communication supplied situated evidence that
search and documentation could not provide. Finally, selection cen-
tered on finding a workable dataset whose remaining costs and
limitations were acceptable, rather than the best dataset in general.
Discovery Was Iterative Because Fit and the Need Remained
Provisional. Dataset discovery tools often assume that workers
can state an information need and match it to candidate datasets.
Our participants’ accounts showed that this assumption often did
not hold: both the requirement and the dataset’s fit became clearer

only through engagement with candidate data. This pattern is con-
sistent with prior empirical work characterizing dataset discovery
as iterative and exploratory [10, 26, 31, 33]. Our findings explain
this iteration as a response to uncertainties that are costly to resolve
upfront. Data seekers were not only refining search terms, they
were jointly resolving two uncertainties: what a candidate dataset
contained, and what use that data could support.

Participants moved among recurring activities: sourcing candi-
date datasets, screening them through visible signals, inspecting
promising candidatesmore closely, and decidingwhether remaining
limitations could be repaired, disclosed, worked around, or toler-
ated. These activities formed a loop rather than a pipeline [10, 33].
A failed screening check could send participants back to sourcing,
while problems found during deeper inspection could change what
they considered relevant, usable, or worth pursuing.

One driver of this iteration pattern was that information needed
to assess fit often was not exposed at search time. Search results
and dataset pages might show titles, descriptions, providers, or
samples, but participants often needed more specific evidence. P31,
for example, needed column-level information to judge whether a
dataset contained the variables their task required. That informa-
tion was available only inside the CSV file rather than in searchable
metadata, and the column names sometimes were too abstract to
interpret without a separate dictionary [20, 29]. As P31 put it, “It
took me a lot of efforts to understand the column. But if I don’t under-
stand the column, I don’t understand this distribution.” The evidence
existed, but accessing and interpreting it required additional work.

A second driver was that participants often could not specify
the requirement before seeing candidate data. Their sense of what
would count as useful data formed through engagement with avail-
able datasets [10]. P34 described skimming Kaggle projects to see
what others had done before deciding what approach to take: “I
would just search Kaggle [for] existing projects along that domain
just to see what other professionals are doing.” P36, who was try-
ing to improve a fraud-detection model, had to examine candidate
datasets alongside the model’s existing data before they could tell
what additional data might help. Storytelling and visualization tasks
showed a similar pattern, where fit depended on whether the data
held a trend worth building a story around. P28 said “I would make
a chart before I decide to use it, because I don’t know if the choice
will be interesting to visualize it,” while P32 described downloading
multiple datasets and testing visually which one fit the case.

Taken together, these findings show that dataset discovery was
iterative because participants were learning both what to look for
and what the available dataset space contained.
Task Context Determined Which Search Criteria Gained Ac-
tive Attention. Search and ranking systems often evaluate candi-
dates against general notions of relevance and quality. However,
our findings suggest participants did not weigh these dimensions
uniformly. To characterize how participants evaluated datasets, we
coded the criteria they described against Koesten et al.’s taxon-
omy of relevance, usability, and quality sub-criteria [33]. Working
bottom-up from participants’ own descriptions, we adapted several
sub-criteria to better match the concerns they raised. Table 2 lists
the resulting criteria alongside the original terms.
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Table 2: Evaluation criteria adapted from Koesten et al.’s in-
formation needs for selecting datasets [33]. We grounded
terms in participants’ own descriptions. † marks a criterion
new to our coding, with no counterpart in the original taxon-
omy; “replaces” marks a renamed criterion; the remainder
are retained.

Criterion Description

Relevance
context the broader setting or domain the data describes
coverage whether the data spans the scope the task needs
required attributes† whether the dataset contains the specific variables the

task requires
original purpose why the data was originally collected
documented use† examples of prior use (e.g., notebooks, prior analyses)
community adoption† whether the dataset is widely used, peer-reviewed, or

endorsed
granularity the level of detail or aggregation
preview an inspectable view of the data (replaces summary)
time frame the period the data covers

Usability
labeling clarity of field names and labels
documentation availability and clarity of documentation
license terms of use
cost† monetary cost of access
access how the data can be obtained
tool compatibility whether the data works with the participant’s tools

(replaces machine readability)
language used the natural language the data is written in
format the data’s file or encoding format
schema the structure of the data
ability to share whether the data can be redistributed
provider contactability† whether the data provider can be reached

Quality
collection methods how the data was gathered
provenance the data’s source and history
validation evidence evidence the data is accurate or has been checked

(replaces consistency of formatting/labeling)
completeness the extent of missing data
what has been excluded what the data omits

Table 3: Task groups. We divide [33]’s goal-oriented category
into analytical and communicative tasks, distinguished by
what consumes the data.

Group What consumes the data 𝑛

Process-oriented A computational workflow that
cannot easily adapt to the data
(e.g., training a model, building a
pipeline).

18

Analytical A person whose conclusions rest on
the data (e.g., exploratory analysis,
answering a bounded question).

37

Communicative An audience that consumes the out-
put, not the dataset (e.g., data jour-
nalism, storytelling, visualization).

17

We also build on Koesten et al.’s distinction between process- and
goal-oriented tasks. We retained the process-oriented category, but
found that goal-oriented tasks separated into two forms with differ-
ent evaluation patterns: analytical tasks, where data supported an
analysis and its conclusions, and communicative tasks, where data
was visualized or reported to an audience. We therefore grouped

tasks into three categories: process, analytical, and communicative.
Table 3 summarizes these categories.

Across these task groups, participants did not apply a single fixed
checklist to every candidate dataset. Task context determined which
criteria gained active attention and which could remain secondary.

For process-oriented uses, such asmodel training or data pipelines,
participants foregrounded criteria that affected whether the data
could enter and support an automated workflow. Schema, collection
methods, and distribution mattered because problems in these prop-
erties could propagate into downstream outputs. P34, describing
their modeling practice, treated statistical adequacy as a precon-
dition for continuing: “if the data is not prepped [and] statistically
valid to some degree, then I can’t even go further with that.” In these
tasks, a dataset could be topically relevant yet still be unsuitable if
it could not be processed reliably.

For analytical tasks, participants foregrounded criteria that af-
fected whether the data could support a conclusion. They attended
to whether the dataset contained the required columns, how com-
plete the data was, how missingness was handled, how the data
was collected, and whether the source was credible. For these tasks,
the central question was whether the data provided sufficiently
complete and credible evidence to support the intended analysis.

For communicative tasks, such as reporting, storytelling, or
public-facing visualization, participants foregrounded criteria that
affected whether the data could support a clear and defensible com-
munication. They considered whether it revealed a pattern worth
presenting, whether variables were clearly labeled, and whether
limitations could be explained to an audience. P28 cared less about
pristine data than about being able to account for it: “as long as you
clearly denote what you’re measuring and what you’re not measuring,
[it’s] worth writing about in the news.” In these tasks, limitations in
what the data measured or represented did not necessarily disqual-
ify it if those limitations could be clearly communicated.

These findings showed that dataset fit was task-conditioned
rather than intrinsic. Process tasks emphasized workflow com-
patibility and computational constraints, analytical tasks empha-
sized evidentiary requirements, and communicative tasks empha-
sized presentability and explainability. Dataset discovery systems
should accordingly prioritize evaluation criteria based on inferred
or elicited task context rather than present them as a flat checklist.
Costly Verification Became Worthwhile Only After Cheap
Signals Indicated Potential Fit.While interfaces tend to expose
similar evidence for each candidate dataset, participants did not
evaluate every candidate dataset with the same depth. Consistent
with prior work that treats relevance as a prerequisite for further
dataset evaluation [33], they first used cheap, visible signals to
decide whether a candidate was worth deeper inspection. Titles,
descriptions, sources, column names, and previews acted as early
gates. P31, for instance, used the sample as a quick screen “I like to
see a sample of the data set just to know this is really what I want, and
also get a judgment about the quality of the data set”. Such signals
filtered candidates quickly rather than confirming that a dataset
would actually fit the task.

Costlier checks became worthwhile only after a dataset appeared
promising enough to pursue or uncertainty became consequential.
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This pattern was especially visible in participants’ use of docu-
mentation. Prior work emphasizes complete and standardized doc-
umentation as a means of supporting dataset reuse [20, 29], but
participants used it in two distinct ways. During initial screening,
the presence of documentation served as a low-cost signal of cred-
ibility. P31 found it reassuring even when its contents were not
directly useful: “although they are not super useful, but it gave me
an impression that this data set is very well documented.” Later, close
reading became a targeted verification step. P38 consulted documen-
tation when something did not add up: “when I go to documentation
or files, I should have some misunderstanding about the dataset.” Doc-
umentation thus functioned both as an early credibility signal and
as a resource for resolving specific uncertainties during deeper eval-
uation. Effort also tracked stakes and time pressure: P28, a journalist,
preferred to verify by talking to people, but under deadline relied
on available documentation to understand the data quickly.

Selective documentation use was therefore not simply a conse-
quence of missing or poorly designed documentation. It was part of
how participants managed the cost of evaluation. Better documenta-
tion can lower the cost of deeper verification, but it does not follow
that workers will read full documentation for every candidate.
Social Communication Helped Resolve Situated Questions
That Neither Search or Documentation Could Answer. Key-
word search and documentation present information prepared in
advance, making them informative signals for a wide range of
tasks. Yet, situated answers are still indispensable in many cases.
Prior work characterizes social communication in dataset work as
a complement to incomplete documentation [22, 29, 31] and as a
mechanism through which trust develops [58]. Our findings show a
related role: participants turned to other people to resolve questions
that were specific to their task, organization, or domain.

Participants turned to colleagues, prior users, and data providers
when platform-visible information was insufficient. P15 contacted a
known provider to ask whether they had collected a particular kind
of data that was unlikely to appear elsewhere. P38 found keyword
search over an internal database difficult, but a colleague could point
them to the specific dataset directly. P27 and P28 talked through
their goals with colleagues who had written on similar topics to
decide where to look and what evidence to trust. As P28 put it, “I
think chat and contact is better if I can easily access the person who
publishes this data. I always learn more from that conversation than
I do through things like a sheet.”

In these cases, social communication functioned as an infor-
mation source on its own. It helped participants obtain situated,
interactional evidence about whether a dataset fit a use. At the
same time, this support was uneven: it depended on knowing and
having access to who to ask, and having time to seek their input.
Selection Sought a Workable Dataset, Not the Best One. Dis-
covery systems often aim to surface the most relevant or highest-
quality dataset [14]. Our findings complicate this framing. At selec-
tion time, participants did not choose the highest-quality dataset
in the abstract. They chose a candidate whose remaining costs and
limitations were manageable for the task.

A dataset that appeared stronger on one dimension could be
rejected if it introduced too much downstream work, while one
with known limitations could still be selected if those limitations

could be repaired, worked around, disclosed, or tolerated. P35, for
example, settled on a freely available dataset whose “precision was
good enough” rather than pursuing a more precise option that
cost money. The free dataset was not necessarily better, but the
additional precision did not justify the access cost for that task.

Participants weighed what a dataset offered against the work
required to use it, including obtaining access, understanding doc-
umentation, cleaning values, reconciling definitions, combining
sources, and defending its appropriateness. P38 compared a richer
but poorly structured JSON source with an easier-to-use dataset
that offered narrower coverage. As they explained, “[I] could deliver
more information based on the messed-up JSON one, but it [would] be
very time consuming.” P38 therefore chose the narrower dataset be-
cause the additional information did not justify the effort required
to make the richer source usable.

Known limitations also did not automatically rule out a dataset,
particularly when no better alternative existed. P27, for instance,
explained: “If the dataset has problems, but it’s the only one that
exists, then I would consider using it with caveats. I could write a story
but warn readers: “You should also know this.””

This suggests a different target for discovery systems: beyond
ranking candidates, they should help workers estimate the effort
required to make a dataset usable, compare that effort across alter-
natives, and determine whether its remaining limitations can be
repaired or tolerated for the task.

4.2 Study 2: Dataset Discovery with an
LLM-Assisted Interface

Study 2 showed that an LLM-assisted interface reorganized dataset
evaluation in threeways: participants worked from system-surfaced
artifacts, grounded trust in traceability to data and computation,
and focused more heavily on whether the system had used the data
correctly.
Surfacing Candidate Data Shifted Evaluation to System Out-
puts. LLM-assisted systems are often framed as automating the
work of finding and preparing data and producing answers [9, 16,
39, 55]. In our study, these capabilities lowered the effort required
to reach a candidate answer, but redirected evaluation toward the
datasets, operations, and results returned by the system.

Participants used system outputs as starting points for targeted
evaluation rather than as end-to-end substitutes for discovery. They
traced intermediate steps, inspected generated code and source
tables, searched for corroborating information, and recomputed
results when something appeared wrong. U05, for example, found
that values in an intermediate table disagreed and explained: “I
saw that in [the] intermediate table the numbers were different. I
then went back to step one and did the task myself.” U07 set the
interface’s answer aside and used the surfaced dataset name to
retrieve figures from official reports. U27 manually recomputed a
comparison and found that the system had matched records using
beach_name, a non-unique join key. Together, these cases show that
the interface did not complete discovery on participants’ behalf, but
provided concrete artifacts that focused and guided their subsequent
evaluation.

In Study 1, reaching candidate data was itself costly: keyword
search often fell short, and data seekers turned to colleagues, providers,
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papers, and prior use to locate promising datasets. In Study 2, the
interface reduced much of that sourcing cost, but it did not replace
the iterative loop of search, inspection, and corroboration. Instead,
it seeded that loop: the surfaced answer and artifacts gave partici-
pants concrete starting points fromwhich to search, recompute, and
corroborate. The effort saved by LLM-assisted retrieval therefore
reappeared as effort spent evaluating the candidates, operations,
and answers surfaced by the system.
Trust in LLM Assistance Required Data-Grounded Traceabil-
ity. Prior work shows that explanations can influence trust in in-
telligent systems [15] and support appropriate reliance when they
enable users to verify system outputs with reasonable effort [35, 53].
Our study, however, suggests that explanations alone were often
insufficient for data-intensive tasks: trust depended on whether par-
ticipants could trace an answer through code, intermediate values,
tables, and source data.

Participants used traceability as evidence that an answer was
grounded in the data. U02 contrasted the interface with a text-only
chatbot, explaining that “the scripts analyze the actual database,
[which] gives me confidence that the AI is not faking any data. [With]
just text-based GPT, I wouldn’t be able to trust it that much.” When
traceability broke down, trust weakened. For example, when U08
could not access a result table the interface had promised, the
answer remained unchecked: “I couldn’t figure out how to access the
result table that I was promised.”

Trust depended less on explanation alone than on whether par-
ticipants could follow an answer through code, intermediate values,
tables, and source data. This marks a shift from Study 1, where trust
drew on data collection methods, community adoption, documenta-
tion, and provider contactability. In the LLM-assisted setting, trust
hinged more narrowly on whether the answer could be traced to
the data the system used.
LLM Assistance Shifted Evaluation Toward System Fidelity.
Making the system’s intermediate work inspectable also introduced
a new object of evaluation. Beyond considering whether a dataset
fit the task, participants examined whether the system had used
the surfaced data and operations correctly to produce its answer.

Participants’ concerns reflected this shift. Some worried that
the model might fabricate information, reason incorrectly, or use
the wrong data. U02’s concern that a plain chatbot might be “fak-
ing” data made the interface’s connection to the underlying data-
base reassuring. Other participants checked generated SQL, traced
intermediate values, compared outputs against source tables, or
recomputed results by hand.

These checks supported evaluation of system fidelity but did not
address the full question of dataset fit. Participants focused more
on whether the answer followed from the data used by the system
than on broader properties such as documented use, data collection
methods, completeness, and other task-specific limitations. A result
could be correctly computed from a table even when the underlying
data was poorly documented, collected for a different purpose,
largely incomplete, or otherwise ill-suited to the task.

The effect of inspectability was also mixed. Traceable artifacts
such as code, intermediate tables, and source rows enabled targeted
checking, but operations and outputs that appeared reasonable
could also discourage further evaluation. U34 accepted the system’s

summary without checking it against the CSV, while U17 suggested
that their general confidence in the system led them not to re-
compute the answer. These cases show the other side of system
mediation: when surfaced artifacts or the system as a whole ap-
peared credible, participants sometimes reduced further evaluation.

Together, these findings show that LLM-assisted discovery changed
the cost and target of evaluation rather than removing it. By sur-
facing candidate datasets, intermediate steps, code, and tables, the
interface made targeted checks cheaper and gave trust a traceable
basis. At the same time, it bounded evaluation around what was
visible: participants more consistently checked whether the sys-
tem had used its evidence correctly than whether that evidence fit
the task, leaving broader dataset-level properties less thoroughly
examined.

5 DISCUSSION
The findings show that evaluation work persists across discovery
settings, but its focus shifts with the checks an interface makes eas-
iest to perform. As LLM-assisted systems lower the cost of dataset
retrieval, preparation, and answer generation, the design bottle-
neck shifts toward evaluation. A generated answer can show how
it was produced, but it may not capture a data seeker’s task context.
Future discovery systems should therefore be designed around this
evaluation work.

Drawing on the practices observed in our studies, we derive
design implications and use existing systems to illustrate concrete
interface patterns.

5.1 Support Evolving Information Needs
Both studies show that information needs develop through interac-
tion rather than being fixed in advance. Discovery systems should
therefore allow users to begin with provisional information needs
and refine them iteratively as candidate datasets are surfaced. LLM-
assisted systems are well positioned to support this process because
they can interpret natural-language descriptions and return candi-
dates or draft answers for users to react to. The design opportunity
is to make the system’s evolving interpretation visible and revisable,
so that subsequent search and evaluation can build on what the
data seeker has already learned.

Pneuma-Seeker takes a step in this direction by reifying the sys-
tem’s current interpretation as an explicit relational specification
and exposing intermediate artifacts [8, 9]. Our findings motivate fur-
ther exploration of how such representations can help data seekers
understand and revise how their information needs are represented
and operationalized throughout discovery.

5.2 Design for Task-Conditioned Evaluation
Study 1 showed that data seekers weighted evaluation criteria dif-
ferently depending on what the data was expected to support. A
single ranking over dataset properties may not capture how data
seekers evaluate candidates, because criteria are not independent
or always active at the same time.

Existing systems illustrate design patterns for making dataset
evaluation responsive to task context. DataScout supports attribute-
and granularity-based filtering and, when users inspect a dataset,
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generates task-specific relevance indicators that summarize its util-
ities and limitations [37]. Extending this direction, our findings sug-
gest broadening these indicators to cover a wider range of dataset
evidence and organizing them within a more explicit evaluation
structure. Intended use and evaluation stage could jointly determine
which criteria are foregrounded and whether they serve as early
screening requirements or considerations for deeper inspection.

5.3 Surface Evidence Progressively
Although the evidence that was cheapest to inspect differed across
the two studies, both showed that data seekers began with low-cost
signals before investing in more demanding checks. Discovery sys-
tems should therefore align the cost of inspection with the user’s
current evaluation stage, while also directing attention toward
evidence that may be less immediately accessible but necessary
for judging a candidate’s suitability. Progressive disclosure pro-
vides one interaction pattern for supporting this movement from
overview to deeper inspection [50].

Existing dataset-search interfaces already stage information pro-
gressively. Google Dataset Search moves from result lists to dataset
metadata [11], while Auctus moves from compact summaries to
attributes and statistics [12]. Our findings suggest breaking this
progression into more fine-grained steps: first presenting compact,
task-critical signals for initial screening; then exposing the data and
operations needed to assess a generated claim; and finally surfac-
ing provenance, coverage, and other limitations needed for deeper
evaluation and comparison.

5.4 Preserve Traceability While Supporting
Broader Fit Judgments

Study 2 showed that traceability was central to trust in LLM-assisted
discovery. Participants trusted system outputs when they could
follow an answer back to the data and operations that produced it.
Existing interfaces make data transformations easy to trace and in-
spect by decomposing them into intermediate steps and visualizing
the effects on the data [45, 49, 52].

However, for LLM-assisted systems, traceability should not stop
at answer–data alignment. Documentation frameworks provide
structured representations of broader evidence about datasets [20,
24]. Systems could further indicate which of these evaluation di-
mensions users have examined and which remain unresolved. Lu-
mos provides a interaction pattern by recording users’ attention to
data and comparing their observed behavior with a target distribu-
tion [44]. Discovery interfaces could adapt this pattern to a broader
set of dataset-evaluation dimensions.

5.5 Support Situated Comparison Across
Candidates

Study 1 showed that selection did not center on finding the best
dataset in general. Data seekers chose among candidates whose
value depended on the intended use, circumstances, and constraints.
Discovery systems should therefore support comparison across
candidates rather than only rank or surface a single best result.
Ver takes a step in this direction by preserving multiple candidate
views and eliciting users’ preferences through questions about the
distinctions among them [21]. Our findings suggest extending this

situated comparison beyond schema and viewing preferences as a
richer set of task-relevant dimensions that help users assess which
tradeoffs are preferable for their intended use.

Social and contextual evidence can also support situated com-
parison, but it should be surfaced carefully. When search and docu-
mentation could not answer situated questions, data seekers turned
to colleagues, prior users, data providers, papers, citation trails, and
organizational knowledge. Early platforms such as Many Eyes illus-
trate how shared datasets and visualizations can accumulate com-
munity discussion and contextual knowledge [54], and more recent
work demonstrates that visualizations are sometimes understood
through a sociological lens, whereby audiences draw inferences
about the motives and credibility behind charts [42]. Discovery
systems could incorporate this pattern by attaching prior use cases,
known caveats, and user notes to candidate datasets, while preserv-
ing the task context in which that evidence was produced.

5.6 Limitations
Our studies identify analytic patterns in dataset evaluation rather
than estimate their prevalence. Study 1 relies on survey responses
and retrospective interviews, which provide insight into partici-
pants’ reasoning but may omit details from direct observation. Par-
ticipants were recruited primarily through professional networks,
so the samples are not intended to represent all data workers.

Study 2 is based on a separate user study of an LLM-assisted in-
terface, with a different sample, task setting, and system design. We
therefore do not treat it as a controlled comparison with Study 1.
Future work should test these design implications through con-
trolled comparisons, longitudinal deployments, and studies of LLM-
assisted discovery in more open-ended search contexts.

Finally, we derive design implications from observed evalua-
tion practices and illustrate them through existing systems rather
than implementing them in a unified interface. Evaluating these
directions in a unified system remains future work.

6 CONCLUSION
Dataset discovery requires data workers to decide not only which
datasets are relevant, but which are good enough for an intended
use. Across two qualitative studies, we found that dataset evalua-
tion is staged, task-conditioned, and cost-sensitive. Data seekers
screen candidates with accessible signals, escalate to deeper checks
when uncertainty becomes consequential, and select datasets whose
remaining limitations can be managed. In an LLM-assisted inter-
face, this evaluation work did not disappear. It shifted toward the
artifacts the system surfaced.

These findings suggest that discovery systems should support
evaluation asmuch as retrieval. Human-in-the-loop and LLM-assisted
tools should help data seekers refine evolving information needs,
inspect evidence at the right level of detail, trace outputs to source
data without narrowing fit judgments, compare candidates in con-
text, and keep unresolved uncertainty visible.
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