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Open data

 Data that anyone can access,
use and share.

 No limitations on how the data
will be used.

 Not the same as data in the
public domain.

e Free to use does not have to
mean free to access.
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ABSTRACT

Dataset discovery is a first step for data-centric tasks, from data
storytelling to labelling for supervised machine learning, Previous
qualitative research suggests that people use bwo types of scarch
affordances to find the data they need: they either go to a data
portal that probably contains the data snd search there; or they
start on a regular web search engine, which sometimes returns re-
sults thal ace datasets. For the first type of search, prior works have
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1 INTRODUCTION
Data has become a fundamental resource to improve organisational
processes, inform decisions, and train Al algorithms. For many data-
centric tasks, the first step is date discovery, a term which refers to
all activities around finding, making sense, and evaluating data for
veuse {4].

When looking for datasets, potential users tend to follow sev-
eral strategies [16}: (i) they type keywords in g weh search engine,

Previous work in understanding user search behaviour in data
discovery has compared strategies of type {ii) to (iv}, using a mix
of descriptive and qualitative methods on corpora with aggregated
search sessions and data requests [12]: as well as strategies of type
(i) across different verticals, for instance, document against dataset
search in the context of a digital library with both types of artifacts
[3).

In this paper, we go a step further and present a transaction log
analysis to compare sessions representative of strategies of types
(i) and (ii). We tackle the following research questions:

{1) What are the behavioural pattems of dataset search users?

Do these patterns change depending on the type of session?

{2) Are users more successful using one strategy or another? [s.
there a statistically significant relationship between strategy
type and success?

{3) Do users use more keywords and facets when they start
on the portal or when they land on the portal from a web
search engine? Is there a statistically significant relationship
between strategy type and the use of facets and keywords?

{4) What are the user profiles of dataset search users?

We use a transaclion Jog of 236441 sessions over a onc-year
period from the European Data Portal (EDP, meanwhile re-named
todata.europa.eu).’ This is a portal for openly available government
data. T d curat data of 1.4 nilli hd

held in over 80 national and regional repositories from 36 countries,

' https://data.curopa.cuien
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AESTRACT

data such as and web Lables
is becoming critical in every domain and professional role.
Yet we still do not know much about how people interact with

10 running scientific experiments, finding travel routes, creat-

ing maps, predicting elections and designing better products.

More and more of it can be accessed or purchased online - a

2011 sludy by Cafarella et al. found more than one billion
d dat:

it. Gur research focuses on the it seeking
of people looking for new sonrces of structured data online,
mcludmg the lask context 1n ‘which the data wull be used, data
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INTRODUCTION

Structured data, which is data that is explicitly organised, for
example in relational databases. spreadsheets and web tables,
is becoming critical in every domain and professional role [46],
‘We use it in various ways - from consulting official statistics

5.0

This work is licensed under a Creative Commons
Altribubon International 4.0 License.

CHI 2017 May 06-11, 2017, Demer, 00, USA.
2017 Copyrght held by the cwvoeefanthor).
ACM ISBN 978-1-4503-4655-9/17/05.
DOI: bttp: //dx.doi.org/18. 1145/3625453 . 3425838

ata on the (deep) web (as HTML tables,

15, etc.) (11}, while McKinsey estimated two years later tha
more than one million damseﬁs hzwe bccn made openly a

looked at such data jouneys from different angles. They have
proposed new interaction models to engage with a particu-
lar species of data, such as graphs §57] or time series | 16];
studied information needs and how they are form

and developed tools for specific data-related acti

example statistical analysis [33], vxsualmuon {19], personal
i i [31} and ric [S].

The scenario we are targeting is slightly difterent: i 1magme a
data journalist writing an article about the runway expansion
at London's main airport in the UK. As part of her research,
the _youmalnl will look for factual evidence to substantiate
her story, in the form of reports, news on similar topi

well as data about the social and envi
ramifications of the project, arguing for or against expansion
plans at each :nrpwn Tocation. A large share of the relevanl
data is already available online, publish

agencles. researchers and other journalists. However, find-
ing and using it is not always straightforward. The joumalist
could use regular search engines in the same way she does
when looking for less structured kinds of information (such
as regular Web sites). She might also know of a particular
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INTRODUCTION

Our ubility 10 stay informed and make decisions is ingreas-
ingly affccted by data 1411, Engaging with (hix data can take
many forms, from tables and spreadsheets (e charts, interac-
i fences, and, morc reecntly, dat games snd “playabl

uch games have been published in recent years, with mixcd

duta’ (271,




67 ideas to tackle misinformation and
disinformation with data and Al
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Ongoing work

* Data prompting

« Generative Al for dataset
search

 Al-ready data
* Al-enabled public services










Framework for dataset discovery with
conversational generative Al




Typology of data experiences

Type

User prompts

CGAIl responses

A "request”

A specific dataset is named
and asked-for

A single dataset is returned

A “description”

No specific dataset is named,
but the query is clearly for a
dataset

[No distinguished pattern, non-
negligible likelihood of no
dataset response]

An “implication”

The query is not explicitly
about datasets, although the
user wants data

In-kind response, with no
datasets.




Strengths and weaknesses of generative Al




Conversational capabilities for data portals

. Users struggle to find datasets on open data portals.
. Traditional dataset search capabilities do not capture user intent

well.
. Matching queries to datasets is done via metadata, which is often

sparse.

. Themes:
mproving existing search infrastructure

RAG for dataset discovery
Benchmark datasets
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Improving

‘We conduct a controlled ablation study using simulated natural language
queries over real-world datasets to evaluate retrieval performance under
various metadata configurations. We also compare existing content of the
metadata field *description’ with LLM-generated content, exploring how
different prompting strategies infl quality and impact on search out-
comes. Our findings suggest that dataset descriptions play a central role
in aligning with user intent, and that LLM-generated descriptions can
support effective retrieval. These results highlight both the limitations
of current metadata practices and the potential of generative models to
improve dataset discoverability in open data portals.

Keywords: Conversational Information Retrieval < Dataset Discovery «
Conversational Search

1 Introduction

Open data portals play a crucial role in promoting transparency, civic engage-
ment, and evidence-based policymaking by providing public access to govern-
ment and institutional datascts |31,16). Despite the increasing availability of
such data, users often struggle to find datascts that match their information
needs{18,23]. Existing portals primarily support keyword-based search mecha-
nisms that rely on exact term matching and predefined metadata fields such as

Less Is More? When Dataset Context Hurts
LLM-Generated Dataset Descriptions

Anonymous Author(s)
Affiliation(s) withheld for double-blind review

Abstract—Dataset search and reuse are strongly constrained
by the quality of metadata such as natural language descriptions,
which are often sparse or inconsistent. Although large language
models (LLMs) can generate such descriptions automatically,
little empirical guidance exists on what makes a good dataset
description and what dataset context LLMs actually need. We
study these guestions through a literature-grounded framework
of dataset description quality and a large-scale ablation study

Motivated by these persistent problems, recent research has
begun to explore the use of large language models (LLMs)
to automate dataset documentation and description generation
[10). These efforts demonstrate that LLMs can generate co-
hereat natural-language summaries and substantially expand
metadata coverage. However, from the perspective of data

Kk

using 252 datasets (1,336 CSV files) from the European data
portal data.curopa.cu. We generate descriptions with LLMs
in a baseline scemario and two ablation scenarios: (1) using
only dataset titles, (2) titles and schema, and (3) titles, schema
and repr ive data, and them with an LLM-as-a-

search infrastr

1. INTRODUCTION

The ability to identify and locate appropriate data is funda-
mental 1o its reuse. Portals are a key way in which data pub-
fishers have facilitated this. Platforms such as data.europa.eu,
national open government portals, and institutional repositories
host millions of datasets |1]. And yet users frequently report
difficulties both in locating data that match their information
needs and in undesstanding the datasets they encounter. Prior
work consistently shows that these difficulties are funda-
mentally constrained by the quality of dataset metadata are
often sparse, inconsistent, or poorly written [2]-[4). Commen
metadata for datasets include the title, tags and descriptions.
As portal search is primarily keyword based, poorly-written
descriptions represent a missed opportunity to match the needs
of users. At the same time, empirical studies of dataset
discovery and reuse consistently show that natural-language
overview descriptions are among the most important metadata
elements supporting user sensemaking, relevance assessment,
and reuse decisions [3], [51-[8]. As a result, users struggte
not only to retrieve relevant datasets, but also to interpret their
contents, assess fitness for use, and build trust in unfamiliar
data [6], [9].

Together, this literature establishes (the lack of) dataset
description quality as a central bottleneck in data discovery
and documentation.

p and portal operators, a critical practical question
remains unanswered: what information is actually necessary
to provide to an LLM in order to reliably generate high-quality
dataset descriptions? Dataset providers often lack the time
and incentives to curate rich metadata, motivating workflows

ucture

anpuons mect the characteristics of hlgh-qu.ih[y dataset
descriptions?

« RQ2: How does the quality of LLM-generated dataset
descriptions vary under different dataset-context prompt-
ing conditions?

To answer RQ1. we synthesize prior research on dataset
discovery, metadata quality, and data sensemaking to derive a
structured charactenization of high-quality dataset descriptions.
To answer RQ2. we conduct a large-scale ablation study,
examining how description quality changes as progressively
richer dataset context is provided. We evaluate gencrated de-
scriptions using both quality scoring and semantic descriptive
analysis.

Our work makes threc primary contributions:

« Literature-grounded characterization. We consolidate
prior research into a structured framework of what con-
stitutes a high-quality dataset description.

Ablation study of LLM-based description generation.
We provide a empirical analysis of how description
quality changes as increasingly rich dataset signals are
provided to an LLM.

Practical guidance for data publishers. We derive
empirically grounded insights into what dataset informa-
tion is most valuable to provide when using LLMs to
automatically generate dataset descriptions.




Using generative Al for better search

. LLM-generated descriptions using
metadata and column/row samples

METADATA FIELD

Of d ata S et . i PREPROCESSING ABLATIONS i i USER INTENT i

. Eva | uate d on 2 5 5 CSV- b ase d i eiita e Original , Embedding Model “~— Request
datasets from the London Datastore. L 7 eemsen

I
. : :
NLP LLM Original + NLP , ' ™ Described

- User queries generated by b
Gemini2.5 Flash informed by  ugnenes

Metadata Fields

research into data prompting. O e

Implied
LLM-augmented P

Search Space : : : : Query Space :

. Prompting strategies for three user
intents surfaced from user research.




Ablation study

Compared topic, keywords and
descriptions. Descriptions are
the most effective metadata field
for supporting natural language
queries.

LLM-generated descriptions
improve retrieval by ~20%
(Hit@1) compared to publisher-
authored ones.

Request queries work best,
imply ones need good
metadata.

Ablation Condition

KEY _ORIGINAL
KEY _NLP

KEY_ _LLM

DESC_ ORIGINAL
DESC__LLM

FULL _ORIGINAL
FULL_NLP

FULL LLM
ONLYKEY _ ORIGINAL
ONLYKEY _NLP
ONLYKEY _LLM
ONLYTOPIC _ORIGINAL
ONLYTOPIC _NLP
ONLYTOPIC _LLM




Improving LLM-generated metadata

252 datasets (1,336 CSV files) from
data.europa.eu.

Three metadata-generation scenarios
using

« Only dataset titles;

* Titles and schema;

* Titles, schema, example data.
Evaluation using LLM-as-a-judge and
a semantic descriptive attribute

analysis grounded in human-data
interaction literature.

Characteristic

What the description should convey

Example cues (signals)

Overview & purpose

Plain-language summary of what the dataset is about and why
it exists (intended analytical or policy purpose),

Topic/domain, phenomenon, intended use or
goal

Contents & coverage

What variables/fields the dataset contains and what they repre-
sent, including spatial and temporal scope and relevant granu-
larity.

Key attributes, units, geography, time range,
resolution

Structure & size

How the dataset is organized and delivered, including format
and basic scale/complexity.

File/API type, rows/records,
columns/attributes, multiple files, nested
structures

Provenance & updates

Who produced the data and how current it is, including publi-
cation date and update frequency.

Publisher/source, collection process, last up-
dated, update schedule

Quality & limitations

Known issues, uncertainty, and methodological caveats that
affect interpretation and reuse.

Missingness, bias, measurement changes,
known errors, comparability notes

Usage notes & insights

How the dataset can be used and what it may reveal, including
suggested use cases or notable patterns.

Example analyses, intended applications,
notable trends/anomalies

Clarity & plain language

Accessible writing that avoids unexplained jargon, acronyms,
or insider terminology.

Definitions, expanded acronyms, simple
phrasing, self-contained explanation

User vocabulary alignment

Terms that match how users search, including synonyms and
related phrases to reduce vocabulary mismatch,

Common query terms, synonyms, abbrevia-
tions, alternative names




Evaluation results

« Schemas alone often degrade narrative
quality.

« Example data partially restores grounding
without improving human-facing quality.

« Different LLMs exhibit stable descriptive
personas.




Evaluation results

* Schemas alone often degrade narrative
quality.

. Example data partially restores
?roun |ng without improving human-
acing quality.

e Different LLMs exhibit stable descriptive
personas.




OpenDORA: RAG for dataset discovery

.
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* Retrieval

Embedding model Open data
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Natural
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- 4
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Evaluation results

. OpenDORA (Blue) consistently
outperforms Gemini2.5,
DeepSeek and GPT5.0 on
recall , and all native open data
portal searches (by 24% -
153%)

. LLMs still record high amount
of evaluation frequency

. GPT5.0: 30.8%
. Gemini2.5 Flash: 38.1%
. DeepSeek 3.1: 63.4 %




Benchmark dataset
(London Datastore)

Small benchmark based on
London Datastore.

40 topics covering the entire
variety of datasets available on
the portal.

400+ user queries with 3-5 user
utterances per topic.

6-10 turns per topic based on
Walker et al's prompting styles.

Human-annotated ground truth
to ensure validity and accuracy.

Query type

Questions

Ground truth

Context_turn
(topicid - turn
id)

Described
Dataset

Can you find me a
dataset with the

average property
prices in London?

Sure, below are
the datasets
which include
average
property prices
of London: ...

1-0

Source Request

Could you
provide sources
to these datasets?

Here are the
sources...

Additional
Dataset
Information

How often are
these datasets
updated?

Does this dataset
include
additional details
such as property
types?

Does this dataset
include additional
details such as
property types
(flats, houses,
etc.)?

Example: property prices




Benchmark dataset
(data.europa.eu)

. Open-weights LLMs to
achieve scale
. 7k datasets, 20k queries.

- Qwen3-8b conditioned on
dataset metadata to generate
dataset

. Describe-style and imply-style
queries.




Evaluation results

e Retrieval-free models do
not work for real dataset
search tasks.

* RAG achieves better

performance, provided good
metadata.

e LLM-based reasoning helps
as well, but overall, this
remains an open challenge.




Al-ready data: recommendations for publishers




Government data publishers can
help data-discovery tools by
providing factual, real-life open
data points to train on and utilise
In answers to user queries.

At the ODI we devise Al

experimentation protocols to
derive actionable

recommendations for government
data publishers.




Experiment 1: ‘Unlearning’ the content of
government websites

1. Benchmark LLMs on a set of ‘citizen
queries’

2. Use an ablation methodology to
make LLMs forget the contents of
government websites

3. Benchmark ablated LLMs on set of
queries, compare errors and
hallucinations

. The baseline mode/ The ablated mode/
IE no change THEN the government websites correctly identifies the provides incorrect
were likely not in the training corpora of the interaction between information, a
models MEANING government websites need to Universal Credit and hallucinated interaction
improve Al access Child Benefit between Child Benefit

and the - defunct -
income-based benefits
that Universal Credit
replaces

IF hallucinations 1 THEN government websites

were meaningful components of training corpora
MEANING infrastructure is sufficient

oDl o




Experiment 1: ‘Unlearning’ the content of
government websites

Key result 1: Government websites are Key result 2: This importance depends on
important data providers for LLMs subject matter: more niche = more reliance
on government information

35




Experiment 2: Recalling data points from datasets on

data.gov.uk

1. Refine k-shot prompts that force LLMs
to ‘leak’ numerical information from
their training corpora

2. Use these prompts to test LLM recall
of different datasets that are hosted
on data.gov.uk

IF successful recall THEN data.gov.uk datasets
inform the knowledge bases of LLMs MEANING
data.gov.uk infrastructure is sufficient

IF unsuccessful recall THEN the information on
government datasets is not known to LLMs
MEANING infrastructure is insufficient

4 prompting templates, each
applied with 0-, 1-, and 5-shot
prompting, for non-
instruction-tuned models

1 system prompt-instruction

prompt pair for instruction-
tuned models

36



http://data.gov.uk/
http://data.gov.uk/

Experiment 2: Recalling data points from datasets on
data.gov.uk

e Tick = successful, Cross = unsuccessful, Star = reticent response
e Note poor performance in controls
e Only 5 out of 195 attempts resulted in successful recall of data.gov.uk data

Key result 3: data.gov.uk is not a data provider for foundational LLMs

oDl ;



http://data.gov.uk/
http://data.gov.uk/

Conclusion

Key result 1. Government websites
are important data providers for Al.

Key result 2: This importance
depends on subject matter: more
niche topics have more reliance on
government information.

Key result 3: data.gov.uk is not a
data provider for Al.

So, while government websites
have sufficient infrastructure that
enables them to be strong data
providers for Al, data.gov.uk simply
does not.

data.gov.uk is the crown jewel of the

UK'’s open data initiative, so what
needs to be done to improve?

Recommendations

1.

Continue to make data openly
available, and ensure it is Al-
ready

Revise data reuse policies,
permissions, and robots.txt

Develop an Al-ready National
Data Library

Equip existing data access
and sharing infrastructure with
Al capabilities

Invest in high-quality
benchmarks and evaluation
protocols

38




Benchmarking LLMs for citizen queries and other public
service delivery



73% of people living in the UK have used Al in their day-to-day
life in the past month.

40




Can | drive without insurance?

How do | report a racist school teacher?

Is my employer allowed to take my tips?

ls the MMR vaccine safe?

Where can | find volunteering activities near me?
What benefits am | eligible to receive?

How can my scouts club get funding?

How do | apply for an apprenticeship?

Who is responsible for bin collection?

Where can | receive tenancy advice?

41




Citizen queries

cover a wide range of topics;

are specific to the context of an individual;
are sometimes urgent;

concern objective truths in government
guidance;

require easily understandable answers; and
may be sensitive.

42




Ch atbots

have strong general knowledge;

can talk to you (in your language);

are fast and offer (some) privacy;

can personalise responses e.g. individual
circumstances, digital literacy, accessibility
needs;

are omnipresent.

Chatbots also

make things up with supreme confidence;
aren't always up-to-date;

can refuse to answer certain questions;
can't always tell you where the information
comes from.

43




Approach

* We built a dataset with many and diverse
citizen queries.

* For each query we generated and tested the
correct answer.

* We asked 10 large language models (LLMs),
some small, some big, some open source,
some not to answer the queries.

* We measured how close the LLM answers came
to our "ground truth”.

* We shared all data and code for everyone to
use.

44




Expected Persona of |Domain/ Information |Date

T h e d a ta Response asker Subdomain |Source

~ 22{066 qygstlon - answer Can | stop my You might be 26-45 year Passports / https://www 2025-
pairs, Spllt into three ex-partner able to stop old; parent; Vulnerable .gov.uk/sto 07-20
datasets. from getting your ex-partner secondary people p-child-

. . a passport from getting a school passport
1 '854 unigque tOpICS, 4 for our child? passport for education;

question types. your child if you medium
Personas and metadata. are concerned  digital

Synthetically generated

about abduction literacy;
. or if the child is moderate
with Qwen 2.5. vulnerable. household
Entirely built on gov.uk. Contact HM income
Passport Office

to find out if it is

possible. They

will usually only

stop a passport

if you have a

court order.




Evaluation

e Are LLMs factual in citizen queries?

e Do they refuse to answer any queries?

e Do they say too much or too little? What
happens if we nudge them to be brief?

For each of these questions, we defined metrics
that measure the "distance" between an answer
generated by an LLM and the answer we expected
from gov.uk from our dataset(s)

46




LLMs

Metrics

Zero-shot = no
example in prompt.
LLM uses general
knowledge it
already has

Few-shot = we help
the LLM with a few
examples of what
we expect to get
back

47




Findings

e Lots of correct answers, but also varying quality,
especially for "long tail" (more specialised)
queries.

e LLMs hardly ever refuse to answer a question.

e Answers are lengthy, much more verbose than
gov.uk.

e Nudging LLMs to get to the point may reduce
accuracy.

e Open and small models can be competitive.

48




Implications

e Don't rush for the biggest, most expensive LLM
available, avoid vendor lock-in.

e Build more, larger benchmarks.

o Mandate better, independent testing and made
results public.

e Investininnovations to manage trade-offs.
between answer length, accuracy, utility.

49




Conclusions

* Open data infrastructure remains an essential source of
growth and innovation.

* New Al capabilities can improve data reuse and impact, as
well as user experience.

 Data publishers and portal managers should improve the Al
readiness of their data and experiment with Al capabilities to
understand their limitations.

* We need more open user-centric benchmarks, with widely
reported results.
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