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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.

• Free to use does not have to 
mean free to access.
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45m datasets 
indexed by 

Google Dataset 
Search, many 

domains beyond 
science and 
government 

Agriculture Energy Finance

Telecoms Water Wildlife trade
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Source: World Economic Forum, 2024

Source: Multiverse, 2024
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Source: Longpre et al., 2024



Prior work
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Semantic web and linked data
Dataset discovery
Human data interaction 
Open government data portals
Data storytelling



Dataset discovery



Human data interaction



10







67 ideas to tackle misinformation and 
disinformation with data and AI



Ongoing work

• Data prompting

• Generative AI for dataset 
search

• AI-ready data

• AI-enabled public services
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Framework for dataset discovery with 
conversational generative AI
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Typology of data experiences
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Type User prompts CGAI 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 AI
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Conversational capabilities for data portals
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• 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:
1. Improving existing search infrastructure
2. RAG for dataset discovery 
3. Benchmark datasets
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Improving search infrastructure



Using generative AI for better search 

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

• Evaluated on 255 CSV-based 
datasets from the London Datastore.

• User queries generated by 
Gemini2.5 Flash informed by 
research into data prompting.

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

23



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.

24



Evaluation results
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• Schemas alone often degrade narrative 
quality.

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

• Different LLMs exhibit stable descriptive 
personas.



Evaluation results
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• Schemas alone often degrade narrative 
quality.

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

• Different LLMs exhibit stable descriptive 
personas.



OpenDORA: RAG for dataset discovery
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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 %
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Benchmark dataset 
(London Datastore)
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• 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 Turn ID Questions Ground truth Context_turn  
(topic id - turn 
id)

Described 
Dataset

1 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 2 Could you 
provide sources 
to these datasets?

Here are the 
sources… 

1-1

Additional 
Dataset 
Information

3 How often are 
these datasets 
updated?

… 1-2

Does this dataset 
include 
additional details 
such as property 
types?

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

… 1-3

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.
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Evaluation results

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

• RAG achieves better 
performance, provided good 
metadata.

• LLM-based reasoning helps 
as well, but overall, this 
remains an open challenge.
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AI-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 AI 
experimentation protocols to 
derive actionable 
recommendations for government 
data publishers.
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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

IF no change THEN the government websites 
were likely not in the training corpora of the 
models MEANING government websites need to 
improve AI access

IF hallucinations ↑ THEN government websites 
were meaningful components of training corpora 
MEANING infrastructure is sufficient

The baseline model 
correctly identifies the 
interaction between 
Universal Credit and 
Child Benefit

The ablated model 
provides incorrect 
information, a 
hallucinated interaction 
between Child Benefit 
and the – defunct – 
income-based benefits 
that Universal Credit 
replaces

Experiment 1: ‘Unlearning’ the content of 

government websites 



Experiment 1: ‘Unlearning’ the content of 

government websites 
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Key result 1: Government websites are 
important data providers for LLMs

Key result 2: This importance depends on 
subject matter: more niche = more reliance 

on government information
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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

Experiment 2: Recalling data points from datasets on 

data.gov.uk 

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

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


● Tick = successful, Cross = unsuccessful, Star = reticent response
● Note poor performance in controls
● 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 

Experiment 2: Recalling data points from datasets on 

data.gov.uk 
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http://data.gov.uk/
http://data.gov.uk/
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Key result 1: Government websites 

are important data providers for AI.

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 AI.

So, while government websites 

have sufficient infrastructure that 

enables them to be strong data 

providers for AI, 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?

Conclusion

1. Continue to make data openly 

available, and ensure it is AI-

ready

2. Revise data reuse policies, 

permissions, and robots.txt

3. Develop an AI-ready National 

Data Library

4. Equip existing data access 

and sharing infrastructure with 

AI capabilities

5. Invest in high-quality 

benchmarks and evaluation 

protocols

Recommendations
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Benchmarking LLMs for citizen queries and other public 
service delivery



73% of people living in the UK have used AI in their day-to-day 
life in the past month. 
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Can I drive without insurance?

How do I report a racist school teacher?

Is my employer allowed to take my tips?

Is the MMR vaccine safe?

Where can I find volunteering activities near me?

What benefits am I eligible to receive?

How can my scouts club get funding?

How do I apply for an apprenticeship?

Who is responsible for bin collection?

Where can I receive tenancy advice?
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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.
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Chatbots 
● 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.
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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.
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The data
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● 22,066 question - answer 
pairs, split into three 
datasets.

● 1,854 unique topics, 4 
question types.

● Personas and metadata.
● Synthetically generated 

with Qwen 2.5.
● Entirely built on gov.uk.

Prompt Expected 

Response

Persona of 

asker

Domain / 

Subdomain

Information 

Source

Date 

valid

Can I stop my 

ex-partner 

from getting 

a passport 

for our child?

You might be 

able to stop 

your ex-partner 

from getting a 

passport for 

your child if you 

are concerned 

about abduction 

or if the child is 

vulnerable. 

Contact HM 

Passport Office 

to find out if it is 

possible. They 

will usually only 

stop a passport 

if you have a 

court order.

26-45 year 

old; parent; 

secondary 

school 

education; 

medium 

digital 

literacy; 

moderate 

household 

income

Passports / 

Vulnerable 

people

https://www

.gov.uk/sto

p-child-

passport 

2025-

07-20



Evaluation

● Are LLMs factual in citizen queries?

● Do they refuse to answer any queries?

● 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)
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LLMs

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

Metrics



Findings

● Lots of correct answers, but also varying quality, 

especially for "long tail" (more specialised) 

queries.

● LLMs hardly ever refuse to answer a question.

● Answers are lengthy, much more verbose than 

gov.uk.

● Nudging LLMs to get to the point may reduce 

accuracy.

● Open and small models can be competitive.
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Implications

● Don't rush for the biggest, most expensive LLM 

available, avoid vendor lock-in.

● Build more, larger benchmarks.

● Mandate better, independent testing and made 

results public.

● Invest in innovations to manage trade-offs. 

between answer length, accuracy, utility.
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Conclusions
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• Open data infrastructure remains an essential source of 
growth and innovation. 

• New AI capabilities can improve data reuse and impact, as 
well as user experience.

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

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



Questions?

51

Elena Simperl

@esimperl
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