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Why should we rescue scientific data?
Intro

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Unique records that cannot be reproduced

Foundation for new research

AI and machine learning demand

Preservation and accessibility

Image credit: Gary Stewart (https://creativecommons.org/licenses/by/3.0/deed.en)

That 
belongs in 
a museum!

https://creativecommons.org/licenses/by/3.0/deed.en
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Why are we trying AI?
Intro

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Manual workflows are slow and expert-heavy

Accelerate the process

Reduce subjectivity

Can AI accelerate data rescue without compromising scientific integrity?



4

Methodology

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE
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Overview
Methodology

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Rescued data collected 20 years ago in legacy 
excel format

Needed cleaned and metadata/supporting 
documentation added

Data is now published

We used LLMs to repeat this process and see 
how they compare against my manual process
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Our data rescue project
Methodology

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Rescued historical cloud and rain chemistry dataset

Monitoring and modelling

Strong reuse potential
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The data
Methodology

[ PRESENTATION TITLE ]
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Manual methodology
Methodology

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Pre-assessment

Assess relevant 
files using 
framework

Clean data Conduct quality 
check

Address further 
issues

Create 
supporting 

documentation

Assess data 
against 

framework again

Publish data

Cloud and rain pollutant concentration and deposition data 
at Bowbeat, Peebles, 2003-2006 - EIDC

https://catalogue.ceh.ac.uk/documents/2dca8f2f-a21b-4f77-bc8c-326269ab58d1
https://catalogue.ceh.ac.uk/documents/2dca8f2f-a21b-4f77-bc8c-326269ab58d1
https://catalogue.ceh.ac.uk/documents/2dca8f2f-a21b-4f77-bc8c-326269ab58d1
https://catalogue.ceh.ac.uk/documents/2dca8f2f-a21b-4f77-bc8c-326269ab58d1
https://catalogue.ceh.ac.uk/documents/2dca8f2f-a21b-4f77-bc8c-326269ab58d1
https://catalogue.ceh.ac.uk/documents/2dca8f2f-a21b-4f77-bc8c-326269ab58d1
https://catalogue.ceh.ac.uk/documents/2dca8f2f-a21b-4f77-bc8c-326269ab58d1
https://catalogue.ceh.ac.uk/documents/2dca8f2f-a21b-4f77-bc8c-326269ab58d1


• Created some LLM prompts 
based on each step of the manual 

methodology

• Fed prompts to three LLMs 

• Created a grading system to 
score the LLMs based on 4 

metrics for each task
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AI methodology
Methodology

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE
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The AI prompts
Methodology

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Code generation
Comprehensive 
assessment of the data 
before and after rescue

Searching the internet for 
associated publications 
and for the most 
appropriate repository

Writing supporting 
documentation
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Evaluation metrics
Methodology

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Accuracy – how correct 
is the LLM output based 
on the manual findings?

Completeness – how 
complete is the LLM 
output?

Efficiency – how much 
time was saved 
compared with the 
manual effort?

Usability – is the LLM 
output usable without 
major rework?
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Key Findings

[ PRESENTATION TITLE ]
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Estimated efficiency gains
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

• Approximately 6 days of full-time work

The estimated total amount of time saved is 42.5 hours (32%)

• Constructing a framework-based assessment of the dataset
• Writing supporting documentation drafts
• Code generation

Gains were most evident in the following tasks:

Estimated Time Taken

Manual 134.5 hours (~ 18 days)

Hybrid LLM/human QC 92 hours (~ 12 days)
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Best LLM is…
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

• It depends!
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Evaluation metrics scoring
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Metric Copilot ChatGPT Claude

Accuracy 3.3 4.1 4.5

Completeness 3.6 4 4.5

Efficiency 2.8 3.2 3.3

Usability 3.5 4.5 4.1
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Performance varies significantly between 
models

Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Claude: More accurate and scientifically robust

ChatGPT: Most consistent, structured, usable 
outputs

Copilot: More variable; sometimes insightful but 
less reliable
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Structured frameworks reduce LLM variance
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

assessment_factor manual copilot chatgpt claude
Extent 4 4 4 4
Data Objects 4 5 4 5
User Communities 5 4 4 4
Stakeholders 5 4 4 5
Reuse Value 4 4 5 5
Reusable Objects 5 4 5 5
Historical Value 5 4 4 4
Historical Objects 5 3 5 4
Completeness 4 3 4 3
Sensitivity 5 5 5 5
Access and use constraints 3 5 4 5
Rarity or uniqueness 5 5 5 4
Reproducibility 3 3 4 4
Relevant collections 3 3 4 4
Associated publications 5 2 2 3
Fit for purpose 3 3 4 3
Obstacles to recovery 3 3 4 3
Priorities 5 5 5 5
Total 76 69 76 75

Before rescue
assessment_factor manual copilot chatgpt claude
Extent 5 4 5 5
Data Objects 5 5 5 5
User Communities 5 5 5 4
Stakeholders 5 5 5 5
Reuse Value 5 5 5 5
Reusable Objects 5 5 5 5
Historical Value 5 5 4 4
Historical Objects 5 4 5 4
Completeness 4 4 5 5
Sensitivity 5 5 5 5
Access and use constraints 5 5 5 5
Rarity or uniqueness 5 5 5 4
Reproducibility 4 4 5 4
Relevant collections 3 4 5 4
Associated publications 4 4 5 4
Fit for purpose 5 5 5 5
Obstacles to recovery 5 5 5 5
Priorities 5 5 5 5
Total 85 84 89 83

After rescue
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Structured frameworks reduce LLM variance
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE
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Where do LLMs add value?
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

• Summarisation and structuring

• Metadata drafting

• Identifying file issues

• Generating code scaffolds

• Interpreting tabular patterns

• Scientific correctness

• Context-specific interpretation

• Edge cases in messy data

• Literature searches
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Watch out for hallucinations!
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE



• LLMs can mimic expertise—but be 
careful in assuming that they have 
true domain reasoning

21

Scientific 
understanding is 
uneven

Key Findings



22

Human expertise remains essential
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Validating scientific interpretations

Resolving ambiguous variables and units

Interpreting missing data vs structural absence

Confirming metadata and provenance

Final QC
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Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Give as much context as you can

Provide LLMs with frameworks and structured systems

Specifically request that the LLM does not “guess” and 
uses evidence to back up its answers

Be very clear with exactly what type of output you would 
like

What have I learned about LLM prompting?



• Freely available Claude has limit 
of how many messages you can 

exchange within a 5-hour window

• Mix of consistency with output 
formats
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Challenges and Limitations
Key Findings

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

• Only one small dataset tested and 
LLM prompts were only run once 

– can’t draw conclusions on 
consistency of LLM outputs

• Only the free versions of the LLMs 
were tested
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Conclusions and further 
research

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE
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Conclusions
Conclusions and further research

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

~30% time saving achievable

LLMs perform strongly on structured 
tasks but have weak scientific certainty

Hallucinations are subtle and 
significant

Model choice matters

LLMs are powerful 
accelerators—but not 
replacements
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Best practice: hybrid “human-in-the-loop 
workflow

Conclusions and further research

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

This gives:

• Efficiency gains

• Maintained scientific integrity

• Improved reproducibility



• Data rescue is critical for 
preserving legacy datasets

• LLMs make it:

• Faster

• more scalable

• more accessible
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Impact
Conclusions and further research

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE
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Further research
Conclusions and further research

COMPARING AND EVALUATING LLMS FOR EFFICIENT AND RESPONSIBLE DATA RESCUE

Assess consistency across different 
data formats and domains

Using LLM APIs, paid LLMs, or task 
specific AI tools

Carbon footprint/sustainability



Our planet. 
Decoded.

Thank you.
For more information 
please contact:
enquiries@ceh.ac.uk
ceh.ac.uk
@uk_ceh

Data: Paper:

mailto:enquiries@ceh.ac.uk
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