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Access to justice

What is the best thing we can do with AI in law?

Anticipate legal consequences = judgement prediction

Better dispute resolution

Better contracts

Increase in individual and societal welfare
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Legal Judgment Prediction
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Issues

General outcome prediction

Data limitations

LLMs v other models v human experts
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Employment tribunal: decision prediction
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Employment tribunal decision prediction: results
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• Humans and all models generally predict well 

and clearly outperform random guess baseline 

(F-score of 0.276)

• Humans expert baseline for ‘wins’ and ‘loses’ 

better than AI model baseline

• AI better than humans for complex cases 

(‘partly’ and ‘other’)

• Different models excel for different predictions 

and scores

• Some interesting patterns, e.g., asymmetry for 

wins and loses in Precision and Recall

• Precision (Recall) good if cost of false positive 

(negative) is high

• F-score balances Precision, Recall and uneven 

dataset

• Baselines only



Conclusion

Prediction of UKET decisions shows promising baseline 
scores for both generative and non-generative AI models

Variation between models, outcome type predicted and 
scores

Limitations
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Claim Level Prediction and Shortcut 
Learning in Legal Judgment Prediction 
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Issues

Predicting success of claims v predicting general outcome

Shortcut learning?

Examples: ‘unauthorised deduction from’ for Win predictions; ‘claimant 
failed to’ for Loss prediction

Can shortcut learning be remedied?
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Dataset

Category Statistic Value

Totals

Total Judgments (Cases) 13,253

Total Claims 33,158

Avg. Claims per Judgment 2.50

Train/Test Split
Training Set (LLM-annotated) 32,030 (96.6%)

Test Set (Human-annotated) 1,128 (3.4%)

Annotator Distribution
Expert-Annotated Ground-Truth Labels 1,128

LLM-Annotated Training Labels 32,030

Class Distribution (Overall)

Win 13,104 (39.5%)

Loss 16,174 (48.8%)

Other / Procedural 3,880 (11.7%)

Leakage (Test Set Only) Claims marked as leakage by human expert 289 (25.6%)

Text Length (Tokens)
Claim Summaries (Mean / Median / Range) 5.6 / 4.0 / 1–30

Case Facts (Mean / Median / Range) 80.7 / 80.0 / 2–462
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Employment tribunal decision prediction: claim level
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ET claim level prediction: leakage gap (clean v leaky 
claims)
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Employment 
tribunal 
decision 
prediction: 
intervention 
effect on 
performance
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Conclusion

‘Serviceable’ claim level prediction scores

Risk of shortcut learning due to data limitations

Shortcut learning can be remedied
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Decision Type and Judge Influence on 
Outcome Prediction 
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Issues

Does it matter what kind of decision is taken?

Can judge decision patterns improve outcome 
prediction?

Ethical questions
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Dataset 
classification
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Prediction 
architecture
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Judge map: relative specialisations and 
influence

Annotations indicate the top-
2 outcomes with the highest relative 
lift per cluster. The color
gradient denotes judge Influence.
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Judge 
influence 
on case 
prediction
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Conclusion

Predictions can be improved using types of decisions and judicial 
patterns

In this case the improved F1 was 65.21 (+ 5.1 over best alternative 
architecture)

Prediction accuracy gains concentrated on Partly Wins and Other cases

Ethical limitations

22



Cambridge Law Corpus
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Cambridge Law Corpus (CLC): Version 1
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Cambridge Law Corpus (CLC): Version 2

25



Cambridge 
Law Corpus 
(CLC): 
Version 2 – 
Cases
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Cambridge 
Law Corpus 
(CLC): 
Version 2 – 
Legislation
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