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PLAIN LANGUAGE SUMMARY

We have built an artificial intelligence (Al) model to support how dementia is diagnosed in clinic. Unlike most Al tools, which rely on research data, brain scans and other specialised
tests, ours is designed for everyday clinical practice.

e It uses information that is already collected in routine care, such as memory tests and questionnaires completed by family.

« Because this information is available early, it is designed to support the doctor from the very first appointment.

* It moves from answering only whether a person has dementia towards also answering what type they have, if they do.

e It explains the reasons behind each result, so the doctor can weigh them up for that person.
 People with lived experience of dementia helped design it, so it reflects what matters to patients and families.

In our study, the model was good at judging whether a person had normal cognition or dementia and showed promise at predicting specific types of dementia, though this is an early
proof of concept and the rarer types remain a work in progress.
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