
Welcome 

Joint Neurosciences Council 
President, Mr Riki Trivedi

Neurological Alliance CEO, 
Georgina Carr

1



A\ˉ¿ÿÓˉþ×þÌ×ĔĘˉ
þ××ğêÿâˉʕʓʕʘ



,¿ğçˉvğ¿ÿù×ĺ˞ˉ,ç¿êĔ



r×ĳê×Ĵˉąáˉğç×ˉĺ×¿Ĕ



|ç×ˉÍąÿğ×ĹğˉĴ×˼ĳ×ˉÌ××ÿˉĴąĔ÷êÿâˉêÿ

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʘ

o×ąđù×ˉ
¿áá×Íğ×ÓˉÌĺˉ
ÿ×ĤĔąùąâêÍ¿ùˉ
ÍąÿÓêğêąÿĘ



oĤÌùêÍˉđąùêÍĺˉ¿ÿÓˉđĔ¿ÍğêÍ×ˉ
Ĕ×áù×ÍğĘˉ¿ÿÓˉĘĤđđąĔğĘˉğç×ˉ
Ĕ×¿ùêğê×ĘˉąáˉùêĳêÿâˉĴêğçˉ¿ˉ
ÿ×ĤĔąùąâêÍ¿ùˉÍąÿÓêğêąÿ˝



¢Uˉ]×ĤĔąˉ@ąĔĤþˉW¿ĤÿÍç×Ó

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʚ

W¿ĤÿÍç×Óˉêÿˉ]ąĳ×þÌ×Ĕˉʕʓʕʗ˞ˉğç×ˉ¢Uˉ]×ĤĔąˉ@ąĔĤþˉêĘˉ¿ÿˉ¿ÓĳêĘąĔĺˉ
ÌąÓĺ˝ˉIğˉêĘˉ¿ˉôąêÿğˉáąĔĤþˉÌ×ğĴ××ÿ˟
Å 2×đ¿Ĕğþ×ÿğˉąáˉF×¿ùğçˉ¿ÿÓˉvąÍê¿ùˉ,¿Ĕ×ˉ˱2Fv,˲ˉ˱ğç×ˉĘ×ÍĔ×ğ¿Ĕê¿ğ˲
Å Ó×ĳąùĳ×Óˉâąĳ×Ĕÿþ×ÿğĘ
Å ]×ĤĔąùąâêÍ¿ùˉ ùùê¿ÿÍ×
Å ]Fvˉ6ÿâù¿ÿÓ
AĔąĤđˉþ×þÌ×ĔĘˉþ××ğˉğĴêÍ×ˉ¿ˉĺ×¿Ĕˉ˱êÿˉĴêÿğ×Ĕˉ¿ÿÓˉĘĤþþ×Ĕ˲˝ˉ|ç×ˉ
áąĔĤþ˼Ęˉþ¿êÿˉąÌô×Íğêĳ×Ęˉ¿Ĕ×ˉğą˟
Å ÌĔêÿâˉ÷×ĺˉĘğ¿÷×çąùÓ×ĔĘˉğąâ×ğç×Ĕˉ¿ÿÓˉĘç¿Ĕ×ˉù×¿ĔÿêÿâˉÌ×ğĴ××ÿˉ
ÿ¿ğêąÿĘ

Å ÓêĘÍĤĘĘˉĔ×ù×ĳ¿ÿğˉĘ×ĔĳêÍ×ˉğĔ¿ÿĘáąĔþ¿ğêąÿˉ¿ÿÓˉĴąĔ÷áąĔÍ×ˉ
Íç¿ùù×ÿâ×Ę

Å Ęç¿Ĕ×ˉÌ×ĘğđˬĔ¿ÍğêÍ×ˉ×Ĺ¿þđù×Ę
Å ×ĹđùąĔ×ˉĔ×Ę×¿ĔÍçˉÿ××ÓĘˉ¿ÿÓˉđąğ×ÿğê¿ùˉêþđĔąĳ×þ×ÿğĘˉğąˉç×ùđˉ
êÿáąĔþˉđąùêÍĺ



IÿáùĤ×ÿÍêÿâˉğç×ˉ]Fvˉʔʓˬ́ ×¿Ĕˉoù¿ÿ

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʛ



Iÿğ×âĔ¿ğêÿâˉþ×ÿğ¿ùˉ¿ÿÓˉÿ×ĤĔąùąâêÍ¿ùˉç×¿ùğç˟ˉ
cÿ×ˉ+Ĕ¿êÿˉ,ąÿá×Ĕ×ÿÍ×

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʜ

,ąˬçąĘğ×ÓˉêÿˉSĤÿ×ˉʕʓʕʘ˝ˉʔʓʙˉF,oĘ˞ˉđ×ąđù×ˉ¿áá×Íğ×ÓˉÌĺˉ
ÿ×ĤĔąùąâêÍ¿ùˉÍąÿÓêğêąÿĘ˞ˉÍąþþêĘĘêąÿ×ĔĘ˞ˉ¿ÿÓˉ­,v6ˉ
Ĕ×đĔ×Ę×ÿğ¿ğêĳ×Ęˉ¿ğğ×ÿÓ×Ó˝ˉ
Fêâçùêâçğ×Óğ̄ç×ˉĳ¿ùĤ×ˉąáˉêÿğ×âĔ¿ğ×ÓˉĘ×ĔĳêÍ×Ę˞ˉĘç¿Ĕ×Óˉ
ù×¿Ó×ĔĘçêđˉĔąù×Ę˞ˉ¿ÿÓˉđ××ĔˉĘĤđđąĔğˉ×˝â˟̄Iÿğ×âĔ¿ğ×Óˉ
ÿ×ĤĔąđĘĺÍçąùąâĺˉ¿ÿÓˉÿ×ĤĔąùąâĺˉÍ¿Ĕ×ˉêÿˉÓêĘğĔêÍğˉâ×ÿ×Ĕ¿ùˉ
çąĘđêğ¿ùĘ˝
Å r×âêąÿ¿ùˉĘđ×Íê¿ùêĘğˉÿ×ğĴąĔ÷Ęˉğç¿ğˉÌĔêÿâˉğąâ×ğç×Ĕˉ
ÍąþþĤÿêğĺ˞ˉĘ×ÍąÿÓ¿Ĕĺˉ¿ÿÓˉğ×Ĕğê¿ĔĺˉÍùêÿêÍê¿ÿĘ˝

Å ,ùąĘ×ˉĴąĔ÷êÿâˉĔ×ù¿ğêąÿĘçêđĘˉÌ×ğĴ××ÿˉđçĺĘêÍ¿ùˉ¿ÿÓˉ
þ×ÿğ¿ùˉç×¿ùğçˉđĔąá×ĘĘêąÿ¿ùĘ˝

Å Sąêÿğˉþ×þąĔĺˉÍùêÿêÍĘˉ¿ÍĔąĘĘˉÿ×ĤĔąùąâĺˉ¿ÿÓˉþ×ÿğ¿ùˉ
ç×¿ùğçˉğ×¿þĘ˝

Å o××ĔˉĘĤđđąĔğˉâĔąĤđĘˉĘĤđđąĔğêÿâˉđ×ąđù×ˉĴêğçˉùêĳ×Óˉ
×Ĺđ×Ĕê×ÿÍ×˝



vĤđđąĔğêÿâˉÿ×ĤĔąˉğĔ¿ÿĘáąĔþ¿ğêąÿ

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʔʓ

,ąÿğêÿĤ×Óˉğąˉ×ÿâ¿â×ˉĴêğçˉğç×ˉÿ¿ğêąÿ¿ùˉ
ÿ×ĤĔąĘÍê×ÿÍ×ˉğĔ¿ÿĘáąĔþ¿ğêąÿˉđĔąâĔ¿þþ×ˉ¿ÿÓˉ
]FvˉÍąþþêĘĘêąÿêÿâˉÌĺ˟
- 2×ĳ×ùąđêÿâˉÿ×Ĵˉ×ĳêÓ×ÿÍ×ˉąáˉ­,v6˪]Fvˉ
ÿ×ĤĔąùąâĺˉÍąùù¿ÌąĔ¿ğêąÿ

- vĤđđąĔğêÿâˉþ×þÌ×ĔĘˉ¿ÿÓˉđ×ąđù×ˉ¿áá×Íğ×ÓˉÌĺˉ
ÿ×ĤĔąùąâêÍ¿ùˉÍąÿÓêğêąÿĘˉğąˉ×ÿâ¿â×ˉêÿˉ÷×ĺˉ
đąùêÍê×Ęˉ¿ÿÓˉđĔąÍ×ĘĘ×Ęˉ˱×˝â˝ˉĘ×ĔĳêÍ×ˉĘđ×Íˉ
Ó×ĳ×ùąđþ×ÿğ˲

- o¿Ĕğÿ×ĔêÿâˉğąˉÓ×ùêĳ×Ĕˉğç×ˉ]¿ğêąÿ¿ùˉ]×ĤĔąùąâĺˉ
|Ĕ¿ÿĘáąĔþ¿ğêąÿˉþ××ğêÿâ

- où¿ĺêÿâˉ¿ÿˉ¿Íğêĳ×ˉĔąù×ˉ¿Ęˉ¿ááêùê¿ğ×ˉþ×þÌ×Ĕˉąáˉ
ğç×ˉ]Fvˉ]×ĤĔąùąâĺˉ,ùêÿêÍ¿ùˉr×á×Ĕ×ÿÍ×ˉAĔąĤđ



o×ąđù×ˉ¿áá×Íğ×ÓˉÌĺˉÿ×ĤĔąùąâêÍ¿ùˉÍąÿÓêğêąÿĘˉ
¿ÿÓˉąĤĔˉþ×þÌ×ĔˉąĔâ¿ÿêĘ¿ğêąÿĘˉ¿Ĕ×ˉç×¿ĔÓˉ
¿ÿÓˉç¿ĳ×ˉêÿáùĤ×ÿÍ×˝



o¿Ĕùê¿þ×ÿğ¿Ĕĺˉ]×ĤĔąˉr×Í×đğêąÿ

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʔʕ



˩Iÿĳ×ĘğIÿ]×ĤĔąr×Ę×¿ĔÍç

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʔʖ



\ĺˉ]×ĤĔąˉvĤĔĳ×ĺ

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʔʗ

ʘğç̄o¿ğê×ÿğˉ6Ĺđ×Ĕê×ÿÍ×ˉvĤĔĳ×ĺˉÍąÿÓĤÍğ×ÓˉÌĺˉğç×ˉ] ˉˮ̄ÍąÿÓĤÍğ×Óˉ×ĳ×Ĕĺˉʕˉĺ×¿ĔĘ
@ąĔˉğç×ˉáêĔĘğˉğêþ×ˉğç×ˉĘĤĔĳ×ĺˉêÿˉʕʓʕʗˉĴ×ˉêÿÍùĤÓ×Óˉ¿ˉĳ×ĔĘêąÿˉáąĔˉÍ¿Ĕ×ĔĘˉąáˉđ×ąđù×ˉ¿áá×Íğ×ÓˉÌĺˉ¿ˉ
ÿ×ĤĔąùąâêÍ¿ùˉÍąÿÓêğêąÿ˝
2×ùêĳ×Ĕ×ÓˉêÿˉÍąùù¿ÌąĔ¿ğêąÿˉĴêğçˉğç×ˉ®¿ù×Ęˉ]×ĤĔąùąâêÍ¿ùˉ ùùê¿ÿÍ×˞ˉ]×ĤĔąùąâêÍ¿ùˉ ùùê¿ÿÍ×ˉąáˉ
vÍąğù¿ÿÓˉ¿ÿÓˉğç×ˉ]ąĔğç×ĔÿˉIĔ×ù¿ÿÓˉ]×ĤĔąùąâêÍ¿ùˉ,ç¿Ĕêğê×Ęˉ ùùê¿ÿÍ×ˉ˱ÿê],˲̋
@êĔĘğˉğêþ×ˉÍąÿÓĤÍğ×Óˉêÿˉğç×ˉr×đĤÌùêÍˉąáˉIĔ×ù¿ÿÓ˝
r×ĘđąÿĘ×ĘˉÍąùù×Íğ×ÓˉÌ×ğĴ××ÿˉʕʕˉSĤùĺˉ¿ÿÓˉʔʙˉ]ąĳ×þÌ×Ĕˉʕʓʕʗˉĳê¿˟

ÿˉąÿùêÿ×ˉĘĤĔĳ×ĺ˞ˉđĔąþąğ×ÓˉêÿˉÍùêÿêÍ˞ˉþ×þÌ×ĔˉĴ×ÌĘêğ×Ęˉ¿ÿÓˉĘąÍê¿ùˉþ×Óê¿
ˉđ¿đ×ĔÌˬ¿Ę×ÓˉĘĤĔĳ×ĺ
|×ù×đçąÿ×ˉĘĤđđąĔğ
ˉù¿ÿâĤ¿â×ˉùêÿ×

rąùù×ÓˉąĤğˉ¿ÍĔąĘĘˉʘʓˉÍùêÿêÍĘ˞ˉğçĔąĤâçˉąĤĔˉþ×þÌ×ĔĘçêđˉ¿ÿÓˉąğç×Ĕˉđ¿Ĕğÿ×ĔĘ˝
6ÿÓąĔĘ×ÓˉÌĺˉğç×ˉ +]˞ˉ+o] ˞ˉrąĺ¿ùˉ,ąùù×â×ˉąáˉoĘĺÍçê¿ğĔĺˉ¿ÿÓˉ ,oI]˝



­êÓ×ą
çğğđĘ˟˪˪ĴĴĴ˝ĺąĤğĤÌ×˝Íąþ˪Ĵ¿ğÍçˤĳ̜UÌđFÍ×|Ĵá+Iˉ

https://www.youtube.com/watch?v=KbpHceTwfBI


®×ˉ¿Ĕ×ˉ¿ˉĘğĔąÿâ˞ˉÓêĳ×ĔĘ×ˉ
ąĔâ¿ÿêĘ¿ğêąÿˉğç¿ğˉÓ×ùêĳ×ĔĘˉ
Íç¿ÿâ×˝



AĔąĴêÿâ˞ˉĘğĔ×ÿâğç×ÿêÿâ˞ˉĤÿêğêÿâˉąĤĔˉ
ÍąþþĤÿêğĺ
Åʙˉÿ×Ĵˉþ×þÌ×ĔĘˉĴ×ùÍąþ×Óˉêÿˉʕʗ˪ʕʘ˟ˉ,F \oʔˉ¢U˞ˉ@]2ˉ@Ĕê×ÿÓĘ˞ˉ
ğç×ˉ\6@ʕ,ˉ@ąĤÿÓ¿ğêąÿˉĘĤđđąĔğêÿâˉđ×ąđù×ˉĴêğçˉ\6@ʕ,ˉ
F¿đùąêÿĘĤááêÍê×ÿÍĺˉvĺÿÓĔąþ×ˉ˱\,Fv˲˞ˉğç×ˉ\×ÓÍ¿ÿ@̄¿þêùĺˉ
@ąĤÿÓ¿ğêąÿ˞ˉ\ĤĘÍĤù¿Ĕˉ2ĺĘğĔąđçĺˉ¢Uˉ¿ÿÓˉğç×ˉ]ĺĘğ¿âþĤĘˉ]×ğĴąĔ÷
ÅIÿˉąĤĔˉ¿ÿÿĤ¿ùˉþ×þÌ×ĔĘçêđˉĘĤĔĳ×ĺ˞ˉĺąĤˉğąùÓˉĤĘ˟
Åʛʜ̰ˉĘ¿êÓˉğç×ĺˉĴ×Ĕ×ˉĳ×ĔĺˉĘ¿ğêĘáê×ÓˉąĔˉĘ¿ğêĘáê×ÓˉĴêğçˉþ×þÌ×ĔĘçêđ˝
Å ùùˉþ×þÌ×ĔĘˉĔ×đąĔğ×Óˉğç¿ğˉğç×ĺˉÍąÿĘêÓ×Ĕ×Óˉğç×êĔˉþ×þÌ×ĔĘçêđˉğąˉÌ×ˉ
×ĹÍ×ùù×ÿğˉąĔˉâąąÓˉĳ¿ùĤ×˝
Å6ÿĘĤĔ×ˉĘþ¿ùù×ĔˉÍç¿Ĕêğê×Ęˉá××ùˉêÿÍùĤÓ×Óˉ¿ÿÓˉĘĤđđąĔğ×Ó
Å2×ĳ×ùąđêÿâˉÿ×ĴˉĴ¿ĺĘˉąáˉ×ÿâ¿âêÿâˉĘĤÍçˉ¿Ęˉąÿùêÿ×ˉÍç¿ÿÿ×ùĘ
Å,ąÿğêÿĤ×ˉğąˉđĔąĳêÓ×ˉÍù×¿Ĕˉ×Ĺđù¿êÿ×Ĕˉþ¿ğ×Ĕê¿ùĘˉ¿Ęˉğç×ˉç×¿ùğçˉĘĺĘğ×þˉ×ĳąùĳ×Ę˝

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʔʚ



6þÌ×ÓÓêÿâˉ6ēĤêğĺ˞ˉ2êĳ×ĔĘêğĺˉ̆ˉIÿÍùĤĘêąÿ
Å®×ˉĔ×þ¿êÿˉÍąþþêğğ×Óˉğąˉ×þÌ×ÓÓêÿâˉ×ēĤêğĺ˞ˉÓêĳ×ĔĘêğĺˉ¿ÿÓˉêÿÍùĤĘêąÿˉ
˱62I˲ˉ¿ÍĔąĘĘˉ×ĳ×Ĕĺˉ¿Ęđ×ÍğˉąáˉąĤĔˉĴąĔ÷˝ˉcĳ×Ĕˉğç×ˉđ¿Ęğˉĺ×¿Ĕ˞ˉĴ×ˉç¿ĳ×˟
År×ĳê×Ĵ×Óˉ¿ÿÓˉĤđÓ¿ğ×ÓˉąĤĔˉĔ×ÍĔĤêğþ×ÿğˉđĔ¿ÍğêÍ×Ę
ÅIÿğĔąÓĤÍ×ÓˉğĔ¿êÿêÿâˉ¿ÿÓˉĘĤđđąĔğˉáąĔˉąĤĔˉğ×¿þˉğąˉĘğĔ×ÿâğç×ÿˉ÷ÿąĴù×Óâ×ˉ¿ÿÓˉ
ÍąÿáêÓ×ÿÍ×ˉ¿ĔąĤÿÓˉ62I
År×ĳêĘ×ÓˉąĤĔˉ¿đđĔą¿Íçˉğąˉêÿĳąùĳêÿâˉđ×ąđù×ˉ¿áá×Íğ×ÓˉÌĺˉÿ×ĤĔąùąâêÍ¿ùˉ
ÍąÿÓêğêąÿĘˉĘąˉğç¿ğˉÌ¿ĔĔê×ĔĘˉğąˉđ¿ĔğêÍêđ¿ğêąÿˉ¿Ĕ×ˉĔ×ÓĤÍ×Ó˝ˉ

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʔʛ



Wąą÷êÿâˉ¿ç×¿Ó



|ąâ×ğç×ĔˉáąĔˉğç×ˉʔˉêÿˉʙ
cĤĔˉĔ×áĔ×Ęç×ÓˉĘğĔ¿ğ×âêÍˉáĔ¿þ×ĴąĔ÷ˉáąÍĤĘ×ĘˉąÿˉğçĔ××ˉğçêÿâĘ˟
Å ˉù×¿Óêÿâˉÿ¿ğêąÿ¿ùˉĳąêÍ×˝
Å ˉĘğĔąÿâ˞ˉÍąÿÿ×Íğ×ÓˉÍąþþĤÿêğĺ˝
Å6ĳêÓ×ÿÍ×ˉğç¿ğˉÍç¿ÿâ×ĘˉþêÿÓĘ˝

|çêĘˉêĘˉçąĴˉĴ×ˉĴêùùˉÿ¿ĳêâ¿ğ×ˉąÿ×ˉąáˉğç×ˉþąĘğˉĘêâÿêáêÍ¿ÿğˉđ×ĔêąÓĘˉąáˉ
]FvˉĔ×áąĔþˉêÿˉ¿ˉÓ×Í¿Ó×˝

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʕʓ



®ç¿ğˉ®×˼Ĕ×ˉ2×ùêĳ×Ĕêÿâˉ]×Ĺğ

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʕʔ



2¿ğ¿ˉĳêĘĤ¿ùêĘ¿ğêąÿþ̄¿đˉ
¢Ęêÿâˉ\ĺˉ]×ĤĔąˉvĤĔĳ×ĺˉÓ¿ğ¿ˉğąˉĘĤđđąĔğˉąĤĔˉêÿáùĤ×ÿÍêÿâˉ¿ÿÓˉ
¿ÓĳąÍ¿ÍĺˉĴąĔ÷ˉêÿˉʕʓʕʙ
Å2×ĳ×ùąđêÿâˉ¿ÿˉêÿğ×Ĕ¿Íğêĳ×ˉþ¿đˉğąˉĘđąğùêâçğˉ÷×ĺˉáêÿÓêÿâĘˉáĔąþˉ\ĺˉ
]×ĤĔąˉvĤĔĳ×ĺ

Å\¿đđêÿâˉĴ¿êğêÿâˉˉğêþ×ĘˉÓ¿ğ¿ˉ¿ùąÿâĘêÓ×ˉĘĤĔĳ×ĺˉÓ¿ğ¿ˉğąˉđĔąĳêÓ×ˉ¿ˉ
Ęÿ¿đĘçąğˉąáˉĘ×ĔĳêÍ×Ęˉ¿ÿÓˉ×Ĺđ×Ĕê×ÿÍ×Ę

ÅçğğđĘ˟˪˪ĳêĘĤ¿ùêĘ¿ğêąÿ˝đąùêþ¿đđ×Ĕ˝Íą˝Ĥ÷˪ˤÓ¿ğ¿v×ğU×ĺ̜ÿ×ĤĔąùąâêÍ¿ùˬ
¿ùùê¿ÿÍ×þˬĺˬÿ×ĤĔąĘˬĤĔĳ×ĺêˬÍÌ̆Íùê×ÿğ̜ğç×ÿˬ×ĤĔąùąâêÍ¿ù¿ˬùùê¿ÿÍ×

ĴĴĴ˝ÿ×ĤĔ¿ù˝ąĔâ˝Ĥ÷ ʕʕ

https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance
https://visualisation.polimapper.co.uk/?dataSetKey=neurological-alliance-my-neuro-survey-icb&client=the-neurological-alliance


@êÿ¿ÿÍê¿ùˉĔ×ĳê×Ĵˉąáˉğç×ˉĺ×¿Ĕ



r×ĘąùĤğêąÿĘ



]×Ĺğˉ A\˟ˉʔʛğç̄]ąĳ×þÌ×Ĕˉ
ʕʓʕʘˉ˱|+,˲



­êÓ×ąˉˮ̄\êÿêĘğ×Ĕˉ2¿ùğąÿ
͓



WĤÿÍç



o¿ÿ×ùˉÓêĘÍĤĘĘêąÿ˟ˉIÿÿąĳ¿ğêĳ×ˉ
ğç×Ĕ¿đê×Ęˉ¿ÿÓˉÍç¿ÿâêÿâˉ
ĴąĔ÷áąĔÍ×ˉÿ××ÓĘˉ



Ψ!LΣ {La¦[!¢Lhb !b5 wh.h¢L/{ Lb 

NEUROSURGICAL PRACTICE

N i c k  C a r l e t o n- B l a n d



AGENDA
Å N e u r o s u r g e r y

Å A I

Å R e a l  w o r l d  a p p l i c a t i o n
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INTRODUCTION

Intolerant of mistakes 

Open, messy imprecise, variable

Preserve function, minimise iatrogenesis 
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AI

32

Data

Machine learning  - 
algorithms to spot 

patterns in the data

Deep Learning Ļ 
multilayered neural 

networks

Foundation models 
Ļgeneral purpose 

trained on big data - 
predict and reason 

Language, visual, 
audio models Ļ

communicate with 
human



NEVER SEND A HUMAN 
TO DO A MACHINES JOB
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APPLICATION:
DIAGNOSIS



APPLICATIONS:
SYNTHESIS
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APPLICATION:
VISUALISATION
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APPLICATION:
INTRAOPERATIVE DECISION SUPPORT

Visualisation

Decision support

Training

Safety
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ADVANCEMENT:

IMPLEMENTATION
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Å Accuracy

Å Precision

ÅMIS

Å Democratisation

Å Ergonomics

Å Cognitive load



Academic knowledge   VR     Model/cadaveric          AR

APPLICATION:
TEACHING AND TRAINING
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APPLICATION:
TEACHING AND TRAINING
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SUMMARY

D i a g n o s i s

P r o c e s s i n g

I m p l e m e n ta t i o n

Ed u c a t i o n
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Background 

Stroke affects around 118,000 people in the UK 
every year. [1]
In the UK, almost two-thirds of People with Stroke (PwS) leave 
hospital with a disability. [2]

PwS feel abandoned following hospital discharge. [3]

Exercise can improve cardiovascular fitness, walking, upper-limb 
strength and prevents further stroke. [4]



Artificial Intelligence (AI)

ÅAdvances in artificial intelligence (AI) offer an opportunity to transform 
rehabilitation by creating personalised, adaptive, and data-driven systems. [5]  

ÅAI focusses on the development of algorithms capable of achieving 
complicated tasks that were previously dependent on human intelligence.[6]

ÅTherapists can identify problems and create individualised treatment 
regimens for PwS with the aid of AI algorithms.[7]

Å This will allow identification of recovery patterns, predict individualised 
recovery trajectories, and to dynamically adjust treatment plans. [6]



Telerehab
ÅAI combines remote monitoring 

(sensors) with customised 
feedback loops.

ÅExtends care into the home, 
overcoming geographical barriers 
and reducing costs, ensuring 
therapy continuity post-discharge.

fƣШċũŔŊŰƚШƽŔƣőШƣőĲШ cÉШљ[ŔƣШŉŸƖШƣőĲШ[ƨƣƨƖĲњШΝΜ-Year Plan, which 
emphasises AI-assisted clinical decision-making for healthcare 
professionals (HCPs). [8] 



Personalised Exercise Videos 

ÅLevel 2 - Advanced walking exercises for moderate impairment  

https://youtu.be/sfxXJk_rlUo

ÅLevel 3 - Functional strength training and balance exercises for 

mild impairment https://youtu.be/s0HMeojHPeU

Åhttps://youtube.com/playlist?list=PLKUdUuPyBB5krN-
bYhjUFgPsbWnnG_18Q&si=EV_sc70vMfytjCPw 
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Partners:

Claire Angell & Sarah Sparks (Patient 
Partners)
Amrik Singh 
(Clinical expert, The Brightwell Centre)
Zehra Haq 
(Community Ethnic Partner)
Rebecca Sheehy 
(CEO, Bristol After Stroke)
Naill 
(AI experts) 

AI Specialists & Steering Members

Research team:

Chief Investigator: Dr Praveen Kumar, UWE

Co-investigators: Dr Michael Loizou, Professor 
uĲŰƣŸŰШ§ќcċƖċЯШ?ƖШsċůĲШÂŸƓĲЯШ?ƖШ~ċƖŔċШ]ċũƻĲǍШ
Trigo, Dr Ali Al-Nuaimi, 

Co-researchers: Regan Shakya, Anika Pinto, 
Sarah, Thrisha Rajkumar

1 Aims & Objectives

Å Deliver personalised stroke 
rehab support

Å Flutter app (Android, iOS, 
Web)

Å Strong Patient & Public 
Involvement (PPIE)

Å Focus: home-based & group-
based recovery

2     Methods

Å Co-creation workshops with 
people with stroke & 
clinicians

Å Explored: rehab barriers, 
exercise progression, digital 
use

Å Developing with close 
engagement  from people 
with stroke & clinicians to 
match their needs

3     Progress & Development

Å Prototype app developed (PwS 
ѼШƣőĲƖċƓŔƚƣќƚШŔŰƣĲƖŉċĦĲƚь

ÅWorkshops with PwS & 
clinicians  ӛШĦċƓƣƨƖĲĬШŰĲĲĬƚЯШ
barriers, and feedback

Å Ongoing data collection & 
feedback analysis  to refine 
design

Å Rehab exercise videos 
integrated + personalisation 
features

Outcomes

Å Personalised exercise 
routines tailored by:
- Stroke type
- Recovery stage
- Individual goals

Å9ũĲċƖШѼШƚŔůƓũĲШŔŰƚƣƖƨĦƣŔŸŰƚШӛШ
preferred by PwS

ÅMotivation enhanced 
through group & therapist 
support

         Next Steps &
         Acknowledgements

Å Group sessions with PwS ӛШ
collect feedback

ÅÅĲŉŔŰĲШċƓƓШĬĲƚŔŊŰШӛШƓƖĲƓċƖĲШŉŸƖШ
wider trial

Å Supported by NIHR Grant

Å Collaboration: UWE Bristol, 
University of Bristol, University 
of Plymouth, Cardiff University, 
Bristol After Stroke

App Prototype



Benefits

ÅIncreased quality of care for PwS
ÅIncreased productivity (e.g. therapist can see more patients, 

perhaps contentious)
ÅÂƖŸůŔƚŔŰŊШŉŸƖШљĦŸůůƨŰŔƣǃШƚĲƣƣŔŰŊƚњШƽőĲƖĲШũŔƣƣũĲоŰŸШƚƨƓƓŸƖƣШŔƚШ

currently provided



Challenges and Ethical Considerations

ÅAlgorithmic Bias
ÅTransparency (The "Black Box") 
ÅAccountability & Trust 
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Personalising treatment in 
multiple sclerosis - what AI can 

ыċŰĬШĦċŰќƣШǃĲƣьШĬŸ
Courtney Kremler

PhD Student, University of Cambridge

Will Brown



Why use AI?
ÅIt can handle larger amounts of data

ÅIt can handle different types of data (deep learning reading MRI scans)
ÅIt can handle complex interactions between variables
ÅLarge Language Models (LLM) are good with language 



ÂƖŸĤũĲůƚШƽŔƣőШƨƚŔŰŊШћ fќ

ÅÑőĲƖĲќƚШŰŸШƚŔŰŊũĲШ f
ÅÑőĲƖĲќƚШŰŸШћŉƖĲĲШ
ũƨŰĦőќШŔŰШƣĲƖůƚШŸŉШ
which algorithm is 
best. 

ÅI think different 
tasks in the NHS 
could be supported 
by different types of 
AI. 



What models are good for which tasks?

ÅImaging-related 
ÅHard
ÅDetecting MS Lesions 

ÅHarder
ÅMS vs Healthy 
ÅCancer vs ___

ÅHardest
ÅMS т treatment effects 

on MRI

ÅSpeed Up MRI scans

ÅPrediction Tasks
ÅHard
ÅDiagnostic

ÅHarder
ÅPrognostic/Risk groups
ÅDischarge/Readmission

ÅHardest
ÅTreatment effects

ÅPatient Monitoring

ÅAdministrative
ÅGenerating Language
ÅHard 

ÅWriting emails
ÅAccessibility т making 

language patient-friendly
ÅHarder

ÅWriting discharge letters
ÅClinical notes written from 

recordings

ÅScheduling 
ÅMicrosoft Co-pilot 

ÅTriaging 
ÅResource Optimisation

Classification Classification

Classification
/Survival/ 
Probabilistic

Multi class 
Classification

Regression т 
Deep 
Learning

Machine 
Learning AND 
Causality 

Large 
Language 
Models



What will improve patient quality of life most?

ÅImaging-related 
ÅHard
ÅDetecting MS Lesions 

ÅHarder
ÅMS vs Healthy 
ÅCancer vs ___

ÅHardest
ÅMS т treatment effects 

on MRI

ÅSpeed Up MRI scans

ÅPrediction Tasks
ÅHard
ÅDiagnostic

ÅHarder
ÅPrognostic/Risk groups
ÅDischarge/Readmission

ÅHardest
ÅTreatment effects

ÅPatient Monitoring

ÅAdministrative
ÅGenerating Language
ÅHard 

ÅWriting emails
ÅAccessibility т making 

language patient-friendly
ÅHarder

ÅWriting discharge letters
ÅClinical notes written from 

recordings

ÅScheduling 
ÅMicrosoft Co-pilot 

ÅTriaging 
ÅResource Optimisation

Classification Classification

Classification
/Survival/ 
Probabilistic

Multi class 
Classification

Regression т 
Deep 
Learning

Machine 
Learning AND 
Causality 

Large 
Language 
Models

LeastLess Most



What is being used already?

ÅImaging-related 
ÅHard
ÅDetecting MS Lesions 

ÅHarder
ÅMS vs Healthy 
ÅCancer vs ___

ÅHardest
ÅMS т treatment effects 

on MRI

ÅSpeed Up MRI scans

ÅPrediction Tasks
ÅHard
ÅDiagnostic

ÅHarder
ÅPrognostic/Risk groups
ÅDischarge/Readmission

ÅHardest
ÅTreatment effects

ÅPatient Monitoring

ÅAdministrative
ÅGenerating Language
ÅHard 

ÅWriting emails
ÅAccessibility т making 

language patient-friendly
ÅHarder

ÅWriting discharge letters
ÅClinical notes written from 

recordings

ÅScheduling 
ÅMicrosoft Co-pilot 

ÅTriaging 
ÅResource Optimisation

Classification Classification

Classification
/Survival/ 
Probabilistic

Multi class 
Classification

Regression т 
Deep 
Learning

Machine 
Learning AND 
Causality 

Large 
Language 
Models

MostLess Least



My work т predicting treatment response

ÅPredicting: Will someone have a relapse or confirmed disability worsening on a low, 
moderate, or high efficacy therapy?
ÅUsing clinical variables: age, sex, number of relapses, time since last relapse, EDSS 

(disability score), Neurostatus scores (disability scores broken into symptom type т 
visual, motor), oligoclonal banding, number of mri lesions

ÅNo free lunch conundrum: AutoPrognosis



My work - predicting treatment response

ÅÑőĲШůŸĬĲũШĦċŰŰŸƣШƚċǃШΝΜΜӖШƚŸůĲŸŰĲШƽŔũũШƖĲũċƓƚĲШŸƖШƽŸŰќƣ
ÅBut the model can identify who is at highest risk of relapse/having 

disability worsening on low or moderate efficacy therapy. 

Relapsing on low efficacy  - 
The high-risk group has 3x the chance of 
relapsing than the low-risk group.

Disability worsening on low efficacy  - 
The high-risk group has 3x the chance of having 
disability worsening than the low-risk group.



My work - predicting treatment response

ÅThe model struggles with high efficacy because (1) the outcomes happen so 
ƖċƖĲũǃШċŰĬШыΞьШƣőĲƖĲќƚШƽċǃШŉĲƽĲƖШƓĲŸƓũĲЮШШ

Relapsing on moderate efficacy  - 
The high-risk group has 2x the chance of 
relapsing than the low-risk group.

Disability worsening on moderate efficacy  - 
The high-risk group has 6x the chance of having 
disability worsening than the low-risk group.



Concerns from neurologists

ÅcŸƽШĬŸШfШťŰŸƽШŔƣќƚШůċťŔŰŊШƣőĲШƖŔŊőƣШĬĲĦŔƚŔŸŰƚе
ÅLack of understand -> Lack of trust 



How is the model doing this?

Variable 
value

High

Low 

More likely to relapseLess likely to relapse

Low Efficacy- Relapse 
Model

Variable 
value

High

Low 

More likely to have CDWLess likely to have CDW

Low efficacy т Disability 
Model

Variable 
value

High

Low 

More likely to relapseLess likely to relapse

Variable 
value

High

Low 

More likely to have CDWLess likely to have CDW

Moderate efficacy т Disability 
Model

Total Lesions 
#

Total Lesions 
#

Total Lesions 
#

Total Lesions 
#

Moderate Efficacy- Relapse 
Model



ÉŸвƽŔũũШƣőŔƚШĤĲШƨƚĲŉƨũШċŰǃƣŔůĲШƚŸŸŰе

ÅComes back to a major issue for all of AI
ÅHow do we judge the performance in a nuanced task?
Å ŸƣШċƚШĦũĲċƖШċƚШƽőĲŰШǃŸƨќƖĲШŢƨƚƣШũŸŸťŔŰŊШŉŸƖШŸŰĲШŰƨůĤĲƖШыƓШƻċũƨĲШӃШΜЮΜΡь

ÅIt will depend on how well neurologists are doing on the same 
tasks
ÅSurvey TBD

ÅAnd on how well the model does on an entirely different cohort 
(external validation)
ÅWhich is often not done in AI studies



So to answer the question, what can AI do?

ÅImaging-related 
ÅHard

Å Detecting MS Lesions 

ÅHarder
Å MS vs Healthy 
Å Cancer vs ___

ÅHardest
Å MS т treatment effects on 

MRI

ÅSpeed Up MRI scans

ÅPrediction Tasks
ÅHard

Å Diagnostic

ÅHarder
Å Prognostic/Risk groups
Å Discharge/Readmission

ÅHardest
Å Treatment effects

ÅAdministrative
Å Generating Language

Å Hard 
Å Writing emails

Å Accessibility т making language patient-
friendly

Å Harder
Å Writing discharge letters

Å Clinical notes written from recordings

Å Scheduling 
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IGAP PROVIDES A COMPREHENSIVE 10-YEAR ROAD MAP TO REDUCE THE STIGMA, IMPACT 
AND BURDEN OF NEUROLOGICAL DISORDERS, IMPROVE THE QUALITY OF LIFE OF PEOPLE 

WITH LIVED EXPERIENCE OF THESE CONDITIONS, AND PROMOTE BRAIN HEALTH WORLDWIDE. 

Raad Shakir



ÅThe top 10 neurological disorders contributing to health loss 
globally in 2021 were stroke, neonatal encephalopathy, 
migraine, Alzheimer disease and other dementias, diabetic 
neuropathy, meningitis, idiopathic epilepsy, neurological 
complications associated with preterm birth, autism 
spectrum disorders and nervous system cancers. 



New Employee Orientation

ÅNeurological disorders concern the whole world. They affect 
more than one in three people directly, but the impact of lost 
life opportunities, lost social connections and lost economic 
gains spreads to everyone. 



ÅRecent data suggest that, in 2019, direct costs for 24 brain 
disorders (including neurological and mental health 
conditions) exceeded US$ 1.7 trillion, growing by 3.5% 
annually since 2000, with stroke and dementia accounting for 
a large share. These figures exclude indirect costs, 



ÅIn 2021, a group of 37 neurological conditions affected 
ŀǇǇǊƻȄƛƳŀǘŜƭȅ оΦп ōƛƭƭƛƻƴ ǇŜƻǇƭŜ όпн҈ ƻŦ ǘƘŜ ǿƻǊƭŘΩǎ 
ǇƻǇǳƭŀǘƛƻƴύ ŀŎǊƻǎǎ ²IhΩǎ aŜƳōŜǊ {ǘŀǘŜǎ ŀƴŘ ŎŀǳǎŜŘ пор 
million DALYs and 11.8 million deaths globally, as derived 
from the 2021 Global Burden of Disease 


















