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Ensuring the NHS 10-Year Health Plan
for England delivers for the

neurological community

Key action points
Overview

The forthcoming NHS 10-Year Health Plan for England provides an unprecedented
opportunity to secure much needed improvements to treatment, care and support for
people affected by neurological conditions across the country. But change cannot wait 10

years — improvements need to be made now, and the neurological community is not

short of ideas to improve lives over the lifetime of the plan.

ey & xEEX oJuRW

Neurological Alliance response to the
NHS 10-Year Plan

03/07/2025

The Government today published its new 10-Year Plan for the NHS. The Plan sets out the Government's

vision to move care closer to home, harness digital innovation, and prioritise prevention of ill health.
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PRAIN
AWARENESS

WEEK

This Brain Awareness Week (10-16 March) the national Neurological Alliances of England, Scotland and —_— 10 - 16th March —

Brain Awareness Week: 76 organisations
call for urgent investment into
neurological research

10/03/2025

Wales, and the Northern Ireland Neurological Charities Alliance are working together to raise awareness of

the critical need for more research on neurological conditions and calling on the UK Government to

#InvestinNeuroResearch

#lnvestinNeuroResearch.
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A Strong
National Voice

Publishing data to drive

Influencing policy and
change

securing resources
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A Connected
Community

Fostering collaboration
and support
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Segmentation Training Phase Performance Evaluation Phase Data Analysis Phase
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segmentation performance g e a

I BianqueNet : : — s -.
‘ ID: 08143 12-Dec-2024  10:09:27 Harris Cardiology
Vent. rate 65 bpm Normal sinus rhythm with sinus arrhythmia
PR interval 168 ms Possible Left atrial enlargement

QRS duration 82 ms Borderhne ECG
QT/QTe  414/430 ms

P-R-T axes 62 59 55

. DW
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Referred by: SAMPSON
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Blood marker Optimising
tumor imaging
screening sequences

"

Al-robotics

@Q

Automated & accurate
histopathological
diagnosis

Computer assisted Radiomic tumor Accurate Precise
radiological marker & prognostication & surgical
diagnosis grade prediction risk stratification planning

PRE-OPERATIVE

fo o 4

Malignant tissue Risk detection Workflow
identification analysis
INTRA-OPERATIVE
Prediction of Bioinformatic Tailored Predict Tailored
complications early warning follow-up recurrence  therapeutics
systems

POST-OPERATIVE

“ NV INCTE
34



a
Training dataset

b
Spatialized predictions

Applications in research

Improve molecular
characterization of
research cohorts

Vi

Infer molecular
alterations

C— ’ -, 65%
I negative
Apply
Training labels trained Aggregate
are non-spatial network per slide

Whole-slide image in test dataset Prediction map

Gastric MTOR mut

Gastric MTORWT
{ =

REY 7

Breast TP53 mut Breast TP53 WT

b A F
’5 » AL S

e
Applications in diagnostics

ai Vi

|

I Mutations
Automate Predict outcome Infer molecular
diagnostic tasks and response alterations
—_— Expression
Increase Improved treatments Pre-screening for
reproducibility for subgroups molecular tests
— Heterogeneity

Requires clinical validation studies

APPLICATION

DIAGNOSIS
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ChatGPT @

Research Databases

Collaboration Platform

ClaudeAl Scopus N covidence 4 SCISPACE
= "] Use prompts 10 define 3 goals, 5 =~ < A - import .CSV, RIS, . BIB fles
research questions, and 3 groups Found 144 records = Invite colfaborators
of keywords rolated to AUML, = Inclusion, exclusion crileria
SMEs, and Cybersecurity - Screening with keywords
T v
L] .
1 1
1] 1]
1 L]
1 1
) 1
1 L]
Y Y
Research Questions @ - @ @
Data ction List of Selected Papers

« Uss prompt to expand RQ %o
smaller sub-research questions

- RO1: 4 5ub-RQ (RO1.1-RQ1A4)
< RQ2: 2 5ub-RQ (RO2,1 -RQ2.2)
< RQ3: 4 5ub-RQ (RQ3,1 - RO34)
- RQ4: 7 sub-RQ (RO4.1 - RQ4T)
- RQS: 5 sub-RQ (RQS.1 -RQS.S5)

- Collect information refated 1o
each sub-research question
from the papers

$ SCISPACE

- 22 selected papers
- Forward and backward searches

# " Citationchaser

Text File with
Extracted Data

XLSX fles

Synthesis @

Use prompt in ChatGPT to
connect the unstructed data into
a systematic summary for each
sub-RQ

ChatGPT

APPLICATIOT

SYNTHESIS

%

“ VNc
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APPLICATION:

INTRAOPERATIVE DECISION SUP

Without With Without
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With
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Without



ADVANCEMENT:
IMPLEMENTATION




APPLICATION:

TEACHING AND TRAINING

Academic knowledge VR Model/cadaveric

N
[ )
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APPLICATION:

TEACHING AND TRAINING

@ 1of2
Hybrid Training

D Hybrid view of the approach

41



Input

Patient Data

Patient Scan and
3DModel Brain

Neurological
Condition

Large amount of
Medical Data

Synthetic Data
Generation

Advances in large
language models

Output
Future Direction

Al in Neurosurgery Precision Medicine

Surgical Planning and
Navigation

Artificial Intelligence . )
Automate Diagnosis

Machine Learning

Big Data Analysis

Deep Learning

Improve Education

Easy for Clinician User
and Improved
Explainability

SUMMARY
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UWE i

Codesign of Artificial Intelligence Algorithr
for Personalised Exercise programme to
Enhance CommunitBased Rehabilitation
for People with Stroke

20t Nov 2025



mailto:Praveen.Kumar@uwe.ac.uk

Background

Stroke affects around 118,000 people in the UK

every year. 1]

In the UK, almost twathirds of People with Stroke (PwS) leave
hospital with a disability. [2]

PwS feel abandoned following hospital discharge. [3]

Exercise can improve cardiovascular fithess, walking, uppelimb
strength and prevents further stroke. [4]



Artificial Intelligence (Al)

AAdvancesin artificial intelligence (Al) offer an opportunity to transform
rehabilitationby creatingpersonalisedadaptiveanddata-drivensystems [5]

AAl focusses on the development of algorithms capable of achieving
complicatedtasksthatwerepreviouslydependenionhumanintelligence6]

ATherapists can identify problems and create individualised treatment
regimendor PwSwith the aid of Alalgorithmg[7]

A This will allow identification of recovery patterns, predict individualised
recoverytrajectories,andto dynamicallyadjusttreatmentplans [6]



Telerehab

A Al combines remote monitoring
(sensors) with customised
feedback loops.

AExtends care into the home,

overcoming geographical barriers NATIONAL CLINICAL
and reducing costs, ensuring GUIDELINE FORSTROKE
therapy Continuity post—discharge. for the United Kingdom and Ireland

f qli¢c GRNUt Ws Raq 6 Wa 6 1J HYear PlHvsfhRhg Wn Y 1 Wa 6 1JL
emphasises Atassisted clinical decision-making for healthcare
professionals (HCPs). [8]



Personalised Exercise Videos

ALevel 2 - Advanced walking exercises for moderate impairment
https://youtu.be/sfxXJk rlUo

ALevel 3 - Functional strength training and balance exercises for
mild impairment https://youtu.be/sOHMeojHPeU

Ahttps://youtube .com/playlist?list=PLKUdUuPyBBkrN-
bYhjUFgPsbWnnG18Q&si=EV_s@OvMfytjCPw
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App Prototype

1 Outcomes 2 3n Next Steps &
Acknowledgements

A Personalisedexercise |
routines tailored by: (; A Group sessions with PwS3 LL R (
- Stroke type . collect feedback
- Recovery stage Nelcoanat o 5 )
- Individual goals | p AAunRUOUWE GGWT It AL

Q wider trial c

A9due! WA RAGH DL il

preferred byPwS et A Supported byNIHR Grant
%

A Motivation enhanced 3k A Collaboration: UWE Bristol,
through group & therapist University of Bristol, University
support * of Plymouth, Cardiff University,

e Bristol After Stroke

V[ JMEell Ty UNIVERSITY OF EAKZ University of NIHR National Institute for
G IEES ' PLYMOUTH WY BRISTOL Health and Care Research



Benefits

Alncreased quality of care for PwS

Alncreased productivity (e.g. therapist can see more patients,
perhaps contentious)

AAl YOGRYt RUDWNY! WeAYAGadaURq! W DagqRU
currently provided



Challenges and Ethical Considerations

AAlgorithmic Bias
ATransparency (The "Black Box")
AAccountability & Trust
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Why use Al?

Alt can handle larger amounts of data

>

Model Performance

Traditional ML algorithms /
Statistical Learning

-

Data Size

At can handle different types of data (deep learning reading MRI scans)
At can handle complex interactions between variables
Aarge Language Models (LLM) are good with language
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What models are good for which tasks?

Almagingrelated

APrediction Tasks

A Hard Classification

A Detecting MS Lesions
A Harder

A MS vs Healthy| Multi class

A Cancervs | Classification
A Hardest

A MST treatment effects

on MRI

ASpeed Up MRI scan

A Administrative

A Hard

Classification

A Diagnostic

A Generating Lanquage

A Hard Large

A Harder
A Prognostic/Risk group

Classification
[Survival/

Language
Models

A Writing
A Access
language patientiriendly

Regressiont
Deep
Learning

A Discharge/Readmissiq Probabilistic
Harder
A Hardest A Writing discharge letters
A Treatment effects Machine A Clinicczljl_l notes written from
. . recordings
ient Monitoring Learning AND | scheduling
Causality A Microsoft Co-pilot

A Triaging
A ResourceOptimisation



What will improve patient quality of life most?

Almagingeiated

APrW

A Hard Classification A Hard
A Detecting MS Lesions A Diagnostic
A Harder A Harder
A MS vs Healthy| mMulti class A Prognostic/Risk group
A Cancervs Classifical’(on A Discharge/Readmissid
A Hardest A Hardest
A MST treatment effects \ A Treatment effectg

mistrative

Classificatio}n\

on MRI

Regressior\
ASpeed Up MRI scar| Degp

l.earning

Less

ient Monitoring

K/

enerating Language

A Hard

wa

A Writing
A Access

Large
Language
Models

language patientiriendly
Harder

Most

A Writing discharge letters

A Clinical notes written from
recordings

A Scheduling

A Microsoft Co-pilot
laging

A ResqurceOptimisation

Least




What is being used already?

Almagingeiated

APrm AAd

Multi class
Classificalion

A Hard Classification
A Detecting MS Lesions

A Harder
A MS vs Healthy
A Cancervs

A Hardest

A MST treatment effects \

on MRI

mistrative
A Hard Classificatio}.\ Generating Language
A Diagnostic \ A Hard Large
A Harder A ertlng Language
A Prognostic/Risk group A Acces{ Models

A Discharge/Readmissig

language patientiriendly
Harder

A Hardest
A Treatment effects

ASpeed Up MRI scar| Degp

Less

A Writing discharge letters
A Clinical notes written from

RegreSSIOF\:lent Monitoring g AN\R& Schedm'iﬂr%];or ings
Learning \/ \ A Microsoft Co-pilot

Least

AYriaging
A ResqurceOptimisation

Most




My workr predicting treatment response

A Predicting: Will someone have a relapse or confirmed disability worsening on a low,
moderate, or high efficacy therapy?

A Usin

clinical variables age, sex, number of relapses, time since last relapse, EDSS

(disability score), Neurostatus scores (disability scores broken into symptom typer

visual, motor), oligoclonal banding, number o

ri lesions

ML Pipeline Configuration and Optimization

Imputed Dataset
B

Optimized ML Pipelines

1+ DewpHil
+ SureKGB

Trained Predictive Model|

2-E2

Pipeline Stage ‘

Algorithm (No. Hyperparameters Optimized by AutoPrognosis)

“Raw” Curated
Medical Data Dataset

[Optional) .
- - AutoPrognosis

ey cinicen \gmpll 20

Capabilities

Imputed Dataset

Optimized ML Pipelines

Trained Predictive Model

— R —

Clinical Demonstrators

Imputation Hyperlmpute Mean () Median (0) Most-Irequent () Missl'orest (2)
(M)ICE (0) SoltImpute (2) EM (1) Sinkhorn (6) None (0}

Dimensionality | last [CA (1) lieat. Agge. (1) Ganss. Rand. Proj. (1] PCA (1) Var. Thresh. (0)

Reduction

Feature L2 Norm. (0) Max (0) MinMax (0) Normal Trans. (0) Quant. Trans. (0)

Scaling

Unif. Trans. (0)  None (0}

Classification ADABoost (3) Bernonlli N (1)

CatBoost {2)

Decision Tree (1)

Clinical Investigation of Derived Models

Madel Explanations Cohart Analysis
SHAPwalues  SimplFx m.\lr
- — &= 50% 2
- +30% & Young
-+ +20% & Ol —
Perfurmanee

Clinical Demonstrators

ExtraTree (1) Grad. Boost. (3) Hist. Grad. Boost. ( KNN (1)
ians & Cohort Analysis LDA (0) Linear SVM (1) Log. Multi. NB (1)

Neural Net. (G} Pereeptron (2) QDA (0] Random Forest (3) Ridge Class. (1)
TabNet (8) XGBoost (11)

Regression Bayesian RR (1) CatBoost (2) Lincar (0} MLP (0) Nenral Net. (6)
TabNet (8) XGBoost (2)

Survival Cox PH (2) CoxNel (6) DeepHil (7) LogLogistic AT (1) LogNor., AFT (2)

Analysis Surv, XGB (4)  Weibull AFT (2)

Interpretability | INVASE KernelSHAP LIME Effect Size Shap Permutalion
Simpllix Symh. Persuit

A No free lunch conundrum: AutoPrognosis



My work- predicting treatment response
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ABut 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 highrisk group has3x the chance of
relapsing than the low-risk group.

Kaplan-Meier curves by predicted 5-year risk: low relapse
Time (years)

Disability worsening on low efficacy-

The highrisk group has3x the chance of having
disability worsening than the low-risk group.

Kaplan-Meier curves by predicted 5-year risk: low disability
Time (years)

High risk

S

eeeeeeee



My work- predicting treatment response

Relapsing on moderate efficacy- Disability worsening on moderate efficacy-
The highrisk group has2x the chance of The highrisk group has6x the chance of having
relapsing than the lowrisk group. disability worsening than the low-risk group.
Kaplan-Mei s by predic dSy isk: moderate relapse Kaplan-Meier curves by pr s td5y isk: moderate disability
1.0 1"__\_\

High risk

AThe model struggles with high efficacy because the outcomes ha pen SQ
cl 130! cUI Wer=Zb Waqo Il JK 1 sc! Wnids | WG Y G



Concerns from neurologists

Ac Ys WI YWf Wt UYs WRakt Wacect RUNLWaq6 1JLWI
ALack of understand-> Lack of trust



How Is the model doing this?

Low Efficacy Relapse
Model

AGE_AT_TREATMENT

High
NUM_PRE
Variable

%.-" . . value
# ', 5
country_group L KX ]

}

-0.2 =01 n;n 0.1 0.2 Low
SHAP value (impaFt on model output)

Total Lesions

. 1
Less likely to relapse | More likely to relapse
|

Moderate Efficacy Relapse

-
High
Model

Total Lesions i g St Variable
NUM_PF # e R value

TIME_TO_TREAT R .

EDSS el -
i i Low
=0.2 =0.1 ao 0.1 0.2

SHAP value (impact on model output)
1

1
Less likely to relapse : More likely to relapse

Low efficacyT Disability
Model
ANY_NEW T2 -

AGE_AT_TREATMENT - . .
Total Lesions ""‘ .

# ’._.

7[;.) =0.1 olo 0.1 0.2
SHAP value (impakt on model output)
|

High

Variable
value

Low

Less likely to have CDW |  More likely to have CDW

Moderate efficacyT Disability

Model ron
Total Lesions o . Variable
# woseff value
EDSS 4
SEVERITY ¢
. t Low
-0.2 -0.1 00 0.1 0.2
SHAP value [impaFt on model output)
I
Less likely to have CDW : More likely to have CDW
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AComes back to a major issue for all of Al

AHow do we judge the performance in a nuanced task?
A YaqUWet WHRGUIE! Wet Ws 630UW! Yek! DWTet qlldy
Alt will depend on how well neurologists are doing on the same
tasks
ASurvey TBD

AANd on how well the model does on an entirely different cohort
(external validation)

AWhich is often not done in Al studies



So to answer the guestion, what can Al do?

A Imagingrelated A Prediction Tasks

A Hard Administrative
il . . A Hard A Generating Language
A Detecting MS Lesions A Diagnostic A Hard
A Harder A Harder

A Writing emails

A MS vs Healthy A Prognostic/Risk groups

A Accessibility T making language patie

] o friendly
A cancervs A Discharge/Readmission A Harder
A Hardest A Hardest A Writing discharge letters
A MSrT treatment effects on A Treatment effects A Clinical notes written from recordin
MRI

A Scheduling

A Speed Up MRI scans A Microsoft Co-pilot

Good Worst Best
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A The 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

A Neurological disorders concern the whole woilthey 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.




A Recent 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 fc
a large share. These figures exclude indirect costs,




AIn 2021, a group of 37 neurological conditions affected
F LILWINRPEAYF GSt & oodn o0AffAZ2Y L
LJ2 Lddzf  GA2Yy 0 F ONR&aa 21 hQa aS
\J million DALYs and 11.8 million deaths globally, as derived
| from the 2021 Global Burden of Disease




Policy Life-course approach
integration

Interdisciplinary
collaboration 0O Integration amongst

(Qﬁ-\ D different neurological
j 5 conditions

Holistic, comprehensive, and
cohesive strategy that
incorporates various aspects
of health and social care

to address the needs of
people with neurological
conditions, their families
and carers.

090 (’§I]
Q""O f':\j &J Embedding with communicable

( ﬂ ) and non-communicable diseases,

@ I]fl A mental health, and social determinants
- Continuum of care Community and primary of health
care involvement

Holistic person-
centred care




Global target 2.1

75% of countries will have included
neurological disorders in the UHC benefits
package by 2031.

Global target 2.2

80% of countries will provide the
essential medicines and basic technologies
required to manage neurological disorders in
primary care by 2031.




Service availability for people with neurological disorders (% of responding countries),
by WHO region (2022)

100% -3% 4% 4% 4%
= “ o
6%

7%

80% 34%
47%
Y 68% ﬂ
60% 63%

48% Rl 50%
40%
38%
33%
20%
0%
African Region of South-East European Eastern Western Global
Region the Americas Asia Region Region Mediterranean Pacific (n=102)
(n=24) (n=23) (n=4) (n=28) Region Region

(n=15) (n=8)

. Services available in both specialized and non-specialized settings . Services available in specialized settings

Services available in non- specialized settings || No services available [l No data provided



Accessibility of neurological services in specialized settings (% of responding countries),

by WHO region (2022)
-

22%
25% 25% l

100%
21%

22% 25%

80%
33%

60%

40%

20%

L

0,
13% 13% )
0%
African Region of South-East European Eastern Western Global
Region the Americas Asia Region Region Mediterranean Pacific (n=102)
(n=24) (n=23) (n=4) (n=28) Region Region
(n=15) (n=8)

B urbanandruralareas [0 Urban areasonly [l Capitalonly [l Not applicable or no data provided




Availability of services, supports or programmes for carers of people with neurological disorders

(% of responding countries), by WHO region (2022)

100% 4 axl’
57% 28%

80%

68%
60%
40%
20%
0%
African Region of South-East European Eastern Western Global
Region the Americas Asia Region Region Mediterranean Pacific (n=102)
(n=24) (n=23) (n=4) (n=28) Region Region

(n=15) (n=8)
B ves [l No [ Nodata provided



Medicines for neurological disorders generally available* in public sector primary care facilities
(% of responding countries, n=102) (2022)

Benzodiazepines
Levodopa + Carbidopa Carbamazepine
(or similar) 87%

79%

Biperiden Lamotrigine
Sumatriptan Levetiracetam
75% 76%

Propranolol Phenobarbital

95%
Paracetamol 70% Phenytoin
0% geu
Ibuprofen Valproic acid
Acetylsalicylic acid

**Generally available” refers to medicines available in 50% or more of primary care facilities.



Neurological workforce availability, global (2022)

Median number per 100 000 population

Neurologists

Child neurologists

Neurosurgeons
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