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' What is a Secure Data Environment (SDE)

for research?
O,Q/O

i@

SDEs are data
and research
analysis
platforms.

They store de-identified
health and care data.
Personal information,
such as names,
addresses or NHS
numbers, are replaced
with artificial, or ‘pseudo’,
information.

SDEs control:
 who can be a user

Approved
researchers will be
able to use technical
tools to analyse
de-identified data on
the platform without
receiving a copy.

 what users can do

» what findings can
be removed.

Cheshire and Merseyside Secure Data Environment
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' Where the data comes from

PATIENT LEVEL LINKED DATASETS THAT FEED SECURE DATA ENVIRONMENT NATIONAL DATA SOURCES

% Pﬁ?lentl @ oF practices :
citizen
NHS England

Adult social care

\4

SDE S
Births and deaths

Wider determinants
@ Mental health @ Cancer care -
Acute and A : Community
@ maternity care Social care Services
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. Cheshire and Mersey Secure Data Environment: Data Flow Diagram

4: Individual researcher Agreement; 5 safes training; DSPT toolkit or equivalent

RELE e 2 6: Data Processing Agreement between joint controllers and AGEM CSU LB e i e L LRI

............................................................................................................. > e

1:. Local Data Sources flowing for
shared care record Existing Data Store (s) ENVIRONMENT

: Data Processor: Data Processor: Arden and
Multiple Data Controllers > GEM CSU

Graphnet/System C

1: Joint Data Controller  fireereeeeeese e > —
Sharing Agreement - Linkage .
5: Data Processing - Checking E;:euac:g;yr;ﬁc:i?gega]};for
Agreement between joint - Standardisation ) C&M ICB Data Store _ - pprojects i Er
controllers and Graphnet - de-identification for secondary uses C&M Data Flow Data Processor: Arden and g specific pseudo
2: Local Data Sources ‘pseudo at GEM CSU E =
source’ - De-identified data held in ICB >
(de-identified) for secondary uses q g ° a
- De-identified flows, choice of flowing via ICB store or direct to TRE and NW Pseudo Key £ o
Individual data controllers 5 o)
5 U}
1: Joint Data Controller > .
[ Project A workspace

Sharing Agreement

Existing Data Store >
Processor: Data Service for
=» Commissioners Regional Office
>

Project B workspace

For All ICB Project C workspace

3: Local and National Data Sources (DSCRO) Project D workspace

flowing in identifiable form for - Linkage .

DSCRO de-identification 2: Data Sharing Agreement - Checking Project E workspace

ICB Data Controller (DARS) with NHS England - Standardisation Project F workspace
and ICB - De-identification for secondary uses

Doc 3: Sub-licence Agreement for National NHS England Data flows (organisational level)

% Health and Social Care Act DSCRO Direction % Identifiable data flow: Subject to CAG 5251 approval

........ > %
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. What controls apply to the Cheshire
and Merseyside SDE?

The SDE follows the Five Safes Framework to
ensure data is accessed and used in a secure
and responsible way. All researchers must
complete Five Safes training.

Safe data: data is treated to protect any
confidentiality concerns.

Safe projects: research projects are approved by
data owners for the public good.

Safe people: researchers are trained and
authorised to use data safely.

Safe settings: a SecureLab environment prevents
unauthorised use.

Safe outputs: screened and approved outputs that
are non-disclosive.

Cheshire and Merseyside Secure Data Environment
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. What controls apply to the
Cheshire and Merseyside SDE?

« All data is de-identified and pseudonymised. Researchers cannot access
identifiable data.

« Organisational sharing agreements will be established between
the research organisation and the data controllers.

* Individual data sharing contracts with researchers will be established, with
set parameters.

» Approved researchers can only access the specific data they have
requested — data is minimised.

» An ‘airlock’ system will be in place, meaning information can't be removed
without approval.

 All organisations accessing data must be certified under the Data Security
and Protection Toolkit.

» The Data Asset and Access Group (DAAG) must approve access against set
criteria.

Cheshire and Merseyside Secure Data Environment


https://www.dsptoolkit.nhs.uk/
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' Data access approval

A Data Access and Asset Group (DAAG) for Cheshire
and Merseyside will:

* include members from the NHS, local authorities, universities
and the public

 provide oversight and approval on all data access requests —
including making sure organisations meet required conditions
for access

« ensure information governance requirements are met — including
adequate patient and public involvement and engagement

 check that this process is developed in line with any changes
to national policy and escalate the Information Governance
sub-committee when changes need to happen.

Cheshire and Merseyside Secure Data Environment
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Data access approval process

3. Approval 5. Live |
1. Interest Researcher ensures govemance Researcher works on the data in the
Researcher has a project idea requirements are met, applies for ethics Secure Data Environment with airlock
and registers this interest. and completes DAAG’ application. in place to prevent data extraction.

-

7

~

N

' o M Finish
155

1
1
1
1
I
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2. Planning 4. Access granted 6. Closed
Researcher reviews data catalogue Once checks are SDE access is closed
and prepares a funding application. completed access is once study finishes.
Work begins to map data flows / sources. granted.

Cheshire and Merseyside Secure Data Environment 8



Civic Health Working with programmes, place leads and teams
Innovation Labs across the ICS to align capacity to DIA outputs

|dentifying health

Creating the appropriate ) . :
inequalities and at-risk

systems and processes to “h -
] : - cohorts
Data Into Action embed DiAinto fhe IC5 Allocation of S
C resource
S ' i Risk "
ore Areas W Mechanisms 4 Looking at the

~ . for change Stratification ¢
system from a

person perspective.

Using consistent
methodologies to

Our Data Into Action (DIA) measure the impact Accounting for

programme plays an integral of new multifactorial issues

role in supporting innovation interventions on the across different

and research. local population sectors, settings and
services

The programme brings together the

activities and projects that access and Public

use the Cheshire and Merseyside data Research & Expectations

fegel — e L SECUrE DaE . . Innovation Listening to the voice of

Environment (SDE), previously CIPHA Creating/utilising

local people and

- W!th the aim of deI.i\_/ering data into rigorous evidence and Populatloh Health responding to their
action through a unified programme. research to develop Academy expectations in relation to
solutions which tackle

i ) . . the optimisation of linked
modifiable risk factors An accredited Population Health data

Academy to equip people with the
knowledge and skills to lead
transformation at scale

Cheshire and Merseyside | Research and Innovation Strategy


https://dataintoaction.cheshireandmerseyside.nhs.uk/about-us/
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Multimorbidity and its Effect on Health and Social Care Use :

A retrospective cross-sectional Study with latent class analysis using
the Combined Intelligence for Population Health Data (CIPHA)

s '3 — CIPHAERY 3 (ol
. ) = , Centre
Cheshire and Merseyside Combined Intelligence for L

ACtion Population Health Action
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Life expectancy has improved remarkably over the past four
decades thanks to improved miedicsl and public heakh practice
basedd on advances in science. Grealer specialisation in medical
sciences and by the clinical teams delivering care bhas contribuied
0 improved clinical ouicomes, and many more pecple are
enoying life relatively unaffecied hy discase from earty
childhood through o heyand retirement age.

The propartion of patients wha have two ar more medical
coaditions simedtaneously i however, rising steadily. This is
currently sermed makimerbidisy, although paticnt
the move inivitive "muliiple healib conditions™' In
countries, maltimorhidity is mainly driven by ag
proporsion of the populstion living with twa ar ma
is stesdily incressing becuuse of demographic change. This
trend will consinae.

Multimorbidiny is, howeves, not restricted b older ctizens.
Being lews advantaged socioeconomically
process, o in deprived aress muhimarbidity
lifie.” Children cor young adults with serious congenital or
acquired impainments ofien have mdtiple physical or mental
illnesses.* and the interaction between mezeal and plysical heslsh
maikes cach hander so ireat.” Cenain periods of life, ncluding

in middle income countries snd will become 1 global problem *
The muliimcsbidity trend presents challenges 10 the &
medical professicn, from general proctice mnd community care
10 acute and long term hospital settings. Greater specialisation,
especially for hospital hased doctors, has improved our shility

Council, London, LIK; "*Haalth Educaticn England, Landon, LS

1o treat single disesses, but unbess we react 8o the incresse in
it will disahvaninge the increising po
of patients with multiple seemingly unrelaied diseases

cnch disense in a patient as if it exists in isolation will
sood outcomes and complicase and deplicase
interactions. wil healihcare system.” Training from medical
schoal onwands, clinical teams, and clinical guidelines, however,
all iend o be organised along single disease or single cogan
lines. As 2 resuik, o single ptient may take muliiple dn
recommended by diffcrent guidelings and see several specialiss
treaing subcomponenis of iheir overall health problem in
isolstion. Medical science is o disease based. Clinical trisks
still often exchude people wha have more than o
Good versical integration exists from bench to bedside for 2
si condition or discase. b there is I||u.\. or no horizontal

nieg
an |||||.II.|.|uaI shift and rethinking some elements of our
rescarch, fraining, and pracice in vinually every discipline

Cluster medicine

The shift inchades moving from thinking about multi morbidiy
= 3 random asmonment of individual conditions
it s 0 sevies of largely prediciable chrsters of discase in the
same perscn. Some of these clusiers will occur by chance alone
became individuals are affected by o vasiety of commonly
occurring diseases. Many, however, will be non-random because
of common genetic, behavioural, or environmental paimays

1o disexse. Mentifying these chsters is o peiceity and will help
us 10 be mare systematic in our spproach o multimarbidity

Background

Cluster medicine

‘The shift includes moving from thinking about multimorbidity

as a random assortment of individual conditions to recognising

it as a series of largely predictable clusters of disease in the

same person.....Identifying these clusters is a priority and will help
us to be more systematic in our approach to multimorbidity.”
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LESS EXAMINED AREAS WITHIN
MULTIMORBIDITY, HEALTH &
SOCIAL CARE UTILISATION

The sequence of occurence of
chronic conditions within
multimorbidity

Health service utilisation within
multimorbidity

Organisation of care within
multimorbidity

\

4 )

FACTORS, DEFINITIONS, CONCEPTS
AND METHODOLOGICAL
APPROACHES TO MULTIMORBIDITY,
SERVICE UTILISATION

The definition and concept of
multimorbidity

The measures of multimorbidity

Secular trends of multimorbidity

The definition and concept of
multimorbidity clustering

The sequence of occurence of
chronic conditions in multimorbidity
clustering

Trajectories in multimorbidity
clustering

‘/

Evidence gaps

4 )

GAPS IN THE EVIDENCE BASE ON
MULTIMORBIDITY, HEALTH AND
SOCIAL CARE UTILISATION

The epidemiology of multimorbidity

| J

s A

The epidemiology of multimorbidity
clustering

Multimorbidity and other health
outcomes
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Sciences, University of Oxford, Oxford, UK

Abstract

g Amore ¢ ding and mea t of adult social care need could
contribute to efforts to develop more effective, holistic personalised care, particularly for those with
multiple long-term conditions (MLTC). Progress in this area faces the challenge of a lack of clarity
in the literature relating to how social care need is assessed and coded within variables included in
primary care databases.

Aim: To explore how social care need is assessed and coded within variables included in primary care
databases.

Design & setting: An exploratory rapid scoping review of peer-reviewed articles and grey literature.
Method: Articles were screened and extracted onto a charting sheet and findings were summarised
descriptively. Articles were included if published in English and related to primary and social care
using data from national primary care databases.

Results: The search yielded 4010 articles. Twenty-seven were included. Six artides used the term ‘social
care need’, although related terminology was identified induding 'need factors’, 'social support’, and
‘social care support'. Articles mainly focused on specific components of social care need, including
levels of social care usage or service utilisation and costs incurred to social care, primary care, and
other providers in addressing needs. A limited range of database variables were found measuring
social care need.

Conelusion: Further research is needed on how social care need has been defined in a UK context and
captured in primary care big databases. There is potential scope to broaden the definition of social
care need, which captures social service needs and wider social needs.

Background
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o Figure 2. Prevalence of LTCs by age in St Helens
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LTC count
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|
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Patients (%)
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Age groups (years)

Owverall population

Owverall prevalence %

Sex

Deprivation

Age groups

Background

Individuals aged 18 years and
above

Multimorbidity
Females

Males

Most deprived group
Least deprived group
18-24 years (Mational)
18-20 years (St Helens)
75-84 years (Mational)

70-75 years (St Helens)

Mational

740

St Helens

147513

201
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Figure 3. Prevalence of LTCs by age and socio-economic status in St Helens**
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Background
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v To identify and compare the utilisation of health and social care services among the

different multimorbidity clusters.

v To establish how the sequence in which LTCs are diagnosed influences the formation of

multimorbidity clusters.

v To compare the synergistic effect of SES and lifestyle behavioural factors on the utilisation

of health and social care services among the different multimorbidity clusters.
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v The Cheshire & Mersey ICB CIPHA dataset was utilised focusing on the St Helens Place
(147,913) adult population.
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Population Health — Regional TRE Graphnet @
Regional tenant — Azure hosted Notes
*  Research Data Engineer and Researcher
. maybe separate roles or the same person
*  Supported by metadata and Graphnet
- Project workspace aiea S
— Research Data 2
Extract data Engineer
+ Data engineer with RBAC controlled
ntified database acoes§ .0‘
o + Domain expert in data S
Dataset * Runs SQL queries Y
results - Creates data extracts Remote desktop ! ek \
services < User desktop
SQL, Bl and data
science tools in virtual ~
machine *
[ ]
i) | :er;l:te
Am - —p esktop
Azure storage 4 Extract \ _/
Jupyter hub Shared files Azure disclosure anonymised
scalable Analysis store data only
compute (] Human Principles
- disclosure o *  Record level data does not leave Azure Tenant
| | Reseniihar control . *  All use of tools auditable
—=1 Output check *  Selection of data tools as required by
| results * Researcher with no database customer / project
Shi acces: i *  Very limited download of anonymised data
. = LE ata, n, — S which includes manual validation/ disclosure
R visualisations « Local ysis or scalable :
File output control checking on export
« Generates anonymised data for N iy y
(anonymised) *  Single named Azure Active Directory account
extraction
used throughout the solution




General Practitioner Events

One record for each Patient GP event, this data is sourced from multiple tables within the CareCentric database. An event is generally a
coded activity associated with a patient. Examples include advice, a diagnosis or procedure.

Database Table name: SharedCare.GP Events

Data load:
Dependant upon:
RLS SQL View

Fields:

Field Hame

GP Events Primary
Key

GP Events External
[+

Record Created
Drate and Time

Record Madified
Dratee amed Time

Load Humber

HOM_Medified
Dt amed Time

Patient Identifier
Tenancy kdentifier
General

Practitiamer Code

Registered GP

GP Practice Code

GP_Events.dtsx

Reference Coding and Patient

RLS.ww_GP_Events

Description
Primary Key for the
table

External Identifier for
the GP Events

GP_Events_ID

Date the record was
created

CreateDate

Date the recard was
Laest modified

his is & wnigue Loadil
identifier which
identifies which load
the row was
processed under. Itis
the Execution ID
within the Micrasoft
SOL Server
Integratian Services
database. Used for
support purpases

Flagto indicate ifrow  Deleted
has been archived or

not

Date and Tirme the
database table was
updiated with this
restord

HDMModifDate

Unigque identifier of
patient link

FH_Patient_|D

Unique identifier of
tenancy

General Practitionsr
natianal GP code

GPCode

General Practitionser
Registered national
GP code

RegisteredGP

Gemeral Practitionsr
national practice code

PE_GP_Events_ID

FK_Reference_Tenancy_ID

GPPracticeCode

i

¥

Patient

Reference_Tenancy

Data Comments | Notes

INTEGER

HWARCHAR
&4)

DATETIMEZ Mot updated once
created

DATETIMEZ

BIGINT

NCHARIL)

DATETIMEZ

INTEGER  Jain thraugh

PatientNumber table

INTEGER

NYARCHAR
112

NWARCHAR
112)

HWARCHAR = Can be used tolink to
1 Reference_GP_Practics
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SQL Server

SELECT
DISTINCT NC.[EX. atisnt. bink.B]
M [Units]

M [Walue]
B35.Canseetll
L.[Age]

--Optmnal

RC [Term30]
BCICD10Code] ,

--Congestive Heart E3llure

[CASE WHEMN BC.[ICD10Code] LIKE '150%" THEM 17

WHEN NC.[SppmedCl. SonsegiiR) = ‘24114007 OR NCISnemedST CenresilRl =
'89555002' OR NC.[SnomedST. ConceptlR] = 71892000° OF NC.[SppmedCL. Seasesslf) =
‘88805005 OF NC.[SngmedT . ConceptlR] = *195114002' THEN “1°

ELSE ‘0¢

END) AS Heart failure ,

--Hypertension

[CASE WHEMN BC.[ICD10Cede] LIKE "110%" THEM ‘17

WHEN NC.[SnemedGl SensagsiR] = 1201005' OR NC[SnamsdST.RanssptiR] =
*43146000" OF NC.[SngmediT ConceprlR] = “161501007" OF MC.[SnamedCl Conceptin] =
‘843821000000102" OR NC.[SnemedCT ConceptlD] =

'843821000000105" OR NC[§nemsdCT. CancsptlR] = 70272006 OR NC.[SpemesS]. SoncemiR] =

38341003" OF MNC.[SnomedCT GonceprlD] = ‘59621000° OR NC.[3npmedCL Ganseomil] =
72375002 O NC.[SnemediT ConceptlR] = 31952008 OR NC.[3nemedCl. SongentlD] =
'194785008' OR NC.[SnpmesGl.KenreriR] = ‘83242004 OR NC [SpemedGL.Concaril] =
BE21E8007 THEM ‘1

ELSE ¢

END] A5 Hypertension,

--Diabetes Mellitus

[CASE WHEMN RC.[ICD10Cede] LIKE "E10%" THEN “1’

OR MCDIOCAEI&] LIKE “E11%' THEN “1°

WHEN NC.[SpemedGl. GenseasiRl = 7321003 OR NC.[SnemsdfT. SanssrslR] =
‘421075007 OF NC.[SnomedCT Cencegill] = '721283000° OR NC.[3nomedCl. Cencegsll] =
150368000 OF NC.[3nemedRl. SenseriR] = '190418009° OF NC.[SnemsdClGensegilR] =

422228004 OF NC.[SnomedCT. Conrepil] = '652081000000106 OR NC.[Snamed T ConcarnR] =

‘11530004 OR NC.[3namedCT. ConcaptiQ] = 421847006" OR NC.[SnemadCTL CansesriD] =
721284006’ OR NC [SnomedCl.SonsentiR] = 190383005 OR NC.[SnomedCT. CanceptR] =

'658031000000107"  OR NC.[SnomsdCl. SenteiD] = '190383001° OR NC.[3namsdCT. ContsriiR]

= 190424003’ OF NC[SnpmedCl ConrenilD] = ‘44054006' THEM ‘1’

ELSE 0

EMD) AS Diabetes

FROM [3harsdCarsLifasisnt Link] PL WITH{NOLOCK)
INNER JOIN [SharedCarel[Patient] P WITH(NOLOCK]

e

[nsc] [PK_Reference_SnomedCT_ID]

5] D WITH{NOLOCK)

INNER JOIN mmmﬂemamm RC WITHINOLOCK]
ON NC.[FK_Refarancs.Sading.IR] = RC.[EK Refarance. Crdling IR

--Joins to deal with patient merges (all use cases)

WHERE

PL.[Merged] =

AND EEK Refersnce Tenancy IR =2

--Remaving deleted [ test records (all use cases)

AND PL[Deleted] = "N

AND E]Deletad] = "N*

AND W ==-1
AMD E[TssibatisntElzs] =

--Remaoving deceased patients (if necessary, applies to most use cases)

AND PL[Deceased)] = 'N'

--Remaoving GDFR opt cuts (all use cases)

AND |
FL[QptedQus] = "N
OR EXISTS |
SELECT 1

FROM _[Canfie] [Gapfa. &i%s)

WHERE_[Config_Mame] = "GDPR Objection Demagraphics’

AND _IGonmis. Yalug] =

-1

AND BC.[Term30] NOT LIKE “atrial fibrillation3’
AMND BC[Term30] NOT LIKE “Satrisl flutterds’
AMD BL]ICD10Code] NOT LIKE 1498%'
AND ECIGousseslp] <> ‘715008003
AMD [NCLLerivityDate] < ©2020-09-01 00:00:00.0000000°

ORDER BY NCIFY, Parians. kink B] DESC;



NHS Release: United Kingdom Edition v20230215 Perspective: Full = A
Digital SNOMED CT Browser

© SNOMED International 2017 v1.256.4 - Hested and maintained by NHS Digital

Taxonomy Search Favorites Refset = Concept Details
Search [e] Concept Details
Options Type at least 3 characters « Example: shou fra Summary Details Diagram Expression Refzets Members References Classification Map
; ; rotator
B L AL DL IRE 345 matches found in 0.041 seconds. Parents

mode =

> Muscle and/or tendon structure of upper limb (body structure)

Rotator cuff Structure of rotator cuff including
Status: Active componenis only « muscles and tendons (body structure) > Shoulder region structure (body structure)

] Group by concept

Lumbar rotator Structure of lumbar rotator muscle (body
; structure) @ Stucture of rotator cuffincluding muscles <% = l Laterality — Side
Filter results by Language and tendons (body structure) .
engiish @ Rotator muscle ;t:uu C?.:Jrr:] of rotator muscle (body SCTID: 7885001
7885001 | Structure of rotator cuff including muscles and tendons

Rotator muscles Structure of rotator muscle (body (body structure) |

Filter resulis by Semantic Tag structure) Rotator cuff including muscles and tendons
Rotator cuff

body structure Rotatores colli Structure of cervical rotator muscle Structure of rotator cuff including muscles and tendons (body

(body structure) structure)

disorder Structure of rotator cuff including muscles and tendons

Medial rotatory Medial rotatory (qualifier value)

procedure
Rotator testing Rotational test (procedure) Children (4)

morphologic abnormality Entire rotator cuff including muscles and tendons (body structure)

Thoracic rotator Structure of thoracic rotator muscle

(body structure) Part of rotator cuff including muscles and tendons (body structure)
Structure of rotator cuff of left shoulder (body structure)

Structure of rotator cuff of right shoulder (body structure)

qualifier value
Entire Rotatores Entire rotator muscle (body structure)

v v v
n

attribute

Cervical rotator Structure of cervical rotator muscle
(body structure)

physical object < I ——

Rotatory vertigo Vertigo (finding)

finding
el L W) —
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File Edit View ‘Query Project Debug Tools Window Helﬁ
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v The Cheshire & Mersey ICB CIPHA dataset was utilised focusing on the St Helens Place
(147,913) population.

v" An approach described by Salisbury et al utilising the Johns Hopkins ACG Extended

Diagnostic Clusters was used to identify 48 categories of long term condition.
ACG® System
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2 University

v The Cheshire & Mersey ICB CIPHA dataset was utilised focusing on the St Helens Place
(147,913) population.

v" An approach described by Salisbury et al utilising the Johns Hopkins ACG Extended

Diagnostic Clusters was used to identify 48 categories of long term condition.

ACG® System

v' Latent class analysis was undertaken Model fit and diagnostic criteria for six latent class

models was undertaken with the best performing model selected.
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arei Unplanned
inpatient
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820,
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& o Social care flag
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SES/IMD deciles




Method

v The Cheshire & Mersey ICB CIPHA dataset was utilised focusing on the St Helens Place
(147,913) population.

v' An approach described by Salisbury et al utilising the Johns Hopkins ACG Extended

Diagnostic Clusters was used to identify 48 categories of long term condition. The Johns Hopkms
ACG® System

v' Latent class analysis was undertaken Model fit and diagnostic criteria for six latent class

models was undertaken with the best performing model selected.

v" An ordered logistic regression model MTLC clusters with covariates (Age, Sex, SES,

smoking) and health and social care utilisation outcomes



Edge Hill Top 10 long term conditions
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Depression - 2309

Chronic obstructive pulmonary disease - 3238
Metabolic disorders-other 3275
Mixed anxiety and depression - 3960
Chronic kidney disease - 3096
Asthma _ 4634
Osteoarthritis _ 5164
Cardiovascular disorders _ 7009
Diabetes _ 9696
Hypertension _ 11541
(IJ 5,0|00 10,600 15,|000

Population (thousands)
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Long term conditions
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Asthma

Cardiovascular disorders

Chronic Kidney Disease

Chronic Obstructive Pulmonary Diseases
Depression

Diabetes

Hypertension

Metabolic disorders, other

Mixed Anxiety and Depression

Osteoarthritis

0.
0.
W 14
o 1

|

4.6

Prevalence %

B istitc
B 2niutc
P saLtc

4th LTC

Sequence of Long Term Conditions

Order of
diagnosis
I LTC

2M L TC

34 LTC

40 LTC

Positional probability of the long-term condition
Hypertension (5.3%)

Diabetes (4.6%)

Mixed anxiety and depression (2.6%)

Other CVDs (2.6%)

Asthma (2.4%)
Hypertension (2.3%)

Other CVDs (2.0 %)

Diabetes (1.8%)

Osteoarthritis (1.1%)

Asthma (1.0%)

Cardiovascular disorders (1.3%)
Hypertension (0.9%)

Diabetes (0.7%)

Osteoarthritis (0.5%)

CKDs (0.4%)
Cardiovascular disorders (0.9%)

Hypertension (0.4%)

Diabetes or CKDs (0.3%)

Asthma, osteoarthritis, or COPD (0.2%)
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‘o ‘@@ Heartdisease and chronic kidney
VAT disease (39.1%)

Mental health and cardiovascular
g° 3 ) .
%, disorders (16.4%)

." :‘f“‘. Cardio-metabolic (22.1%)

Y ¥
-n. r .,
-

(Y%  Musculoskeletal (5%)

% ) ﬁ, Hypertension and mental health (17.4%)
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Dot diagram showing the response probabilities for the long-term conditions for the different multimorbidity clusters

Asthma ...... TR R T N o P
Cardiovascular disorders ....... TR B Al w o m M N o B m s B R E m E R E s oM R B R E e mE o ke E R W W e W M M E R W e E W E M E A EmE e s w
Chronic kidney disease #e-- - - - - 80 B - o m e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e b e e e e e * Mental health and cardiovascular disorder led cluster
Chronic obstructive pulmonary disorders §-ee -« -« - - - 8 e e e e e * Musculoskeletal isorder led cluster
. * Hypertension and mental health disorder led cluster
DEPI’ESSIDH e O Cardiometabolic disorder led cluster
Digbetes #-o@ - - - oo . * Cardiovascular and chronic kidney disorder led cluster
Hypertension J . B ot m e e el e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e P
MEiabD"C disurders_uther B T TR IEE TR T T T T
Mixed Anxiety and Depression B e e B e B e e n e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e
Osteoarthritis { - -#- - - - B0 B st e e m e e e e e e e e e ke e e e e e e e e e e e e e e e e e e e e e e e, .
I T T T T
0 0.2 0.4 0.6 0.8 1

Response probabilities for the long-term conditions
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Age distribution across MTLC clusters

Age distribution across different multimorbidity clusters

Mental health and cardiovascular disorder led cluster Musculoskeletal disorder led cluster Hypertension and mental health disorder led cluster

.02 .03 .04

.01

2 40 60 80 100

Cardiometabolic disorder led cluster Cardiovascular and chronic kidney disorder led cluster

Population Density
.03 .04

.02

.01

I T
2 40 60 80 100 20 40 60 80 100
Age (years)




Distribution of deprivation across MTLC clusters

Distribution of deprivation across different multimorbidity clusters

Mental health and cardiovascular disorder led Musculoskeletal disorder led Hypertension and mental health disorder led

Cardiometabolic disorder led Cardiovascular and chronic kidney disorder led

Levels of deprivation

P Most deprived group (IMD deciles 1-3) B Mid-deprived group (IMD deciles 4-6)
B Least deprived group (IMD deciles 7-10)
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Independent variables

Mental health and cardiovascular disorder led cluster -
Musculoskeletal disorder led cluster -

Cardiometabolic disorder led cluster -

Cardiovascular and chronic kidney disorder led cluster
Age in years

Male sex -

Current smoker and/or history of smoking -

IMD decile 1

IMD decile 2 -

IMD decile 3 -

IMD decile 4 -

IMD decile 6

IMD decile 7 -

IMD decile 8 -

IMD decile 9 -

IMD decile 10+

Forest plot of aORs with 95% CI for unplanned inpatient hospitalisation

L —_—

—
—_—

1.5 2 25
aOR with 95% ClI
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Forest plot of aORs with 95% Cl for Inpatient hospitalisation days
Mental health and cardiovascular disorder led cluster - ——
Musculoskeletal disorder led cluster - —_—

Cardiometabolic disorder led cluster ——
Cardiovascular and chronic kidney disorder led cluster =g
Age in years -
.._

]
Male sex
Current smoker and/or history of smoking - %
IMD decile 1
——
——

IMD decile 2
IMD decile 3
IMD decile 4
IMD decile 6 —4
IMD decile 7 —
IMD decile 8
IMD decile 9
IMD decile 10

Independent variables

1

®

0 2 B 6
aORs with 95% CI
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Independent variables

Mental health and cardiovascular disorder led cluster -
Musculoskeletal disorder led cluster

Cardiometabolic disorder led cluster -

Cardiovascular and chronic kidney disorder led cluster
Age in years

Male

Current smoker and/or history of smoking

IMD decile 1

IMD decile 2

IMD decile 3

IMD decile 4 -

IMD decile 6 -

IMD decile 7

IMD decile 8 -

IMD decile 9 -

IMD decile 10+

A&E visits

Forest plot of aORs with 95% CI for emergency room visits
+

_._
_._.
e

. 2

0.5

1 1.5 2 2.5

aORs with 95% ClI




Social care utilisation

| Model 0 (no covariates Model 1 (with covariates
P

Categories of MM clusters ORs aORs P values

values
Hypertension and mental Reference Reference
health disorder-led cluster
Mental health and 1.05 (0.95-1.16) 0.326 1.95 (1.75-2.18) 0.000

cardiovascular disorder-led
cluster

Musculoskeletal disorder- 1.28 (1.11-1.47) 0.001 1.27 (1.10-1.46)  0.001
led cluster

Cardiometabolic disorder- 2.41 (222-2.63) 0.000 2.42 (2.32-2.73) 0.000
led cluster
(

Cardiovascular and chronic 2.46 (2.28-2.67) 0.000 2.51 (2.31-2.73) 0.000
kidney disorder-led cluster




Conclusion

« Multimorbidity increases significantly with age, particularly between 40-59 years for 5+ LTCs and
over 60 years for 10+ LTCs.

» The most likely initial LTCs to be diagnosed were hypertension (5.3%), diabetes (4.6%), mixed
anxiety and depression (2.6%), other CVDs (2.6%), and asthma (2.4%).

» As the multimorbidity cascade progressed, subsequent diagnoses were most often hypertension,
other CVDs, diabetes, osteoarthritis, and asthma, with each diagnosis showing a slightly different
prevalence rate.

« Conditions like dementia, other mental health disorders, liver disorders, other neurological

disorders, and neoplasms were less likely to be among the first four LTCs in the multimorbidity
sequence.



Conclusion

« The CVD and CKD-led cluster, along with the cardiometabolic disorder-led cluster, had higher odds
of ER visits, unplanned inpatient hospitalisations, and inpatient hospital days, but lower odds of
having a higher social care flag.

 The mental health & CVD-led cluster showed higher odds of ER visits, unplanned inpatient
hospitalisations, and social care flags

» Musculoskeletal disorder-led cluster had higher odds of ER visits and inpatient hospital days, but
lower odds of social care flags.
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LESS EXAMINED AREAS WITHIN
MULTIMORBIDITY, HEALTH &
SOCIAL CARE UTILISATION

The sequence of occurence of
chronic conditions within
multimorbidity

Health service utilisation within
multimorbidity

Organisation of care within
multimorbidity

~

4 )

FACTORS, DEFINITIONS, CONCEPTS
AND METHODOLOGICAL
APPROACHES TO MULTIMORBIDITY,
SERVICE UTILISATION

The definition and concept of
multimorbidity

The measures of multimorbidity

Secular trends of multimorbidity

The definition and concept of
multimorbidity clustering

The sequence of occurence of
chronic conditions in multimorbidity
clustering

Trajectories in multimorbidity
clustering

‘/

Evidence gaps

4 )

GAPS IN THE EVIDENCE BASE ON
MULTIMORBIDITY, HEALTH AND
SOCIAL CARE UTILISATION

The epidemiology of multimorbidity

| J

( )

The epidemiology of multimorbidity
clustering

Multimorbidity and other health
outcomes




Strengths

v' Among the first studies to cross-sectionally report on the sequence of diagnosis of LTCs on

multimorbidity cascade using a real-world regional linked health and social care dataset.

v Among the first studies to identify multimorbidity clusters within the study population using

the CIPHA database and how these impact on health and social care utilistation.
v Demonstrates how Age, Sex, SES, Smoking impact on clusters

v Co-designed approach with NHS GPs, Patient and Public



A% Edge Hil Limitations
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v Finding dependent on population, data and statistical approach used

v’ Cluster labelling fallacy

v Observational versus actional clusters ?
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Recommendations

1. Increase Access to Youth
Mental Health Services:

Establish dedicated youth mental
health services tailored to the needs
of young individuals facing multiple
health cenditions in sociceconomically
disadvantaged areas. Utilize digital
health support services to empower
these individuals in managing their
mental health effectively.

2. Improve Representation
in Decision-Making:

Ensure better representation of
younger individuals with multiple
health conditions from deprived
areas in Patient and Public Advisory
committees. This initiative aims to
engage them actively in decision-
making processes within Integrated
Care Boards.

g

3. Promote Community-
Based Education Programs:

mplement more community-

based education programs to raise
awareness about the range of

social care services available. These
programs should particularly focus
on educating individuals living with
multiple health conditions on how to
access social care services efficiently.
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North West NICE [t ceeetence NICE
SECURE DATA |
EMNVIEONMEMNT

guideline

Cheshire and

Our Clinical and Care Constitution % Merseyside

. . g
Our Clinical and C: itution is a set of principles that underpin all we do. It has been written by clinicians with input M lt b d t
from clinical and care Cheshire and i Care System (ICS) develop with our partners, u 1 mOI' 141 y

an overarching population health approach, driven by the needs of our communities, with a clear focus on addressing health inequalities.

+ Shift the paradigm from reactive to proactive healthcare o Evidence the return on investment in improving health through aSS eSSII l ent and
measures of both quality and effectiveness

clinical

We will Integrate clinical and care professionals in decision-making at every
+/ level of the ICS, creating a culture of shared leaming, collaboration and v Influence the wider determinants of health through collaboration, mana e me nt
innovation, working alongside patients and local communities education and modernisation
Our 4 pledges:

Collaboration @ Health .
NICE quideline

Delivering high quality resilient services Working collaboratively with Improving health I .
through an evidence-based approach relentless patient focus outcomes Published: 21 September 2016

Al linical recommendations will be: Collaboration and not o The wider determinants of health w

evidenced based. a be considered in all our programmes . - P—

We will make consistent use of nd ¢ a Il promete collaboration www.nice.org.uk/guidance/ng56

intelligence to drive and evidence the L ir local authorities.

impact of action. ffort: Ve

Where there are multiple demands,

prioritisation will be via a robust,

Clincallyied methodology based on the

principle of proportionate universalism.* .

We will routinely contribute to the We will use co-production with patients. ppart our

evidence base via high quality research. and the publi develop our plans. workforce r the highest quality
p—

e g e o ystem, we will ensure We wil supportall of our organisatio

that there is no detrimental impact on in every sector, to be safe, effecti

other stakeholders and ti ulations caring, respc and well led.

they represent.

{8 Wide engagement across health, social cate and the voluntary, community, faith and soclal enterprise sector

Our key {0 clinical strategy informed by the richest intelligence and supported by QI methodology
enablers b World-class research and innovation in partnership with our academic institutions
{Ob clinical and care professional leadership framework with a focus on warkforce development




Edge Hill University awarded £2.5m to tackle mental

health conditions in children and young people

October 10, 2024

Edge Hill University has been awarded £2.5million to expand its expert research into the mental health of children and

young people.




E E o Signin ‘, Home I,. News Sport |\_ Weather l; iPlayer '|| Sounds II\ Bitesize CLL] Q Search BBC

NEWS

Home | InDepth | Israel-Gaza war | War in Ukraine | Climate | UK | World | Business | Politics | Culture

England | Local News | Liverpool

Top stories

'Dramatic’ effect of air quality
. @ LIVE UN tells BBC 14,000
mO nltO I'S babies could die in Gazain

next 48 hours without aid

9.8k viewing

Jeremy Bowen: Goodwill
running out as UK, France and
Canada demand Israel end
Gaza offensive

10U 3g0

Second man charged over fires
at home linked to PM

| The air monitors are aimed at children who have asthma or infant wheeze

Aran Dhillon

Local [ acy R

30 March 2025 Gary Lineker: A sorry end to a

BBC career
Indoor air quality monitors have been provided for children with asthma or
infant wheeze in an initiative in two towns. p—
H=E
Families in St Helens on Merseyside and Warrington in Cheshire have been ' -
given the kit to check for air pollution inside their homes. camtectont
- | St chmbdon
The Healthy Air for Healthy Lungs programme focuses on households with a it putre chash o

children aged two to 10 who have respiratory conditions. |-

St Helens Council said it was having a "dramatic” impact on children’s health. ~
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