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What is a Secure Data Environment (SDE) 
for research?
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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.

Approved 

researchers will be 

able to use technical 

tools to analyse 

de-identified data on 

the platform without 

receiving a copy.

SDEs control:

• who can be a user

• what users can do

• what findings can 

be removed.



Where the data comes from 
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Cheshire and Mersey Secure Data Environment: Data Flow Diagram 
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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.
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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.



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.
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https://www.dsptoolkit.nhs.uk/
https://www.dsptoolkit.nhs.uk/


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.
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Data access approval process
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Start Finish

1. Interest
Researcher has a project idea 
and registers this interest.

5. Live
Researcher works on the data in the 
Secure Data Environment with airlock 
in place to prevent data extraction.

3. Approval
Researcher ensures governance 
requirements are met, applies for ethics 
and completes DAAG application.

2. Planning
Researcher reviews data catalogue 
and prepares a funding application.

Work begins to map data flows / sources.

4. Access granted
Once checks are 
completed access is 
granted.

6. Closed
SDE access is closed 
once study finishes.



Data Into Action 
– Core Areas

Our Data Into Action (DIA) 

programme plays an integral 

role in supporting innovation 

and research.

The programme brings together the 

activities and projects that access and 

use the Cheshire and Merseyside data 

asset – the CM Secure Data 

Environment (SDE), previously CIPHA 

- with the aim of delivering data into 

action through a unified programme.
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Working with programmes, place leads and teams 

across the ICS to align capacity to DIA outputs

Identifying health 

inequalities and at-risk 

cohorts 

Looking at the 

system from a 

person perspective.  

Accounting for 

multifactorial issues 

across different 

sectors, settings and 

services  

Listening to the voice of 

local people and 

responding to their 

expectations in relation to 

the optimisation of linked 

dataAn accredited Population Health 

Academy to equip people with the 

knowledge and skills to lead 

transformation at scale  

Creating/utilising 

rigorous evidence and 

research to develop 

solutions which tackle 

modifiable risk factors  

Using consistent 

methodologies to 

measure the impact 

of new 

interventions on the 

local population

Creating the appropriate 

systems and processes to 

embed DIA into the ICS
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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)

Lucy Kaluvu, Paola Dey, Rowan Pritchard Jones, Greg Irving 



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.”



Evidence gaps 

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

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

GAPS IN THE EVIDENCE BASE ON 
MULTIMORBIDITY, HEALTH AND 

SOCIAL CARE UTILISATION

The epidemiology of multimorbidity 

The epidemiology of multimorbidity 
clustering

The management of multimorbidity

Multimorbidity and other health 
outcomes



Background 



Background 



Background 



Background 



✓ To identify and compare the utilisation of health and social care services among the 

different multimorbidity clusters.

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

multimorbidity clusters.

✓ 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.

Objectives



✓ The Cheshire & Mersey ICB CIPHA dataset was utilised focusing on the St Helens Place 

(147,913) adult population. 

Method



Trusted Research Environment











✓ The Cheshire & Mersey ICB CIPHA dataset was utilised focusing on the St Helens Place 

(147,913) population. 

✓ 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.

 

Method



✓ The Cheshire & Mersey ICB CIPHA dataset was utilised focusing on the St Helens Place 

(147,913) population. 

✓ 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.

 

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

models was undertaken with the best performing model selected. 

Method



Latent class analysis



✓ The Cheshire & Mersey ICB CIPHA dataset was utilised focusing on the St Helens Place 

(147,913) population. 

✓ 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.

 

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

models was undertaken with the best performing model selected. 

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

smoking) and health and social care utilisation outcomes

Method



Top 10 long term conditions



Sequence of Long Term Conditions

Order of 

diagnosis

Positional probability of the long-term condition

1st LTC Hypertension (5.3%)

Diabetes (4.6%)

Mixed anxiety and depression (2.6%)

Other CVDs (2.6%)

Asthma (2.4%)

2nd LTC Hypertension (2.3%)

Other CVDs (2.0 %)

Diabetes (1.8%)

Osteoarthritis (1.1%)

Asthma (1.0%)

3rd LTC Cardiovascular disorders (1.3%)

Hypertension (0.9%)

Diabetes (0.7%)

Osteoarthritis (0.5%)

CKDs (0.4%)

4th LTC Cardiovascular disorders (0.9%)

Hypertension (0.4%)

Diabetes or CKDs (0.3%)

Asthma, osteoarthritis, or COPD (0.2%)



Multimorbidity clusters

Cardio-metabolic (22.1%)

Heart disease and chronic kidney 
disease (39.1%)

Musculoskeletal (5%) 

Hypertension and mental health  (17.4%)

Mental health and cardiovascular 
disorders (16.4%)



Multimorbidity clusters



Age distribution across MTLC clusters



Distribution of deprivation across MTLC clusters



Unplanned inpatient hospitalisation 



Inpatient hospital days



A&E visits



Social care utilisation

Model 0 (no covariates) Model 1 (with covariates)
Categories of MM clusters ORs P 

values

aORs P values

Hypertension and mental 

health disorder-led cluster

Reference Reference

Mental health and 

cardiovascular disorder-led 

cluster

1.05 (0.95-1.16) 0.326 1.95 (1.75-2.18) 0.000

Musculoskeletal disorder- 

led cluster

1.28 (1.11-1.47) 0.001 1.27 (1.10-1.46) 0.001

Cardiometabolic disorder- 

led cluster

2.41 (222-2.63) 0.000 2.42 (2.32-2.73) 0.000

Cardiovascular and chronic 

kidney disorder-led cluster

2.46 (2.28-2.67) 0.000 2.51 (2.31-2.73) 0.000



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. 



Evidence gaps 

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

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

GAPS IN THE EVIDENCE BASE ON 
MULTIMORBIDITY, HEALTH AND 

SOCIAL CARE UTILISATION

The epidemiology of multimorbidity 

The epidemiology of multimorbidity 
clustering

The management of multimorbidity

Multimorbidity and other health 
outcomes



✓ 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. 

✓ 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. 

✓Demonstrates how Age, Sex, SES, Smoking impact on clusters 

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

Strengths 



✓ Finding dependent on population, data and statistical approach used 

✓Cluster labelling fallacy 

✓Observational versus actional clusters ? 

Limitations



Recommendations



Recommendations
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