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Introduction
• A number of models are available in the US and 

the UK which predict the risk of hospitalisation, 
from general and insured populations

• Multiple purposes e.g. screening of patients for 
Case Management Programs, screening for 
Disease Management Programs, organisational 
profiling, and assessing financial risk.

• Response to health policies to reduce unnecessary 
hospital admissions, Pay for Performance (P4P) 
measures, Risk stratification tool requirements

• A  need to support populations in avoiding hospital 
admissions that are both expensive and a patient 
safety risk. 
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Historic Use of Models in England

• Existing predictive models in the ACG System 
were based on US data, rescaled on local data

• Early work at Imperial College and UCL showed 
the applicability of the ACG System to NHS data.

• In 2006, Johns Hopkins University and the Kings 
Fund created predictive models from NHS data.

• Leeds City PCT showed existing models in ACG 
System could match and exceed the performance 
of the Combined Predictive Model (CPM).

• Currently used in NHS to create lists of individuals 
for clinical review, care management to prevent 
unnecessary hospital admissions.
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Role of Clinical Commissioning Groups 
(CCG)

• “Planning services based on the needs of the local 
population”

• “Securing services that meet the needs of the local 
population”

• “Monitoring the quality of care provided”

• 2013 - 211 CCGs (avg 226k pop, 60% of total NHS budget)
• “All GP (PCP) practices have to be members of a CCG, and 

every CCG board will include at least one hospital doctor, 
nurse and member of the public.”

Source: http://www.patient.co.uk/
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Using Predictive Modeling  to Assign Persons 
Within the Care Management Pyramid
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ACG System predictive models used to generate 
an outreach “list” for GPs, care management 
nurses / Community Matrons



7

© Copyright 2014, Johns Hopkins University,.

Comprehensive Patient Clinical Profile 
(summary)
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Example Clinical Process

• Identify at risk patients – ACG risk profiling tool
• Core medical team review

– Identify problems, Action list, Suitability for further 
interventions

• Personalized care plan
– Discussion and delivery of care plan, Coded and 

scanned to records
• Follow-up

– Clinical review (named clinician), Date of review, 
Response to interventions

Source: Cricket Green Medical Practice Model
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South Central 
Primary Care Trust Alliance 
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The South Central Region of the NHS

9 primary care trusts 
(PCTS)

510 GP practices 
clustered into 20 
CCGs

4 million population

PCTs currently 
responsible for 
commissioning of 
services

ACGs in use in 
approximately half of 
GP practices



South Central
Primary Care Trust AllianceImplemented ACG Solution
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Secure Environment
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and 
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Series of IG related processes that comply with all 
current regulations and guidance

A complex end-to-end infrastructure that took over 9 months to put in place but:
• It addresses all of the issues/concerns/requirements of our stakeholder group particularly 

around the issue of transferring, storing and sharing data, particularly primary care data
• Primary care data extraction – a complex and resource intensive process - is undertaken 

by a specialist company rather than PCT staff
• End users have access to a user-friendly graphical interface on their desktop
• It only takes 4-6 weeks from a GP practice opting in and having access to ACG 

information 10
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Method

• Aim: apply the ACG System variables as 
independent variables in year 1, to predict patient 
outcomes in year 2

• Two main dependent (outcome) variables,
– total cost in year 2 (Linear Regression)

– hospitalization in year 2 (Logistic Regression)
• Objectives

– create predictive models from English NHS data

– validate those models (split half validation)

– compare with the existing US-based models

– recommend a model for application England.
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Risk Factors in the Johns Hopkins 
Predictive Model
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Results (1)

• Data: 663,797 individuals in year 1
• extracted from primary care practices which had 

completed and approved a consent process.
• Secondary care data was added from hospital data 

for cases where patients had also received hospital 
services. 

• linear regression to predict future (year 2) total 
patient expenditure, R-Square 27.5% untrimmed

• R2 8.8% age/gender, 22.4% US based models
• With prior cost and utilisation variables added the 

model’s performance increased to 30.9%



14

© Copyright 2014, Johns Hopkins University,.

Future annual cost - NHS England 2013 
R Squared Results

Age / Gender ACG
w/o Prior

ACG
w Prior

ACG
US All Age

Train .0910 .2792 .3010 .2238

Validation .0902 .2745 .2943 .2260
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Hospitalisation Prediction - C-Statistics 
NHS England 2013

12 Month 
Admission

6 Month 
Admission

>12 day 
LoS

Unplanned 
Admission

Multiple 
Emergency

Train 0.795 0.814 0.915 0.781 0.854

Validation 0.795 0.815 0.904 0.781 0.852
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Results (2)

• logistic model to predict unplanned hospitalization
– C-Statistic 0.78

– Directly related to measure used in P4P program 
for PCPs (NHS QoF)
• Reduction in avoidable hospital admissions

– “Emergency Admissions” (3.74%)
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Risk of Unplanned Admission (3.74%) 
Sensitivity / PPV, NHS England 2013

Split Cut Pt Sens Spec PPV NPV

50% .0198 84.6% 51.3% 6.3% 98.90%

90% .0790 43.66% 91.28% 15.99% 97.71%

95% .1227 29.91% 95.95% 21.90% 97.30%

98% .2048 16.56% 98.55% 30.31% 96.88%

99% .2874 10.30% 99.35% 37.71% 96.68%

99.5% .3817 6.00% 99.71% 43.89% 96.54%
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Discussion (1)

• The results show a statistically significant 
improvement over the existing models available in 
the ACG System implemented in the UK NHS, 
consistent with similar projects carried out in 
Sweden and Spain

• The original US models still provided good 
sufficient estimates that have been proven to be 
robust in a number of countries over several 
decades.
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Conclusion (1)

• Casemix classifications reduce data complexity 
and provide robust measures of multimorbidity. 
The models work well in explaining the top 1% and 
5% of data, but also perform well in discriminating 
risk “lower in the population pyramid” to identify 
potential emerging risk.

• Current emphasis on identifying the highest risk 
individuals, there is an increased interest in 
recognising earlier and emerging risk, where 
more preventative methods can be informed such 
as chronic disease self-management programs. 
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Conclusion (2)

• A standard set of independent variables were used 
in the models. Additional variables could be used in 
future models such as BMI, Smoking Status, and 
social care data.

• Alternative models can produce higher results by 
using current utilisation and costs measures, 
however these models would increase bias to 
individuals already accessing healthcare services 
to the detriment of those with low current access.

• Including prior utilisation and prior cost measures 
as independent variables also creates perverse 
incentives to increase resource use.”
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Discussion (1)
• Intermediate Classification

– Form a set of independent variables from 1000s of input 
variables

– Dependent Variable, move from Any admission to 
unplanned/emergency/preventable

• Additional Variables, Data
– Additional variables could be used in future models such 

as BMI, Smoking Status, and social care data.
• Alternative models needed

– Historic utilization can produce higher results but bias to 
individuals already accessing healthcare

– creates perverse incentives to increase resources

– Dependent variable, Unplanned admissions
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Discussion (2)
• Creating alternative Views

– Concurrent v Prospective (Performance measurement v Planning)

– Individuals, Populations
• Longitudinal data, Changing Risk

– Increasing, decreasing, see-sawing

– Real-time alerts
• EHR and Social Data

– Data linkage, assessments, labs

– Patient data - Health Status, Behaviour, Self- 
Assessment (e.g. SF12/36, EQ5D, PAM, HRA, PHQ9)

– Selection Bias (Non-response, Exclusion bias)
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Opportunities for Learning more….

• Web Site:
– www.acg.jhsph.edu

• Contact:
– Steve Sutch, Dir. Product Management, ACG International 

ssutch1@jhu.edu

http://www.acg.jhsph.edu/
mailto:ssutch1@jhu.edu
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Results - Hospitalisation

• logistic model to predict future hospitalisation
– C-Statistic 0.80

– age/gender model 0.67

– current US model 0.75

– For purposes of generating lists of high risk 
individuals applying a cut-point such that 1% of the 
population are designated as “positive”, the model 
showed a positive predictive value of 65.46%
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